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ABSTRACT 

 

 Efficient interaction with objects in the environment relies on the ability to adapt 

to a change in the state of the body or the environment (motor adaptation). In motor 

adaptation studies, a systematic perturbation of the movement outcome evokes a 

discrepancy between the desired movement outcome and the actual movement outcome. 

Motor adaptation is widely thought to occur by updating an internal model trial by trial to 

produce a motor command that reduces this discrepancy. This internal model based 

account cannot, however, explain findings that initial adaptation learning has a persistent 

effect on subsequent adaptation learning, despite returning motor output to the naïve state 

after initial learning. The persistent effect of initial learning on subsequent learning can be 

shown through (1) savings, where initial learning speeds up subsequent learning to adapt 

to the same perturbation and (2) anterograde interference, where initial learning slows 

subsequent learning to adapt to an opposing perturbation. Savings and anterograde 

interference have been explained through a model incorporating a fast-learning, fast 

forgetting process and a slow-learning, slow-forgetting process (Smith et al. 2006). The 

slow-learning, slow-forgetting process is thought to be responsible for savings and 

anterograde interference. A recent reconceptualization of this model proposes that the 

fast-learning, fast-forgetting process occurs by updating an internal model (i.e., is model-

based) while the slow-learning, slow forgetting process occurs through model-free 

mechanisms of operant reinforcement learning and use-dependent plasticity (Huang et al. 

2011). Operant reinforcement learning is learning to select actions to maximize reward 

(Sutton and Barto 1998). Use-dependent plasticity is when movement repetition biases 

subsequent movements to be similar to the repeated movement (Classen et al. 1998). 

According to this proposal, repeating an adapted movement associates the adapted 
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movement with rewarding motor outcomes through operant reinforcement mechanisms; 

and biases subsequent movements to be similar to the repeated movement through use-

dependent plasticity mechanisms. Consequently, at subsequent learning, the previously 

adapted movement is reselected, resulting in savings and anterograde interference (Huang 

et al. 2011).  

 Operant reinforcement occurs through phasic bursts of the midbrain dopaminergic 

neurons in response to reward (Schultz 1998). During motor adaptation, these phasic 

dopaminergic bursts are thought to reinforce the adapted movement, which strengthens 

the tendency to reselect the adapted movement at subsequent learning. In Parkinson’s 

disease (PD), cell death of the midbrain dopaminergic neurons and consequent dopamine 

depletion result in impaired operant reinforcement learning (Frank 2005). If dopamine-

dependent operant reinforcement learning mechanisms are responsible for savings and 

anterograde interference, then dopamine denervation in PD should impair savings and 

anterograde interference. 

 This thesis describes studies which explore the integrity of the proposed model-

based fast process and the model-free slow processes in PD. Previous findings of motor 

adaptation in PD were first reviewed to select task parameters thought to place minimal 

demands on action selection deficits in PD. Under these task parameters (30° rotation of 

visual feedback, single-target adaptation), PD patients reduced error at a similar rate and 

to a similar extent as controls. Furthermore, removal of the perturbation revealed large 

aftereffects of similar magnitude as controls. Aftereffects also decayed trial-by-trial at a 

similar rate as controls. These findings show that PD patients are unimpaired at updating 

an internal model to adapt to a perturbation in sensory feedback, and suggest that 

dopamine denervation occurring in PD does not impair the model-based fast process. 

Despite showing similar rate and extent of error reduction at initial learning, PD patients 
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showed impaired savings when re-adapting to the same perturbation, both within the 

same test session, and after a 24 hour delay. In an A1-B-A2 paradigm involving 

adaptation to a first perturbation in A1, subsequent adaptation to an opposing perturbation 

in B, and finally readaptation to the first perturbation in A2, PD patients showed impaired 

anterograde interference from A1 to B and impaired savings from A1 to A2, despite 

similar rate and extent of error reduction at initial learning as controls. Collectively, these 

findings of deficient savings and anterograde interference despite intact error reduction at 

initial learning in PD suggest that dopamine denervation in PD impairs operant 

reinforcement mechanisms thought to be responsible for savings and anterograde 

interference, despite leaving the model-based fast process intact. These findings support 

the hypothesis that dopamine-dependent operant reinforcement mechanisms play a key 

role in the slow process of motor adaptation (Huang et al. 2011). From a clinical 

perspective, the findings suggest that deficient retention of performance gains shown in 

motor rehabilitation studies in PD (Abbruzzese et al. 2009) might be due to difficulty 

reinforcing desired movement patterns at initial learning, resulting in inadequate retention 

at subsequent learning. 

  



4 

ACKNOWLEDGEMENTS 

 

I would like to firstly thank my supervisors Geoff Hammond and Andrea Loftus. Geoff 

has guided my research since honours and has shaped the way I think, write, listen, and 

talk about research. I, like all of Geoff’s other PhD students, feel privileged to have been 

trained by Geoff. Andrea came on board in supervising me after honours. Andrea has 

taught me many things, including how to deal with the human aspect of research and the 

value of simplicity in writing. Doing a PhD under the supervision of both Geoff and 

Andrea has been an enriching experience, and I thank them both for their guidance over 

the past 4 years.  

 

I would like to thank my family, especially my dad and mum. Their unconditional 

support, mostly expressed through Skype conversations from Malaysia over 4000 

kilometres away, has not been any less potent despite the distance.  

 

I would like to thank my office mate Ann-Maree Vallence, who shared an office with me 

for almost all of my PhD years. I could and can still always count on Ann-Maree for 

support and practical advice. I am also grateful for the friendship and support of my lab 

mates Craig Sinclair, Michelle Marneweck, James Stewart, as well as other PhD students 

Daniel Rudaizsky, Ben Grafton and Jason Sharbanee. I would also like to give special 

mention to Saruchi Chabbra, Shannon Byrne, and Stewart Craig. The fact that we were all 

completing our theses within the same 2 month period made it possible for us to 

commiserate with each other and celebrate each step towards completion. Having such a 

support network was a great experience.  

 

None of this work would have been possible without the support of Parkinson’s Western 

Australia, the Parkinson’s disease support groups, and all the people living with 

Parkinson’s disease and all the control participants who willingly contributed their time to 

this work. Thank you for believing in the value of research and taking part in my studies. 

I would also like to thank Parkinson’s Centre Edith Cowan University, who also 

supported my work. 

 

Finally, I want to thank Kevin. His unwavering support and pragmatism have gotten me 

through this journey. 

  



5 

PREFACE 

This thesis has been written as a combination of written chapters and articles (one 

published and one under review). For ease of reading the published article is reformatted 

and organized into chapters. The article is included in the appendix. 
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Chapter 1. General Introduction 

 

 To interact effectively with objects in the environment, the motor system faces 

two important challenges. First, to generate an appropriate motor command, the motor 

system must predict the properties of the effector and of the environment it is acting upon. 

For example, to lift an object (e.g., a suitcase), the motor system first predicts the weight 

of the object based on prior knowledge of its properties. If the suitcase is full, the motor 

system generates more force to lift it than if the suitcase is empty. Second, the motor 

system must be adaptable and change its predictions when there is a change in the state of 

the effector or of the environment. If the contents of the suitcase are emptied without the 

lifter’s knowledge, the suitcase will be lighter than predicted, resulting in excessive lift 

force, jerking the hand upwards. By the subsequent lift, the motor system takes into 

account new knowledge of the suitcase’s weight to calibrate the appropriate lift force. The 

ability to adapt movement when there is a change in the current state is crucial, as 

changes in the effector and the environment are ubiquitous in everyday life. For example, 

a hand movement to a target must be adapted when a load is imposed on the hand, such as 

when the hand holds a heavy object while reaching. The process of adapting movement to 

changes in the current state is called ‘motor adaptation’.  

Studies of motor adaptation typically examine how the motor system adapts 

movement to a systematic perturbation of the outcome of goal-directed movement. The 

perturbation may be a systematic distortion of visual feedback, which can be a rotation of 

the entire visual field about the eye by wearing prism goggles (prism adaptation). 

Alternatively, the distortion can be a rotation of visual feedback about the hand when the 

hand’s position is shown as a cursor on a computer screen, leaving visual feedback of 
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start and target position unchanged (visuomotor adaptation). 
1
 In force-field adaptation, 

the perturbation may be a force that pushes the moving hand off its intended direction.
2
 In 

saccadic adaptation, while the eye is making a saccade towards a target, the target is 

shifted, resulting in overshooting or undershooting the target (for a review, see Hopp and 

Fuchs 2004). Across these different task paradigms, the perturbation causes a discrepancy 

between the desired motor outcome and the actual motor outcome. The motor system 

responds to this discrepancy by adjusting movements trial by trial to compensate for the 

perturbation and eventually attain the desired motor outcome.  

How error is reduced in motor adaptation 

The theory of internal models offers a good explanation of how the motor system 

adapts goal-directed movement to perturbations of motor outcomes. Internal models are 

thought to mimic the input-output relationship between sensory feedback and the motor 

command. There are two types of internal models which work in synchrony: forward 

models and inverse models (Wolpert and Kawato 1998). Broadly, the forward model 

                                                 

 

1
 It is also possible to study how the motor system adapts to a perturbation in the gain of 

visual feedback of movement (i.e., gain adaptation). Gain adaptation is distinct from 

adapting to a change in the direction of movement (rotation adaptation), as the pattern of 

generalization (Pearson et al. 2010) and the neural substrates (Krakauer et al. 2004) for 

gain adaptation and rotation adaptation differ. Findings from rotation adaptation may thus 

not apply to gain adaptation. As such, rotation adaptation is typically considered 

separately from gain adaptation. As none of the previous findings which give rise to the 

theories discussed in this thesis come from studies of gain adaptation, gain adaptation was 

not considered in this thesis.  

 
2
 Force-field adaptation is typically studied using either one of two methods. The first 

method is to place the participant in a rotating room. The rotation results in Coriolis 

forces upon the moving hand when the participant reaches towards a target, which 

perturbs the direction of the hand movement(Lackner and Dizio 1994). A second, more 

commonly used method is to have participants grasp a robotic arm while reaching 

towards the target, and have the robotic arm generate forces perpendicular to the reaching 

direction, which also perturbs the direction of the hand movement (Shadmehr and Mussa-

Ivaldi 1994). 
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predicts the sensory outcomes of a given motor command, while the inverse model acts in 

the opposite direction and predicts the motor command that will achieve a desired sensory 

outcome. The forward model predicts the sensory outcome of a movement based on a 

copy of the current motor command (the efference copy) and the current state of the 

motor system (e.g., the position and the velocity of the effector) which is estimated with 

sensory feedback. After a movement is executed, the sensory outcome of that movement 

is compared to the sensory outcome predicted by the forward model. When a perturbation 

produces a discrepancy between the predicted sensory outcome and the actual sensory 

outcome of the movement, this discrepancy, termed a “sensory prediction error”, is used 

to update the inverse model and modify the motor command (Shadmehr and Mussa-Ivaldi 

1994; Thoroughman and Shadmehr 2000). By iteratively updating the internal model, 

sensory prediction errors are reduced with each successive movement until they 

approximate pre-perturbation levels and the desired motor outcome is attained. When the 

perturbation is removed, executing the adapted motor command results in movement 

errors in the opposite direction to the perturbation and of similar magnitude to the 

perturbation. These errors are known as ‘aftereffects’(Shadmehr and Mussa-Ivaldi 1994). 

The prediction error resulting from removal of the perturbation is used to modify the 

adapted internal model trial-by-trial to return it to the unadapted state. Aftereffects which 

decay trial by trial thus suggest the formation of an internal model adapted to the 

perturbation, as the motor system cannot instantly revert to the unadapted motor 

command, but must use the prediction error resulting from removal of the perturbation to 

iteratively update the internal model and modify the adapted motor command back to the 

unadapted state.  

The process of updating internal models to reduce error is thought to occur in an 

implicit, automatic fashion. However, one may also use explicit compensatory strategies 
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to quickly reduce errors induced by a perturbation. For example, when visual feedback of 

the movement is rotated counterclockwise, one may strategically aim to the right of the 

target to reduce error. The use of compensatory strategies can result very fast error 

reduction, but do not result in aftereffects which decay trial by trial--when the 

perturbation is removed, the compensatory strategy can be quickly abandoned to revert 

motor output back to the unadapted state (Taylor and Ivry 2012). Strategy use is also 

typically marked by increased reaction time pre- to post- perturbation (Benson et al. 

2011), as more time is needed to plan the movement when using a compensatory strategy. 

While compensatory strategies may be used in the early phases of error reduction, 

implicit adaptation mechanisms have been shown to automatically override explicit 

compensatory strategies with increasing exposure to the perturbation (Mazzoni and 

Krakauer 2006; Benson et al. 2011; Taylor et al. 2010). This was demonstrated by 

Mazzoni and Krakauer (2006) where they explained the nature of the 45° clockwise 

rotation to participants, and then instructed them to strategically “cheat” and compensate 

for the 45° clockwise rotation by aiming to a neighbouring strategic target placed 45° 

counterclockwise to the actual target. Using this strategy, participants initially reduced 

error very quickly. However, they were unable to sustain strategy use for many trials, as 

they began to make reaches that were in the counterclockwise direction to the strategic 

target, which suggests that  participants automatically updated an internal model of 

movement when reaching to the strategic target (Mazzoni and Krakauer 2006).  

The theory of internal models assumes that each movement is modified trial by 

trial based on the sensory prediction error resulting from the previous movement. 

Interpreting motor adaptation in terms of a simple process of updating internal models 

using sensory prediction errors thus assumes that the motor system treats all sensory 

prediction errors equally, and hence all sensory prediction errors should be reduced 
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progressively at a constant rate, irrespective of previous experiences adapting to the same 

perturbation, or previous experiences adapting to other perturbations. Reducing any given 

sensory prediction error by updating an internal model should therefore always occur at a 

constant rate, or at a single timescale (Smith et al. 2006). It is apparent that some 

phenomena in adaptation learning cannot be accounted for by a single timescale process 

of updating an internal model. These phenomena are described below. 

Savings 

Initial learning improves subsequent relearning of the same task, a phenomenon 

referred to as ‘savings’ (Ebbinghaus 1964). In motor adaptation, savings is evident when 

the motor system readapts to a previously encountered perturbation more quickly (i.e., in 

fewer trials) than at initial learning. Savings remains evident even after motor output is 

returned to the naive state through washout
3
 (Zarahn et al. 2008). This is incongruent with 

a single timescale model, which predicts that after motor output is returned to the 

unadapted state, the same process of iteratively updating the internal model using sensory 

prediction errors should occur at relearning, which would result in the same rate of 

relearning as initial learning. That is, there should be no difference in the rate of initially 

adapting to a perturbation and subsequently re-adapting to that perturbation. Savings 

occurs even when initial learning and relearning are separated by 24 hours (Krakauer et 

al. 2005; Robertson et al. 2005; Landsness et al. 2009), 1 week, (Krakauer et al. 2005), or 

even 1 year (Landi et al. 2011). These observations suggest that some representation of 

the initial learning persists despite deadaptation and the passage of time.  

                                                 

3
 “Washing-out” motor output to the unadapted state can be done by having participants 

complete trials with veridical feedback, or complete a small number of trials with 

feedback in the opposite direction to the perturbation (Zarahn et al. 2008). 
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Anterograde Interference 

Anterograde interference is evident when learning to adapt to a first perturbation 

(e.g., a 30° clockwise rotation) interferes with subsequently learning to adapt to a second, 

opposing perturbation (e.g., a 30° counterclockwise rotation), such that the adaptation rate 

for the second perturbation is slower than the adaptation rate for the first perturbation 

(Shadmehr and Brashers-Krug 1997; Cothros et al. 2006; Sing and Smith 2010; Arce et 

al. 2010b). A single timescale model predicts that adapting to one perturbation should not 

slow the rate of adaptation to a second, opposing perturbation. One may argue that the 

slower adaptation rate in B is because the prediction error at the start of B is twice as 

large as the prediction error at the start of A, as a result of switching to an opposing 

perturbation. However, this does not appear to be the case, because Sing and Smith 

(2010) found that halving the magnitude of the perturbation in B (which halved the 

magnitude of the prediction error at the start of B) resulted in similar persistence of 

aftereffects as the full-strength perturbation, which suggests existence of a long-lasting 

effect that cannot be attributed to large prediction errors. Furthermore, anterograde 

interference effects are evident even when initial learning A and subsequent learning B 

are separated by at least 5 hours (Shadmehr and Brashers-Krug 1997), which suggests the 

existence of a persistent process  

Spontaneous Recovery 

Another phenomena unaccounted for by a single timescale model is spontaneous 

recovery, which is when previously acquired behaviour reappears spontaneously after that 

behaviour is extinguished by returning it the naïve state (Briggs 1954). In motor 

adaptation, spontaneous recovery has been shown by having participants first adapt to one 

perturbation and then return motor output to the unadapted state via washout by 

completing a small number of trials with a second, directionally opposite perturbation 
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(Smith et al. 2006; Ethier et al. 2008; Criscimagna-Hemminger and Shadmehr 2008). 

Subsequently participants completed “error clamp” trials
4
 where movement errors were 

clamped to zero. In the first few error clamp trials, participants initially produced 

unadapted movements consistent with washout, but after a few error clamp trials, adapted 

movements for the first perturbation re-emerged. This finding suggests that even after the 

adapted motor output is returned to the unadapted state, adaptation learning for the first 

perturbation persisted and re-emerged during error clamp trials (Smith et al. 2006; Ethier 

et al. 2008; Criscimagna-Hemminger and Shadmehr 2008). A single timescale model 

cannot explain spontaneous recovery: it predicts that after motor output is returned to the 

unadapted state by washout, the absence of sensory prediction errors in error clamp trials 

should keep motor output in the unadapted state. In other words, movements in the error 

clamp trials should not change because there is no error.  

Multiple timescales in motor adaptation 

Collectively, savings, spontaneous recovery, anterograde interference show that 

initial learning has a persistent effect on subsequent learning, and that initial learning 

cannot be completely unlearnt by returning motor output to the naïve state. A single 

timescale model cannot account for this, as it assumes that all sensory prediction errors 

are equal and should be reduced at the same rate by iteratively updating the internal 

model, irrespective of initial learning. Smith et al. (2006) proposed that adaptation 

learning occurs at more than one timescale, and outlined a simple two-state model to 

account for savings, anterograde interference, and spontaneous recovery. The two-state 

model comprises a fast process and a slow process, which both respond to the sensory 

                                                 

4
 In error clamp trials, movement errors are clamped to zero by constraining hand motion 

in a straight line to the target. In force field adaptation, this is achieved by an error-clamp 

wall that counteracts forces perpendicular to the movement direction towards the target. 
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prediction error, and which both decay over trials at differing rates. The fast process is 

very sensitive to the sensory prediction error and responds rapidly to error to learn 

quickly, but it also decays rapidly over few trials. The slow process responds weakly to 

the sensory prediction error and thus learns slowly, but it also decays slowly over the span 

of many trials. The fast and slow processes occur in parallel, both contributing to the net 

motor output. According to this model, savings, anterograde interference, and 

spontaneous recovery occur because the slow process persists even though the fast 

process has decayed. To test this proposal, they fit their two-state model to previous 

findings of savings, anterograde interference and spontaneous recovery, and found that 

despite its simplicity, the two-state model fit the data very well (Smith et al. 2006). The 

model posits that at initial learning, the sensory prediction error affects the fast and the 

slow process simultaneously. Due to their different sensitivities to error, the fast process 

learns quickly and the slow process learns slowly. In the case of savings after 

deadaptation, after initial learning activates both the fast and the slow process, removal of 

the perturbation during deadaptation evokes a sensory prediction error. The fast process 

responds rapidly to the prediction error and decays quickly; while the slow process only 

responds weakly to the prediction error and thus decays slowly. Subsequently relearning 

the previous perturbation is faster because the slow process persists and weights motor 

output towards that of initial learning, even though the fast process has decayed. 

Similarly, in the case of anterograde interference, after initially learning to adapt to one 

perturbation activates both the fast and the slow process, switching to a new perturbation 

in the opposite direction results in a large sensory prediction error. The fast process 

responds strongly to this sensory prediction error and weights motor output to the new 

perturbation, while the slow process only responds weakly to the prediction error and 

weights motor output to the first perturbation, thus slowing the rate of adaptation to the 
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new perturbation. In the case of spontaneous recovery, initially learning one perturbation 

and then returning behaviour to the unadapted state through washout results in decay of 

the fast process but not the slow process. In subsequent error clamp trials, the slow 

process persists and biases motor output to the previously adapted state, resulting in the 

reappearance of the previously learnt motor output.  

Model-based fast learning, model-free slow learning 

More recently, an alternative view of the two-state model was proposed, 

suggesting that the slow process does not occur by updating an internal model (Huang et 

al. 2011). Huang et al. (2011) found that adapting to one perturbation could result in 

savings when adapting to a directionally opposite perturbation, when the adapted 

movement for the first perturbation and the second perturbation was the same. 

Participants first adapted to a 30° clockwise rotation while aiming towards a first target, 

and then adapted to a 30° counterclockwise rotation, with the second target placed 60° 

clockwise from the first target (Fig. 1.1). This manipulation ensured that the fully adapted 

movement was the same for the first and the second directionally opposite perturbations. 

Even though the input-output relationships (i.e., the internal models) for the first and the 

second perturbation were directionally opposite, the adaptation rate for second 

perturbation was faster than for the first perturbation. Savings evident in this case 

probably did not occur through updating an internal model, since an internal model 

adapted to the first perturbation would be directionally opposite to an internal model 

adapted to the second perturbation. It was proposed that while the fast process is based on 

updating an internal model (i.e., is a model-based process), the slow process does not 

occur by updating an internal model (i.e., is a model-free process). Two model-free 

processes (operant reinforcement learning and use-dependent plasticity) were proposed 

(Huang et al. 2011), and are described below. 
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Fig. 1.1. Participants first adapted to a counterclockwise rotation (Training rotation = 

+30°) while aiming to a first target; and then adapted to a second clockwise rotation (Test 

rotation = -30°) while aiming to a second target placed exactly 60° clockwise from the 

first target. This manipulation ensured that the ideally adapted movement for the first and 

the second rotations were exactly the same (shown by the solid line). Reproduced from 

Huang et al. (2011). 

Operant reinforcement learning 

Huang et al. (2011) explained their finding of savings despite adaptation to 

opposite perturbations in terms of operant reinforcement learning. Operant reinforcement 

learning is the process of learning from experience to select actions to maximise reward 

(Sutton and Barto 1998). At initial learning, after model-based fast learning changes 

motor output to the adapted state, the adapted movement repeatedly results in a rewarding 

outcome (i.e., coming close to or hitting the target), and thus becomes associated with 

reward via operant reinforcement mechanisms. When adapting to the second perturbation, 

the previously reinforced movement is preferentially selected because of its prior 

association with reward. As the previously reinforced movement is the same as the 

adapted movement for the second perturbation, this resulted in savings, despite the 

opposing input-output relationship of the first and the second perturbation (Huang et al. 

2011). Similarly, operant reinforcement mechanisms can also plausibly explain the 

occurrence of anterograde interference in motor adaptation: at initial learning, repeated 

execution of the adapted movement associates that movement with reward. At subsequent 

learning, the motor system preferentially selects the previously reinforced movement, 
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resulting in slower error reduction when the ideally adapted movement at subsequent 

learning is directionally opposite to that of initial learning.  

Emerging evidence supports the proposal that reward and operant reinforcement 

mechanisms play a role in slow learning. For example, the expression of spontaneous 

recovery was shown to be modulated by the probability of reward (Pekny et al. 2011). 

Pekny et al. (2011) had participants complete either a rewarded condition or an 

unrewarded condition. All participants first adapted to a perturbation, and then washed-

out motor output to the unadapted state where the perturbation was gradually reduced 

over successive trials. In these adaptation trials and washout trials, successful target 

acquisition was accompanied by a reward (a target explosion). In the unrewarded 

condition, washout was followed by no-reward error-clamp trials where target explosions 

were removed. In the rewarded condition, washout was followed by error clamp trials 

with reward. Spontaneous recovery was evident in the unrewarded condition, but not in 

the rewarded condition. This suggests that in the unrewarded condition, as the unadapted 

motor output rewarded during washout no longer evoked reward in the error clamp trials, 

the motor system expressed the previously rewarded adapted motor output in attempt to 

acquire reward. In the rewarded condition, all motor output would lead to reward during 

the error clamp trials, hence there was no incentive to change from the unadapted motor 

output to the adapted motor output. This suggests that in spontaneous recovery, the 

previous motor output is expressed in attempt to attain reward when the current motor 

output no longer leads to reward.  

Use-dependent plasticity 

A second model-free slow process, use-dependent plasticity, was also suggested 

(Huang et al. 2011; Diedrichsen et al. 2010). Use-dependent plasticity occurs when 

repetition of a given movement biases subsequent movements to be similar to the 



21 

repeated movement (Classen et al. 1998; Verstynen and Sabes 2011). The observation 

that repeating a movement biases subsequent movements to be similar to the repeated 

movement is not new (Classen et al. 1998), although the influence of use-dependent 

plasticity on adaptation learning has only recently received attention (Diedrichsen et al. 

2010; Huang et al. 2011). The clearest evidence of use-dependent plasticity was shown in 

a study by Classen et al. (1998), who first examined the direction of involuntary thumb 

movements elicited by transcranial magnetic stimulation (TMS) of the representative 

hand area of the motor cortex, had participants repeat thumb movements in the opposite 

direction, and then examined the direction of the involuntary movements elicited by 

TMS. After movement repetition, involuntary movements elicited by TMS switched to 

the same direction as the repeated movement. This effect persists for up to 15 minutes 

after 30 minutes of movement repetition (Classen et al. 1998). During adaptation 

learning, repeating an adapted movement after attaining asymptotic performance biases 

subsequent movements towards the repeated movement direction, and these biases persist 

after removal of the perturbation (Diedrichsen et al. 2010; Huang et al. 2011). Use-

dependent movement biases may be distinct from aftereffects that are evident when a 

perturbation is removed, as they persist after aftereffects have been washed out, and can 

occur in the opposite direction from aftereffects (Diedrichsen et al. 2010). This was 

demonstrated in a study by Diedrichsen et al. (2010), who first instructed participants to 

reach to any location on a horizontal target bar, which resulted in reaches to the centre of 

the target. Subsequently, their arm was repeatedly constrained to the right by a force 

channel. Participants attempted to counter the perturbation by pushing leftwards, even 

though their hand was repeatedly guided to the same rightwards direction such that the 

rightwards reaching movement was repeated many times. When the constraint was 

removed and participants were allowed to move freely, they first showed aftereffects 
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reflecting formation of an adapted internal model (i.e., they moved leftwards in the 

opposite direction to the perturbation). However, after these aftereffects decayed, there 

was a longer-lasting rightwards bias (i.e., in the same direction as the repeated hand 

direction). Hence movement biases induced by use-dependent plasticity can occur in the 

opposite direction to model-based aftereffects, and these biases decay more slowly than 

the model-based aftereffects.  

The role of use-dependent plasticity in the slow process remains unclear, although 

it has been argued that use-dependent plasticity is not the primary contributor to savings. 

Huang et al. (2010) had participants first repeat a movement that would be ideally 

adapted to a 30° counter-clockwise rotation, but without any rotation of visual feedback. 

They subsequently tested if this movement repetition could result in savings when 

subsequently adapting to a 30° counter-clockwise rotation. There was no savings, which 

suggests that the repetition-induced movement biases does not result in savings when 

repetition occurs in the absence of a perturbation (Huang et al. 2011). Like operant 

reinforcement learning, use-dependent plasticity may also be sensitive to reward, as the 

magnitude of repetition-induced biases is greater in the context of reducing error evoked 

by a perturbation than without a perturbation (Diedrichsen et al. 2010; Huang et al. 2011). 

Assuming that movement repetition in the context of error reduction is more rewarding 

than movement repetition without error reduction, this suggests that use-dependent 

plasticity is sensitive to reward, although presently there is no direct evidence supporting 

this proposal. 

Supporting the distinction between model-based fast learning and model-free slow 

learning, model-based fast learning and model-free slow learning appear to involve 

distinct neural substrates. There is evidence suggesting that model-based fast learning 

involves the cerebellum and the posterior parietal cortex, while model-free slow learning 
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involves the motor cortex (Shadmehr and Krakauer 2008). This evidence is briefly 

reviewed below. 

Neural substrates of model-based fast learning  

The cerebellum is thought to play a crucial role in model-based fast learning by 

forming forward models that predict the sensory outcomes of movement (Kawato et al. 

2003). The cerebellum’s role in reducing error by updating internal models has been 

shown not only through neuroimaging findings of cerebellar activation during error 

reduction (Diedrichsen et al. 2005; Krakauer et al. 2004; Imamizu et al. 2000; Clower et 

al. 1996; Luaute et al. 2009; Chapman et al. 2010; Tanaka et al. 2009); but also by 

findings of impaired error reduction when cerebellar function is disrupted. Permanent 

disruption of cerebellar function occurring in patients with cerebellar degeneration 

severely impairs error reduction during visuomotor adaptation (Martin et al. 1996; Tseng 

et al. 2007) and force-field adaptation (Rabe et al. 2009; Werner et al. 2010; Martin et al. 

1996; Maschke et al. 2004). Temporarily increasing cerebellar excitability with 

transcranial direct current stimulation (tDCS) increases the rate of error reduction (Galea 

et al. 2010). Conversely, temporarily depressing cerebellar excitability using repetitive 

TMS reduces the rate of error reduction (Jenkinson and Miall 2010).  

The posterior parietal cortex (PPC) is thought to act as a state estimator, 

integrating visual and proprioceptive feedback to estimate the state of the body in the 

environment, which in turn enables updating of the inverse model (Shadmehr and 

Krakauer 2008). During goal-directed reaching, the PPC is thought to translate spatial 

information about the target position and hand position into a motor command, as PPC 

neurons code the vectors of movement required to reach a target (Buneo and Andersen 

2006). In visuomotor adaptation and force-field adaptation studies, visual and/or 
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proprioceptive information about hand position is altered, which changes the movement 

vectors required to reach the target. Motor adaptation therefore necessitates recoding of 

the vectors of target-reaching movement. Neuroimaging studies typically show PPC 

activation during motor adaptation (Tanaka et al. 2009; Seidler et al. 2006b; Clower et al. 

1996; Inoue et al. 1997). Similarly, temporary (Della-Maggiore et al. 2004) or permanent 

(Mutha et al. 2011) disruptions of left PPC activity impairs error reduction during 

visuomotor adaptation. How the PPC and the cerebellum interact to update the internal 

model in motor adaptation remains unclear. Tanaka et al (2009) propose that the 

cerebellum sends information about the forward model to the PPC, which integrates that 

information with visual and proprioceptive feedback about the movement, enabling 

updating of the inverse model.  

Neural substrates of the model-free slow process  

Various lines of evidence suggest that the motor cortex (M1) plays an important 

role in the slow process during adaptation learning. For example, depressing motor cortex 

activity with low frequency repetitive TMS prior to adaptation learning does not affect 

the rate of initial learning, but decreases savings after 24 hours (Richardson et al. 2006). 

Decreasing M1 activity with repetitive TMS after initial learning decreases the amount of 

anterograde interference from initial learning to subsequent learning (Cothros et al. 2006). 

Increasing M1 excitability with anodal transcranial direct current stimulation (tDCS) 

leaves the rate of error reduction unchanged, but increases retention of adaptation 

learning (Galea et al. 2010). It remains unclear exactly how M1 supports slow learning in 

adaptation learning. M1 neurons tend to fire in response to specific preferred directions of 

hand movement (Georgopoulos et al. 1986). The preferred direction of M1 neurons 

remains unchanged during error reduction in adaptation learning. However, when the 

adapted movement is repeated at performance asymptote, the preferred direction of the 
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M1 neurons shift to the same direction as the adapted hand movement, and this shift 

persists despite deadaptation (Li et al. 2001; Gandolfo et al. 2000; Richardson et al. 2012; 

Arce et al. 2010a; Mandelblat-Cerf et al. 2011b; Mandelblat-Cerf et al. 2011a; 

Mandelblat-Cerf et al. 2009). This shift in preferred direction of M1 neurons is thought to 

store the kinematic properties of the repeated, adapted movement (Li et al. 2001; 

Gandolfo et al. 2000), and is a possible mechanism for formation of a longer-term 

memory trace during slow learning of motor adaptation (Li et al. 2001; Gandolfo et al. 

2000).  

Could M1 play a role in the proposed model-free mechanisms of use-dependent 

plasticity and operant reinforcement in slow learning? Use-dependent plasticity is 

generally thought to be M1 dependent, as increasing M1 excitability with TMS (Bütefisch 

et al. 2004) or with anodal tDCS increases the persistence and magnitude of use-

dependent plasticity (Galea 2009), while decreasing M1 excitability with cathodal tDCS 

decreases the persistence and magnitude of use-dependent plasticity (Galea 2009). It is, 

however, less clear if and how M1 is involved in operant reinforcement learning. During 

operant reinforcement learning, reward is processed by the midbrain dopaminergic 

system (Schultz 1998), which is connected to M1 via direct and indirect pathways (Albin 

et al. 1989). There is evidence suggesting that the midbrain dopaminergic reward signals 

to M1 supports motor learning (Molina-Luna et al. 2009; Hosp et al. 2011). In 

neurophysiological animal studies, eliminating dopaminergic terminals in M1 which 

receive signals from the midbrain dopaminergic neurons, but impairs day-to-day 

improvements in motor learning, despite leaving execution of a previously learnt motor 

skill unimpaired (Molina-Luna et al. 2009). Similarly, destroying midbrain dopaminergic 

neurons prevents long-term potentiation in M1 and impairs day-to-day improvements in 

motor learning, despite leaving execution of a previously learnt motor skill intact (Hosp et 



26 

al. 2011). Hence the dopaminergic signals from the midbrain might support the formation 

of a longer-term memory trace in M1 during slow learning via operant reinforcement 

mechanisms. The role of the midbrain dopaminergic reward signals in reinforcement 

learning is discussed below. 

Dopamine and operant reinforcement learning 

A wealth of evidence suggests involvement of the midbrain dopaminergic system 

in reinforcement learning (for recent reviews, see  Schultz 2010; Glimcher 2011). In 

Schultz et al.’s seminal studies (Schultz and Romo 1990; Schultz 1986), the majority of 

monkey midbrain dopaminergic neurons (i.e., the dopaminergic neurons in the substantia 

nigra pars compacta and the ventral tegmental area) fired phasically when a food or liquid 

reward is received, but the firing rate was depressed below baseline levels when a reward 

was expected but not received (Schultz and Romo 1990; Schultz et al. 1998).When a cue 

was repeatedly paired with reward (e.g., when a light precedes presentation of a food 

reward), dopaminergic neurons fired in response to the cue itself (i.e., the light) instead of 

the reward. This suggests that the dopaminergic response not only encodes current 

reward, but also predicts future reward (Schultz 1998). The phasic firing of dopaminergic 

neurons in response to reward have also been demonstrated in humans via electrode 

recordings (Zaghloul et al. 2009).  

How does the phasic dopaminergic response to reward facilitate reinforcement 

learning? To understand this, it is helpful to first understand the primary structure 

expressing the dopaminergic reward signal: the basal ganglia. The basal ganglia 

encompasses the substantia nigra, the ventral tegmental area, the striatum, the globus 

pallidus and the subthalamic nucleus. Dopaminergic neurons from the substantia nigra 

project to the striatum, which has reciprocal direct and indirect connections with the 

cerebral cortex (see Fig. 1.2 )(Albin et al. 1989). An influential proposal posits that as an 
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action results in reward, a phasic burst of the midbrain dopaminergic neurons is evoked, 

and this activates the “Go” striatal cells expressing excitatory D1 receptors and increases 

striatal excitability at the direct pathway, disinhibiting the thalamus to facilitate 

reselection of that action. The same dopaminergic burst activates the “No-Go” cells 

expressing inhibitory D2 receptors at the inhibitory indirect pathway, which inhibits the 

thalamus and suppresses the selection of competing actions (Mink 1996; Frank 2005). 

Repeated dopaminergic bursts result in longer-term changes in synaptic plasticity at both 

the direct pathway and the indirect pathway (Shen et al. 2008; Kreitzer and Malenka 

2008), which are thought important to the formation and retention of action-reward 

associations in operant reinforcement learning (Frank 2011). There is direct evidence for 

the proposal that operant reinforcement learning occurs through dopamine modulation of 

the direct and indirect pathways: blocking dopamine transmission in the direct pathway 

impairs learning to reselect previously rewarding actions, while blocking dopamine 

transmission in the indirect pathway impairs learning to avoid actions which are 

unrewarding (Hikida et al. 2010). Hence operant reinforcement learning is thought to 

occur through dopamine-mediated changes in activity at the direct and indirect pathways, 

as well as longer-term changes in synaptic plasticity in the direct and indirect pathways 

(Wiecki and Frank 2010). 
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Fig. 1.2. The corticostriato-thalamocortical loops, including the direct and indirect 

pathways of the basal ganglia. Striatal cells have been broadly classified into two types: 

cells expressing the excitatory D1 receptor (termed Go cells), and cells expressing the 

inhibitory D2 receptor (termed No-Go cells)(Frank 2005). Go cells project directly to the 

globus pallidus interna (GPi), and have the effect of disinhibiting the thalamus, thereby 

facilitating the execution of an action represented in the cortex. No-Go cells are part of 

the indirect pathway to the GPi, and have an opposing effect, suppressing actions from 

getting executed. Dopamine from the substantia nigra pars compacta (SNc) projects to the 

dorsal striatum, differentially modulating activity in the direct and indirect pathways by 

activating the excitatory D1 receptors and the inhibitory D2 receptors. Dopamine from 

the ventral tegmental area (VTA) projects to the ventral striatum (not shown) and the 

frontal cortex. Reproduced from Frank et al. (2008). 

 

Abbreviations: GPi = globus pallidus internal; GPe = globus pallidus externall; SNc = 

substantia nigra pars compacta; SNr = substantia nigra pars reticulata; VTA = ventral 

tegmental area.  

Dopamine denervation in Parkinson’s disease impairs operant reinforcement learning 

The well-defined neuropathology of dopamine denervation in Parkinson’s disease 

(PD) provides insight into the role of dopamine in operant reinforcement learning. In PD, 

cell death of the dopamine producing neurons in the substantia nigra pars compacta (and 

to a lesser extent, in the ventral tegmental area) reduces both the tonic and the phasic 

levels of dopamine in the striatum (Miller and DeLong 1987; DeLong and Wichmann 

2009).This striatal dopamine depletion results in decreased activation of the excitatory 
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direct pathway, and excessive activation of the inhibitory indirect pathway (Calabresi et 

al. 1996). In PD, when an action results in a reward, the magnitude of the dopamine 

reward signal acting upon the direct pathway is thought to be attenuated as a result of 

dopamine denervation (Frank 2005), which might make it more difficult to associate the 

action with reward, thus impairing operant reinforcement learning. Furthermore, 

dopamine denervation in PD also impairs synaptic plasticity at the direct pathway and 

indirect pathways (Calabresi et al. 2007), which would necessarily impair the formation 

and maintenance of action-reward associations in operant reinforcement learning 

(Calabresi et al. 2007). Hence, dopamine denervation in PD impairs the dopaminergic 

modulation of activity and consequent plastic changes in the direct and indirect pathways, 

resulting in operant reinforcement learning deficits in PD (Frank 2005). Consistent with 

this proposal, PD patients show impaired performance on many tests of operant 

reinforcement learning (Rutledge et al. 2009; Shohamy et al. 2006; Frank et al. 2004; 

Knowlton et al. 1996). Operant reinforcement learning tasks evaluate how action-

outcome or stimulus-outcome associations are learnt. For example, the learning of action-

outcome associations can be examined by studying how trial-by-trial feedback (i.e., 

reward or no reward) is used to associate a right or a left button press with reward when 

one of the buttons has a higher probability of reward (Zaghloul et al. 2009; van Wouwe et 

al. 2012; Rutledge et al. 2009). The learning of stimulus-outcome associations can be 

examined by studying how trial-by-trial feedback is used to associate one out of multiple 

stimuli with a greater probability of reward (Shohamy et al. 2006; Frank et al. 2004). 

Differing operant reinforcement learning tasks consistently show that PD patients are 

impaired at learning from trial-by-trial feedback to form action-outcome and stimulus-

outcome associations (for a review, see Wiecki and Frank 2010). These findings are 

interpreted to be a result of an attenuated dopaminergic response to reward in PD, and 
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thus support the proposal that operant reinforcement learning occurs via repeated 

dopaminergic bursts of the midbrain dopaminergic neurons.  

Operant reinforcement learning deficits in PD may impair slow learning in motor 

adaptation 

Huang et al. (2011) propose that savings occurs through dopamine-mediated 

operant reinforcement mechanisms. If this is the case, then dopamine denervation 

resulting in deficient operant reinforcement learning should also impair savings in PD 

(Huang et al. 2011). There is some evidence for this suggestion, as two adaptation studies 

have shown impaired savings in PD despite apparently intact initial learning (Bedard and 

Sanes 2011; Marinelli et al. 2009). PD patients adapted to a 30° rotation of visual 

feedback at the same rate and to a similar extent as controls, but showed significantly less 

savings than controls both within the same session (Bedard and Sanes 2011) as well as 

after a 24 hour delay (Bedard and Sanes 2011; Marinelli et al. 2009). However, as these 

findings may be compromised by insufficient repetition of the adapted movement at 

initial learning, the proposal that operant reinforcement learning deficits in PD impairs 

savings should be further tested. Studying phenomena attributed to the slow process (e.g., 

savings and anterograde interference) in PD can elucidate the role of dopamine and 

reward in the slow process of adaptation learning. Specifically, as dopamine denervation 

in PD leads to impaired operant reinforcement learning, the proposal that the slow process 

involves reward-sensitive mechanisms of operant reinforcement learning can be evaluated 

by examining savings and anterograde interference in PD.  

Thesis Outline  

This thesis describes five studies with two broad aims. First, to explore the 

integrity of model-based fast learning in PD. Intact model-based fast learning can be 

shown from the ability to reduce errors evoked by a systematic perturbation of the 
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movement outcomes, and aftereffects which are evident when the perturbation is 

removed. Second, to explore the integrity of the proposed model-free slow processes in 

PD. Model-free slow processes can be shown by examining savings and anterograde 

interference in PD. Experiment 1 (Chapter 2) used parameters of a visuomotor adaptation 

task thought to place minimal demands on action selection deficits in PD. This study 

evaluated if PD patients were able to reduce error evoked by a 30° rotation of visual 

feedback at the same rate and to the same extent as controls, and whether PD patients 

show aftereffects of similar persistence as controls. Changes in kinematics during 

adaptation were also used to evaluate if the adaptation task was similarly demanding in 

PD patients and in controls. PD patients showed similar adaptation performance and 

similar changes in movement kinematics in PD and controls. This finding suggests that 

the process of reducing errors evoked by a systematic perturbation of visual feedback by 

updating an internal model is unimpaired in PD. It has been proposed that delaying visual 

feedback of the movement trajectory leads to error reduction via compensatory strategies, 

and thus precludes the formation of an adapted internal model, evident through 

aftereffects (Hinder et al. 2010; Hinder et al. 2008; Shabbott and Sainburg 2010). To rule 

out the possibility that this occurred in Experiment 1, Experiment 2 (Chapter 3) evaluated 

aftereffects during adaptation with concurrent and delayed visual feedback in PD patients 

and controls. Aftereffects of similar magnitude to the perturbation indicate formation of 

an internal model. Both PD patients and controls showed aftereffects of similar 

magnitude to the perturbation with concurrent and delayed visual feedback. This indicates 

that PD patients and controls formed an adapted internal model with delayed feedback. 

PD patients did however show slightly slower error reduction with delayed visual 

feedback than with concurrent visual feedback. This finding was attributed to PD 

patients’ greater reliance on visual feedback for movement. Chapter 4 describes two 
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studies which compared the amount of savings shown by PD patients to that of controls in 

visuomotor adaptation. Savings was evaluated within the same test session (Experiment 

3), as well as after a 24 hour delay (Experiment 4). PD patients showed no savings when 

re-adapting to the same perturbation, both within the same test session, as well across a 

24 hour delay. Similarly Chapter 5 (Experiment 5) examined anterograde interference and 

savings in an A1-B-A2 paradigm in PD patients and controls. Unlike controls, PD 

patients showed impaired anterograde interference and A1-B-A2 savings. Collectively, 

findings from Experiments 3, 4 and 5 suggests that dopamine denervation in PD impairs 

savings and anterograde interference. These findings support the proposal that operant 

reinforcement mechanisms which rely on dopaminergic reward signals are important to 

the occurrence of savings. These findings further support the hypothesis that dopamine-

dependent operant reinforcement learning mechanisms contribute to the occurrence of 

savings and anterograde interference.  

Clinical relevance of studying slow learning in PD 

From a clinical standpoint, it is important to understand motor learning in PD, as 

motor learning is important to successful rehabilitation of motor function (Abbruzzese et 

al. 2009). Rehabilitation of motor function is based on motor learning principles, as 

patients either relearn motor skills that are lost as a result of disease, or learn to 

compensate for motor skills that are lost due to the disease (Nieuwboer 2009; Abbruzzese 

et al. 2009). Motor rehabilitation is important to help PD patients manage motor 

symptoms and maintain a good quality of life, as a key limitation to quality of life is 

compromised ability to interact with objects in the environment. PD affects about 1% of 

the population over the age of 60, and carries estimated costs of $775.4 million per 

annum in Australia in 2011 (Economics 2011). Difficulty with independent daily living 

resulting from the debilitating motor symptoms of tremor, rigidity, bradykinesia (slow 
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movements) and postural instability is a major contributor to the economic cost of PD 

(Economics 2011). Several forms of motor rehabilitation, such as resistance training 

(David et al. 2012), cueing training (Morris et al. 1996) and treadmill gait rehabilitation 

(Pohl et al. 2003; Toole et al. 2005; Frenkel-Toledo et al. 2005; Miyai et al. 2000) have 

already shown promise in reducing the impact of motor symptoms on independent daily 

living. However, the longer-term benefits of motor rehabilitation remain unclear 

(Tomlinson et al. 2012; Allen et al. 2011; Allen et al. 2012). Many studies show that 

gains in motor performance diminish over after 6 months or more (Comella et al. 1994; 

Wade et al. 2003), and PD patients appear to require intensive training or extensive 

repetition for performance gains to be retained (Werner and Gentile 2010; Herman et al. 

2007; Frazzitta et al. 2012). Difficulty retaining performance gains may (at least in part) 

be due to impaired slow learning. Understanding if and how slow learning is impaired in 

PD may enable the design of rehabilitation protocols that can compensate for the deficit 

in retention of performance gains.  
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Chapter 2. Visuomotor Adaptation in Parkinson’s Disease. 

INTRODUCTION 

A key role of the basal ganglia is to select an appropriate action from competing 

alternatives (Mink 1996). The basal ganglia is thought to achieve action selection through 

phasic bursts of the midbrain dopaminergic neurons, which activate the excitatory direct 

pathway, facilitating selection of the appropriate action. At the same time, phasic 

dopaminergic bursts activate the inhibitory indirect pathway, suppressing selection of 

inappropriate actions (Redgrave et al. 1999; Mink 1996). In PD, dopamine denervation in 

the basal ganglia results in reduced excitatory activity in the direct pathway and excessive 

inhibitory activity in the indirect pathway, which has the net effect of impairing the 

selection of appropriate actions (Guthrie et al. 2009). This action selection deficit in PD is 

evident in the greater switch-costs when selecting a movement that differs from a 

previous movement (Helmich et al. 2009). Motor adaptation tasks may have an action 

selection component, as the previous unadapted motor command should be inhibited so 

that an adapted motor command formed by the inverse model can be selected (Grosse-

Wentrup and Contreras-Vidal 2007). Hence while the basal ganglia is probably not 

directly involved in updating internal models to reduce errors evoked by a perturbation 

(Shadmehr and Krakauer 2008), there is a possibility that action selection deficits in PD 

impairs selection of the adapted motor command and inhibition of the previous unadapted 

motor command, which may affect error reduction in motor adaptation. Motor adaptation 

has not been well studied in Parkinson’s Disease: to date there are only a handful of prism 

adaptation studies (Weiner et al. 1983; Stern et al. 1988; Canavan et al. 1990) and 

visuomotor adaptation studies (Contreras-Vidal and Buch 2003; Marinelli et al. 2009; 

Messier et al. 2007; Isaias et al. 2011; Venkatakrishnan et al. 2011), and one force-field 
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adaptation study (Krebs et al. 2001). These studies yield mixed findings, with some 

studies showing slower error reduction in PD than controls (Contreras-Vidal and Buch 

2003; Paquet et al. 2008; Messier et al. 2007; Venkatakrishnan et al. 2011) while other 

studies report similar rate of error reduction in PD and controls (Bedard and Sanes 2011; 

Marinelli et al. 2009; Fernandez-Ruiz et al. 2003; Stern et al. 1988; Isaias et al. 2011; 

Semrau 2011). This may be due to the use of differing task parameters. This chapter starts 

by first reviewing previous studies of visuomotor adaptation in PD to identify task 

parameters that previously resulted in slower error reduction in PD. Task parameters 

thought more likely to result in similar adaptation performance in PD patients and 

controls were selected and used in Experiment 1. Adaptation performance in PD patients 

and controls were compared by examining changes in directional error and kinematics 

during adaptation.  

Potential reasons underlying findings of slower error reduction in PD  

Previous studies showing impaired error reduction in PD (Contreras-Vidal and 

Buch 2003; Paquet et al. 2008; Messier et al. 2007; Venkatakrishnan et al. 2011) have 

two common methodological features: first, large perturbations, and second, the 

requirement to correct movement online. These are discussed below. 

Visuomotor adaptation studies which showed slower error reduction in PD 

patients than in controls used large perturbations (i.e., rotations of visual feedback by 60° 

or more)(Contreras-Vidal and Buch 2003; Paquet et al. 2008; Messier et al. 2007; 

Venkatakrishnan et al. 2011). Visuomotor adaptation studies which showed similar error 

reduction rate in PD patients and controls used small to moderate perturbations (rotations 
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of visual feedback by 30° or less)(Bedard and Sanes 2011; Marinelli et al. 2009; 

Fernandez-Ruiz et al. 2003; Stern et al. 1988; Isaias et al. 2011; Semrau 2011)
5
. Large 

perturbations are more likely to evoke explicit awareness of the perturbation, which may 

evoke the use of compensatory strategies for error reduction (e.g., consciously aiming in 

the opposite direction to the perturbation)(Taylor and Ivry 2012). Hence one may suggest 

that slower error reduction in PD was because PD patients are less adept than older adult 

controls at using compensatory strategies for error reduction. This appears unlikely to be 

the case, as older adults do not typically use compensatory strategies for error reduction, 

even when strategies are explicitly given (Hegele and Heuer 2010a). Instead, it was 

proposed that large perturbations require the selection of an adapted motor command that 

differs substantially from the previous unadapted motor command, and may have been 

more demanding for PD patients who have difficulty selecting movements that differ 

from previous movements (Helmich et al. 2009).  

  

                                                 

5 
However, impaired error reduction is not always evident with large perturbations in PD: 

a 180° rotation of visual feedback resulted in similar error reduction in PD patients and 

controls(Agostino et al. 1996). It is likely however that a 180° rotation may evoke error 

reduction through a simple compensatory strategy (i.e., the participant may simply move 

in the opposite direction to the target)(Abeele and Bock 2001), and thus error reduction in 

the Agostino et al. (1996) study may reflect successful use of this strategy in PD patients 

and controls.  
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An alternative reason underlying previous findings of slower error reduction in 

PD is that previous studies required participants to make online “on-the-fly” movement 

corrections. In these studies, participants were instructed to move the cursor into the 

target in spite of the perturbation. This means that participants must correct movement 

online and compensate for the perturbation to end the movement at the target (Contreras-

Vidal and Buch 2003; Paquet et al. 2008; Venkatakrishnan et al. 2011).
 6

 Typically, this 

results in curved movements towards the target as the subject makes online movement 

corrections. With increased exposure to the perturbation, the movement trajectories 

straighten as the pre-planned movement direction approximates the direction of an ideally 

adapted movement, and participants make fewer online movement corrections (Buch et 

al. 2003; Wang and Sainburg 2006). Visuomotor adaptation studies which instructed 

participants to avoid online movement corrections by making straight, uncorrected 

movements did not show slower error reduction in PD (Bedard and Sanes 2011; Marinelli 

et al. 2009; Fernandez-Ruiz et al. 2003; Stern et al. 1988; Isaias et al. 2011; Semrau 2011). 

Hence the requirement to correct movement online may have somehow slowed error 

reduction in PD patients during visuomotor adaptation. This proposal is supported by 

previous findings of impaired online movement correction in PD, which suggest that 

intact basal ganglia function is necessary to generate online movement corrections 

(Dounskaia et al. 2009; Desmurget et al. 2004). Unlike controls, who can smoothly 

generate a corrective submovement to reach a target when the target jumps mid-

                                                 

6
 One study which showed deficient error reduction in response to a large perturbation in 

PD did prevent online movement error corrections(Messier et al. 2007). However, the 

target reaching task was a 3D virtual reality task in which evoked larger errors in PD 

patients even in the pre-perturbation phase. 
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movement, PD patients fail to generate corrective submovements to reach the target, or 

make corrective submovements only after very long delays (>700ms)(Desmurget et al. 

2004). Similarly, patients with Huntington’s Disease (another neurological disease 

characterised by basal ganglia dysfunction) and Huntington’s Disease gene carriers who 

have not yet developed motor symptoms also show deficient online movement correction 

during force-field adaptation (Smith et al. 2000). The basal ganglia is also activated 

during error reduction in adaptation studies requiring online movement corrections 

(Seidler et al. 2006b; Della-Maggiore and McIntosh 2005; Diedrichsen et al. 2005; 

Shadmehr and Holcomb 1997; Shadmehr and Holcomb 1999; Krebs et al. 1998)
7
, but not 

in studies which did not require online movement corrections (Inoue et al. 2000; Krakauer 

et al. 2004). Correcting movements online has been proposed to require action selection 

by the basal ganglia, as the basal ganglia is thought to inhibit the ongoing, inappropriate 

movement such that a corrective sub-movement can be selected for execution (Tunik et 

al. 2009). Furthermore, online movement corrections do not facilitate trial-by-trial error 

reduction (Shabbott and Sainburg 2010). Hence it is possible that the requirement to 

correct movement online in previous studies (Contreras-Vidal and Buch 2003; Paquet et 

al. 2008; Venkatakrishnan et al. 2011) may have inadvertently impaired error reduction in 

PD patients by requiring action selection, a function deficient in PD (Helmich et al. 

2009). 

                                                 

7 Seidler et al.’s (2006) findings of bilateral basal ganglia activation in the early stages of 

visuomotor adaptation have been interpreted as evidence of the basal ganglia’s role in 

supporting cognitive processes involved in the early stages of error reduction, such as 

working memory and attention (Seidler 2010). The basal ganglia’s role in working 

memory and attention has also been interpreted to be one of selection, as the basal ganglia 

inhibits irrelevant information and selects relevant information (Moustafa et al. 2008). 
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In summary, previous findings of slower error reduction during visuomotor 

adaptation in PD patients than in controls may be due to the use of large perturbations, or 

the requirement to correct movements online, or some interaction between the two 

factors. These findings suggest that a visuomotor adaptation study designed without a 

large perturbation and without requiring online movement corrections might result in 

similar error reduction in PD patients and controls.  

Aftereffects in PD 

After adaptation reduces errors to approximate pre-perturbation levels, a removal 

of the perturbation typically reveals aftereffects, which are movement errors in the 

opposite direction that are of similar magnitude to the perturbation (i.e., mirror images of 

the perturbation) (Shadmehr and Mussa-Ivaldi 1994). Aftereffects which do not decay by 

the second trial suggest that the motor system cannot quickly revert to the motor output 

suited for unperturbed feedback. Aftereffects thus indicate the formation of an adapted 

internal model that accounts for the altered input-output relationship between the motor 

command and the sensory outcome. In studies showing similar extent of error reduction 

in PD patients as controls, PD patients showed similar magnitude of aftereffects as 

controls (Stern et al. 1988; Venkatakrishnan et al. 2011; although see Fernandez-Ruiz et 

al. 2003). Even studies showing slower error reduction and therefore lesser extent of error 

reduction in PD show aftereffects reflecting the extent of error reduction (Contreras-Vidal 

and Buch 2003; Messier et al. 2007). For example, after directional error evoked by a 90° 

rotation is reduced by approximately 40° by the end of the adaptation phase, aftereffects 

of approximately 40° are evident (Contreras-Vidal and Buch 2003). These findings 

therefore suggest that PD patients can acquire an adapted internal model.  
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While the presence of aftereffects indicates the acquisition of an internal model, 

the rate of decay of aftereffects (i.e., its persistence) reflects the combined influence of 

the fast process and the slow processes of adaptation learning (Smith et al. 2006). After 

the motor system adapts and reduces error to approximate pre-perturbation levels, 

removal of the perturbation results in a sensory prediction error. The two-state model 

(Smith et al. 2006) predicts that the fast process responds rapidly to this prediction error 

and biases motor output to the unadapted state; while the slow process responds weakly to 

the prediction error and biases motor output to the adapted state. As the motor output 

reflects the combined influence of the fast and the slow process, it is difficult to 

distinguish the competing influence of the slow and the fast process. Increased 

persistence of aftereffects have been interpreted to indicate increased influence of the 

slow process, as motor output is biased to the adapted state (Galea et al. 2010). There is 

one finding of less persistent aftereffects in PD patients than in controls despite similar 

extent of error reduction (Stern et al. 1988), suggesting the possibility of impaired slow 

learning in PD. In that study, aftereffects were studied at three 4 minute intervals after the 

adaptation phase. By the first 4 minute interval, aftereffects in PD patients had already 

decayed to baseline levels. In controls, aftereffects only decayed to baseline levels by the 

second 4 minute interval. These results fit with the hypothesis of intact fast learning but 

impaired slow learning in PD (Bedard and Sanes 2011). 

Rationale and aims  

Previous findings of slower error reduction during visuomotor adaptation in PD 

might be due to the use of non-essential task parameters (large perturbations, online 

movement corrections) which require intact basal ganglia function. This study evaluated 

if PD patients could show similar adaptation performance as controls in the absence of 
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these task parameters. Adaptation performance was characterised by changes in 

directional error and movement kinematics. Specifically, this study evaluated (1) if PD 

patients can reduce error evoked by a 30° rotation of visual feedback at the same rate and 

to the same extent as older adult controls (2) if aftereffects of similar magnitude are 

evident in PD patients and controls after error reduction in each block of 25 adaptation 

trials (3) if aftereffects of similar persistence are evident in PD patients as controls after 

error reduction in four blocks of 25 adaptation trials, and (3) if PD patients showed 

similar changes in movement kinematics during visuomotor adaptation as controls. 

Young controls, older controls and PD patients completed four blocks of 25 adaptation 

trials when aiming to a single target. The magnitude of aftereffects were examined in 

single null trials (i.e., trials with veridical feedback), which were interleaved between 

each adaptation block. The persistence of aftereffects was examined in 10 null trials 

following the last adaptation block. Changes in movement kinematics were used to 

evaluate if the adaptation task was more demanding in PD patients than in controls. 

Kinematic changes such as increased movement time and reaction time upon imposition 

of a perturbation can be used as indirect indicators of task demands: more demanding 

adaptation parameters evoke larger increases in reaction time and movement time than 

less demanding adaptation parameters (Kagerer et al. 1997; Saijo and Gomi 2010). 

Disproportionate increases in reaction time and movement time in PD patients but not in 

controls can suggest that the adaptation task was more demanding for PD patients than for 

controls.  
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DESIGN CONSIDERATIONS 

Given the numerous cognitive (Kehagia et al. 2010) and motor deficits (Hallett 

2011) in PD, it was important to simplify the adaptation task as far as possible to avoid 

disadvantaging PD patient performance with non-essential task parameters which may 

require intact basal ganglia function.  

Single target adaptation 

Unlike previous visuomotor adaptation studies which used 4 (Venkatakrishnan et 

al. 2011; Bedard and Sanes 2011) or 8 targets arranged radially (Isaias et al. 2011; 

Marinelli et al. 2009) the current study used a single target. Multiple-target adaptation is 

slower than single-target adaptation (Krakauer et al. 2000). There are differences between 

single-target and multiple target adaptation even after equalizing the number of visits to 

each target: single-target adaptation is best fit to a single-exponential function (Zarahn et 

al. 2008) while multiple-target adaptation is best fit to a double-exponential function 

(Krakauer et al. 2000). As adaptation learning to one target direction does not generalize 

well to other target directions (Woolley et al. 2011), multiple target adaptation is thought 

to require adaptation learning to be held for each spatially separated target direction in 

separate spatial working memory buffers (Pine et al. 1996; Krakauer et al. 2000). If this is 

the case, then PD patients who commonly show spatial working memory deficits 

(Mollion et al. 2003; Costa et al. 2003; Postle 1997; Owen et al. 1997; Owen et al. 1993) 

may experience greater difficulty with multiple-target adaptation than controls. 

Furthermore, multiple-target adaptation requires the selection of a movement that differs 

from the previous movement, a function which is more demanding and elicits greater 

compensatory neural activity in PD patients than in neurologically intact controls 

(Helmich et al. 2009).  
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Delayed visual feedback 

In the present study, visual feedback of the movement trajectory was displayed 

on-screen 1 second after movement completion, for a duration of 1 second.
8
 Visual 

feedback was delayed to prevent online movement corrections and encourage open-loop 

pre-planned movements, as the occurrence of closed-loop, feedback controlled 

corrections in movement direction can confound the scoring of pre-planned movement 

direction. Error reduction in visuomotor adaptation typically occurs in a trial-by-trial, 

feedforward fashion, as online error corrections do not facilitate trial-by-trial error 

reduction (Hinder et al. 2010; Shabbott and Sainburg 2010). While most visuomotor 

adaptation studies try to reduce online movement corrections by instructing participants 

to move quickly to the target and avoid online corrections of movement (Krakauer et al. 

2000), compliance to these instructions may be difficult for older adults and PD patients 

who have difficulty moving quickly. Previous adaptation studies in PD patients and older 

adults show evidence of attempts to correct the movement online despite explicit 

instructions to avoid online movement corrections (Bedard and Sanes 2011), which is 

consistent with the argument that online movement corrections occur outside conscious 

awareness (Schenk et al. 2005). To prevent online movement corrections, some studies 

only provide feedback of the cursor representing effector position after the movement 

exceeds a specified length (Mazzoni and Krakauer 2006; Cressman et al. 2010), or only at 

the movement endpoint (Taylor and Ivry 2011; Taylor et al. 2010). However, this method 

                                                 

8
 While delaying visual feedback does slow the rate of error reduction, it does not prevent 

error reduction or the development of aftereffects (Kitazawa et al. 1995). The effect of 

delaying visual feedback is addressed in a separate study in Experiment 2 (Chapter 3). 
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deprives participants of direction information of the entire movement. This method also 

assumes that movement direction late in the movement is similar to movement direction 

in the early, feedforward part of the movement, an assumption which is violated if 

movements are not straight. Hence visual feedback was only presented 1 second after 

movement completion for a duration of 1 second in the present study to prevent online 

corrections of visually detected movement error.  

The decision to delay visual feedback may seem counter-intuitive given the 

prevailing view that PD patients rely more on visual feedback for goal-directed reaching 

movements (Flash 1992; Adamovich et al. 2001): PD patients show greater than normal 

decreases in movement accuracy when deprived of visual feedback of the moving limb 

(Flash 1992; Adamovich et al. 2001). There is, however, one important distinction: 

delaying visual feedback did not reduce the amount of visual feedback available: the 

entire movement trajectory was shown for 1 second after movement completion. 

Concurrent visual feedback can result in detrimental over-reliance on visual feedback in 

PD, as concurrent visual feedback elicits shorter primary sub-movements and longer 

movement times than delayed visual feedback in PD (Ghilardi et al. 2000; Levy-Tzedek 

et al. 2011). Conversely, delayed visual feedback appears to elicit intact feedforward 

motor control in PD, as PD patients move more quickly, at greater amplitudes and show 

similar accuracy as controls with delayed visual feedback (Ghilardi et al. 2000; Levy-

Tzedek et al. 2011).  

Discrete reaching movement  

Previous adaptation studies required PD patients to specify movement amplitude, 

either by having participants make a rhythmic, out-and-back movement to the target 

(Isaias et al. 2011; Marinelli et al. 2009) or to stop on the target (Contreras-Vidal and 
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Buch 2003; Venkatakrishnan et al. 2011). This demand may disadvantage PD patients 

who are impaired at specifying movement amplitude (Desmurget et al. 2003). In PD 

patients, stopping on a target results in more pronounced movement slowness and more 

zero crossings in the acceleration profile than passing through a target (Rand et al. 2000). 

Participants in this study and all the following studies (Chapters 3-5) were therefore 

instructed that movements would only be scored in terms of movement direction and not 

movement extent. Hence, participants could elect to pass through the target rather than 

stop on the target if preferred.  
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METHOD 

Participants 

Eleven PD patients (age: 56-74 years), eleven older controls (age: 50-88 years) 

and 14 young controls (age: 18-27 years) participated in this study
9
. Fourteen PD patients 

were initially recruited, but three patients were excluded for the following reasons. In one 

patient, a follow up revealed misdiagnosis of PD. In the second patient, excessive 

dyskinesias resulted in irregular movement trajectories that could not be scored. The third 

patient fell asleep during the experiment due to excessive daytime sleepiness. Participants 

were recruited from the Parkinson’s Western Australia newsletter and local newspapers. 

This study was approved by the Human Research Ethics Committee at The University of 

Western Australia. All participants provided written informed consent.  

PD patients’ disease severity was rated according to the motor subscale of the 

Movement Disorders Society Sponsored Revised Unified Parkinson’s Disease Rating 

Scale (MDS-UPDRS)(Goetz et al. 2007). All PD patients were tested on-peak of their 

dopaminergic medication schedule (within two hours of taking their last dose of 

dopaminergic medication). Characteristics of PD patients and controls are shown in Table 

2.1. Exclusion criteria included (1) cognitive impairment, as shown by a score of less than 

24 on the Montreal Cognitive Assessment (Nasreddine 2005) (2) suspected or concurrent 

diagnosis of essential tremor and Parkinson’s plus syndromes, such as multiple-system 

atrophy. (3) deep brain stimulation surgery. All participants had normal or corrected-to-

normal vision and were naïve to the experimental design. All PD patients were tested on 

                                                 

9
 Visuomotor adaptation studies typically use samples sizes of n ≥ 8 for each participant group(Krakauer et 

al. 2000). Group differences are typically evident with similar sample sizes (Tseng et al. 2007).  
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their dominant arm, which resulted in 7 of the 11 PD patients being tested on their 

affected side. 

 

Table 2.1 Characteristics of individual PD patients (n=11) and older controls (n=11) in 

the 1 null trial condition. Standard deviations are shown in brackets. Medication dosages 

are per day. 

 Controls    PD patients 

 Age/Sex  Age/Sex Duration UPDRS-III  Levodopa Dopamine 

     Years  (mg) agonist (mg) 

 50/F  56/M 9 24 600 4
b
 

 60/F  57/M 3 4 300 0 

 62/M  58/M  6 13 300 0.375
b
 

 63/F  62/F  3 24 300 0.375
b 

 

 63/F  64/F  11 38 800 1
a
 

 63/F  66/F  12 28 700 3
a
, 0.75

b
 

 64/F  66/F  13 35 1000 1.5
b
 

 68/F  66/M  6 34 600 0.75
b
 

 71/M  67/F  5 20 450 0 

 74/F  71/M  12 21 800 3.75
b
 

 88/M  74/M  9 18 300 3
b
 

 65 (10)   64 (6)  8.2 (3.6) 23 (11) 555 (250)  N/A 

UPDRS-III, Unified Parkinson’s Disease Rating Scale, motor examination section.  

(a = cabergoline, b = pramipexole).  
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Apparatus 

Participants were seated on a height-adjustable chair in front of a laptop computer 

placed approximately 50 cm away from the participant along their midline. Participants 

held a digitizing pen (15.95cm long, 1.4 cm wide, 17 g) on a WACOM Intuos 2 digitizing 

tablet (size: 12 inch by 12 inch, resolution ±.025mm). The position of the pen on the 

tablet (x, y coordinates) was sampled by the computer at 100 Hz and displayed on the 

computer monitor as a circular cursor with a radius of 5 pixels (1.25mm). Custom 

software written in LabVIEW 7.0 (National Instruments) was used for data acquisition. 

Direct vision of the hand was prevented by placing the tablet and the hand directly 

beneath a stand, with the laptop placed atop the stand. 

Procedure 

A schematic of the task design is shown in Fig. 2.1. 

  

 

Baseline Block 

One 

 Block  

Two 

 Block  

Three 

 Block  

Four 

 Deadaptation 

 

Fig. 2.1. Schematic of task design. Clear boxes represent trials with no perturbation. Each 

shaded box represents one block of 25 adaptation trials with the 30° counterclockwise 

perturbation.  

First, the experimenter explained the task and allowed participants to familiarize 

themselves with the tablet in two familiarization trials with veridical feedback of the 

movement trajectory. Familiarization trials were not recorded and are not shown in Fig. 

2.1. Each trial progressed as thus. First, participants positioned the cursor representing the 

pen’s position into the start circle (radius 23 pixels, 6.08 mm). After the cursor was within 

1 null trial 
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the start circle for 2 seconds, a target circle of radius 23 pixels (6.08 mm) appeared 75 

mm away, 45° away from the start circle. A tone sounded when the target appeared, 

signalling participants to move the cursor to the target. Participants were instructed to 

move the cursor from the start circle to the target circle as accurately and as quickly as 

possible, in a single, uncorrected movement. Visual feedback of the movement trajectory 

was shown on-screen 1 second after movement completion, for a duration of 1 second.  

After receiving task instructions in the familiarization phase, participants 

completed a minimum of 30 trials with veridical feedback of the movement trajectory in 

the pre-perturbation baseline phase (Fig. 2.1), until three out of four consecutive 

movements were made with directional error within ±3° and movement time within 

600ms. This movement time criterion was adjusted to 1000ms for a minority of PD 

patients and older adult controls who had difficulty achieving the required movement 

time. Subsequently, participants completed 4 blocks of 25 adaptation trials in which the 

visual feedback of the movement trajectory was rotated 30° counterclockwise relative to 

the start circle, with 1 null trial with veridical feedback interleaved between each 

adaptation block (see Fig. 2.1). Null trials were used to examine the magnitude of 

aftereffects with increasing blocks of adaptation trials. After the last adaptation block, 

participants completed a minimum of 10 deadaptation trials with veridical feedback of the 

movement trajectory, until the directional error and movement time criteria specified in 

the baseline phase was achieved (directional error within ±3°, movement time within 600 

ms in three out of four trials). The position of the start circle and the target circle 
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remained unchanged in all trials. Each test session lasted a maximum of two hours.
10

 

Participants were allowed to take self-timed breaks if needed. 

DATA ANALYSIS 

DIRECTIONAL ERROR 

Cartesian X-Y coordinates and corresponding time samples were recorded and 

used to calculate movement trajectory. The key measure of interest was directional error, 

which was calculated as the angular difference between the actual movement direction 

and an idealized movement direction starting from the start circle to the target circle. 

Actual movement direction was scored at the point of peak velocity in the movement 

trajectory (Marinelli et al. 2009).Scoring movement direction at the point of peak velocity 

was early enough to reflect pre-planned movement direction, since visual feedback of the 

movement trajectory was only shown after movement completion (Marinelli et al. 2009). 

By convention, a negative value in directional error indicates that the on-screen 

movement trajectory was counterclockwise relative to an ideal movement trajectory 

plotted from the start to a target, while a positive value denotes the opposite.  

Statistical analyses 

To evaluate if groups differed in error reduction, mixed ANOVAs with between-

subjects factors Group (young controls, older controls and PD patients) and within-

subjects factor Trial were run on the error reduction phase in each adaptation block. As 

shown by previous visuomotor adaptation studies (Krakauer et al. 2000), error reduction 

                                                 

10
 That the testing session sometimes took up to two-hours was a result of conducting the 

UPDRS assessment after the visuomotor adaptation task. Thus fatigue would was 

unlikely to have affected performance of the visuomotor adaptation task.  
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occurs primarily in Trials 2-11, and thus analyses evaluating error reduction were run on 

Trials 2-11 of each adaptation block. Trial 1 was excluded as the perturbation was only 

evident after movement completion, and thus there was no opportunity for error reduction 

on Trial 1. Previous studies show that directional error typically does not reduce further 

(i.e., hits asymptote) by the 12
th

 visit to each target (Krakauer et al. 2000). To evaluate if 

groups differed in directional error at asymptote, mixed ANOVAs with between-subjects 

factors Group (young controls, older controls and PD patients) and within-subjects factor 

Trial (Trials 21-25) were run separately on the asymptotic error phase for each adaptation 

block. To evaluate if groups differed in block-to-block changes in directional error, mixed 

ANOVAs with between-subjects factors Group (young controls, older controls and PD 

patients) and within-subjects factor Block were conducted.  

For each adaptation block, a single exponential function was fit to group mean 

trial-by-trial directional error, using non-linear regression with a least squares fit. 

Although many previous visuomotor adaptation studies use a double exponential function 

(e.g., Landi et al. 2011; Krakauer et al. 2000), the single-exponential function has been 

shown to fit data from single-target adaptation better than a double-exponential function 

(Tanaka et al. 2012). A double exponential function better fits data from multiple-target 

adaptation (Tanaka et al. 2012). The function is as follows: 

Y = Y0 + (Plateau-Y0)(1-e(-kx).  

Where: 

Y is directional error, X is the trial number, and Y0 is the hypothetical Y value 

when X (trial number) is zero. K is the rate constant and indicates the rate with which 

directional error changes. The greater the magnitude of K, the greater is the rate of change 

in directional error. Plateau is the directional error at which performance reaches 
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asymptote. The trial number at which performance reaches asymptote is by definition 

infinity, and thus was not calculated. Instead, the trial number at which performance 

reached 90% of performance asymptote was calculated (Tplat).  

If the exponential function produced an acceptable fit to the group mean data 

(defined as R
2 

> 0.3), the exponential function was shown in the graphs. Poor fits to the 

exponential function (R
2 
< 0.3) suggest that the function does not characterise the data 

well and thus was not plotted in the graphs. The exponential function was also fit to trial-

by-trial directional error from each adaptation block for individual participant datasets. 

When the exponential function produced an acceptable fit to the data (R
2 

> 0.3), function 

parameters (rate constant, plateau and Tplat) were obtained for each individual dataset. 

These function parameters were subjected to one-way ANOVAs and post-hoc 

independent samples t-tests to evaluate group differences. Adjusted degrees of freedom 

and p-values were reported where homogeneity of variances were violated (as shown by 

significant Levene’s test for equality of variances). When the function produced a poor fit 

to the data (R
2 

< 0.3), function parameters was not subjected to any further analyses. 

KINEMATICS 

Two kinematic measures (reaction time and movement time) during motor 

adaptation were examined to explore the possibility that the adaptation task was more 

demanding for PD patients than controls. Disproportionate increases in reaction time and 

movement time present in PD patients but not in controls can suggest that the adaptation 

task was more demanding for PD patients than controls.  
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Statistical Analyses 

To evaluate how kinematics changed during adaptation, kinematics were 

compared across adaptation phases of interest: (1) before and after perturbation onset 

(Pre-perturbation to Post-perturbation) and (2) from the rapid error reduction phase (Early 

adaptation) to the asymptotic error phase (Late adaptation). Pre-perturbation kinematics 

were estimated from median values of last five baseline trials, while Post-perturbation 

were estimated from median values of Trial 2 to Trial 6 of Block One. Early adaptation 

kinematics were estimated from median values of Trial 2 to Trial 6 of Block One, while 

Late adaptation kinematics were estimated from median values of Trial 21 to Trial 25 of 

Block One. For these kinematic data, median values were used as they are less susceptible 

to outliers. As error reduction occurred primarily in Block 1, analyses of kinematic 

changes were restricted to Block 1. Trial 1 was excluded as the perturbation was only 

evident after movement completion. Paired t-tests were used to evaluate kinematic 

changes across adaptation phases of interest within each participant group.  

To evaluate if kinematic changes across adaptation phases differed in PD patients 

and older controls, mixed-ANOVAs with between-subjects factors Group (older controls, 

PD patients) and within-subjects factor Phase (Pre-perturbation, Post-perturbation) or 

(Early adaptation, Late adaptation) were conducted. Young controls were not included in 

these mixed-ANOVAs as age effects on kinematics were not part of the research question.  

An alpha level of .05 was used for all statistical tests. In all mixed and repeated-

measures ANOVAs, the assumption of sphericity was tested with Mauchly’s test of 

sphericity. Greenhouse-Geisser sphericity-corrected degrees of freedom and p-values 

were reported where the assumption of sphericity was violated. Significant main effects 
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were explored through post-hoc t-tests using the Bonferroni correction for multiple 

comparisons.  

 

RESULTS 

DIRECTIONAL ERROR 

Similar pre-perturbation directional error in PD and controls 

Controls and PD patients showed similar directional error in the first five pre-

perturbation baseline trials, suggesting similar ability to specify movement direction (see 

clear bars, Fig. 2.2). Positive directional error evident in the first five baseline trials 

replicates previous findings of a clockwise directional bias in target-reaching movements 

(Gordon et al. 1994). Participants continued the pre-perturbation baseline phase until 

directional error was less than 3° in three consecutive trials, which resulted in comparable 

directional error in the last 5 baseline trials in young controls, older controls and PD 

patients (filled bars). A one-way ANOVA on mean directional error of the last five 

baseline trials showed that directional error did not yield a significant main effect of 

Group [F(2,35) = 1.43, p =.25], which suggests that directional error in the last five 

baseline trials did not differ significantly between older controls, young controls and PD 

patients.  
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Fig. 2.2. Mean directional error of the first five baseline trials (clear bars) and last five 

baseline trials (hatched red bars) in young controls (YC), older controls (OC) and PD 

patients. Error bars represent standard errors of the mean. 

PD patients reduced error at a similar rate as older controls in Block One 

Fig. 2.3 shows representative hand-paths of one older control and one PD patient 

during the first adaptation block (Block One). Participants’ actual movement directions 

are plotted in black, while an ideally adapted movement direction is plotted in blue. At 

Trial 2 (left panel), the actual movement direction deviates from the ideally adapted 

movement direction by approximately 30°, resulting in large directional errors, but these 

directional errors reduced with increasing numbers of trials (right panel).  
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Fig. 2.3. Movement trajectories on Trials 2, 6, 11 and 25 from one young control (top 

panel), one older control (middle panel) and one PD patient (bottom panel). Filled red 

circles represent the visually presented target shown on-screen. Actual movement 

trajectories are plotted in black. An idealized hand movement direction that is fully 

adapted to the 30° counter-clockwise rotation of visual feedback is plotted in blue.  

Fig. 2.4 shows that at the onset of counterclockwise 30° rotation of visual 

feedback in Block One, directional error in all groups was as expected: approximately the 

size of the rotation (30°), and negative in sign (i.e., counter-clockwise to an ideal 

movement trajectory). All participant groups reduced directional error trial-by-trial. PD 

patients (open circles) and older controls (filled circles) reduced error at a similar rate. 

Young controls (filled triangles) reduced directional error more quickly than PD patients 

(open circles) and older controls (filled circles). A Group (young controls, older controls, 

PD) by Trial (Trial 2, 3 …11) mixed-ANOVA resulted in a significant main effect of 

Trial [F(6.1, 199.5) = 49.55, p = .001], a significant main effect of Group [F(2, 33) = 

10.23, p < .001] and a non-significant Group-by-Trial interaction [F(12.9, 199.5) = 0.8, p 
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= .6]. Post-hoc comparisons showed that directional error in Trials 2-11 was significantly 

smaller for young controls than older controls (p =.01) and PD patients (p <.001), but did 

not differ significantly between older controls and PD patients (p = .43). By the end of 

Block One however, directional error did not differ significantly between each group: a 

Group (young controls, older controls, PD) by Trial (Trials 21, 22… 25) mixed ANOVA 

did not reveal a significant main effect of Group [F(2, 33) = 1.90, p = .16], nor any 

significant Group-by-Trial interaction [F(2, 33) = 1.16, p = .33]. 

   
Fig. 2.4. Block One group mean trial-by-trial directional error in young controls (filled 

triangles), older controls (filled circles) and PD patients (open circles). Error bars 

represent standard errors of the mean. The single-exponential function was fitted to the 

group mean data. 
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The single-exponential function was fit to Block 1 trial-by-trial directional error 

for each participant dataset, and resulted in a acceptable fit in all but one dataset (range of 

R
2
 : 0.37- 0.94, median = 0.73). Fig. 2.5 shows the group mean values for rate constant, 

Tplat (i.e., trials to reach plateau) and plateau. Overall, young controls showed larger rate 

constants than older controls and PD patients, indicating faster error reduction than older 

controls and PD patients. A one-way ANOVA showed that rate constant differed 

significantly between groups [F(2, 34) = 3.68, p = .03]. Bonferroni-corrected post-hoc 

comparisons showed that rate constants in young controls were larger than in PD patients 

(p = 0.04) and older controls (p = 0.07). Rate of error reduction was similar in PD 

patients and older controls. Similarly, Tplat was smaller in young controls, suggesting 

that young controls needed fewer trials to reach asymptote than older adults and PD 

patients (see Fig. 2.5 middle panel), although a one-way ANOVA on Tplat did not reveal 

a significant main effect of group [F(2, 34) = 1.9, p = .16]. Directional error at plateau 

was similar in young controls, older controls and PD patients (see Fig. 2.5, right panel). A 

one-way ANOVA on directional error at plateau showed a non-significant main effect of 

group [F(2, 34) = 0.69, p = .5]. Mean directional error at plateau across all participant 

groups was -5.6° and is similar to that found in previous studies (Krakauer et al. 2000).  
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Fig. 2.5. Group means of rate constant (left panel), Tplat (middle panel), and directional 

error at asymptote (right panel) in Block One in young controls (YC), older controls (OC) 

and PD (Parkinson's Disease) patients.  

Similar error reduction in Blocks Two, Three and Four across all participant groups 

 Fig. 2.6 shows that PD patients, older controls and young controls reduced 

directional error at a similar rate and to a similar extent in Blocks Two, Three and Four. 

Group (PD, young controls, older controls) by (Trial 2, 3… 11) mixed-ANOVAs were 

run separately for Blocks Two, Three, and Four. The main effect of Group was not 

significant in Block Two [F(2, 33) = 0.35, p = .7], Block Three [F(2, 33) = 0.45, p = .6] 

or Block Four [F(2, 33) = 1.03, p = .4]. There was a significant main effect of Trial in 

Block Two [F(4.6, 153.1) = 3.65, p =.005], Block Three, [F(5.3, 175.2) = 3.44, p = .005], 

and Block Four [F(5.0, 165.9) = 5.58, p =.001]. There were no significant Group-by-Trial 

interactions. That main effects of group were not significant suggest that young controls, 

older controls and PD patients did not differ significantly in error reduction in Blocks 

Two, Three and Four.  

To evaluate if participant groups differed significantly in asymptotic directional 

error for Blocks Two, Three and Four, Group (PD, young controls, older controls) by 

(Trial 21, 22…25) mixed-ANOVAs were run separately for Blocks Two, Three, and 

Four. The main effect of Group was not significant in Block Two [F(2, 33) = 0.29, p = 

.7], Block Three [F(2, 33) = 0.86, p = .4] or Block Four [F(2, 33) = 0.69, p = .5]. There 

was no significant main effect of Trial in Block Two [F(4, 132) = 0.67, p =.6], in Block 
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Three, [F(2.8, 94.7) = 0.29, p = .9], and in Block Four [F(4, 132) = .13, p =.9]. There 

were no significant Group-by-Trial interactions. Hence all participant groups showed 

similar asymptotic directional error, indicating similar extent of error reduction. 

Fig. 2.6. Group mean trial-by-trial directional error in Block Two, Three and Four (open 

circles: PD patients, filled circles: older controls, filled red triangles: young controls). 

Error bars represent standard errors of the mean. The exponential function did not 

produce acceptable fits to group mean directional error (R
2
 < 0.3) for Blocks Two, Three 

and Four, and thus are not plotted. 

Unlike for Block One, the exponential function did not show acceptable fits to 

directional error from individual datasets for Blocks Two, Three and Four (R
2
 < 0.3 for 

more than 50% of datasets). Thus, unlike for Block One, parameters from the exponential 

function for Blocks Two, Three and Four were not acquired for subsequent analyses.  

The reason directional errors in Blocks Two, Three and Four did not fit well to the 

exponential function was probably because the single null trial interleaved between 

adaptation blocks only partially returns behaviour to the unadapted state (Thoroughman 

and Shadmehr 2000). Partial deadaptation is evident as directional errors in first trial of 

Block Two, Three and Four (Fig. 2.6) are larger than the last trial of the preceding block, 

but smaller than the 30° perturbation. To evaluate if groups differed in the amount of 

partial deadaptation from the null trial, a Group (young controls, older controls, PD 

patients) by Block (Blocks Two, Three, Four) mixed-ANOVA was run on directional 
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error in the first trial of adaptation Blocks Two, Three and Four. There was no significant 

main effect of Group [F(2, 33) = 0.6 p = 0.5], nor any significant Group-by-Block 

interaction [F(4, 66) = 0.83 p = 0.5], which suggests that the single null trial resulted in 

similar amounts of partial deadaptation in the first trial of Blocks Two, Three and Four in 

PD patients, older controls and young controls. There was also no significant main effect 

of Block [F(2, 66) = 1.64, p = .2], which suggests that the amount of partial deadaptation 

did not differ significantly across the Blocks Two, Three and Four.  

Variability of directional error 

To examine (1) if there were group differences in variability of directional error 

and (2) if the variability of directional error reduced within each adaptation block as well 

as between each adaptation block, the variability of directional error was quantified as 

standard deviations from each epoch, with 1 epoch defined as 5 trials (Benson et al. 

2011).  

Fig. 2.7 shows that variability decreased with increasing numbers of epochs 

within and between each block. Mixed ANOVAs with between-subjects factor Group 

(young controls, older controls, PD) and within-subjects factor Block (Block One, Two, 

Three, Four) and Epoch (Epochs One, Two… Five) were run. A significant main effect of 

Block showed that variability decreased significantly from block to block [F(3, 99) = 

10.89, p =.001]. A significant main effect of Epoch [F(1.9, 64.5) = 43.13, p = .001] 

suggests that variability of directional error decreased across epochs within each 

adaptation block. There was no significant main effect of Group [F(2, 33) = 2.17, p =.13], 

no significant Group-by-Block interaction, [F(6, 99) = 1.32, p =.26] and no significant 

Group-by-Epoch interaction [F(3.9, 64.5) = .62, p = .76], which suggests that young 

controls, older controls and PD patients did not differ in the variability of directional 
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error, as well as the way variability of directional error decreased within and between 

each adaptation block.  

 
Fig. 2.7. Mean standard deviations of directional error for PD patients (open circles), 

older controls (filled circles) and filled red triangles (young controls) in each block. 

Standard deviations are calculated from epochs of 5 trials. Error bars indicate standard 

errors of the mean. 

Immediate aftereffects after each adaptation block. 

Fig. 2.8 shows directional error in null trials (i.e., aftereffects) for individual 

participants after each of the four adaptation blocks. Group mean values represented by 

the horizontal lines in Fig. 2.8 show that aftereffects for all groups was approximately the 

size of the 30° rotation. A mixed-ANOVA with between-subjects factors Group (young 

controls, older controls, PD patients) and within-subjects factor Block (Blocks One, Two, 

Three and Four) showed no significant main effect of Group [F(2, 33) = .39, p =.7], no 

significant main effect of Block [F(2, 33) = 1.96, p =.1], and no significant Group-by-

Block [F(6, 99) = .49, p =.8] interaction, suggesting that aftereffects did not differ 

significantly between groups or between adaptation blocks. 
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Fig. 2.8. Directional error in null trials after the first (Null 1) the second (Null 2) the third 

(Null 3) and the fourth (Null 4) adaptation blocks. Each data point represents individual 

participant data. Horizontal lines represent group means, error bars represent standard 

errors of the mean. 

Aftereffects during deadaptation  

Fig. 2.9 shows group mean trial-by-trial directional error in the deadaptation 

phase, which followed the last adaptation block. When visual feedback was returned to 

the veridical state in the deadaptation phase, directional errors of similar magnitude to the 

rotation in visual feedback, but in the opposite direction were evident, indicating 

aftereffects. Directional error in the first deadaptation trial was approximately 25°, which 

reflects the extent of error reduction at asymptote (mean -5.6°, averaged across all 

participants). Directional error decreased with increasing number of trials in an 

exponential fashion. Mixed ANOVAs with between-subjects factor group (young 

controls, older controls, PD patients) and within-subjects factor Trial (deadaptation trials 

1, 2 …11) resulted in a non-significant main effect of Group [F(2, 33) = .88, p =.4], and a 

non-significant Group-by-Trial interaction [F(10.4, 171.8) = .85, p =.6], which suggests 

that directional error at deadaptation did not differ significantly in young controls, older 

controls and PD patients.  
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Fig. 2.9. Mean and standard error of directional error during deadaptation in young 

controls (filled red triangles), older controls (open circles) and PD patients (filled circles). 

Participants needed differing numbers of trials to reach the criterion (directional error < 

3°, movement time < 600ms) but all were required to complete a minimum of 11 

veridical feedback trials. Hence only the first eleven trials were depicted. The single-

exponential function was fitted to the group mean data. 

The exponential function was fit to deadaptation directional error for each 

individual dataset and produced an acceptable fit (R
2
 > 0.3) for 29 of the 36 datasets (R

2
 

ranged from 0.31 to 0.96, median = 0.74). Hence rate constant, Tplat and plateau could be 

calculated for these datasets, and group mean values are shown in Fig. 2.10. One-way 

ANOVAs showed no significant main effect of Group for rate constant [F(2,28) =1.08, p 

=.4]; Tplat, [F(2,28) = 0.56, p =.6] and asymptote [F(2,29)=1.37, p =.3]. Hence after 

four blocks of 25 adaptation trials, PD patients, older controls and young controls showed 

similar rate and extent of deadaptation.  
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Fig. 2.10. Group mean rate constant (left panel), Tplat (middle panel) and plateau (right 

panel) in young controls (YC) older controls (OC) and PD patients (PD) in deadaptation. 

Error bars represent standard error of the mean.  

KINEMATICS 

Changes in reaction time upon perturbation onset  

Fig. 2.11 shows reaction time in young controls (left panel), older controls 

(middle panel) and PD patients (right panel) at Pre-perturbation (clear bars) and Post-

perturbation (hatched bars). All participant groups showed a small increase reaction time 

upon imposition of the perturbation (mean ± SE: young controls 86 ± 29ms, older 

controls 65 ± 115ms, PD patients: 95 ± 99ms) Paired t-tests indicated that this difference 

was significant in young controls [t(13) = 3.11, p = .008, d = 0.59], but not in older 

controls [t(10) = 0.76, p = .5, d = 0.10] and PD patients [t(10) = 1.22, p = .3, d = 0.36].  

To evaluate if PD patients differed from older controls in the way reaction time 

changed from Pre- to Post- perturbation, a mixed-ANOVA with between-subjects factor 

Group (older controls, PD patients) and within-subjects factor Phase (Pre-perturbation, 

Post-perturbation) was run. There was no significant main effect of Group [F(1, 20) = 

0.53, p = .5], no significant main effect of Phase [F(1,20) = 1.95, p =.2] and no 

significant Group-by-Phase interaction [F(1, 20) = 0.09, p = .7], which suggests that 

reaction times did not differ significantly in PD patients and older controls, and did not 

differ  significantly from Pre- to Post-perturbation.  
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Fig. 2.11. Group means of median reaction time in Pre-perturbation (clear bars) and Post-

perturbation (hatched red bars) in young controls, older controls and PD patients. Error 

bars represent standard errors of the mean.  

Changes in reaction time during error reduction  

In young controls, reaction time decreased from Early adaptation (clear bars) to 

Late adaptation (filled bars) (left panel, Fig. 2.12) [t(13) = 3.83, p = .002, d = .68], which 

indicates that reaction time decreases as directional error reached asymptote. Reaction 

times did not, however, decrease significantly from Early to Late adaptation in older 

controls [t(10) = 0.07, p = .9, d =.02] (Fig. 2.11, middle panel) or in PD patients [t(10) = 

0.51, p = .6, d = .16] (Fig. 2.11, right panel).  

A mixed-ANOVA with between-subjects Group (older controls, PD patients) and 

within-subjects factor Phase (Early adaptation, Late adaptation) resulted in no significant 

main effect of Group [F(1, 20) = 0.97, p = .3], no significant main effect of Phase [F(1,20) 

= 0.08, p =.8] and no significant Group-by-Phase interaction [F(1, 20) = 0.15, p = .7], 

which suggests that reaction time did not differ significantly from Early to Late 

adaptation in both PD patients and older controls. 
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 Fig. 2.12. Group means of median reaction time in Early adaptation (clear bars) and Late 

adaptation (filled bars) in young controls, older controls and PD patients. Error bars 

indicate standard errors of the mean.  

Changes in movement time upon perturbation onset 

Fig. 2.13 shows movement time in young controls (left panel), older controls 

(middle panel) and PD patients (right panel) from Pre-to Post-perturbation. There was a 

small increase in movement time upon perturbation onset in all participant groups, 

although this difference was not significant in young controls [t(13) =1.69, p = .1, d = .39] 

and in PD patients [t(10) = 0.82, p = .4, d =.07]. Movement times did increase 

significantly in older controls from Pre- to Post-perturbation, [t(10) = 3.09, p =.01, d 

=.75], although this may have been due to short movement times at Pre-perturbation in 

older controls, which was significantly smaller (378 ± 27 ms) than that of young controls 

(468 ± 29 ms), [t(22) = 2.20, p =.04, d = .89].  

A mixed-ANOVA with between-subjects factor Group (older controls, PD 

patients) and within-subjects factor Phase (Pre-perturbation, Post-perturbation) showed 

no significant main effect of Group [F(1,20) = 2.81, p =.1] nor any significant Group-by-

Phase interaction [F(1,20) = 2.17, p =.2]. This suggests that movement time did not differ 

significantly in PD patients and controls. The main effect of Phase was significant [F(1, 

20) = 7.24, p =.1], which suggests a significant increase in movement time upon 

perturbation onset in older controls and PD patients.  
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Fig. 2.13. Group means of median movement time in Pre-perturbation (clear bars) and 

Post-perturbation (hatched red bars) in young controls, older controls and PD patients. 

Error bars indicate standard errors of the mean.  

Changes in movement time with error reduction 

Fig. 2.14 shows movement time in Early adaptation and Late adaptation in young 

controls (left panel), older controls (middle panel) and PD patients (right panel). 

Movement time did not change significantly from Early to Late adaptation in young 

controls [t(13) =1.41, p = .2, d =.20], older controls [t(10) =0.31, p = .8, d =.07], and PD 

patients [t(10) =0.41, p = .7, d = .11].  

To evaluate if PD patients differed from older controls in movement time with 

error reduction, a mixed-ANOVA with between-subjects factor Group (older controls, PD 

patients) and within-subjects factor Phase (Early adaptation, Late adaptation) was 

conducted. There was no significant main effect of Group [F(1, 20) = 2.13, p =.2], no 

significant main effect of Phase [F(1, 20) = .23, p = .6], and no significant Group-by-

Phase interaction [F(1,20) = .10, p =.8]. This suggests that PD and older controls did not 

differ significantly in movement time from Early to Late adaptation. 
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Fig. 2.14. Group means of median movement time in Early adaptation (clear bars) and 

Late adaptation (filled bars) in young controls, older controls and PD patients. Error bars 

indicate standard errors of the mean.  
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DISCUSSION 

Previous findings of slower error reduction in PD patients may be due to the use 

of task parameters (large perturbations, online movement corrections) which are not 

essential to the study of visuomotor adaptation, but which may require intact basal 

ganglia function. This study was designed with consideration of the cognitive and motor 

deficits in PD to avoid the use of non-essential task parameters which may disadvantage 

PD patient performance by requiring intact basal ganglia function. The current task 

parameters included a moderate 30° rotation of visual feedback of movement trajectory, a 

single target, delayed visual feedback to prevent online movement corrections, and no 

requirement to specify movement amplitude. Under these task parameters, PD patients 

adapted at the same rate and to the same extent as older adult controls, and showed 

aftereffects of similar magnitude and persistence as older adult controls.  

Similar rate and extent of error reduction in PD and older controls 

This study showed similar rate and extent of error reduction in PD patients and 

older controls when adapting to to a 30° rotation of visual feedback. This replicates 

previous findings of similar error reduction in PD patients and controls with a 30° 

rotation in visual feedback (Bedard and Sanes 2011; Marinelli et al. 2009; Isaias et al. 

2011). The current adaptation procedure allowed directional error to reach asymptote at 

5.6°, which is similar to the extent of error reduction shown in previous studies in young 

adults (Krakauer et al. 2000). Adaptation in the current study was more complete than in 

previous studies with PD employing the same 30° rotation: asymptotic directional error 

was 16.2 ° and 17.8° in controls and in PD patients respectively in the Bedard and Sanes 

(2011) study; while in the Marinelli et al. (2009) study, asymptotic directional error was 
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7.9° and 7.8° in controls and in PD patients respectively. Furthermore, PD patients in the 

present study did not show greater variability than controls in directional error in each 

adaptation block. Like young and older controls, PD patients reduced variability within 

and between each adaptation block. Re-exposure to veridical feedback in the single null 

trial returned behaviour to the partially unadapted state (i.e., resulted in partial 

deadaptation), as the null trial increased directional error in the adaptation trial following 

the null trial (compared to the adaptation trial before the null trial). PD patients, older 

controls and young controls showed similar amounts of partial deadaptation, replicating 

previous findings (Semrau 2011). This suggests that PD patients and controls are 

similarly sensitive to changes in the sensory prediction error resulting from a null trial 

interleaved between adaptation trials.  

Similar magnitude and rate of decay of aftereffects in PD and controls 

In the null trials interleaved after each block of 25 adaptation trials, both PD 

patients and controls showed aftereffects of comparable magnitude to the perturbation, 

replicating previous results (Venkatakrishnan et al. 2011; Semrau 2011). These 

aftereffects indicate the formation of an adapted internal model. Aftereffects in the 

deadaptation phase (i.e., after all four blocks of 25 adaptation trials) also did not decay by 

the second deadaptation trial, indicating formation of an adapted internal model that 

required re-exposure to veridical feedback to return to the unadapted state. PD patients 

showed aftereffects of similar persistence as older controls, as aftereffects did not decay 

more quickly in PD patients than in controls. This is in contrast to one previous finding of 

less persistent aftereffects despite similar extent of error reduction in PD patients (Stern et 

al. 1988). The discrepancy in findings may be due to the smaller number of adaptation 

trials (30 trials) in the Stern et al. (1988) study than in the current study (100 trials). 
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Hence PD patients may require extended repetition of the adapted movement such as in 

the current study for aftereffects of similar persistence as controls to be evident. 

According to the two-state model (Smith et al. 2006), the decay rate of aftereffects 

reflects the combined influence of the fast process weighting motor output to the 

unadapted state and the slow process weighting motor output to the adapted state. 

Increased persistence of aftereffects may thus indicate increased influence of the slow 

process. Stern et al.’s (1988) finding of less persistent aftereffects in PD than in controls 

may indicate impaired slow learning in PD. The possibility of slow learning deficits in 

PD is further explored in Chapters 4 and 5. 

The current finding of similar rate and extent of error reduction as well as similar 

magnitude and persistence of aftereffects in PD and controls supports the proposal that 

intact basal ganglia function might not be crucial to update an internal model (Shadmehr 

and Krakauer 2008)
11

. Error reduction in motor adaptation requires integrity of the 

cerebellum (Izawa et al. 2012) and the posterior parietal cortex (Mutha et al. 2011). The 

cerebellum is thought to form forward models (Izawa et al. 2012),while the posterior 

parietal cortex is thought to integrate visual and sensory feedback to enable updating of 

the inverse model (for a review, see Shadmehr and Krakauer 2008). In PD, function of the 

                                                 

11
 It may be argued that the medicated state of the current sample of PD patients does not 

allow this conclusion to be drawn. However, impaired basal ganglia function is still 

evident in medicated PD patients, as dopaminergic medication does not fully compensate 

for deficient basal ganglia function, but only increases availability of dopamine in the 

nervous system. Furthermore, newly diagnosed, drug-naive PD patients display similar 

ability as controls to update an internal model (Marinelli et al. 2009), thus supporting the 

suggestion that intact basal ganglia function is not crucial to update an internal model.  
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cerebellum remains largely intact despite disease progression (Braak et al. 2003), while 

function of the posterior parietal cortex may be impaired at the later, more severe stages 

of PD as the disease pathology spreads to the cerebral cortices (Braak et al. 2003). Thus, 

cerebellar and posterior parietal cortex function is probably intact in mild-to-moderate, 

cognitively unimpaired PD patients such as those in the present study, and consequently 

PD patients retained the ability to reduce errors by updating an internal model during 

visuomotor adaptation.  

Age effects on adaptation 

The older participants (PD patients and older controls) reduced error more slowly 

in the early phase of adaptation and needed more trials to reach asymptote than the young 

participants. This finding is well-replicated (Bock 2005; Buch et al. 2003; Hegele and 

Heuer 2010a; Cressman et al. 2010; McNay and Willingham 1998; Bock and Schneider 

2002; Heuer and Hegele 2008) and has been attributed to an age-related decline in the 

ability to use explicit compensatory strategies to reduce error, such as strategically 

pointing in the opposite direction to the perturbation (Bock 2005; Heuer and Hegele 

2008). Becoming aware of the nature of the perturbation is thought to elicit the use of 

such compensatory strategies. One study showed that when older and young adults were 

matched on awareness of the perturbation, the age effect on adaptation rate fell below 

significance (Heuer and Hegele 2008). Another study showed that older adults did not 

employ strategies even when the nature of the perturbation was explained and a strategy 

for error reduction were explicitly provided, unlike young adults, who successfully 

exploited the explicit strategy to reduce error more quickly (Hegele and Heuer 2010b).  

Slower error reduction in older adults has also been linked to reduced ability to 

engage spatial working memory mechanisms such as mental rotation (Anguera et al. 
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2010) There is a growing body of evidence suggesting that reduced spatial working 

memory ability contributes to slower error reduction in older adults (Anguera et al. 2010; 

Anguera et al. 2012). For example, neuroimaging studies show that mentally rotating a 

stimuli by 30° activates the same brain areas as the early phases of adaptation to a 30° 

rotation in visual feedback in young adults, but not in older adults (Anguera et al. 2010). 

This suggests that younger adults exploit mental rotation mechanisms for error reduction 

during visuomotor adaptation, while older adults do not. Hence reduced mental rotation 

capacity may be a reason underlying slower error reduction in older adults. Mental 

rotation may be necessary to the use of certain compensatory strategies, for example, 

when visual feedback of the movement trajectory is rotated 30° clockwise during 

visuomotor adaptation, one compensatory strategy would be to compute an imaginary 

target by mentally rotating the actual target position 30° counter-clockwise, and then aim 

to that imaginary target. However, if and how spatial working memory processes interact 

with the use of compensatory strategies remain unclear, and is beyond the scope of this 

thesis.  

Concurrent visual feedback was not necessary for aftereffects 

Contrary to previous claims that concurrent visual feedback during adaptation is 

necessary for the occurrence of aftereffects and thus is necessary to the updating of 

internal models (Hinder et al. 2010; Hinder et al. 2008; Shabbott and Sainburg 2010), the 

current study delayed visual feedback by 1 second and still showed aftereffects of similar 

magnitude to the perturbation which decayed trial by trial. The effects of concurrent and 

delayed visual feedback on visuomotor adaptation in PD patients and older adults are 

examined in Chapter 3. 
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Directional error did not reduce to zero  

The current study showed that despite prolonged exposure to the perturbation in 

visual feedback, directional error did not reduce further to zero after reaching asymptote 

at approximately 5°. This finding is common to visuomotor adaptation studies (e.g., 

Krakauer et al. 2000; Zarahn et al. 2008). One potential explanation for this phenomenon 

is that although the motor system can update the internal model to adapt motor output to 

perturbed visual feedback, it may have difficulty completely overriding veridical 

proprioceptive feedback of the hand position, which biases motor output to the veridical 

state. In other words, the conflict between perturbed visual feedback and veridical 

proprioceptive feedback may prevent complete error reduction. This hypothesis is 

supported by findings that even though visuomotor adaptation changes the felt hand 

position to the same direction as the rotation (i.e., one begins to feel the hand where it is 

seen), the change in the felt hand position is only a modest 30% of the perturbation 

magnitude, and prolonged exposure to the perturbation fails to further increase the change 

in the felt hand position (Cressman and Henriques 2011). If it is the case that that 

difficulty overriding veridical proprioceptive feedback prevents complete error reduction, 

then deafferented patients with no proprioceptive input will not show any conflict 

between visual and proprioceptive input, and thus should be able to show complete error 

reduction via prolonged exposure to the perturbation. One study showed that the absence 

of conflict between visual and proprioceptive feedback in a deafferented patient resulted 

in better performance than controls in a tracking task where visual feedback was mirror 

reversed, as the deafferented patient did not need to overcome the visual-proprioceptive 

conflict and could simply rely on visual feedback for tracking (Lajoie et al. 1992). 

However, another study showed similarly incomplete error reduction in deafferented 
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patients and controls, but this may have been due to insufficient exposure to the 

perturbation for complete error reduction (Bernier et al. 2006). There is one unpublished 

report that unmedicated PD patients showed more complete error reduction than older 

adult controls (Semrau 2011), which may be due to increased reliance on visual feedback 

and decreased reliance on proprioceptive feedback, as proprioception is significantly 

impaired in PD (Konczak et al. 2009; Zia et al. 2000). The hypothesis that decreased use 

of proprioceptive feedback allows more complete error reduction in visuomotor 

adaptation awaits further investigation. 

Similar changes in movement kinematics in PD and controls 

The current sample of medicated PD patients showed similar changes in 

movement kinematics across adaptation phases as older controls. These findings replicate 

that of Marinelli et al. (2009), who found similar changes in kinematics in their sample of 

medicated PD patients and older controls. Imposition of the perturbation did not 

significantly increase reaction time in older adults and PD patients, while young controls 

did show a small (<100 ms) significant increase in reaction time. Larger increases in 

reaction time (≥ 300 ms) occur when explicitly controlled strategic compensation 

mechanisms are used (Benson et al. 2011). The absence of large increases in reaction time 

for the present study suggests that all participant groups reduced error in a largely implicit 

fashion by updating an internal model (Fernandez-Ruiz et al. 2011). Even though reaction 

time in PD patients has been found to be more sensitive to the attentional demands of 

motor tasks than in older adult controls (Bloxham et al. 1987), the present study did not 

show disproportionate increases in reaction time in PD that was absent in controls. Hence 

this study did not find evidence indicating that the current adaptation task resulted in 

greater attentional demand in PD than in controls.  
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Movement time appeared to increase slightly upon perturbation onset in all 

participant groups, although this effect was not significant in PD patients and young 

controls. That movement time increased significantly from pre- to post-perturbation in 

older controls may be due to the short movement times (mean ± SE: 378 ± 27 ms) at pre-

perturbation, which was significantly shorter than in young controls. The short movement 

times at pre-perturbation shown by older adults may be due to a Hawthorne effect, as 

older controls were aware that their performance would be compared to that of PD 

patients and young controls, which may have motivated them to move more quickly. 

Increased movement time upon perturbation onset may reflect a speed-accuracy trade-off 

whereby movement time lengthened as a result of increased task difficulty imposed by 

the perturbation despite the absence of online visual feedback (Fitts 1954). While this 

may be interesting in and of itself, it is unrelated to the main aim of this analysis, which is 

to evaluate if PD patients and controls showed similar changes in movement kinematics 

during adaptation. 

SUMMARY 

In summary, under adaptation task parameters thought to be minimally demanding 

for PD patients, PD patients showed similar rate and extent of error reduction and similar 

magnitude and persistence of aftereffects as older controls. There were no 

disproportionate changes in reaction time or movement time in PD patients to suggest that 

adaptation was more demanding for PD patients than controls. Hence the current task 

parameters were suitable for use in subsequent experiments (Chapters Four and Five) 

examining savings and interference across multiple adaptation blocks.  
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Chapter 3. Delaying visual feedback in visuomotor adaptation  

INTRODUCTION 

In Experiment 1, visual feedback of the movement trajectory was not shown 

concurrently during movement execution, but was delayed to 1 second after movement 

completion. As explained in Chapter 2, the reason for this delay in visual feedback was to 

prevent participants from correcting for the perturbation on-the-fly (i.e., online), as PD 

patients are impaired at making online movement corrections (Desmurget et al. 2004). 

Furthermore, it is difficult to establish pre-planned movement direction in the presence of 

online movement corrections, particularly in slow movements evident in PD patients. 

This chapter aimed to address potential problems with using delayed visual feedback in 

Experiment 1. First, it has been argued that concurrent visual feedback during visuomotor 

adaptation is necessary to update an internal model, and that error reduction with delayed 

visual feedback occurs through cognitively-mediated compensatory strategies (Shabbott 

and Sainburg 2010; Hinder et al. 2010; Hinder et al. 2008). As visual feedback of the 

movement trajectory was delayed in Experiment 1, one may argue that the error reduction 

in that study did not occur as a result of updating an internal model, but through 

compensatory strategies. Second, PD patients are widely thought to be more reliant on 

visual feedback for movement (Adamovich et al. 2001; Flash 1992), and thus delaying 

visual feedback may make adaptation more demanding for PD patients. This chapter 

starts by first considering the argument that simultaneous visual feedback is necessary to 

update an internal model by reviewing the evidence supporting this argument. This 

chapter also considers possibility that for PD patients, visuomotor adaptation is more 

demanding with delayed feedback than with concurrent feedback. Finally, a study 



80 

examining the effect of delaying visual feedback on visuomotor adaptation in PD and in 

neurologically intact older adult controls is described. 

Internal models account for naturally occurring delays in the motor system 

Sensory feedback about movement is received after long delays due to the slow 

sensory feedback loops in the nervous system. For visual feedback, these delays are in the 

order of 190-260 ms (Keele and Posner 1968). These delays in sensory feedback can be 

accounted for through an internal model approach. Internal models consist of forward and 

inverse models. Forward models predict the sensory outcome of a motor command in 

advance of movement execution, thus allowing movement to be executed rapidly without 

waiting for sensory feedback (Desmurget and Grafton 2000). When the sensory outcome 

of movement is eventually received, it is compared with the predicted sensory outcome, 

and the discrepancy between the predicted sensory outcome and the actual sensory 

outcome is the sensory prediction error. The sensory prediction error is then used by the 

inverse model to update the motor command and reduce the sensory prediction error to 

achieve the desired sensory outcome on subsequent executions of the motor command 

(Wolpert et al. 1995). Formation of an internal model that is adapted to a perturbation is 

typically inferred from aftereffects: when the perturbation is removed, the motor system 

persists in moving as though the perturbation is still present, resulting in sensory 

prediction errors of similar magnitude to the perturbation, but in the opposite direction to 

the perturbation. Aftereffects which decay across successive trials suggest that the 

adapted internal model must be updated trial by trial using sensory prediction errors to 

return it to the unadapted state (Shadmehr and Wise 2005).  
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Effect of delayed visual feedback on visuomotor adaptation 

If internal models can account for naturally occurring delays in sensory feedback, 

what is the effect of imposing an artificial delay in visual feedback on the updating of 

internal models? Previous studies show that experimentally delaying visual feedback 

slows the rate of error reduction in visuomotor adaptation (Kitazawa et al. 1995; Shabbott 

and Sainburg 2010; Kitazawa and Yin 2002; Tanaka et al. 2011). In a prism adaptation 

study, adaptation rate was systematically slowed by progressively longer delays of up to 

10,000 ms before visual feedback of the movement endpoint was shown. However, 

delayed visual feedback did not prevent the occurrence of aftereffects (Kitazawa et al. 

1995). Even with very long 5000 ms delays, aftereffects reflecting the extent of error 

reduction were evident, and decayed over successive trials. As error reduction was slowed 

by increasing delays in feedback, it can be plausibly assumed that increasing delays in 

visual feedback makes error reduction more demanding. Nevertheless, the presence of 

aftereffects which decayed trial by trial show that it is still possible to update an internal 

model with delayed visual feedback. 

It has, however, been argued that delayed visual feedback elicits error reduction 

through cognitively controlled, strategic compensatory mechanisms, and not through 

implicit, automatic mechanisms of updating an internal model (Shabbott and Sainburg 

2010; Hinder et al. 2010; Hinder et al. 2008). Compensatory strategies, such as 

consciously pointing in the opposite direction to the perturbation, speeds up error 

reduction, but also results in aftereffects that are small, absent or dissipate quickly, 

because strategies can be abandoned once the perturbation is removed to quickly reduce 

errors (Taylor and Ivry 2012). The increased cognitive load needed to implement a 

compensatory strategy also results in large increases in reaction times (≥ 300 ms) and 
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large trial-to-trial variability (Benson et al. 2011). The argument that delayed visual 

feedback elicits strategic compensation came from findings that error reduction with 

delayed feedback evoked small aftereffects, while error reduction with concurrent 

feedback evoked large aftereffects (Shabbott and Sainburg 2010; Hinder et al. 2008; 

Hinder et al. 2010). Large increases in reaction time (Hinder et al. 2010; Hinder et al. 

2008) and large trial-to-trial variability (Shabbott and Sainburg 2010) were also evident 

with delayed feedback but not with concurrent feedback. Concurrent visual feedback was 

therefore argued to be crucial to the updating of an internal model in visuomotor 

adaptation (Shabbott and Sainburg 2010; Hinder et al. 2008; Hinder et al. 2010). 

Closer inspection of these studies reveals the use of other demanding task 

parameters (i.e., multiple targets and large perturbations) as well as delayed feedback 

Multiple targets and large perturbations might  make error reduction more demanding, as 

error reduction is slowed by increasing number of targets and by increasingly large 

perturbations (Kagerer et al. 1997; Abeele and Bock 2001; Krakauer et al. 2000). Both 

Hinder et al. (2008, 2010) and Shabbott et al. (2010) had participants adapt to targets 

placed in 8 different directions. Hinder et al. (2008, 2010) also had participants adapt to a 

large 60° rotation of visual feedback. In the Hinder et al. studies (2008, 2010), the visual 

feedback delay was very long: participants waited 5 seconds after the trial began for 

visual feedback to be shown, while the Shabbott and Sainburg (2010) study did not 

specify the length of the delay in visual feedback. The compound effect of multiple 

demanding task parameters (delayed feedback, multiple targets, large perturbation) was 

evident in the slow and highly variable error reduction during adaptation (Shabbott and 

Sainburg 2010; Hinder et al. 2010). Consequently, by the end of the adaptation phase, 

error reduction remained incomplete: directional error was greater than 10° in the 
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Shabbott and Sainburg (2010) study and remained highly variable in the Hinder et al. 

(2008, 2010) study. Unsurprisingly, subsequent removal of the perturbation revealed 

small aftereffects. Hence an alternative explanation of their findings is that when a 

combination of demanding adaptation task parameters result in difficulty reducing error 

through automatic mechanisms of updating an internal model, the motor system attempts 

to reduce error using explicit compensatory strategies.  

If previous findings of slower error reduction, increased reaction times and small 

aftereffects are due to the combination of multiple demanding task parameters, then 

delayed visual feedback combined with less demanding task parameters may allow the 

normal pattern of exponential error reduction and aftereffects of similar magnitude to the 

perturbation. This was shown in Experiment 1: with less demanding task parameters (a 

single target and a moderate 30° rotation), error reduced trial by trial at an exponential 

rate to reach asymptote at -5.6° despite a 1 second delay in visual feedback. Subsequent 

removal of the perturbation revealed large aftereffects reflecting the extent of error 

reduction. Aftereffects decayed trial by trial, indicating the formation of an updated 

internal model. These findings of aftereffects despite delayed visual feedback suggest that 

delayed visual feedback alone is not sufficient to provoke the use of compensatory 

strategies. These findings are incongruent with the argument that concurrent visual 

feedback is crucial to update an internal model in visuomotor adaptation (Shabbott and 

Sainburg 2010; Hinder et al. 2010; Hinder et al. 2008). 

Could delayed visual feedback impair visuomotor adaptation in PD? 

While PD patients and controls showed similar rate and extent of error reduction 

in Experiment 1, it remains possible that visuomotor adaptation with delayed visual 

feedback can be more demanding for PD patients than for controls, particularly since PD 
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patients show greater reliance on visual feedback for movement (Adamovich et al. 2001; 

Flowers 1975; Vaillancourt et al. 2001b, a; Schettino et al. 2006). In healthy adults, 

depriving visual feedback of the moving hand during reaching movements typically 

increases endpoint errors, as there is no possibility of correcting endpoint errors using 

visual feedback (Flash 1992). Depriving PD patients of visual feedback of the movement, 

however, evokes disproportionately large increases in endpoint errors (Keijsers et al. 

2005; Adamovich et al. 2001), which suggests that PD patients are more reliant on visual 

feedback to modulate movement accuracy.  

It is important to note however that depriving visual feedback of the movement is 

not the same as delaying visual feedback of the movement. In PD patients, even though 

depriving visual feedback of the hand impairs reaching accuracy more than in controls 

(Keijsers et al. 2005; Adamovich et al. 2001), delaying visual feedback results in similar 

reaching accuracy as controls (Ghilardi et al. 2000). In a reaching task similar to that of 

Experiment 1 where hand movements were represented by an on-screen cursor, 

concurrent visual feedback exacerbated the tendency for feedback-controlled movements 

in PD (Ghilardi et al. 2000). Movements were significantly slower, and the distance 

covered by the primary submovement was significantly shorter in PD patients than in 

controls, with multiple submovements after the primary submovement (Ghilardi et al. 

2000). In contrast, delayed feedback normalized speed and accuracy in PD patients to 

levels of controls. With delayed feedback, PD patients showed bell-shaped velocity 

profiles, and the primary submovement covered similar distances as in controls. This 

suggests that in PD, concurrent visual feedback exaggerates the tendency for closed-loop, 

feedback-mediated movement control, as movements are slowed to correct movement 

errors online, while delaying visual feedback elicits open-loop, feedforward movement 
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control, as the movement is completed in advance of visual feedback, resulting in bell-

shaped velocity profile (Ghilardi et al. 2000). Similar findings have been shown in a 

rhythmic aiming task (Levy-Tzedek et al. 2011). However, as these studies examined 

target-reaching in the absence of a perturbation, the effect of delaying visual feedback on 

adaptation to a perturbation of visual feedback remains unclear. It is possible that PD 

patients’ greater reliance on visual feedback for movement may make visuomotor 

adaptation with delayed visual feedback more demanding for PD patients than controls. 

This study aimed to examine (1) the rate and extent of visuomotor adaptation with 

concurrent and delayed visual feedback of the movement trajectory in PD patients and 

controls; and (2) the magnitude and rate of decay of aftereffects after adaptation with 

concurrent and delayed visual feedback of the movement trajectory in PD patients and 

controls. Aftereffects reflecting the extent of error reduction which decay trial by trial 

indicate the updating of an internal model. If simultaneous visual feedback is necessary to  

update an internal model, then a 100 ms delay in visual feedback should result in small or 

absent aftereffects. Changes in kinematics during adaptation with concurrent and delayed 

feedback were also explored. Reaction times typically increase significantly upon 

perturbation onset when compensatory strategies are used (Benson et al. 2011), and thus 

increases in reaction times can indicate the use of compensatory strategies. 
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METHOD 

Participants 

Eight PD patients (aged 52- 72 years, 2 female) and 8 neurologically intact older 

adult controls (aged 57- 67 years, 5 female) participated in this study.
12

 All participants 

provided written informed consent. PD patients’ disease severity was rated according to 

the motor subscale of the Movement Disorders Society Sponsored Revised Unified 

Parkinson’s Disease Rating Scale (MDS-UPDRS) (Goetz et al. 2007). All PD patients 

were tested on-peak of their medication schedule. Characteristics of PD patients and 

controls are shown in Table 3.1. Exclusion criteria included (1) cognitive impairment, as 

shown by a score of less than 24 on the Montreal Cognitive Assessment (Nasreddine 

2005) (2) suspected or concurrent diagnosis of essential tremor and Parkinson’s plus 

syndromes, such as multiple-system atrophy. (3) deep brain stimulation surgery. All PD 

patients were tested on their dominant arm, which resulted in 4 of the 8 PD patients being 

tested on their affected side. All participants had normal or corrected-to-normal vision 

and were naïve to the experimental design.  

                                                 

12
 A new cohort of participants (distinct from those who participated in Experiment 1) 

were recruited. 
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Table 3.1 Characteristics of individual PD patients (n=8) and controls (n=8). Medication 

dosages are milligrams per day. Group means and standard deviations are shown in the 

bottom row. 

Controls PD patients 

Age/Sex Age/Sex Duration 

(years) 

UPDRS-III  Levodopa 

(mg) 

Dopamine 

agonist (mg) 

57/F 52/F 2 27 0 0 

60/F 54/M 0.5 7 300 0 

62/M 55/F 2 6 300 0 

63/F 64/M 2 26 300 0 

65/M 68/M 5 53 0 0 

66/F 70/M 7 33 300 1.5 

66/F 72/M 5 22 300 0.75 

67/M 76/M 6 31 800 0.75 

63.2 (3.4) 64.0 (9.1) 3.7 (2.3) 25 (15) 329 (236) 0.5 (0.6) 

 

Apparatus 

The apparatus was as described in the previous chapter.  

Procedure 

A schematic of the experimental procedure is shown in Fig. 3.1. First, the 

experimenter explained the task and allowed participants to familiarize themselves with 

the tablet in two familiarization trials with veridical feedback of the movement trajectory. 

Familiarization trials were not recorded and are not shown in Fig. 3.1. Participants were 

first instructed to move a blue cursor representing the pen’s position into the start circle 

(radius 23 pixels, 6.08 mm), and wait there until the target circle (radius 23 pixels, 6.08 

mm) appeared 75 mm away, 45° away from the target. A tone sounded immediately after 

the appearance of the target circle, signaling participants to move the cursor to the target. 
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Participants were instructed to move the cursor from the start circle to the target circle as 

accurately and as quickly as possible, in a single, uncorrected movement.  

The testing order of each condition was counter-balanced, such that all 

participants completed both the concurrent and the delayed feedback condition. Half the 

participants completed the concurrent feedback condition first, while the other half 

completed the delayed feedback condition first (see Fig. 3.1). The concurrent and the 

delayed feedback conditions were identical, with the exception of the feedback delay. In 

the concurrent feedback condition, visual feedback of the movement trajectory was 

shown on-screen simultaneously. In the delayed feedback condition, visual feedback of 

the movement trajectory was shown 100 ms after movement completion. Movement 

completion was defined as when the cursor position ceased to change in two successive 

time samples. A minimum of thirty baseline trials with veridical feedback of the 

movement trajectory were completed. Baseline trials ceased when three out of four 

movements fulfilled performance criteria (directional error ≤ 3° and movement time ≤ 

600 ms). This was followed by a block of 50 adaptation trials in which visual feedback 

was rotated by 30° counter-clockwise relative to the start circle. Subsequently, a block of 

20 deadaptation trials with veridical feedback of the movement trajectory were completed 

to return motor output to the unadapted state. Participants then went on to complete the 

other feedback condition with the same test structure (baseline, adaptation, deadaptation). 

The type of feedback (delayed or concurrent) in the baseline and the deadaptation blocks 

was always the same as in the adaptation block. Each test session lasted a maximum of 

two hours. 
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CONCURRENT  

FIRST 

CONCURRENT FEEDBACK DELAYED FEEDBACK 

BASELINE ADAPTATION DEADAPTATION BASELINE ADAPTATION DEADAPTATION 

DELAYED  

FIRST 

DELAYED FEEDBACK CONCURRENT FEEDBACK 

BASELINE ADAPTATION DEADAPTATION BASELINE ADAPTATION DEADAPTATION 

Fig. 3.1. Schematic of the experimental design. Half of all the participants completed the 

concurrent feedback condition first, and then went on to complete the delayed feedback 

condition. The other half of all participants completed the delayed feedback condition 

first and then went on to complete the concurrent feedback condition.  

DATA ANALYSIS 

DIRECTIONAL ERROR  

Cartesian X-Y coordinates and corresponding time samples were recorded and 

used to calculate movement trajectory. As visual feedback of the hand position was 

always available with concurrent feedback, feedback-mediated online corrections of error 

could have occurred by the point of peak velocity. Online corrections make it difficult to 

differentiate pre-planned movement direction from feedback-corrected movement 

direction. To evaluate if this is the case in the current data, movement trajectories were 

visually inspected. Movement trajectories for one representative control subject are 

shown in Fig. 3.2. Online movement corrections are evident in the concurrent feedback 

condition, which suggests that participants automatically make online movement 

corrections despite being explicitly instructed not to do so. This agrees with previous 

work suggesting that online movement corrections occur automatically without conscious 

awareness (Schenk et al. 2005). 
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Fig. 3.2. Representative movement trajectories from one older adult control in the 

concurrent feedback condition (top panel) and the delayed feedback condition (bottom 

panel). Filled red circles represent the visually presented target shown on-screen. Open 

circles are placed 30° clockwise from the visually presented target, and represent the 

hypothetical target location for a movement that is ideally adapted to the 30° counter-

clockwise rotation of visual feedback.  

Fig. 3.3 shows velocity profiles in one PD patient and one older adult control in 

the concurrent feedback condition. In the PD patient, the maximum velocity was very late 

into the movement (more than 300 ms into the movement). Scoring pre-planned 

movement direction at peak velocity may thus be confounded by online movement 

corrections, which can occur 190-260 ms after movement initiation (Keele and Posner 

1968). The other commonly used method of scoring directional error at 100 ms after 

movement initiation was unsuitable in trials where PD patients had difficulty with 

movement initiation and thus were very slow in generating the first primary 

submovement, because at 100ms, the hand had only moved a very small distance (less 

than 10 mm) and the movement was not straight at that point. Bedard and Sanes’s (2011) 
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method of scoring movement direction 100 ms after the participant had moved at least 5 

mm was effective in scoring slow movements in PD patients. However, in fast 

movements where movement time was less than 300 ms (evident in some controls), 

scoring movement direction 100 ms after moving at least 5mm scored movement 

direction very late into the movement (>60% into the movement), which makes it difficult 

to distinguish pre-planned movement direction from feedback-corrected movement 

direction. In such trials, scoring directional error at 25% of path length was found to be 

more satisfactory, as 25% of path length was early in the movement trajectory (earlier 

than 100 ms after moving at least 5mm), and was less likely to be influenced by online 

movement corrections. Thus, to ensure that movement direction was scored with minimal 

influence from online movement corrections, movement direction was scored at (i) 25% 

of path length or (ii) at 100 ms into the movement after moving at least 5 mm, whichever 

came earlier. Movement direction from all trials (both with concurrent and delayed 

feedback) was calculated in this way. Directional error was calculated as the angular 

difference between movement direction and an idealized movement direction starting 

from the start circle to the target circle. By convention, a negative value in directional 

error indicated that the on-screen movement trajectory was counterclockwise relative to 

an ideal movement trajectory plotted from the start to a target, while a positive value 

indicated the opposite. 
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Fig. 3.3. Velocity profiles in individual adaptation trials from one PD patient (top panels) 

and one control participant (bottom panels) in the concurrent feedback condition. The 

beginning of the velocity profile appear truncated because movement trajectories were 

only recorded after the cursor left the start circle, and thus does not represent the section 

of movement made within the start circle. 

The single-exponential function was fit to group mean trial-by-trial directional 

error for graphical depiction: Y = Y0+(plateau-Y0)(1-e(
-kx

), where Y is directional error, 

X is the trial number, and Y0 is the hypothetical Y value when X (trial number) is zero. K 

is the rate constant and indicates the rate with which directional error changes. Plateau is 

the directional error at which performance reaches asymptote.  

Statistical Analyses 

As this study entailed a counter-balanced design (i.e., participants completed one 

block of adaptation trials with one type of feedback, and subsequently completed a 

second block of adaptation trials with the other type of feedback), a key assumption was 

that there would be equal transfer between the first and the second adaptation blocks 
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(Blocks One and Two) in PD patients and controls. To test this assumption, block-to-

block transfer was quantified using repeated measures ANOVAs (RM-ANOVAs) with 

within-subjects factors trials and Block (Block One, Block Two) on directional error 

separately for PD patients and controls. A significant main effect of Block would indicate 

block-to-block transfer.  

To examine if adaptation performance differed with respect to visual feedback 

type (concurrent versus delayed), RM-ANOVAs with within-subjects factors Trials and 

Feedback (concurrent, delayed) were performed on directional error data. Main effects of 

Trial were not reported as they did not answer the research question.  

An alternative way of quantifying adaptation performance is to examine the rate 

constants acquired from fitting individual datasets to the exponential function. However, 

as shown in Chapter 2, individual datasets did not always produce acceptable fits to the 

exponential function, and thus this method was deemed unsuitable as the primary method 

of evaluating adaptation performance. Analyses on rate constants were run, but for the 

sake of brevity, these analyses are only shown in the supplementary information section 

at the end of the chapter. 

KINEMATICS 

Changes in reaction time and movement time during visuomotor adaptation may 

shed light on the underlying mechanisms of visuomotor adaptation. Reaction time was 

calculated as the interval from target presentation to the time the cursor left the start circle 

Reaction time is thought to represent the amount of time required to plan the movement. 

Large increases in reaction time (≥300 ms) after imposition of the perturbation, together 

with small aftereffects despite similar extent of error reduction, can indicate the use of 
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compensatory strategies to reduce error (Saijo and Gomi 2010; Hinder et al. 2010; 

Fernandez-Ruiz et al. 2011; Benson et al. 2011). Movement time was scored as the 

interval from when the cursor left the start circle to when the cursor position ceased to 

change in two successive time-samples. When a perturbation is imposed during motor 

adaptation, movement time increases when online movement corrections are made to 

reach the target in spite of the perturbation (Saijo and Gomi 2010; Hinder et al. 2010; 

Hinder et al. 2008). When directional error is reduced, the feedforward motor command 

comes closer to the ideally adapted motor command; and there are fewer online feedback 

corrections, which reduces movement time (Saijo and Gomi 2010; Hinder et al. 2010; 

Hinder et al. 2008).  

Statistical Analyses 

To evaluate changes in kinematics during adaptation, kinematics were compared 

across adaptation phases of interest: before and after perturbation onset (Pre-perturbation 

to Post-perturbation), and from the rapid error reduction phase (Early adaptation) to the 

asymptotic error phase (Late adaptation). Pre-perturbation kinematics were estimated 

from median values of the last 5 baseline trials. Post-perturbation kinematics were 

estimated from median values of adaptation Trials 2 to Trials 6. Early adaptation 

kinematics were calculated from median values of adaptation Trials 2 to Trials 6. Late 

adaptation kinematics were calculated from median values from adaptation Trials 21 to 

Trials 25. Mixed-ANOVAs with between-subjects factor Group (PD, controls) and 

within-subjects factor Phase (Pre-perturbation, Post-perturbation) or (Early, Late 

adaptation) were used to examine the effect of PD on changes in movement kinematics 

across adaptation phases.  
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An alpha level of .05 was used for all statistical tests. In all mixed and repeated-

measures ANOVAs, the assumption of sphericity was tested with Mauchly’s test of 

sphericity. Greenhouse-Geisser sphericity-corrected degrees of freedom and p-values 

were reported where the assumption of sphericity was violated.  

 

RESULTS 

DIRECTIONAL ERROR  

Block-to-block transfer evident in controls but not PD 

Fig. 3.4 shows trial-by-trial directional error in the first and the second block in 

controls (left panel) and in PD patients (right panel), collapsed over the concurrent and 

the delayed feedback conditions. At the onset of the 30° counterclockwise rotation of 

visual feedback, directional error in first trial was negative (i.e., counterclockwise in 

direction) and approximately 30° in both PD patients and controls. This indicates that the 

rotation of visual feedback resulted in directional error of the expected size and direction 

in both PD patients and controls. In controls, directional error reduced more quickly in 

Block Two than Block One, while PD patients showed similar rate of error reduction in 

Block One and Block Two. To examine this, RM-ANOVAs with factors Trial (Trials 2, 

3…11) and Order (Block One, Block Two) were run separately for PD patients and 

controls. Controls showed a significant main effect of order [F(1, 7) = 5.38, p = .05]. PD 

patients however showed a non-significant main effect of order [F(1, 7) = 0.008, p = .9], 

and no significant order-by-trial interaction [F(3.3, 23.4) =1.94, p = .1]. That the main 

effect of order was not significant in PD suggests that unlike controls, PD patients 

showed little transfer of adaptation learning between the first and the second adaptation 
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blocks. This transfer deficit in PD replicates previous findings of less block-to-block 

transfer in PD patients than controls (Bedard and Sanes 2011). Hence the assumption of 

equal block-to-block transfer between groups (PD patients and controls) was violated. In 

other words, Block Two directional error in controls would be influenced by transfer from 

Block One, while Block Two directional error in PD might not be influenced by transfer 

from Block One. Hence subsequent analyses on directional error did not make 

comparisons between each participant group. 
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Fig. 3.4. Mean trial-by-trial directional error in the Block One (closed circles) and Block Two (open circles) in controls (left panel) and PD 

patients (right panel). Error bars indicate standard errors of the mean. A single-exponential function was fit to group mean trial-by-trial 

directional error. 
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Rate and extent of error reduction with concurrent and delayed feedback 

Fig. 3.5 shows mean trial-by-trial directional error in the concurrent and the 

delayed feedback condition in controls (left panel) and in PD patients (right panel). Both 

PD patients and controls reduced error in an exponential fashion in both the concurrent 

and the delayed feedback conditions. Controls (Fig. 3.5, left panel) showed similar error 

reduction in the concurrent and the delayed feedback condition. A RM-ANOVA with 

within-subjects factors Feedback (Concurrent, Delayed) and Trial (Trials 2, 3… 11) on 

directional error in controls showed no significant main effect of Feedback [F(1, 7) = 

0.004, p =0.9], and no significant Feedback-by-Trial interaction [F(4.2, 33.4) = 0.81, p 

=0.6], which suggests that in controls, directional error with concurrent feedback did not 

differ significantly from directional error with delayed feedback condition.  

PD patients (Fig. 3.5, right panel) showed smaller mean directional error for in the 

rapid error reduction phase (Trials 2, 3… 11) with concurrent feedback than with delayed 

feedback. This suggests that in PD patients, error reduction was faster with concurrent 

feedback than with delayed feedback. A RM-ANOVA with within-subjects factors Trial 

(Trials 2, 3…11) and Feedback (concurrent, delayed) on PD directional error revealed a 

significant main effect of Feedback [F(1, 7) = 12.04, p = .01] and no significant 

Feedback-by-Trial interaction [F(2.7, 18.7) = 0.29, p = .9]. The significant main effect of 

Feedback suggests that directional error was significantly smaller with concurrent 

feedback than with delayed feedback in Trials 2 to11.
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Fig. 3.5. Mean trial-by-trial directional error in the concurrent feedback condition (closed circles) and the delayed feedback condition (open 

circles) in controls (left panel) and PD patients (right panel). Error bars indicate standard errors of the mean.
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By the next 10 trials (Trials 12, 13… 21), directional error stabilized and appeared 

similar with concurrent and delayed feedback in both PD patients and controls. To 

evaluate if feedback delay had a significant effect on directional error at Trials 12-21, 

RM-ANOVAs with within-subjects factors Feedback (Concurrent, Delayed) and Trial 

(Trials 12, 13… 21) were run separately for controls and PD patients. For controls, there 

was no significant main effect of Feedback [F(1, 7) = 1.65, p = 0.2] and no significant 

Feedback-by-Trial interaction [F(4.5, 31.7) = 1.61, p = 0.2], which suggests that the 

feedback delay had no significant effect on directional error at Trials 12-21 in controls. In 

PD patients, there was no significant main effect of feedback [F(1, 7) = 0.89, p = 0.4] and 

no significant Feedback-by-Trial interaction [F(2.3, 16.0) = 1.68, p = 0.2], which 

suggests that the feedback delay had no significant effect on directional error in Trials 12 

to 21 in PD patients. That the main effect of Feedback was not significant in Trials 12-21, 

both in PD patients and controls, suggests that by Trials 12-21, directional error was 

comparable with concurrent and with delayed feedback, both in PD patients and controls. 

Similar variability of directional error with concurrent and with delayed feedback 

Error reduction using compensatory strategies results in greater variability in 

directional error (Benson et al. 2011). If delayed visual feedback did evoke the use of 

compensatory strategies, variability in directional error should be larger with delayed 

feedback than with concurrent feedback (Benson et al. 2011; Shabbott and Sainburg 

2010). Variability was estimated by calculating standard deviations from epochs of 5 

trials (Benson et al. 2011). RM-ANOVAs with within-subjects factor Feedback (delayed, 

concurrent) and Epoch (Epoch 1, 2 …10) were run separately for PD patients and 

controls. In PD patients, there was no significant main effect of Feedback [F(1, 7) = 0.70, 



101 

p = 0.4], and no significant Feedback-by-Trial interaction [F(3.1, 21.6) = 0.42, p = 0.7]. 

In controls, there was no significant main effect of Feedback [F(1, 7) = 1.47, p = 0.3], 

and no significant Feedback-by-Trial interaction [F(3.6, 25.2) = 0.70, p = 0.4]. The lack 

of a significant main effect of Feedback or any Feedback-by-Trial interactions in both PD 

patients and controls suggests that variability did not differ significantly with delayed and 

with concurrent feedback in both PD patients and controls. 

Similar aftereffects for delayed and concurrent feedback 

Fig. 3.6 shows aftereffects in the deadaptation phase in controls (left panel) and 

PD patients (right panel). The aftereffect in the first deadaptation trial approximated the 

perturbation magnitude, and decayed trial-by-trial. Controls and PD patients showed 

similar persistence of aftereffects with concurrent and delayed feedback. As most 

participants deadapted within 5 trials, analyses were restricted to the first 5 trials. RM-

ANOVAs with factors Feedback (Concurrent, Delayed) and Trial (Trial 1-5) was run 

separately for control and PD patient data. For controls, there was no significant main 

effect of Feedback [F(1,7) = .5, p = .4] nor any significant Feedback-by-Trial interactions 

[F(3.4, 51.2) = .6, p =.6]. Similarly for PD patients, there was no significant main effect 

of Feedback [F(1,7) = .003, p = .9] and no significant Feedback-by-Trial 

interactions[F(1,7) =.8, p =.5]. Hence for both PD patients and controls, aftereffects did 

not differ significantly whether the feedback was concurrent or delayed.  
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Fig. 3.6. Mean trial-by-trial directional error during deadaptation in controls (left panel) 

and PD patients (right panel) and in the concurrent feedback condition (closed circles), 

and in the delayed feedback condition (open circles). Error bars represent standard errors 

of the mean. 
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KINEMATICS 

Reaction time did not change significantly upon perturbation onset with concurrent 

and delayed feedback  

Fig. 3.7 shows reaction time from pre-perturbation (clear bars) to post-

perturbation (hatched red bars) in PD patients and controls with concurrent feedback (left 

panel) and with delayed feedback (right panel). While reaction times appeared overall 

larger in PD patients than controls in both the concurrent and delayed feedback 

conditions, both PD patients and controls showed stable reaction time Pre- to Post- 

perturbation, both the concurrent feedback condition (left panel) and the delayed feedback 

condition. To evaluate this observation, Group (PD, controls) by Phase (pre-perturbation, 

post-perturbation) mixed-ANOVAs were run separately for concurrent and delayed 

feedback conditions. For the concurrent feedback condition, there was no significant main 

effect of Phase [F(1,14) =.03, p =.9], a significant main effect of Group [F(1,14) =6.25, p 

=.03], and no significant Group-by-Phase interaction [F(1,14) = 1.64, p =.2]. For the 

delayed feedback condition, there was no significant main effect of Phase [F(1,14) =.001, 

p =.9], a significant main effect of Group [F(1, 14) =13.02, p =.003],and no significant 

Group-by-Phase interaction [F(1,14) = .44, p =.5]. That both analyses yielded a 

significant main effect of Group suggest that PD patients showed longer reaction times 

than controls, in both delayed and concurrent feedback conditions. That both analyses 

showed no significant main effect of Phase suggests that reaction times did not change 

significantly from Pre- to Post-perturbation in PD patients and controls, in both 

concurrent and delayed feedback conditions. 
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Fig. 3.7. Reaction time from pre-perturbation (clear bars) and post-perturbation (hatched 

red bars) in controls and PD patients in the concurrent feedback condition (left panel) and 

the delayed feedback condition (right panel). Error bars represent standard errors of the 

mean. 

Reaction time did not change significantly with error reduction with concurrent and 

delayed feedback 

Fig. 3.8 shows reaction time from Early to Late adaptation in the concurrent 

feedback condition (left panel) and in the delayed feedback condition (right panel). 

Reaction times appeared overall larger in PD patients than in controls at both Early and 

Late adaptation. With concurrent feedback, reaction time remained stable from Early to 

Late adaptation in both PD patients and controls. Similarly with delayed feedback, 

reaction time remained stable from Early to Late adaptation in both PD patients and 

controls. To evaluate these observations, mixed-ANOVAs with within-subjects factor 

Phase (early, late adaptation) and between-subjects factor Group (PD, controls) were run 

separately for the concurrent feedback condition and the delayed feedback condition. For 

the concurrent feedback condition, there was a main effect of Group which was near 

significance [F(1,14) =4.43, p =.05], a non-significant main effect of Phase [F(1,14) 

=2.16, p =.2] and a non-significant Group-by-Phase interaction [F(1,14) =.44, p =.5]. For 

the delayed feedback condition, there was a significant main effect of Group [F(1,14) 
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=22.66, p =.001], a non-significant main effect of Phase [F(1f,14) =.63, p =.4] and a non-

significant Group-by-Phase interaction [F(1,14) =1.42, p =.3]. The significant main 

effects of Group evident in both analyses suggests that reaction times were significantly 

longer in PD patients than controls with both concurrent and delayed feedback. That the 

main effect of Phase was not significant with both concurrent and delayed feedback 

suggests that reaction times did not change significantly from Early to Late adaptation in 

both PD patients and controls.  

 
Fig. 3.8. Group mean reaction time at early adaptation (clear bars) and late adaptation 

(hatched bars) in the concurrent feedback condition (left panel) and the delayed feedback 

condition (right panel). Error bars represent standard errors of the mean. 

Longer reaction times with delayed feedback than with concurrent feedback in PD  

Both Fig. 3.7 and Fig. 3.8 show that in PD, reaction times are longer with delayed 

feedback than with concurrent feedback. Controls however showed similar reaction times 

with both delayed and concurrent feedback. To evaluate this, RM-ANOVAs with factors 

Feedback (Concurrent, Delayed) by Phase (Pre, Post, Late) were run separately for PD 

patients and controls. For PD patients, there was a significant main effect of Feedback 

[F(1,7) = 28.30, p = .001], which shows that reaction times differed significantly 

according to feedback type. The main effect of Phase [F(2,14) = .73, p = .5] and the 
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Feedback-by-Phase interaction [F(2,14) = .38, p = .7] were both not significant. These 

results suggest that PD patients showed longer reaction times with delayed feedback than 

with concurrent feedback, both before and after perturbation onset, and after errors are 

reduced to asymptotic levels. For controls, there was no significant main effect of 

Feedback [F(1,7) = .6, p = .5], no significant main effect of Phase [F(2,14) = .03, p = .9] 

nor any significant Feedback-by-Phase interaction [F(2,14) = 2.46, p = .1]. Hence 

reaction times in controls did not differ significantly with delayed and concurrent 

feedback. 

 

Movement time increased after perturbation onset with concurrent feedback but not 

with delayed feedback 

Fig. 3.9 shows movement time Pre- to Post- perturbation in PD patients and 

controls. In the concurrent feedback condition (Fig. 3.9, left panel) movement times 

increased from Pre- to Post- perturbation both in controls and in PD patients. To evaluate 

this, a Group (PD, controls) by Phase (Pre-perturbation, Post-perturbation) mixed-

ANOVA was run for the concurrent feedback condition. There was no significant main 

effect of Group [F(1,14) = .06, p = .8], a significant main effect of Phase [F(1,14) = 7.37, 

p = .02], and no significant Group-by-Phase interaction [F(1,14) = .61, p = .4]. The 

significant main effect of Phase suggests that movement times increased significantly 

upon perturbation onset in both PD patients and controls with concurrent feedback.  

In the delayed feedback condition (Fig. 3.9, right panel), movement times 

remained similar from Pre- to Post- perturbation. This appeared to be the case both in 

controls and in PD. To evaluate this, a Group (PD, controls) by Phase (Pre-perturbation, 

Post-perturbation) mixed-ANOVA was run for the delayed feedback condition. There 
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was no significant main effect of Group [F(1,14) = 2.55, p = .13], no significant main 

effect of Phase [F(1,14) = .29, p = .6] and no significant Group-by-Phase interaction 

[F(1,14) = .2, p = .7]. The non-significant main effect of Phase suggests that movement 

times did not change significantly upon perturbation onset. 

.  

Fig. 3.9. Group mean movement time from pre-perturbation (clear bars) to post-

perturbation (hatched bars) in the concurrent feedback condition (left panel) and the 

delayed feedback condition (right panel) in PD patients and controls.  

Movement time decreased with error reduction with concurrent feedback, but not with 

delayed feedback  

Fig. 3.10 shows movement time from Early to Late adaptation with concurrent 

feedback (left panel) and delayed feedback (right panel). With concurrent feedback, both 

PD patients and controls reduced movement time from Early to Late adaptation. This 

observation was examined with a Group (PD, controls) by Phase (Early, Late adaptation) 

mixed-ANOVA, which revealed a non-significant main effect of Group [F(1,14) = .6, p 

=.5], a main effect of Phase which missed significance [F(1,14) = 4.74, p = .05], and a 

Phase-by-Group interaction that was not significant, [F(1,14) = .05, p =.8]. This suggests 

that with concurrent feedback, movement times tended to decrease as directional error 

approached asymptotic levels in both PD patients and controls. 
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With delayed feedback, movement time did not change significantly from Early to 

Late adaptation. This was evaluated with a Group (PD, controls) by Phase (Early, Late 

adaptation) mixed-ANOVA. The main effect of Phase was not significant [F(1,14) = 1.89, 

p = .2], which suggests that movement times did not change significantly from Early to 

Late adaptation. The main effect of Group [F(1,14) = .9, p =.4] and the Group-by-Phase 

interaction [F(1,14) = .006, p =.9] were both not significant, which suggests that 

movement times did not differ significantly in PD patients and controls with delayed 

feedback. 

 
Fig. 3.10. Group mean movement time at Early adaptation (clear bars) and Late 

adaptation (hatched red bars) in the concurrent feedback condition (left panel) and the 

delayed feedback condition (right panel). Error bars indicate standard errors of the mean.  
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DISCUSSION 

The present data showed three main findings. First, unlike controls, PD patients 

showed little block-to-block transfer of adaptation learning from the first to the second 

adaptation blocks. Second, when adapting movement to a 30° rotation of visual feedback 

of movement trajectory, PD patients reduced error more slowly with delayed feedback of 

movement trajectory than with concurrent feedback of the movement trajectory. This 

effect was not evident in neurologically intact controls, who showed similar error 

reduction with both delayed and with concurrent feedback, both in early adaptation and 

late adaptation. Third, in both PD patients and controls, visual feedback delay had no 

significant effect on the magnitude or the persistence of aftereffects after 50 adaptation 

trials. These findings are discussed below. 

Impaired block to block transfer of adaptation learning in PD 

Unlike controls, PD patients did not show block-to-block transfer of motor 

adaptation. This replicates previous findings of impaired block-to-block transfer of 

adaptation learning (i.e., savings) in PD (Bedard and Sanes 2011), and suggests that 

dopamine denervation occurring in PD may impair the slow process of adaptation 

learning. This possibility is evaluated in greater detail in Chapters Four and Five.  

No evidence for compensatory strategy use with delayed visual feedback 

The use of compensatory strategies speeds up the rate of error reduction, but also 

results in (1) increased reaction time upon perturbation onset, (2) increased variability in 

directional error and (3) small aftereffects (Benson et al. 2011; Taylor and Ivry 2012). In 

the current study, controls showed similar rate and extent of error reduction and similar 

variability in directional error with both delayed and concurrent feedback. Reaction times 
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also did not increase upon perturbation onset (both with delayed and concurrent 

feedback). These observations suggest that in the current study, delayed feedback did not 

evoke error reduction through compensatory strategies. Hence contrary to previous 

suggestions (Shabbott and Sainburg 2010; Hinder et al. 2010; Hinder et al. 2008), the 

simultaneity of visual feedback may not in itself be crucial to updating of internal models. 

Rather, it is proposed that delays in visual feedback makes error reduction more 

demanding, as error reduction is slowed by increasing delays in visual feedback(Kitazawa 

et al. 1995). However, delayed visual feedback alone may not be sufficient to evoke 

strategic compensation. A combination of multiple demanding adaptation parameters 

(delayed visual feedback, large perturbations, multiple-targets) such as that used in 

previous studies (Hinder et al. 2010; Hinder et al. 2008; Shabbott and Sainburg 2010) 

may be necessary to provoke the use of compensatory strategies. It is proposed that when 

demanding adaptation parameters results in difficulty reducing error though automatic 

mechanisms of updating an internal model, the motor system resorts to compensatory 

strategies in attempt to reduce error. The use of compensatory strategies may at first result 

in faster error reduction, but comes at a cost of more variable error reduction, larger 

reaction times, and small aftereffects (Hinder et al. 2010; Hinder et al. 2008). 

Alternatively, previous findings suggesting the use of compensatory strategies 

with delayed feedback might have been because delaying feedback emphasizes the 

discrepancy between predicted sensory outcomes and perturbed sensory outcomes of the 

movement (Taylor and Ivry 2012), which increases the likelihood of participants 

becoming aware that the sensory outcomes of movement was due to an externally 

imposed perturbation (Blakemore et al. 1999).This awareness may in turn evoke the use 

of compensatory strategies, but may not necessarily preclude implicit mechanisms of 
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updating an internal model. Similarly, large perturbations (i.e., rotations of 60° and 

above) typically evoke awareness of the perturbation, but this does not preclude implicit 

updating of an internal model, as aftereffects which decay trial-by-trial are evident after 

error is reduced to asymptotic levels with large perturbations (Kagerer et al. 1997). Even 

when explicitly given compensatory strategies are used for error reduction, the implicit 

process of updating an internal model prevails with further exposure to the perturbation 

(Mazzoni and Krakauer 2006). Mazzoni and Krakauer (2006) rotated visual feedback 45° 

counterclockwise, and then instructed participants to “cheat” by aiming to a neighbouring 

“strategic” target located 45° clockwise from the actual target. Participants initially 

reduced error very quickly using the compensatory strategy, however, with extended 

exposure to the rotated feedback, directional error increased as participants began to move 

clockwise to the strategic target--effectively adapting to the strategic target instead. This 

suggests that with extended exposure to perturbed feedback, implicit adaptation processes 

override the compensatory strategy, resulting in adapted, clockwise movements to the 

strategic target instead of the actual target. Hence, even if demanding adaptation task 

parameters initially provoke strategic compensation, implicit adaptation processes 

eventually prevail with further exposure to the perturbation. Previous studies may not 

have allowed sufficient exposure to the perturbation for implicit mechanisms to override 

the use of compensatory strategies, as directional error was still large (Shabbott and 

Sainburg 2010) and variable (Shabbott and Sainburg 2010; Hinder et al. 2010) at the end 

of the adaptation phase, thus resulting in small aftereffects upon removal of the 

perturbation. Further exposure to perturbed feedback in those studies would probably 

have eventually elicited implicit adaptation mechanisms, resulting in large aftereffects.  
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Another possible explanation for the discrepancy between previous (Hinder et al. 

2008; Hinder et al. 2010; Shabbott and Sainburg 2010) and current findings is because an 

older adult sample was used in the current study. Older adults have difficulty using 

strategies to compensate for perturbations in feedback, even when strategies were 

explicitly provided (Hegele and Heuer 2010a). Hence the finding that delayed visual 

feedback did not evoke compensatory strategy use may be simply because older adults do 

not use compensatory strategies for error reduction. However, as large aftereffects 

decaying trial by trial was evident despite adaptation with delayed visual feedback in 

young controls in Experiment 1, current findings of large aftereffects with delayed visual 

feedback would probably have been replicated in a young adult sample.  

Delayed visual feedback slowed error reduction in PD 

PD patients showed slower error reduction in Trials 2-11 with delayed feedback 

but not with concurrent feedback, unlike controls, who showed similar adaptation rate 

with delayed and concurrent feedback. Furthermore, reaction times are overall longer 

with delayed feedback than with concurrent feedback in PD patients even at the pre-

perturbation phase. Controls however showed similar reaction times with both delayed 

and concurrent feedback.  The finding that delayed visual feedback lengthens reaction 

time in PD patients suggests that delayed visual feedback makes movement planning 

more demanding for PD patients. Collectively, the findings of slower error reduction and 

lengthened reaction times with delayed visual feedback in PD patients suggest that unlike 

in controls, visuomotor adaptation in PD is sensitive to a 100 ms delay in feedback. This 

greater sensitivity to the feedback delay was attributed to PD patients’ greater reliance on 

visual feedback for movement, which make them more susceptible to the effects of 

delaying feedback. During reaching movements, PD patients are more reliant on 
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concurrent vision of the moving hand, as they show significantly more deterioration in 

speed and accuracy than controls when moving without vision of the moving hand (Flash 

1992; Adamovich et al. 2001; Klockgether and Dichgans 1994; Flowers 1976; Schettino 

et al. 2006). The greater reliance on visual feedback is often attributed to impaired 

integration of sensory information. PD patients are impaired at integrating visual 

information about target position with proprioceptive feedback of hand position to move 

the hand to the target during reaching movements (Klockgether and Dichgans 1994; 

Mongeon et al. 2009). During visuomotor adaptation with concurrent feedback, the 

sensory outcomes of movement is received and integrated after the naturally occurring 

delays in the sensory feedback loops, and is subsequently compared to the predicted 

sensory outcomes of movement to update an inverse model. An artificially imposed delay 

in visual feedback results in an additional delay before the sensory outcomes of 

movement can be compared to the predicted sensory outcomes of movement. This 

additional delay may make adaptation more difficult for PD patients who might already 

be impaired at integrating sensory information needed for movement.  

SUMMARY 

 In summary, the current study showed that in neurologically intact older adults, 

delaying visual feedback of the movement trajectory by 100 ms after movement 

completion during visuomotor adaptation resulted in similar rate and extent of error 

reduction as with concurrent visual feedback. PD patients showed slower error reduction 

with delayed visual feedback than with concurrent visual feedback in the earliest stages of 

error reduction, but not in the later stages of error reduction, and this was attributed to the 

greater reliance on visual feedback in PD. Aftereffects of similar magnitude to the 
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perturbation and of similar persistence were evident in both the delayed and the 

concurrent feedback conditions in both PD patients and controls. This shows that in PD 

patients and older adults, a 100 ms delay in feedback does not an internal model adapted 

to the feedback perturbation can be formed despite. Hence, concurrent visual feedback is 

not critical to the formation of an adapted internal model during visuomotor adaptation. 

However, as PD patients show larger reaction times and slower error reduction with 

delayed than with concurrent visual feedback, adaptation might be more demanding with 

delayed visual feedback, and thus subsequent studies examining the effect of initial 

learning on subsequent learning used concurrent visual feedback to optimize error 

reduction at initial learning in PD patients. 
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SUPPLEMENTARY INFORMATION 

Rate constant 

An alternative method of quantifying block-to-block transfer is to compare rate 

constants from successive adaptation blocks (Huang et al. 2011). Increases in rate 

constants from the first adaptation block to the second adaptation block indicate transfer 

from the first to the second adaptation block.  

Rate constants were obtained by fitting the single exponential curve to individual 

datasets. Individual differences in directional error at plateau necessarily increase the 

variability of the calculated rate constant. Hence to calculate rate constant, directional 

error at plateau was constrained to -5° when fitting the single-exponential curve to the 

data. -5° was chosen because this has been previously reported to be the directional error 

at plateau given a 30° rotation (Krakauer et al., 2000). All datasets showed acceptable fits 

to the exponential function (R
2 

>0.3). One-tailed paired samples t-tests were used to 

evaluate if rate constants differed between Block 1 and Block 2 within each participant 

group. PD patients did not significantly increase rate constant from Block 1 to Block 2 

[t(7) =1.06, p = 0.2, one tailed], which suggests a lack of transfer from Block 1 to Block 2. 

Controls significantly increased rate constant from Block 1 to Block 2 [t(7) = 2.33, p =.02, 

one tailed], which suggests block-to-block transfer in controls. Thus, like analyses 

reported in the main text, analyses using rate constants also suggest a lack of block-to-

block transfer of adaptation learning in PD patients. 
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Chapter 4. Impaired Savings despite intact initial learning of motor adaptation in 

Parkinson’s disease  

ABSTRACT 

In motor adaptation, the occurrence of savings (faster relearning of a previously 

learned motor adaptation task) has been explained in terms of operant reinforcement 

learning (Huang et al. 2011), which is thought to associate an adapted motor command 

with outcome success during repeated execution of the adapted movement. There is some 

evidence for deficient savings in Parkinson’s disease (PD) which might result from 

deficient operant reinforcement processes. However, this evidence is compromised by 

limited adaptation training during initial learning and by multi-target adaptation, which 

reduces the number of reinforced movement repetitions for each target. Here, we 

examined savings in PD patients and controls following overlearning with a single target. 

PD patients showed less savings than controls after successive adaptation and 

deadaptation blocks within the same test session, as well as less savings across test 

sessions separated by a 24-hour delay. It is argued that impaired dopaminergic signalling 

in PD impairs the modulation of dopaminergic signals to the motor cortex in response to 

rewarding motor outcomes, thus impairing the association of the adapted motor command 

with rewarding motor outcomes. Consequently, the previously adapted motor command is 

not preferentially selected during relearning, and savings is impaired. 

 

This chapter has been published in Experimental Brain Research (Leow et al. 2012). A 

reprint of the article is included in the Appendix.  
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INTRODUCTION 

The ability to adapt movement to changing environmental demands is important 

to everyday functioning, such as adapting the magnitude of wrist movement when using a 

new computer mouse with different gain. In studies of motor adaptation, the sensory 

consequence of a movement is systematically perturbed, such that there is a discrepancy 

between the predicted sensory outcome and the actual sensory outcome (a sensory 

prediction error). For example, the perturbation can be a 30° clockwise rotation of the 

visual feedback of a hand movement trajectory during a target reaching task, which leads 

to visually detected error in movement direction. Motor adaptation is often explained with 

reference to internal models, which map the relationship between motor commands and 

their sensory consequences (Miall and Wolpert 1996). When the sensory consequence of 

executing a motor command is systematically perturbed, the internal model uses the 

resulting sensory prediction error to generate an updated motor command to reduce the 

sensory prediction error. This process of updating the motor command based on sensory 

prediction errors is repeated trial by trial until sensory prediction errors approach pre-

perturbation levels.  

However, this single time-scale process of updating the motor command using 

sensory prediction errors cannot fully explain the occurrence of savings. Savings, which 

is evident when the motor system adapts more quickly when readapting to a previously 

encountered perturbation, occurs even after deadaptation (re-exposure to unperturbed 

feedback) returns behaviour to the unadapted state. Savings has been accounted for by a 

two-state model which includes a fast process, which responds strongly to sensory 

prediction errors and which decays quickly, and a slow process, which responds weakly 

to sensory prediction errors and which decays slowly (Smith et al. 2006). After 
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adaptation, re-exposure to unperturbed feedback during deadaptation results in large 

sensory prediction errors. The fast process responds strongly to these sensory prediction 

errors and returns behavior to the unadapted state, but also decays quickly. However, as 

the slow process only responds weakly to the sensory prediction errors, it persists despite 

deadaptation. The presence of savings after deadaptation is therefore thought to be due to 

the persisting influence of the slow process. Savings occurs following delays of 24 hours 

(Krakauer et al. 2005) to 1 year (Landi et al. 2011), supporting the existence of a slowly 

decaying process.  

A recent re-conceptualization of the slow process posits that the slow process is 

‘model-free’ and does not involve trial by trial adjustment of an internal model. Two 

mechanisms are thought to constitute the model-free slow process: first, use-dependent 

plasticity, whereby repetition of the adapted movement biases subsequent movements in 

the same direction, and second, operant reinforcement learning, whereby the adapted 

movement is reinforced by its association with outcome success during initial learning, 

resulting in its preferential selection during subsequent learning (Huang et al. 2011). 

Operant reinforcement learning has specifically been invoked to explain the occurrence of 

savings following deadaptation (Huang et al. 2011).  

Support for the model-free account of savings comes from findings of savings 

despite conditions which typically result in interference (adaptation to two rotations in 

opposite directions) when the fully adapted movement for both rotations was the same 

(Huang et al. 2011). Participants adapted first to a 30° counter-clockwise rotation when 

aiming to the first target, deadapted with veridical feedback, and then adapted to a 30° 

clockwise rotation when aiming to the second target (located 60° counter-clockwise from 

the first target). Manipulation of the target locations ensured that the fully adapted 
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movement for the two opposing rotations was the same. Strikingly, adaptation to the first 

30° clockwise rotation resulted in savings when adapting to the second 30° counter-

clockwise rotation. This finding of savings despite adaptation to rotations in opposite 

directions is incongruent with an internal model framework, which predicts that adapting 

to one rotation, deadapting, and then adapting to a rotation in the opposite direction 

results in the acquisition of two separate internal models for each rotation, each 

accounting for one of the input-output relationships between motor command and sensory 

feedback. If separate internal models were acquired for each rotation, learning and 

subsequently deadapting the first internal model would have no effect on learning the 

second internal model.  

Overlearning, or repetition of the adapted movement after reaching performance 

asymptote in initial learning, increases savings during relearning. Joiner and Smith (2008) 

showed that extended overlearning (103 adaptation trials) led to significantly more 

savings over 24 hours than brief overlearning (30 adaptation trials), even though no 

further error reduction occurred after the first 11 adaptation trials. At first glance, 

overlearning seems inefficient: as there is no performance improvement, the motor 

system does not gain new information. When interpreted in terms of model-free processes 

however, overlearning makes sense: repeatedly executing the adapted motor command 

engages use-dependent plasticity and strengthens the association of the motor command 

with outcome success, thereby biasing re-selection of that motor command at relearning, 

which increases savings.  

A large body of evidence shows that operant reinforcement learning occurs 

through phasic bursts of the midbrain dopaminergic neurons which project to the striatum 

(for a review, see Schultz 1998). If operant reinforcement mechanisms contribute to 
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savings, patients with dysfunctional striatal dopaminergic function such as those with 

Parkinson’s disease will show deficient operant reinforcement learning and therefore also 

show impaired savings. There is some evidence that this occurs in Parkinson’s disease 

(PD). PD patients show impaired operant reinforcement learning (Shohamy et al. 2006; 

Rutledge et al. 2009; Frank et al. 2004), as well as impaired savings within the same test 

session (Bedard and Sanes 2011) and over a 24 hour delay (Marinelli et al. 2009; Bedard 

and Sanes 2011). There are, however, caveats to the previous reports of impaired savings 

in PD. First, incomplete error reduction and insufficient overlearning may have 

contributed to those findings of impaired savings. Studies of savings typically impose 

enough adaptation trials during initial learning such that the adapted movement is 

repeated for at least 10 trials after reaching asymptotic performance. In visuomotor 

adaptation, directional error at performance asymptote is typically 5° given a 30° rotation 

in visual feedback (Krakauer et al. 2000). In the Bedard and Sanes (2011) study, PD 

patients and controls only reduced directional error to 17° and 13° respectively at the end 

of initial adaptation. Given the 30° rotation magnitude, this means less than half the 

amount of directional error was reduced at the end of initial adaptation, hence participants 

were unlikely to have reached performance asymptote. Similarly, although Marinelli et al. 

(2009) did allow error reduction of up to 7.8° in their Experiment 2, adaptation appeared 

to have only just reached asymptote, without sufficient overlearning. Hence, while both 

studies suggest deficient savings in PD, it remains unknown if this savings deficit will 

remain evident given sufficient overlearning. Second, because the frequency with which 

the adapted movement is repeated may affect savings, savings may be reduced with fewer 

repetitions of the adapted movement, as occurs with multi-target adaptation, in which the 

adapted movement differs for each target direction, requiring different motor commands. 



121 

Previous studies required participants to adapt to four (Bedard and Sanes 2011) or eight 

targets (Marinelli et al. 2009). Their findings might therefore result from insufficient 

repetition of the adapted movement. 

Rationale and hypothesis 

Previous findings of intact error reduction but deficient savings in PD (Bedard and 

Sanes 2011; Marinelli et al. 2009) suggest intact model-based fast learning but impaired 

model-free slow learning in PD. However, insufficient overlearning and multiple-target 

adaptation may have contributed to these findings of deficient savings in PD. Here, we 

examined savings in PD patients and neurologically intact older adult controls following 

overlearning and single-target adaptation. Savings was examined within the same test 

session (Experiment 3) and over a 24-hour delay (Experiment 4). In Experiment 3, PD 

patients and controls adapted to rotated visual feedback, and then deadapted with 

veridical feedback trials in 4 successive blocks of 25 adaptation and 25 deadaptation 

trials. In Experiment 4, PD patients and controls completed a first block of 50 adaptation 

trials with rotated visual feedback of the movement trajectory. After a 24-hour delay, 

participants completed a second block of 50 adaptation trials with the same perturbation. 

In both studies, savings was quantified as block-to-block increases in percent adaptation 

averaged over Trials 2-15. Because Marinelli et al. (2009) suggested that sleep 

deficiencies in PD may have contributed to their findings of deficient savings over 24 

hours, we explored the role of sleep deficiencies in Experiment 4 with the Parkinson’s 

Disease Sleep Scale (Chaudhuri et al. 2002). Given the deficits in operant reinforcement 

learning in PD, and the proposed role of operant reinforcement in savings, it was 

predicted that PD patients would show deficient savings within the same test session, and 
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between test sessions separated by 24 hours, despite overlearning after reaching 

asymptotic performance with single-target adaptation.  

 

METHOD 

Participants 

A total of 16 patients with mild-to-moderate Parkinson’s disease and 16 

neurologically intact older adult controls were recruited from the Parkinson’s Western 

Australia newsletter and local newspapers. This study was approved by the Human 

Research Ethics Committee at The University of Western Australia. All participants 

provided written informed consent.  

All PD patients were tested on-peak of their medication schedule. None of the 

participants showed cognitive impairment, scoring within the normal range of greater 

than 24 on the Montreal Cognitive Assessment (Nasreddine 2005). All participants had 

normal or corrected-to-normal vision and were naïve to the experimental design
13

. PD 

patients’ disease severity was rated according to the motor subscale of the Movement 

Disorders Society Sponsored Revised Unified Parkinson’s Disease Rating Scale (MDS-

UPDRS)(Goetz et al. 2007).  

Eight PD patients (mean age 65 ± 8, 6 female), and eight older adult controls 

(mean age 69 ± 10, 7 female) participated in Experiment 3. All but two of the PD patients 

were on Levodopa (mean daily Levodopa dose: 519 ± 200 mg). Four PD patients were 

also on the dopamine agonist Pramipexole (mean daily dose 2.25 ± 1.06 mg), while 1 PD 

                                                 

13
 Both Experiment 3 and 4 recruited new cohorts of participants, distinct from those who participated in 

Experiments 1 and 2. 
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patient was on 4 mg of Cabergoline per day. Mean disease duration was 6.6 ± 5.1 years, 

and the mean UPDRS-III score was 30.3 ± 6.4. 

Eight PD patients (mean 66 ± 8, 4 female) and eight older adult controls (mean 

age 69 ± 9, 8 female) participated in Experiment 4. All PD patients were on Levodopa 

(mean daily Levodopa dose 584 ± 422). Five of the 8 PD patients were on the dopamine 

agonist Pramipexole (mean daily dose: 1.1 ± 1.5 mg). Mean disease duration was 8.3 ± 

6.9 years, and mean UPDRS-III score was 28 ± 13.  

Apparatus 

Participants were seated in front of a laptop computer placed approximately 50 cm 

away from their midline. Participants held a digitizing pen (15.95 cm long, 1.4cm wide, 

17g) on a WACOM Intuos 2 digitizing tablet (size: 30.48 cm x 30.48 cm, resolution ± 

0.025 mm). The pen’s position on the tablet (XY coordinates) was sampled at 100 Hz and 

displayed on the computer monitor as a circular cursor with a 5 pixel radius (1.25 mm). 

Custom software written in LabVIEW 7.0 (National Instruments) was used for data 

acquisition. Direct vision of the hand was prevented by placing the tablet and the hand 

directly beneath a monitor stand, with the laptop placed atop the stand.  

General Experimental Procedure 

The experimental task required participants to move the on-screen cursor from the 

start circle to the target circle by moving the digitizing pen on the digitizing tablet. 

Participants were first instructed to move the cursor representing the pen’s position into 

the start circle. After the cursor was within the start circle for 2 s, a target circle of radius 

23 pixels (6.08 mm) appeared 75 mm at 45° from the target. A tone sounded immediately 

after the target circle appeared, signaling participants to move the cursor to the target. 

Participants were instructed to move the cursor from the start circle to the target circle as 
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accurately and as quickly as possible, in a single, uncorrected movement. In Experiment 

3, visual feedback of the movement trajectory was shown on-screen 100 ms after 

movement completion to prevent online correction of movement.
 14

 In Experiment 4, 

visual feedback of the movement trajectory was shown concurrently during movement in 

Experiment 4. This was because pilot testing showed that PD patients and controls were 

largely able to follow instructions to avoid online correction of movement and execute 

straight, uncorrected movements. After movement completion, visual feedback of the 

movement trajectory was shown for 1000 ms in both Experiment 3 and 4. Only one target 

position was used in all phases of both experiments. The key measure of interest was 

error in movement direction (directional error).  

Prior to adaptation, all participants completed a minimum of 30 practice trials 

with veridical feedback of the movement trajectory, until three out of four consecutive 

movements were made with directional error of less than or equal to 3° and movement 

time less than 1000 ms. Once the practice criteria were met, the test phase commenced. 

During the test phase, participants completed adaptation trials in which the visual 

feedback of the movement trajectory was rotated 30° counterclockwise relative to the 

start circle while the position of the start circle and the target circle remained unchanged. 

This resulted in an error in the movement direction (directional error). To hit the target, 

participants had to compensate by moving 30° clockwise to the original movement 

direction. 

 

 

                                                 

14
 Data for Experiment 3 was collected before data for Experiment 2 was collected. Hence 

visual feedback was delayed, as in Experiment 1.  
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Experiment 3 Design 

After the practice phase, participants completed four blocks of 25 adaptation trials 

with the 30° counterclockwise rotation in visual feedback. Each adaptation block was 

followed by a deadaptation block of 25 trials with veridical feedback of the movement 

trajectory. Adaptation and deadaptation blocks were continuous, without breaks between 

blocks. 

Experiment 4 Design 

After the practice phase, participants completed a first adaptation block of 50 

adaptation trials with the 30° counterclockwise rotation in visual feedback. After a 24 

hour delay, participants completed a second adaptation block of 50 adaptation trials with 

the same 30° counter-clockwise rotation. Subsequently participants were deadapted with 

20 trials with veridical feedback of the movement trajectory. 

 

DATA ANALYSIS 

Cartesian XY coordinates were recorded and used to plot movement trajectory 

Movement direction was scored at either (i) 100 ms into the movement after moving at 

least 5 mm (Bedard and Sanes 2011) or (ii) at 25% of movement trajectory, whichever 

came earlier. Directional error was calculated as the angular difference between this 

movement direction and an idealized movement direction starting from the start circle to 

the target circle.  

Savings was quantified as block-to-block increases in percent adaptation averaged 

from the rapid error reduction phase (Trials 2-15) of each block. Percent adaptation was 

calculated with a formula: percent adaptation = 100*[1- (Mean directional error/30°)]. 

Mean directional error was the mean of directional errors in Trials 2-15 in each adaptation 
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block. Trials 2-15 were used because rapid error reduction occurred in the first 15 trials in 

the first adaptation block in the current sample (see Figure 1), with an averaged 83% of 

directional error reduced by Trial 15. This method similar to Krakauer et al.’s (2005) 

method of calculating percent adaptation by averaging directional errors from Trials 2-11 

because rapid error reduction occurred in the first 11 trials in their study. Increases in 

percent adaptation have been validated as a sensitive indicator of savings in previous 

studies (Krakauer et al. 2005; Huber et al. 2004). In addition, we also employed another 

common method of quantifying savings (e.g., Seidler 2007) by running repeated-

measures ANOVAs (RM-ANOVAs) with within-subjects factor Block and Trial (Trials 

2-15). A significant main effect of Block would indicate that directional error in the rapid 

error reduction phase (Trials 2-15) differed from block- to-block, thus suggesting savings.  

A single-exponential function was fit to group mean trial by trial directional error 

for each adaptation block in the figures. Exponential fits to individual datasets did not 

always produce good fits to individual datasets and therefore were not subjected to further 

analyses in the results. The function is as follows: 

Y = Y0 + (plateau-Y0)(1-e(
-kx

).  

Y is directional error, X is trial number, and Y0 is the hypothetical Y value when X is 

zero.  

K is the rate constant that indicates the rate with which directional error changes. Plateau 

is the directional error at which performance reaches asymptote. 

 

RESULTS 

EXPERIMENT 3 

Between group comparisons 

 Fig. 4.1 shows the trial-by-trial directional error averaged across PD patients 

(open circles) and controls (closed circles) in Blocks 1-4. In Block 1, at the onset of 30° 

counterclockwise rotation of visual feedback, directional errors were in the expected 
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direction (negative, i.e., counterclockwise) and of the expected size (approximately 30°). 

PD patients and age-matched controls showed similar trial-by-trial error reduction, 

reducing error at an exponential rate. To examine if adaptation rate in Block 1 was similar 

in PD patients and controls, mixed ANOVAs with a between-subjects factor of Group 

(PD, Controls) and a within-subjects factor of Trial (Trials 2-15) were conducted for trials 

during rapid error reduction (Trials 2-15). There was no significant main effect of Group 

[F(1, 14) = 0.24, p = 0.6], nor any significant Group by Trial interaction. The same 

analysis on Trials 2-6 also did not result in a significant main effect of Group [F(1, 14) = 

0.86, p = 0.37]. In addition, individual datasets for Block 1 were fitted to the exponential 

function to obtain the rate constant for each participant. Rate constant was similar in PD 

patients (0.25 ± 0.04) and in controls (0.28 ± 0.05), [t (12) = 0.39, p = 0.6, d = 0.2]. Thus 

PD patients and controls did not differ significantly in adaptation rate in Block 1. 

Asymptotic directional error for Block 1 (estimated from mean of the last 10 trials) was 

not significantly different in PD patients (-6.4 ± 1.9°) and controls (-4.2 ± 1.5°), [t (14) = 

1.15, p = 0.3, d = 0.4].  

After each deadaptation block, PD patients appeared to show larger directional 

error at performance asymptote than controls in subsequent blocks, particularly in Block 

2 (see Fig. 4.1). Mixed ANOVAs with between-subjects factor Group (PD, Controls) and 

within-subjects factors Block (Blocks 2, 3 and 4) and Trial (last 10 trials of each block) 

revealed a significant main effect of Group on asymptotic directional error [F(1, 14) = 

6.24, p = 0.026]. Asymptotic directional error, estimated through mean directional error 

from the last 10 trials of each adaptation block, was significantly larger in PD than in 

controls in Block 2 (PD: -8.0 ± 1.2°; controls: -3.9 ± 1.0°), [t (14) =2.46, p = 0.02, d = 

1.22]. Mean asymptotic directional error was also larger in PD than in controls at 
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Block 3 (PD: -7.1 ± 1.1°, controls: -5.1 ± 1.1°) and Block 4 (PD: -5.4 ± 0.8°, controls: -

3.7 ± 0.7°), but this difference was not significant at Block 3 [t (14) = 1.25, p = 0.2, d = 

0.6] or Block 4 [t (14) = 1.62, p = 0.13, d = 0.8].  

Larger asymptotic directional error was evident despite similar extent of 

deadaptation in PD patients and controls in each preceding block of deadaptation trials 

(supplementary electronic materials, Figure S1). Asymptotic directional error during 

deadaptation (estimated from directional error in the last 10 deadaptation trials) did not 

differ significantly between PD patients and controls: mixed-ANOVA with between-

subjects factor Group (PD, Controls) and within-subjects factor Block (deadaptation 

blocks 1-3) and Trial (last 10 trials of each block) showed no significant main effect of 

Group, and no significant Group by Trial interaction. 
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Fig. 4.1. Mean trial by trial directional error during adaptation in Block 1, Block 2, Block 3 and Block 4. A single-exponential function was fit to 

group mean trial by trial directional error for each adaptation block for PD (broken lines) and controls (solid lines). Clear circles represent PD 

patient data, filled circles represent age-matched control data. Error bars represent standard errors of the mean.  
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Within group comparisons (savings) 

Fig. 4.2  replots data from Fig. 4.1 to compare successive adaptation blocks within 

each group: Group mean trial by trial directional error for earlier adaptation block (open 

circles) are over-laid with group mean trial by trial directional error for subsequent adaptation 

blocks (filled circles). Controls reduced directional error from Block 1 to Block 2 (Fig. 4.2a, 

left panel). Controls significantly increased percent adaptation from Block 1 to Block 2 (Fig. 

4.2a, left panel) , with a 13.8% mean increase [t (7) = 3.3, p = 0.01, d = 0.9], suggesting 

savings (Fig. 2a, left panel, inset). Supporting this result, a RM-ANOVA comparing Block 1 

to Block 2 with within-subjects factors Block (Block 1, 2) and Trials (Trials 2-15) on control 

data yielded a significant main effect of Block [F(1,7) = 6.32, p = 0.04] and a non-significant 

Block-by-Trial interaction [F(3.4, 24.1) = 1.01, p = 0.6]. In PD patients however, there were 

little block-to-block reduction in directional error from Block 1 to Block 2 (Fig. 4.2b, left 

panel), with no significant increase in percent adaptation (inset), [t (7) = 0.94, p = 0.4, mean 

3.2% increase, d = 0.2]. Supporting this result, a RM-ANOVA with within-subjects factor 

Block (Blocks 1, 2) and Trial (Trials 2-15) on PD data showed no significant main effect of 

Block [F(1,7) = 0.73, p = 0.8] and no significant Block-by-Trial interaction. Hence from 

Block 1 to Block 2, controls increased percent adaptation while PD patients did not. This 

observation was evaluated with a Group (PD, controls) by Block (Block 1, Block 2) mixed-

ANOVA on percent adaptation, which yielded a Group-by-Block interaction [F(1, 14) = 

3.97] that just missed significance (p = 0.06).  

In controls, percent adaptation stabilized in subsequent adaptation blocks. Percent 

adaptation increased an averaged 5.7% from Block 2 to Block 3 [t (7) = 1.03, p = 0.3, d = 

0.27], and 14.6% from Block 3 to Block 4 [t (7) = 1.9, p = 0.09, d = 0.6] (see insets, (Fig. 

4.2a, middle and right panels). Similarly, repeated-measures ANOVAs comparing Blocks 2 
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to Block 3, and Block 3 to Block 4 yielded no significant main effect of Block, and no 

significant Block-by-Trial interactions.  

PD patients did show block-to-block reduction in directional error from Block 2 to 

Block 3 (Fig. 4.2b, middle panel), as percent adaptation increased significantly by an 

averaged 10.5% (inset), [t (7) = 4.5, p = 0.003, d = 0.7], indicating savings. Supporting this 

result, a RM-ANOVA with within-subjects factors Block (Block 2, 3) and Trials (Trials 2-15) 

yielded a significant main effect of Block [F(1,7) = 11.2, p = 0.01]. The Block-by-Trial 

interaction was not significant. PD patients only increased percent adaptation by an averaged 

0.4% from Block 3 to Block 4 [t (7) = 0.8, p = 0.2, d = 0.03]. Similarly, A RM-ANOVA 

Block-by-Trial ANOVA yielded no significant main effect of Block, nor any significant 

Block-by-Trial interaction.  
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Fig. 4.2. Trial by trial directional error in controls (a) and PD patients (b) from Block 1 to Block 2 (left panel), Block 2 to Block 3 (middle panel) 

and Block 3 to Block 4 (right panel). A single-exponential function was fit to group mean trial by trial directional error for each adaptation 

block. Clear circles and broken lines represent earlier adaptation blocks, filled circles and solid lines represent subsequent adaptation blocks. 

Error bars represent standard errors of the mean. 
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EXPERIMENT 4 

Between group comparisons 

Fig. 4.3 (left panel) shows trial-by-trial directional error on Day 1 in PD patients 

and controls. PD patients and controls show similar rate and extent of Day 1 adaptation. 

Mixed-ANOVAs with factor Group (PD, Controls) and within-subjects factor Trial (Trial 

1-25) showed no significant main effect of Group, and no significant Group by Trial 

interaction, which suggests that PD patients and controls did not differ significantly in the 

first 25 trials of Day 1 adaptation. The same analysis repeated with Trials 2-6 and Trials 

2-15 showed no significant main effect of Group nor any significant Group-by-Trial 

interactions. Asymptotic directional error was also similar in controls and in PD patients. 

Mixed-ANOVA with between-subjects factor Group (PD, Controls) and within-subjects 

factor Trial (Trials 16-25) showed no significant main effect of Group and no significant 

Group interactions. Mean asymptotic directional error (averaged from Trials 16-25) was 

similar in controls (-4.4 ± 0.6°) and in PD (-5.4 ± 1.2°).  

Fig. 4.3 (right panel) shows Day 2 trial-by-trial directional error averaged across 

PD patients and controls. Controls (filled circles) showed significantly smaller mean 

directional error than PD patients (open circles) in the first trial at the start of Day 2 

(controls: -21.1 ± 2.7°, PD: 33.8 ± 3.2°), [t (14) = 3.04, p = 0.009]. Mean directional error 

also remained smaller in controls than in PD patients throughout Day 2. This observation 

was supported by a mixed-ANOVA with between-subjects factor Group (PD, Controls) 

and within-subjects factor Trial (Trial 1-25), which revealed a significant main effect of 

Group, [F(1, 14) = 9.72, p = 0.008]. The Group-by-Trial interaction was not significant.  

 Fig. 4.3 (right panel) also suggests that PD patients show larger asymptotic 

directional error than controls on Day 2 (PD: -6.2 ± 1.5°, controls: -2.6 ±1.2°). Mixed-
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ANOVAs with between-subjects factor Group (PD, Controls) and within-subjects factor 

Trial (Trials 16-25) showed a main effect of Group [F(1, 14) = 3.78] that just missed 

significance (p = 0.07) and no significant Group-by-Trial interaction.  

 

 
Fig. 4.3. Mean trial by trial directional error in PD patients (clear circles) and controls 

(filled circles) on Day 1 and Day 2. A single-exponential function was fit to mean trial by 

trial directional error for each adaptation block in PD (broken lines) and in controls (solid 

lines).  

 

Within-group comparisons (savings) 

Fig. 4.4 replots data shown in Fig. 3 to compare Day 1 (i.e., Block 1) and Day 2 

(i.e., Block 2) adaptation within the same graph in controls (left panel) and PD patients 

(right panel). Fig. 4.4 (left panel) shows a clear pattern of improvement from Day 1 to 

Day 2 in controls, which indicate savings. This observation was confirmed by a 

significant 20.9 % increase in percent adaptation from Day 1 to Day 2 in controls (Fig. 

4.4 left panel inset) [t (7) = 3.35, p = 0.01, d = 1.7], comparable to previous findings of 

20% improvement over 24 hours in young adults (Krakauer et al. 2005). Supporting this 

result, a RM-ANOVA with within-subjects factor Block (Block 1, Block 2) and Trial 

(Trials 2-15) showed a significant main effect of Day [F(1,7 ) = 11.2, p = 0.01], 
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indicating reduced directional error from Day 1 to Day 2 in controls. The Block-by-Trial 

interaction was not significant. 

Fig. 4.4 (right panel) depicts mean trial by trial directional error on Day 1 and Day 

2 in PD patients. Mean directional error appears similar on Day 1 and Day 2. Percent 

adaptation in PD patients (Fig. 5B, inset) improved an averaged 5.0% from Day 1 to Day 

2, and this difference missed significance [t (7) = 2.0, p = 0.08, d = 0.5]. Supporting this 

result, a RM-ANOVA with between subjects factor Block (Block 1, Block 2) and within 

subjects factor Trial (Trials 2-15) showed a non-significant main effect of Block [F(1,7 ) 

= 0.77, p = 0.4], indicating no significant change in directional error from Day 1 to Day 2 

in PD patients. The Block-by-Trial interaction was not significant. The small 5.0% 

increase in percent adaptation in PD patients is less than the 20% increase shown in 

controls, suggesting deficient savings in PD. 

Thus it appears that while controls improved percent adaptation from Day 1 to 

Day 2, PD patients did not. Supporting this observation, a Group (PD, controls) by Block 

(Block 1, Block 2) mixed-ANOVA for percent adaptation showed a significant Block-by-

Group interaction, [F(1,14) = 6.07, p = 0.03]. 
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Fig. 4.4. Mean trial by trial directional error on Day 1 (clear circles) and Day 2 (filled 

circles) in controls and in PD patients. A single-exponential function was fit to group 

mean trial by trial directional error for Day 1 (broken lines) and Day 2 (solid lines).  

Parkinson’s Disease Sleep Scale scores and Savings 

Mean PDSS scores were significantly lower in PD patients (100 ± 24) than in 

controls (136 ± 14.1), [t (14) = 3.53, p = 0.003]. To explore the relationship between 

sleep and 24 hour savings, Pearson’s correlations were conducted on PDSS scores and 

percent improvement separately for PD patients and controls. Percent improvement was 

estimated for each participant as the difference in percent adaptation on Day 1 and 

percent adaptation on Day 2. Percent improvement did not correlate significantly with 

PDSS sleep scores in PD patients [r = - 0.4, p = 0.2] or in controls [r = -0.08, p = 0.8].  
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DISCUSSION 

The current study showed impaired savings in PD patients within one test session 

(Experiment 3) and between test sessions separated by 24 hours (Experiment 4), with 

overlearning beyond performance asymptote at initial learning, and with single-target 

adaptation to ensure repetition of the adapted movement. Experiment 3 showed that 

despite adapting to the same extent as controls during initial adaptation in Block 1, PD 

patients showed less savings than controls across successive adaptation blocks. 

Experiment 4 showed that despite adapting to the same extent as controls on Day 1, PD 

patients showed less savings than controls on Day 2. Hence the current study replicates 

and extends previous findings of impaired savings in PD (Bedard and Sanes 2011; 

Marinelli et al. 2009).  

The findings of deficient savings in PD can be accounted for by assuming that a 

reduced range of dopaminergic signals in the striatum in PD impairs operant 

reinforcement learning processes (Schultz 1998). PD does not however result in an 

absolute deficit in savings: in Experiment 3, while PD patients failed to show savings 

from Block 1 to Block 2, further adaptation trials in Block 2 did result in significant, 

albeit attenuated savings from Block 2 to Block 3. As PD does not result in an absolute 

dopamine denervation, continued repetition of the adapted motor command is likely to 

eventually associate it with outcome success. It is noteworthy that deficient savings have 

been shown even in de novo PD patients (Marinelli et al. 2009) in whom the 

dopaminergic deficiency is confined to the dorsal striatum, with the ventral striatum intact 

(Kish et al. 1988). The dorsal striatum is thought to form associations between action and 

reward (O'Doherty et al. 2004), and an impairment of this process might impair the slow-

learning processes responsible for the occurrence of savings in PD patients.  
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Neural mechanisms underlying savings 

The fast-learning component of adaptation learning is thought to be supported by 

the cerebellum and the posterior parietal cortex (Tanaka et al. 2009), areas with relatively 

intact function in PD, while the slow-learning component is thought to be supported by 

the primary motor cortex (M1) (Li et al. 2001; Galea et al. 2010; Cothros et al. 2006; 

Richardson et al. 2006). How does M1’s proposed role in the slow process fit with the 

operant reinforcement account of savings? It is possible that when the adapted motor 

command is executed and results in a rewarding motor outcome, midbrain dopaminergic 

neurons respond by firing in a phasic fashion, which then modulate M1 activity via the 

direct and indirect dopaminergic projections from the basal ganglia to M1 (Luft and 

Schwarz 2009). This in turn may lead to the encoding of longer-term representations of 

motor learning in M1. The hypothesis that reward-related midbrain dopaminergic signals 

modulate M1 activity is supported by findings that reward modulates M1 excitability in 

neurologically intact adults (Thabit et al. 2011) but not in PD patients (Kapogiannis et al. 

2011). In PD, a rewarded motor outcome that occurs as a result of executing the adapted 

movement might elicit a blunted response from midbrain dopaminergic neurons, and lead 

to attenuated modulation of M1 excitability and thus impaired encoding of longer-term 

representations of motor learning in M1. Future studies examining how M1 excitability is 

modulated by reward during adaptation learning may help elucidate M1’s role in the 

model-free slow learning processes. 

Larger asymptotic directional error 

An incidental finding of Experiment 3 was that PD patients showed significantly 

larger asymptotic directional error than controls during relearning but not during initial 

learning. This finding is reminiscent of a previous report that disrupting M1 activity with 
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single-pulse TMS after movement completion impaired asymptotic performance in a 

force-field adaptation task (Orban de Xivry et al. 2010). This effect was absent in a 

gradual adaptation condition in which the strength of the perturbation was incrementally 

increased from trial to trial, thereby preventing repetition of a fully adapted movement. 

The finding was interpreted as evidence of M1 involvement in a repetition-dependent 

process that determined the level of asymptotic performance. While it is unknown why 

PD patients showed larger asymptotic directional error than controls during relearning in 

the current study, we suggest that impaired M1 processing caused by deficient 

dopaminergic signals to M1 led to this pattern of results. Hence dopamine may play a role 

in the process that determines the level of asymptotic performance.  

Smaller directional error at the beginning of Day 2 

Unlike previous studies (Bedard and Sanes 2011; Marinelli et al. 2009), there 

were no trials with veridical feedback prior to the relearning phase on Day 2 in 

Experiment 4. This resulted in a novel finding: reduced directional error in the first trial 

of relearning on Day 2 was present in controls but not in PD patients. Smaller directional 

error at the beginning of relearning after a 24-hour delay has been shown in previous 

studies (Krakauer et al. 2005), and has been interpreted as evidence of partial 

maintenance of adaptation learning over 24 hours. The absence of this pattern of results in 

PD suggests a dopaminergic role and might be explained with an operant reinforcement 

account. In controls, as the adapted motor command was successful on Day 1, a similar 

motor command was selected on the first trial of Day 2, thereby resulting in smaller 

directional error. Impaired operant reinforcement mechanisms in PD, however, would 

result in deficits associating the adapted motor command with outcome success at initial 
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learning on Day 1, thus PD patients do not select a similar motor command on Day 2, 

which results in large directional errors.  

Limitations 

It remains unclear if processes occurring during the 24-hour off-task period 

contributed to the finding of deficient savings in PD in Experiment 4. Post-learning 

periods of wakefulness (Brashers-Krug et al. 1996) and sleep (Huber et al. 2004) are 

thought to support the consolidation of adaptation learning to a longer-term state, 

conceivably by homeostatically regulating synaptic strength after synaptic potentiation 

during learning (Landsness et al. 2009). Slow-wave activity in the posterior parietal 

cortex after initial learning influences the amount of savings shown on the next day, as 

deprivation of slow-wave sleep reduces savings shown 24 hours later (Landsness et al. 

2009). Our PD patients did show significantly lower PDSS scores than controls, but these 

scores did not correlate with savings, giving no support to the proposal that sleep deficits 

are related to impaired savings in PD. Nonetheless, as the PDSS is a broad clinical 

measure of sleep impairment in PD that lacks specificity on slow-wave sleep, the 

possibility that impaired slow-wave sleep contributed to deficient savings over 24 hours 

in Experiment 4 cannot be ruled out. Nevertheless, current and previous findings show 

deficient savings in PD within the same test session (Bedard and Sanes 2011), showing 

that deficient savings in PD cannot be attributed entirely to deficient slow-wave sleep.  

The type and dose of dopaminergic medication was also not experimentally 

controlled. PD patients were all tested on their usual medication schedules, as going off-

medication causes significant discomfort and may have reduced willingness to 

participate. Dopaminergic drugs such as the dopamine precursor Levodopa and dopamine 

agonists taken by PD patients may have conflicting effects on reinforcement learning, and 
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thus cause mixed effects on savings. Levodopa ameliorates reinforcement learning 

deficits in PD (Frank et al. 2004; Rutledge et al. 2009), ostensibly by increasing the 

availability of dopamine and increasing the range of dopaminergic neurotransmission in 

response to reward (Frank 2005). Conversely, low doses of the D2/D3 dopamine agonist 

Pramipexole impair reinforcement learning in neurologically intact adults (Pizzagalli et 

al. 2008; Santesso et al. 2009), probably by tonically increasing dopamine levels by 

binding to pre- and post-synaptic dopamine receptors, thus reducing the potential for 

reward to phasically modulate dopaminergic neurotransmission (Frank 2005). We 

speculate that in the current study, while Levodopa may attenuate the savings deficit by 

increasing the potential range of the dopaminergic response, Pramipexole may exacerbate 

the savings deficit by blunting the dopaminergic response to reward. Future research 

should explore potential differential effects of Levodopa and dopamine agonists on 

savings, as well as dose-dependent effects of dopaminergic medication on savings. 

Conclusions 

In summary, despite continued training after attaining asymptotic levels of 

performance with single-target adaptation, PD patients showed impaired savings at 

relearning, both within the same test session and between test sessions separated by 24 

hours. Impaired savings in PD might result from impaired operant reinforcement 

mechanisms caused by dysfunctional striatal dopaminergic signalling. 
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SUPPLEMENTARY INFORMATION 

 S1. Quantifying savings through increased rate constant.  

An alternative method of evaluating savings was to compare the rate constants 

from successive adaptation blocks (Huang et al. 2011). Increases in rate constants in 

successive adaptation blocks indicate faster re-learning and therefore suggest savings.  

Rate constants were obtained by fitting exponential curves to individual datasets 

to acquire rate constant of adaptation. When fitting exponential curves to individual data, 

we considered the possibility that individual differences in directional error at plateau 

would affect the calculated rate constant. For example, in one subject, directional error at 

plateau was +22.5° when directional error at plateau was left unconstrained, which 

resulted in an unusually slow rate constant of 0.04. Thus directional error at plateau was 

constrained to -5° for the purposes of calculating rate constant. -5° was chosen because 

this has been previously reported to be the directional error at plateau given a 30° rotation 

(Krakauer et al., 2000). However, as the exponential function did not show good fits to all 

individual datasets, analyses were only conducted on datasets with acceptable fits to the 

function (R
2 

>0.3). 

Experiment 3 

Within Group Comparisons 

In controls: rate constant increased from Block 1 (0.28 ± 0.06) to Block 2 

(0.58 ± 0.21) in controls, [t (5) = 2.2], but this missed significance (p = 0.07). 

Rate constant appeared to stabilize in subsequent blocks, with no further 

significant increases from Block 2 (0.58 ± 0.21) to Block 3 (0.62 ± 0.24), [t (5) = 

2.6, p = 0.3] nor from B3 (0.62 ± 0.24) to Block 4 (0.85 ± 0.35), [t (4) = 1.2, p 

=.15].  
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In PD, rate constant did not significantly increase from B1 (0.46 ± 0.22) to 

B2 (0.45 ± 0.17) [t (4) =0.94, p =.2]. For Block 3, only 3 of the 8 datasets showed 

acceptable fits to the function. Hence, there were too few datasets in B3 to run 

paired t-tests to compare Block 2 to Block 3, and Block 3 to Block 4. Mean rate 

constants did however appear to increase from Block 2 (0.45 ± 0.17) to Block 3 

(0.76 ± 0.44) and finally at Block 4 (0.90 ± 0.33). 

Experiment 4  

Within Group Comparisons 

Rate constants of controls were significantly larger on Day 2 (0.67 ± 0.07) 

than on Day 1 (0.28 ± 0.13), as shown by paired t-tests, [t (7) = 2.5, p = .02]. Rate 

constant of PD patients was not significantly larger on Day 2 (0.23 ± 0.04) than on 

Day 1 (0.40 ± 0.12), [t (7) = 1.89, p = .1]. Overall, analyses using rate constants 

yielded similar results to analyses using percent adaptation averaged from Trials 

2-15. 
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 S2. Aftereffects after each adaptation block (Experiment 3)  

In the 25 deadaptation trials interleaved between adaptation blocks in Experiment 

1, PD patients and controls showed similar rate and extent of deadaptation (Fig. S1). Rate 

constants as calculated by individual curve fits were not significantly different in PD 

patients and controls in all deadaptation blocks, as shown by independent samples t-tests. 

Similarly, directional error at plateau was not significantly different in PD patients and 

controls in all deadaptation blocks.  

Fig.S1. Mean trial by trial directional error during deadaptation following Block 1, Block 

2, Block 3 and Block 4. Clear circles represent PD patient data, filled circles represent 

age-matched control data. Error bars represent standard errors of the mean. A single-

exponential function was fitted to group mean data (PD: broken lines, controls, solid 

lines). 
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Chapter 5. Impaired anterograde interference and A1-B-A2 savings despite intact 

initial learning of motor adaptation in Parkinson’s disease 

ABSTRACT 

Anterograde interference and savings are useful indicators of slow learning in 

motor adaptation. It has been recently proposed that slow learning occurs through model-

free processes of operant reinforcement learning and use-dependent plasticity (Huang et 

al. 2011). In particular, operant reinforcement learning has been proposed to contribute to 

anterograde interference and savings (Huang et al. 2011). In Parkinson’s disease (PD), 

dopamine denervation impairs operant reinforcement learning (Frank 2005). If 

anterograde interference and savings occur through operant reinforcement mechanisms, 

then deficient operant reinforcement learning resulting from dopamine denervation in PD 

would also impair anterograde interference and savings. Here, anterograde interference 

and savings in an A1-B-A2 paradigm were examined in PD patients and controls. 

Participants completed either a limited or extended amount of training in A1, and then 

adapted to an opposing perturbation in B. In A2, after washout, participants readapted to 

the same perturbation in A1. Controls showed significant anterograde interference after 

extended training in A1, and significant A1-B-A2 savings after both limited and extended 

training in A1. PD patients however did not show significant anterograde interference or 

A1-B-A2 savings with either limited or extended training in A1, despite similar rate and 

extent of initial learning in A1. The findings were interpreted to be due to blunted 

midbrain dopaminergic reward signals to the motor cortex, which might impair operant 

reinforcement mechanisms that bias reselection of the adapted movement in subsequent 

learning.  

 

This chapter is currently under review in Experimental Brain Research.  
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INTRODUCTION 

Behavioral adaptation to a perturbation of sensory feedback is thought to occur 

over multiple time-scales, comprising a fast learning process that learns quickly but 

forgets quickly, and a slow learning process that learns slowly but decays slowly (Smith 

et al. 2006). It has been recently proposed that the fast process is model-based, reducing 

sensory prediction errors evoked by the perturbation through updating of an internal 

model, and that the slow process is model-free, and does not involve updating of an 

internal model (Huang et al. 2011). Huang et al. (2011) suggest that the slow process 

occurs through two mechanisms: first, operant reinforcement learning, where repeatedly 

pairing the adapted movement with reward associates that movement with reward, and 

second, use-dependent plasticity, where repetition of a movement biases subsequent 

movements to be similar to the repeated movement.  

One indicator of the slow process is savings, which is evident when re-learning a 

previously encountered perturbation is faster than at initial learning (Smith et al. 2006; 

Zarahn et al. 2008). Savings appears to be deficient in Parkinson’s disease (PD) even 

though adaptation performance at initial learning is indistinguishable from that of controls 

(Bedard and Sanes 2011; Marinelli et al. 2009; Leow et al. 2012). Despite similar initial 

learning as controls, deficient savings is evident both within the same test session (Bedard 

and Sanes 2011; Leow et al. 2012), as well as between test sessions separated by a 24-

hour delay (Bedard and Sanes 2011; Marinelli et al. 2009; Leow et al. 2012). 

Furthermore, deficient savings is evident in PD despite substantial overlearning (i.e., 

repetition of the adapted movement after attaining asymptotic performance)(Leow et al. 

2012). These findings suggest a selective deficit in model-free slow learning in PD 

despite intact model-based fast learning. As dopamine denervation in PD impairs operant 
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reinforcement learning (Shohamy et al. 2006; Rutledge et al. 2009; Frank et al. 2004), 

findings of deficient savings in PD support the proposal that operant reinforcement 

mechanisms are responsible for savings (Huang et al. 2011). Under this proposal, savings 

occurs when the adapted movement is repeatedly associated with rewarding motor 

outcomes (hitting or coming close to the target), which results in preferential selection of 

that movement and faster adaptation at subsequent relearning of the same perturbation 

(Huang et al. 2011). 

Another phenomenon attributed to the slow process is anterograde interference. 

Anterograde interference is when initial learning interferes with subsequent learning and 

slows the rate of subsequent learning. Anterograde interference is evident when the 

perturbation at subsequent learning is opposite to that at initial learning (Cothros et al. 

2006; Arce et al. 2010b; Sing and Smith 2010; Tong and Flanagan 2003). Like savings, 

anterograde interference can also be interpreted through an operant reinforcement 

account. At initial learning, repeatedly pairing the adapted movement with reward forms 

an association between that movement and reward. At subsequent learning, the previously 

rewarded movement is preferentially selected even though the perturbation is now 

opposite to that of initial learning, slowing the rate of error reduction at subsequent 

learning. If anterograde interference does occur through operant reinforcement 

mechanisms, it follows that operant reinforcement learning deficits in PD will also impair 

anterograde interference. That is, if PD patients are impaired at associating the adapted 

movement with reward at initial learning, they should not show the typical pattern of 

anterograde interference when subsequently adapting to an opposing perturbation.  

Another phenomenon attributed to the slow process is savings in an A1-B-A2 

paradigm (hereafter termed A1-B-A2 savings). In an A1-B-A2 paradigm, participants 
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adapt to a first perturbation in A1 and then adapt to a second, opposing perturbation in B, 

and finally re-adapt to the first perturbation in A2. Faster learning of A2 compared to A1 

(i.e., A1-B-A2 savings) is evident if there is extended overlearning in A1 (i.e., repetition 

of the adapted movement in A1), but not when there is less overlearning in A1 (Krakauer 

et al. 2005). While exactly how much overlearning is required to evoke A1-B-A2 savings 

is unclear, that extended overlearning in A1 is necessary to evoke A1-B-A2 savings 

suggests that A1-B-A2 savings occurs through a process that learns slowly. An operant 

reinforcement learning account proposes that associating the adapted movement for a first 

perturbation with reward and subsequently associating the adapted movement for a 

second, opposing perturbation with reward would result in the formation of two 

competing movement-reward associations. At A2, the existence of two competing 

movement-reward associations would impede the retrieval of the movement-reward 

association for first perturbation, and thus the adapted movement for the first perturbation 

is not preferentially selected at A2, leading to a lack of savings (Huang et al. 2011). 

Substantial overlearning may result in A1-B-A2 savings because repeating the adapted 

movement in A1 strengthens its association with reward, making it easier to retrieve that 

association at A2 and reselect the adapted movement for the first perturbation, despite the 

existence of a competing association. The operant reinforcement deficit in PD allows a 

test of this hypothesis: if substantial overlearning results in A1-B-A2 savings by 

strengthening the movement-reward association in A1 via operant reinforcement, then 

operant reinforcement learning deficits in PD will impair the process of associating the 

adapted movement with reward in A1during overlearning, and should ultimately lead to 

impaired A1-B-A2 savings in PD.  
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Rationale and Hypothesis 

An operant reinforcement learning account may explain the occurrence of 

anterograde interference and savings in an A1-B-A2 paradigm. It follows that operant 

reinforcement learning deficits resulting from dopamine denervation in PD will also 

impair anterograde interference and A1-B-A2 savings despite overlearning in A1. Here, 

we examined anterograde interference and A1-B-A2 savings in PD patients and older 

adult controls after either limited or extended training in A1. In A1, participants first 

adapted to a 30° counterclockwise rotation, either with limited or extended training. 

Subsequently in B, all participants completed a block of adaptation trials with 30° 

clockwise rotation. After subsequent washout with veridical feedback trials, all 

participants re-adapted to the first 30° counterclockwise rotation in A2. Anterograde 

interference was quantified by slower rate of error reduction when adapting to the second, 

directionally opposite perturbation in B than when adapting to the first perturbation in A1. 

A1-B-A2 savings was indicated by a faster rate of error reduction in A2 than in A1.  

 

METHOD 

Participants 

Sixteen mild-to-moderate PD patients and 18 neurologically intact older adult 

controls were recruited from the Parkinson’s Western Australia newsletter and local 

newspapers. This study was approved by the Human Research Ethics Committee at The 

University of Western Australia. All participants provided written informed consent.  

All PD patients were tested on-peak of their medication schedule. None of the 

participants showed cognitive impairment, scoring within the normal range of greater 
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than 24 on the Montreal Cognitive Assessment (Nasreddine 2005). All participants had 

normal or corrected-to-normal vision and were naïve to the experimental design. All 

participants were tested on their dominant arm. PD patients’ disease severity was rated 

according to the motor subscale of the Movement Disorders Society Sponsored Revised 

Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)(Goetz et al. 2007).  

Seven PD patients (aged 59-78 years, 4 female), and nine older adult controls 

(aged 54-75 years, 5 female) completed the limited training condition. All PD patients 

were on Levodopa (mean daily Levodopa dose: 408 ± 102 mg). Four PD patients were 

also on the dopamine agonist Pramipexole (mean daily dose 2.55 ± 0.67 mg). Disease 

duration ranged from 7 months to 8 years, and UPDRS-III scores ranged from 7 to 30. 

Nine PD patients (aged 52-79 years, 3 female) and nine older adult controls (aged 

59-77 years, 6 female) completed the extended training condition. All PD patients except 

one were on Levodopa (mean daily Levodopa dose 472 ± 257). Four of the 8 PD patients 

were on the dopamine agonist Pramipexole (mean daily dose: 2.2 ± 0.9 mg). Disease 

duration ranged from 6 months to 9 years, and UPDRS-III scores ranged from 10 to 44.
15

  

                                                 

15
All except two participants were distinct from those who participated in Experiments 1, 2, 3 and 

4: one PD patient previously participated in Experiment 1, while the second PD patient previously 

participated in Experiment 3. Carryover effects were prevented in two ways. First, Experiment 5 

was conducted at least 1 year after Experiment 1 and Experiment 3. Second, as all previous 

experiments involved a 30° counter-clockwise rotation, in the current study, participants adapted 

to a 30° clockwise rotation at initial learning in A1 in this study. This method of preventing 

carryover effects has been validated in previous studies, where all participants complete 2 test 

sessions 1 week apart (Maatta et al. 2010; Landsness et al. 2011). For data analysis of these 2 

datasets, clockwise directional errors were scored positively signed and counter-clockwise 

directional errors were negatively signed, such the signs of the directional errors in adaptation 

blocks were consistent across participants. 
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Apparatus 

Participants were seated on a height-adjustable chair in front of a laptop computer 

placed approximately 50 cm away from the participant along their midline. Participants 

held a digitizing pen (15.95cm long, 1.4cm wide, 17g) on a WACOM Intuos 2 digitizing 

tablet (size: 30.48cm x 30.48cm, resolution ±.025mm). The pen’s position on the tablet 

(XY coordinates) was sampled at 100 Hz and displayed on the computer monitor as a 

circular cursor with a 5 pixel radius (1.25 mm). Direct vision of the hand was prevented 

by placing the tablet and the hand directly beneath a stand, with the laptop placed atop the 

stand. 

General Experimental Procedure 

The experimental task required participants to move the on-screen cursor from a 

start circle to a target circle by moving the digitizing pen on the digitizing tablet. 

Participants were first instructed to move a cursor representing the pen’s position into the 

start circle. After the cursor came within the start circle for 2 s, a single target circle of 

radius 23 pixels (6.08 mm) appeared 75 mm at 45° from the target. This single target was 

used throughout the task. A tone sounded immediately after the target circle appeared, 

signaling participants to move the cursor to the target. Participants were instructed to 

move the cursor from the start circle to the target circle as accurately and as quickly as 

possible, in a single, uncorrected movement. Visual feedback of the movement trajectory 

was shown in real-time.  

Experimental Design 

Prior to adaptation, all participants completed a minimum of 30 practice trials 

with veridical feedback, until three out of four consecutive movements were made with 
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directional error of less than or equal to 3° and movement time was less than 1000 ms. 

Once the practice criteria were met, the test phase commenced. At the beginning of the 

test phase, participants completed a first block (A1) of either 25 (limited training 

condition) or 80 adaptation trials (extended training condition) in which visual feedback 

was rotated 30° counter-clockwise relative to the start circle. To compensate for the 

rotation, participants had to move in the 30° clockwise direction relative to the original 

movement direction. Previous work shows that 66 trials (per target) in A1 was sufficient 

to result in A1-B-A2 savings (Krakauer et al. 2005), and thus 80 trials with a single target 

in A1was thought to constitute sufficient overlearning to evoke A1-B-A2 savings in 

controls. Participants then completed a second block of 25 adaptation trials with an 

opposing 30° clockwise rotation of visual feedback (B), such that to completely 

compensate for the rotation, participants had to move in the 30° counter-clockwise 

direction. Participants subsequently deadapted with 15 washout trials with veridical 

feedback. Previous work indicates that 15 washout trials were sufficient for directional 

error to reduce to pre-perturbation levels (Leow et al. 2012). In the ensuing third 

adaptation block A2, participants completed another 25 adaptation trials with the 30° 

counter-clockwise rotation previously experienced in A1. Finally, participants completed 

a further 15 washout trials with veridical feedback. 

 

DATA ANALYSIS 

Cartesian XY coordinates were recorded and used to plot movement trajectory. 

Directional error was scored at either (i) 100 ms into the movement after moving at least 

5 mm (Bedard and Sanes 2011) or (ii) at 25 % of movement trajectory, whichever came 

earlier. Directional error was calculated as the angular difference between this movement 
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direction and an idealized movement direction starting from the start circle to the target 

circle. A negative value in directional error indicates that the on-screen movement 

trajectory was counterclockwise to an ideal movement trajectory plotted from the start to 

the target, while a positive value denotes the opposite. To examine anterograde 

interference, it was necessary to compare negatively signed directional error in A to 

positively signed directional error in B. Thus, positively signed directional errors in B 

were converted to corresponding negatively signed values. A single-exponential function 

was fit to the group mean trial by trial directional error for each adaptation block for 

graphical depiction.  

Anterograde interference and savings were quantified by in two ways. First, 

block-to-block changes in percent adaptation calculated from the rapid error reduction 

phase (Trials 2-15) of each block. This method of evaluating block-to-block changes 

using percent adaptation in the rapid error reduction phase has been previously validated 

(Krakauer et al. 2005). Percent adaptation was computed with the formula: Percent 

adaptation = 100% *[1- (Mean directional error/30°)]. Mean directional error was 

calculated from the mean of directional error in Trials 2-15, as rapid error reduction 

occurred in Trials 2-15 in the current study. Anterograde interference was quantified by 

decreased percent adaptation in B compared to in A1. A1-B-A2 savings was indicated by 

an increased percent adaptation in A2 than in A1. Increases and decreases in percent 

adaptation were evaluated using paired t-tests. Second, repeated-measures ANOVAs 

(RM-ANOVAs) with within-subjects factor Block and Trial (Trials 2-15) were run. A 

significant main effect of Block would indicate that directional error in the rapid error 

reduction phase (Trials 2-15) differed from block-to-block, thus suggesting anterograde 

interference and savings.  
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 It is noted that other studies quantify anterograde interference by comparing B 

adaptation performance after A1 to B adaptation performance in a naïve control group 

who did not previously complete A1(Cothros et al. 2006). However, the current method 

of quantifying anterograde interference by comparing adaptation performance in B with 

that in A1 has been previously shown to be a sensitive measure of anterograde 

interference (Sing and Smith 2010).  

 

RESULTS 

PD and controls show similar initial learning in A1 

Fig. 5.1 shows A1 group mean trial-by-trial directional error in PD patients and 

controls for the limited training condition (left panel) and the extended training condition 

(right panel). PD patients and controls showed similar rates of adaptation in A1 with both 

the limited and the extended training conditions. Mixed ANOVAs with between-subjects 

factor Group (PD, controls) and within-subjects factor Trial (Trials 1-25) were run 

separately for the limited training condition and the extended training condition. In both 

analyses, there was no significant main effect of Group, and no significant Group-by-

Trial interactions. Repeating the same analysis with Trials 2-11 and Trials 2-6 similarly 

resulted in no significant main effect of Group nor any significant Group-by-Trial 

interaction.  
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Fig. 5.1. Mean trial-by-trial directional error in PD patients (open triangles) and controls 

(closed triangles) in the limited training condition (left panel) and the extended training 

condition (right panel). Error bars represent standard errors of the mean, A single-

exponential function was fit to group mean trial-by-trial for each adaptation block for PD 

(broken lines) and controls (solid lines). 

To evaluate if PD patients showed similar extent of error reduction as controls, mixed 

ANOVAs with between-subjects factor Group (PD, controls) and within-subjects factor 

Trial (Trials 16-25) were run separately for the limited training condition and the 

extended training condition. For the limited training condition, there was no significant main 

effect of Group [F(1,14) =1.33, p =.3], nor any significant Group by Trial interaction 

[F(5.0,69.8) =0.93, p =.5]. Similarly, for the extended training condition, there was no 

significant main effect of Group [F(1,16) = 0.24, p =.6], nor any significant Group by Trial 

interaction [F(4.8,76.5) = 1.00, p =.4]. Hence PD patients and controls showed similar extent 

of adaptation in A1 in both the limited and extended training conditions. 
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Adaptation in A1 and B 

Fig. 5.2 shows group mean trial by trial directional error in A1 and B in the 

limited training condition (left panels) and the extended training condition (right panels) 

for controls (top panels) and PD patients (bottom panels). Percent adaptation calculated 

from the rapid error reduction phase of each block (Trials 2-15) are shown inset. 

 

 
Fig. 5.2. Mean trial-by-trial directional error in A1 (closed, red circles) and B (open 

circles) in controls (top panels) and PD (bottom panels) for the limited training condition 

(left panels) and the extended training condition (right panels). Error bars represent 

standard errors of the mean.  A single-exponential function was fit to group mean trial-

by-trial for each adaptation block for A1 (solid lines) and B (broken lines). Insets: percent 

adaptation calculated from mean directional error of Trials 2-15 for each adaptation 

block.  
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Fig. 5.2 (top left panel) shows that in the limited training condition, controls 

reduced error at a similar rate in A1 (open circles) and B (filled circles). Controls in the 

limited training condition did not decrease percent adaptation significantly from A1 to B, 

[mean decrease 7.21 ± 5.89%, t (8) = 0.09, p =.9, d =.02]. Similarly, a RM-ANOVA with 

within-subjects factors Block (A1, B) and Trial (Trials 2, 3…15) showed a non-

significant main effect of Block [F(1, 8) = 1.47, p = .26]. Controls in the extended 

training condition showed larger directional error in B than in A1, particularly in Trials 2-

15 (Fig. 5.2, top right panel). Controls in the extended training condition decreased 

percent adaptation significantly from A1 to B [mean decrease 26.43 ± 9.13%, t (8) = 2.93, 

p =.02, d = 1.36]. Similarly, RM-ANOVA with within-subjects factors Block (A1, A2) 

and Trial (Trials 2, 3…15) showed a significant main effect of Block [F(1, 8) = 7.45, p = 

.03]. The significant decrease in percent adaptation from A1 to B in the extended training 

condition but not the limited training condition suggests that anterograde interference was 

evident in the extended training condition but not in the limited training condition. 

Fig. 5.2 (bottom panel) shows that in PD patients, error decreased at a similar rate 

in A1 (open circles) and B (filled circles), both in the limited training condition (left 

panel) and in the extended training condition (right panel). Percent adaptation in PD 

patients (Fig. 2 bottom panel insets) did not decrease significantly from A1 to B in the 

limited training condition [mean decrease 9.25 ± 7.38%, t (6) = 1.25, p = .3, d = 0.58]. 

Supporting this finding, a RM-ANOVA with within-subjects factors Block (A1, B) and 

Trial (Trials 2, 3…15) showed a non-significant main effect of Block [F(1, 6) = 2.13, p = 

.2] and a non-significant Block-by-Trial interaction [F(3.5, 21.0) = 1.70, p = .2]. PD 

patients also did not decrease percent adaptation in the extended training condition [mean 

7.35 ±8.80 % decrease, t (8) = 0.67, p = .5, d = 0.23]. Supporting this finding, a RM-
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ANOVA with within-subjects factors Block (A1, B) and Trial (Trials 2, 3…15) showed a 

non-significant main effect of Block [F(1, 8) = 2.22, p = .1], and a non-significant Block-

by-Trial interaction [F(4.7, 37.9) = .93, p = .5]. That percent adaptation did not decrease 

significantly from A1 to B in PD patients in either the limited or the extended training 

condition suggests impaired anterograde interference from A1 to B.  
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Adaptation in A1 and A2 

Fig. 5.3 shows trial by trial directional error in A1 and A2 in the limited training 

condition (left panels) and the extended training condition (right panels) in controls (top 

panels) and PD patients (bottom panels). 

 

 
Fig. 5.3. Mean trial-by-trial directional error in A1 (closed, red circles) and A2 (open 

circles) in controls (top panels) and PD patients (bottom panels) for the limited training 

condition (left panels) and the extended training condition (right panels). A single-

exponential function was fit to group mean trial-by-trial for each adaptation block for A1 

(solid lines) and A2 (broken lines). Insets: percent adaptation calculated from mean 

directional error of Trials 2-15 for each adaptation block. Error bars represent standard 

errors of the mean. 
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Fig. 5.3 (top left panel) shows that controls in the limited training condition 

reduced directional error more rapidly in A2 than in A1. Controls increased percent 

adaptation significantly from A1 to A2, [mean increase 12.73 ± 4.58%, t (8) = 2.67, p 

=.02, d = 0.71]. Supporting this finding, a RM-ANOVA with within-subject factors 

Block (A1, A2) and Trial (Trials 2, 3…15) showed a significant main effect of Block 

[F(1,8) = 7.14, p = .03] and a non-significant Block-by-Trial interaction [F(5.0, 40.2) = 

1.28, p = .3].  Fig. 5.3 (top right panel) shows that controls in the extended training 

condition reduced directional error more rapidly in A2 than in A1. Percent adaptation 

increased significantly from A1 to A2 [mean increase 6.98 ± 2.87%, t (8) = 3.15, p = .03, 

d = 0.40]. Supporting this finding, a RM-ANOVA with within-subjects factors Block 

(A1, A2) and Trial (Trials 2, 3…15) showed a significant main effect of Block [F(1, 8) = 

5.58, p = .04] and a non-significant Block-by-Trial interaction [F(4.2, 33.3) = 1.49, p = 

.3]. Hence, for controls in both the limited and extended training condition, the significant 

increase in percent adaptation from A1 to A2, as well as the significant main effect of 

Block suggests that controls showed A1-B-A2 savings in both the limited and the 

extended training condition. 

Fig. 5.3 (bottom left panel) shows that PD patients reduced directional error at a 

similar rate in the limited training condition. In the limited training condition, PD patients 

showed similar rate of error reduction in A1 and A2, and did not increase percent 

adaptation significantly [mean increase: 1.74± 6.59%, %, t (6) = 0.26, p = 0.8, d = 0.08]. 

Supporting this finding, a RM-ANOVA with within-subject factors Block (A1, A2) and 

Trial (Trials 2, 3…15) showed a non-significant main effect of Block [F(1, 6) = .07, p = 

.8], and a non-significant Block-by-Trial interaction [F(3.7, 26.2) = 0.70, p = .6]. Fig. 5.3 

(bottom right panel) shows that PD patients reduced directional error at a similar rate in 
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the extended training condition. Percent adaptation did not change significantly from A1 

to A2 [mean increase: 3.94± 3.56%, t (8) = 1.11, p = 0.3, d = 0.21]. Supporting this 

finding, a RM-ANOVA with within-subject factors Block (A1, A2) and Trial (Trials 2, 

3…15) showed a non-significant main effect of Block, [F(1,8) = 1.22, p = .3] and a non-

significant Block-by-Trial interaction [F(4.2, 32.9) = 1.05, p = .4]. Hence, for PD patients 

in both the limited and extended training conditions, the absence of a significant increase 

in percent adaptation from A1 to A2, as well as the non- significant main effects of Block, 

suggests that PD patients did not show significant A1-B-A2 savings in both the limited 

and the extended training condition. 

 

DISCUSSION 

The current study yielded two main findings. First, while controls showed 

anterograde interference (i.e., slower rate of error reduction in B than A1) following 

extended training in A1, PD patients did not. Second, while controls showed more rapid 

error reduction in A2 than in A1 following both limited and extended training in A1, PD 

patients' rate of error reduction was similar in A1 and A2 after both limited and extended 

training. Thus, while older adults showed A1-B-A2 savings with both limited and 

extended training, PD patients did not.  

The finding of impaired anterograde interference in PD is novel, and suggests that 

intact dopaminergic function is important for anterograde interference in motor 

adaptation. The anterograde interference deficit in PD is attributed to operant 

reinforcement learning deficits that result from dopamine denervation in PD (Shohamy et 

al. 2004; Frank et al. 2004). A rewarding motor outcome (hitting the target) resulting 

from execution of an adapted movement is thought to cause midbrain dopaminergic 
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neurons to burst phasically, associating that movement with reward such that it is 

preferentially selected at subsequent learning. This results in anterograde interference 

when the perturbation at subsequent learning is opposite to that of initial learning. It is 

proposed that an attenuated dopaminergic response to reward in PD makes it difficult to 

associate the adapted movement with reward (Frank 2005), and hence that movement is 

not preferentially selected at subsequent learning, resulting in diminished anterograde 

interference.  

It is possible that use-dependent plasticity also contributed to anterograde 

interference, especially since the current single-target adaptation protocol ensured 

consecutive repetition of the adapted movement at asymptote. It is possible that this 

movement repetition resulted in use-dependent movement biases. As there was no 

washout before the opposing perturbation B, these movement biases may have 

contributed to the larger directional error and slower adaptation rate evident in B. Use-

dependent plasticity is dopamine sensitive (Floel 2005) and is likely to be impaired as a 

result of dopamine denervation in PD. Both use-dependent plasticity (Butefisch et al. 

2000) and anterograde interference are impaired by increasing GABA-ergic inhibition 

and blocking NMDA receptor activation (Donchin et al. 2002). As dopamine denervation 

in PD probably impairs both operant reinforcement learning and use-dependent plasticity, 

impaired anterograde interference in PD may stem from deficits in both use-dependent 

plasticity and operant reinforcement mechanisms. In other words, both model-free slow 

processes may be impaired by dopamine denervation in PD, and may contribute to 

impaired anterograde interference in PD. However, this hypothesis remains speculative 

and requires further examination.  
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Unlike controls, who showed A1-B-A2 savings in both the limited and the 

extended training conditions, PD patients did not show significant A1-B-A2 savings in 

both the limited and the extended training conditions. Attenuated savings in PD replicates 

previous findings (Bedard and Sanes 2011; Marinelli et al. 2009; Leow et al. 2012). It 

must be pointed out however that unlike A1-washout-A2 savings shown in previous 

studies (Bedard and Sanes 2011; Leow et al. 2012), A1-B-A2 savings is not a “pure” 

measure of savings, as A1-B-A2 savings reflects the net effect of savings from A1 to A2 

and possible anterograde interference effects from B to A2. Anterograde effects from B to 

A2 is thought to affect A1-B-A2 savings (Miall et al. 2004), because even though the 

adapted motor output for B was returned to the unadapted state via washout before A2, 

washout may not eliminate slow learning acquired for B (Huang and Shadmehr 2009) , 

and thus B may exert some persistent influence on A2. An operant reinforcement account 

of A1-B-A2 savings suggests that overlearning in A1 strengthens the association between 

reward and the adapted movement for A. At A2, despite the existence of a competing 

movement-reward association for B, the adapted movement for the first perturbation A 

can be retrieved because of the strong movement-reward association, resulting in savings 

at A2. Unlike controls, PD patients did not show A1-B-A2 savings both with limited or 

extended training. It is proposed that in PD, operant reinforcement learning deficits 

resulted in difficulty associating the adapted movement for A as well as the adapted 

movement for B with reward. Hence at A2, as the movement-reward associations for both 

A and B may be weak, the adapted movement for A is not preferentially selected, 

resulting in attenuated savings in PD.  

Multiple lines of evidence collectively suggest that the primary motor cortex (M1) 

is involved in the slow process (Galea et al. 2010; Richardson et al. 2006; Cothros et al. 
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2006; Li et al. 2001; Landi et al. 2011). M1 cells tend to fire in response to a specific 

preferred direction of movement. Throughout the rapid error reduction phase of motor 

adaptation, the firing rate of M1 cells remain constant (Li et al. 2001; Paz et al. 2005b; 

Paz et al. 2003; Gandolfo et al. 2000), which suggests that M1 is not directly involved in 

the model-based fast process. Repeating the adapted movement after attaining asymptote 

changes the preferred direction of a subpopulation of M1 cells (Paz et al. 2005a; Paz et al. 

2003; Li et al. 2001). This change in the preferred direction persists despite subsequent 

washout, thus suggesting a neural substrate for a longer-term memory trace in slow 

learning (Li et al. 2001). M1 is connected to the midbrain through indirect and direct 

projections (for a review, see Luft and Schwarz 2009). M1 activity is sensitive to both 

dopamine (Ziemann et al. 1997) and reward (Kapogiannis et al. 2011; Kapogiannis et al. 

2008). Hence it seems plausible that midbrain dopaminergic reward signals may play a 

role in the formation of the memory trace in M1. Dopaminergic signals to M1 might play 

a role in both model-free slow processes of operant reinforcement learning (Huang et al. 

2011) and use-dependent plasticity (Floel 2005). It is thought that when the adapted 

movement is repeated and reinforced with reward at initial learning, phasic firing of the 

midbrain dopaminergic neurons modulate M1 activity, which predisposes the reselection 

of the previously repeated and reinforced movement at subsequent learning. In PD, 

smaller midbrain dopaminergic signals may lead to attenuated modulation of M1 activity, 

and may thus fail to predispose reselection of the previously repeated and reinforced at 

subsequent learning.  

That limited training of 25 adaptation trials was sufficient for savings to occur in 

controls is congruent with our previous finding of savings after the first block of 25 

adaptation trials in controls (Leow et al. 2012). Krakauer et al. (2005) however found that 
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33 cycles in A1 (33 visits to each target) was insufficient for A1-B-A2 savings: savings 

was only evident when participants completed 66 cycles in A1. The discrepancy in 

current and previous findings may be due to the difference in target number. The current 

study required participants to aim to a single target, while Krakauer et al. (2005) required 

participants to aim to 8 targets. When adapting to 8 targets, the adapted movement for 

each target is repeated once every 8 trials. Conversely, when adapting to a single target, 

the adapted movement for that single target is repeated in consecutive trials. Operant 

reinforcement mechanisms may be more efficient when the adapted movement for a 

given target is repeated and reinforced in consecutive trials than once every cycle. Hence 

single-target adaptation may require less overlearning than multiple-target adaptation to 

evoke savings. This possibility can be explicitly tested in future studies. 

Limitations  

A key limitation of the current study is that we did not directly manipulate reward, 

unlike previous studies which directly manipulated the salience of target acquisition 

(target explosion)(Izawa and Shadmehr 2011; Pekny et al. 2011). We assumed that 

getting close to or hitting the target is intrinsically rewarding. Nonetheless, given the 

well-established findings of impaired operant reinforcement learning in PD (Shohamy 

and Foerde 2011) the current interpretation that processes which are sensitive to 

dopamine and reward contributes to the findings of deficient anterograde interference and 

savings in PD seems parsimonious. Future studies should examine how manipulating 

reward affects anterograde interference and savings during motor adaptation in PD. 

Summary 

Consistent with the proposal that slow learning occurs through dopamine-

dependent model-free mechanisms, the current study showed deficient anterograde 
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interference and savings in an A1-B-A2 paradigm in PD. Deficient anterograde 

interference and A1-B-A2 savings was proposed to result from diminished modulation of 

the midbrain dopaminergic signals to M1, which may impair both model-free 

mechanisms of operant reinforcement learning and use-dependent plasticity. 
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SUPPLEMENTARY INFORMATION  

S1: Quantifying anterograde interference and savings with rate constants  

An alternative method of quantifying anterograde interference and savings is to 

compare the rate constants from successive adaptation blocks (Huang et al. 2011). 

Decreases in rate constants from initial learning to subsequent learning suggests 

anterograde interference from initial learning to subsequent learning. Increases in rate 

constants from initial learning to subsequent learning indicate savings from initial 

learning to subsequent learning.  

 Rate constants were obtained by fitting the single exponential curve to individual 

datasets. The function is as follows: 

Y = Y0+(plateau-Y0)(1-e(
-kx

).  

Where: 

Y is directional error, X is the trial number, and Y0 is the hypothetical Y value when X 

(trial number) is zero. K is the rate constant and indicates the rate with which directional 

error changes. The greater the magnitude of K, the greater is the rate of change in 

directional error. Plateau is the directional error at which performance reaches asymptote. 

Individual differences in directional error at plateau necessarily increase the 

variability of the calculated rate constant. Hence to calculate rate constant, directional 

error at plateau was constrained to -5° when fitting the single-exponential curve to the 

data. -5° was chosen because this has been previously reported to be the directional error 

at plateau given a 30° rotation (Krakauer et al., 2000). However, as the exponential 

function did not show good fits to all individual datasets, analyses were only conducted 

on datasets with acceptable fits to the function (R
2 

> 0.3). One-tailed paired samples t-

tests were used to evaluate if rate constants differed between blocks within each 

participant group.  
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Anterograde Interference 

As directional error values at the first few trials of B are approximately twice as 

large as that of the first few trials of A1, the single-exponential function would estimate 

very large directional errors at the hypothetical Trial 0 (i.e., very large Y0 values) for B, 

which would necessarily inflate the calculated rate constants for B. The magnitude of the 

hypothetical Y0 value was thus constrained to be less than 70° when calculating rate 

constants to compare A1 and B.  

Anterograde interference was quantified as smaller rate constants in B than in A1. 

For controls in the limited training condition, rate constants in B (0.37± 0.07) were larger 

than that in A1 (mean ± SE: 0.25 ± 0.04), [t (8) = 2.08, p =.04, d = 0.63]. That rate 

constants in B were not smaller than in A1 suggests a lack of anterograde interference in 

controls with limited training in A1. As rate constant was larger in B than in A1, this 

suggests that error reduction occurred more quickly in B than in A1, which is likely to be 

a result of the larger directional errors in the first few trials of B than in A1. For controls 

in the extended training condition, rate constant in B (0.20 ± 0.15) was smaller than in A1 

(0.39 ± 0.07), although t-tests were not significant [t (4) =1.14, p =.1]. As this resulted in 

a large effect size (d =1.16), that the t-test was not significant was likely due to the small 

sample size (n = 5) after removing four datasets which did not show acceptable fits to the 

exponential function (R
2 
< 0.3). Hence, for controls in the extended training condition, the 

smaller rate constants in B than in A1 suggests anterograde interference from A1 to B. 

For PD patients in the limited training condition, rate constants in A1 (0.30 ± 

0.10) did not differ significantly from that in B (0.24 ± 0.04), [t (6) =0.77, p = .2, d = 

0.26]. For PD patients in the extended training condition, rate constants in A1 (0.41 ± 

0.12) did not differ significantly from that in B (0.58 ± 0.12) [t (7) =0.79, p =.2, d=.37]. 

That rate constants did not differ significantly in B than in A1 in both the limited and the 
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extended training condition in PD patients suggests that anterograde interference from A1 

to B was not evident. 

A1-B-A2 savings 

For controls in the limited training condition, rate constant increased from A1 

(0.25 ± 0.04) to A2 (0.60 ± 0.13) in controls, [t (8) = 2.08, p= .03, d = 1.01]. For controls 

in the extended training condition, rate constant increased from A1 (0.39 ± 0.07) to A2 

(0.57 ± 0.13) [t (8) = 2.59, p= .02, d = 1.69). The significant increase in rate constant 

from A1 to A2 in controls in both the limited and extended training conditions suggests 

the occurrence of A1-B-A2 savings. 

For PD patients in the limited training condition, rate constant did not increase 

significantly from A1 (0.30 ± 0.10) to A2 (0.29 ± 0.10) [t (6) = 0.03, p=.6, d = 0.10]. For 

PD patients in the extended training condition, rate constant did not significantly increase 

from A1 (0.41 ± 0.12) to A2 (0.45 ± 0.13) [t(6) = 0.51, p=.3, d = 0.20]. That rate constant 

did not increase significantly from A1 to A2 in PD patients in both the limited and 

extended training conditions suggests a lack of A1-B-A2 savings.  

Overall, analyses using rate constants yielded similar results to analyses reported 

in the main text. 

S2: Directional Errors in Washout Trials 

Aftereffects were evident in the washout trials after B in the counter-clockwise 

direction (see Figure 5.S1). To evaluate if PD patients and controls differed in error 

reduction, mixed-ANOVAs with between-subjects factor Group (PD, controls) and 

within-subjects effect Trial (Trials 1, 2… 15) were run separately for the limited 

condition and the extended condition. For the limited training condition, there was no 

significant main effect of Group [F(1, 14) =.31, p =.5] nor any significant Group-by-Trial 
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interaction [F(2.4, 34.3) = 1.49, p =.2]. Similarly for the extended training condition, 

there was no significant main effect of Group [F(1, 16) =.06, p =.8] nor any significant 

Group-by-Trial interaction [F(4.7, 75.3) = 1.23, p =.3]. 

 
Fig. 5.S1. Group mean trial-by-trial directional error in PD patients and in controls in the 

washout trials after B, in the limited training condition (left panel) and the extended 

training condition (right panel). PD patients are represented by solid lines and filled 

triangles, controls are represented by dotted lines and inverted open triangles. Error bars 

represent standard errors of the mean.  
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Chapter 6. General Discussion 

 

This thesis examined motor adaptation in Parkinson’s disease, a neurological 

disorder characterised by dopamine denervation. Specifically, this thesis explored how 

the proposed model-based fast process and the model-free slow processes of adaptation 

learning are affected by Parkinson’s disease. The model-based fast process was quantified 

through (1) the ability to reduce error evoked by a systematic perturbation of visual 

feedback and (2) evidence of large aftereffects upon removal of the perturbation which 

decay trial-by-trial. The model-free slow process was quantified through savings (faster 

re-learning of previous learning) and anterograde interference (slower subsequent 

learning as a result of previously learning an opposing task. This chapter briefly reviews 

the findings of this thesis and discusses the implications of these findings. Limitations and 

directions for future research are also discussed. 

Intact error reduction during visuomotor adaptation in Parkinson’s Disease 

Previous studies of visuomotor adaptation in PD show mixed findings: some 

studies showed similar error reduction in PD and controls whereas other studies showed 

slower error reduction in PD than controls (Paquet et al. 2008; Venkatakrishnan et al. 

2011; Contreras-Vidal and Buch 2003). A review of the previous findings of slower error 

reduction in PD revealed two common task parameters: the requirement to make online 

movement corrections, and large feedback perturbations (Paquet et al. 2008; 

Venkatakrishnan et al. 2011; Contreras-Vidal and Buch 2003). Studies which did not use 

either of these task parameters showed similar error reduction as controls (Marinelli et al. 

2009; Bedard and Sanes 2011; Isaias et al. 2011; Fernandez-Ruiz et al. 2003). Thus, 

previous findings of slower error reduction may not reflect impaired ability to reduce 

sensory prediction errors evoked by a systematic perturbation of the motor outcome. 

Rather, these findings may have been due to task parameters (online movement 
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corrections, large perturbations) which imposed demands on action selection, a function 

which relies on the basal ganglia (Mink 1996) and is known to be deficient in PD 

(Helmich et al. 2009). Experiment 1 was thus designed with task parameters thought to 

place minimal demands on action selection. This study used a 30° rotation of visual 

feedback of the movement trajectory, a single-target adaptation procedure, and delayed 

visual feedback to prevent online movement corrections. The results showed similar 

adaptation performance in PD patients and older adult controls. PD patients showed 

similar rate and extent of error reduction as older adult controls in all four blocks of 25 

adaptation trials. After each adaptation block, PD patients and controls showed immediate 

aftereffects of similar magnitude to the perturbation. In the deadaptation trials after all 

four adaptation blocks, aftereffects also decayed trial-by-trial at a similar rate in PD 

patients and controls, indicating formation of an adapted internal model that accounted 

for the altered relationship between the motor command and the movement outcomes. 

These findings are consistent with the view that basal ganglia dysfunction in PD does not 

impair the mechanism of reducing sensory prediction errors imposed by a systematic 

perturbation by updating an internal model (Shadmehr and Krakauer 2008). Instead, 

updating an internal model in motor adaptation requires intact function of the cerebellum, 

which is thought to form forward models (Izawa et al. 2012), and the posterior parietal 

cortex, which is thought to integrate visual and proprioceptive feedback to update the 

inverse model (Mutha et al. 2011).  

As some neuroimaging studies show activation of the striatal and anterior 

cingulate cortex network in the early stages of adaptation learning (Contreras-Vidal and 

Kerick 2004; Seidler et al. 2006a), it might seem counterintuitive that PD patients did not 

show impaired error reduction in the early stages of adaptation. It is noteworthy that 

studies showing striatal activation require participants to make online corrections to the 
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rotation in visual feedback (Contreras-Vidal and Kerick 2004; Seidler et al. 2006a), while 

studies which did not require online corrections failed to show striatal activation (Tanaka 

et al. 2009). The basal ganglia is thought to play an important role in online error 

correction (Tunik et al. 2009; Desmurget et al. 2004) while the anterior cingulate cortex  

plays a role in error detection (Gehring et al. 1993). It is proposed that striatal activation 

reported in previous studies (Contreras-Vidal and Kerick 2004; Seidler et al. 2006a) 

reflect the striatum’s role in correcting movements online, rather than a direct role of the 

striatum in trial-by-trial updating of an internal model. As there was no requirement to 

correct movements online in the current studies, PD patients did not show impaired error 

reduction. 

Experiment 2 addressed a potential limitation of Experiment 1. It has been argued 

that concurrent visual feedback may be necessary to update an internal model during 

visuomotor adaptation, and that delayed visual feedback only evokes error reduction 

through strategic compensation (Hinder et al. 2010; Shabbott and Sainburg 2010; Hinder 

et al. 2008). As Experiment 1 used delayed visual feedback, it may be argued that error 

reduction in Experiment 1 was achieved through the use of compensatory strategies, such 

as by aiming to an imaginary target that is clockwise to the actual target to compensate 

for a 30° counterclockwise rotation of visual feedback. Compensatory strategies result in 

very fast error reduction, large increases in reaction time, and small aftereffects (Taylor 

and Ivry 2012). The possibility that delayed visual feedback evoked error reduction 

through compensatory strategies was explored in Experiment 2 by examining aftereffects 

following adaptation with concurrent and delayed feedback. Aftereffects of similar 

magnitude to the perturbation which decay trial-by-trial is evidence that error reduction 

did not occur solely through compensatory strategies, as sensory prediction errors must be 

repeatedly encountered to update the adapted internal model and return it to the 
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unadapted state. All participants completed 50 adaptation trials with one feedback 

condition (delayed or concurrent feedback). After returning motor output to the unadapted 

state with deadaptation trials, participants completed a second block of 50 adaptation 

trials with the other feedback condition. After adaptation with both delayed and 

concurrent feedback, PD patients and controls showed aftereffects of similar magnitude to 

the perturbation which decayed trial-by-trial. The finding of aftereffects which decayed 

trial-by-trial suggests the acquisition of an adapted internal model, and contradicts the 

argument that simultaneous visual feedback is necessary to update an internal model 

during visuomotor adaptation (Shabbott and Sainburg 2010; Hinder et al. 2010; Hinder et 

al. 2008). The argument that delayed feedback results in compensatory strategy use 

comes from findings of small aftereffects after adaptation with delayed feedback 

(Shabbott and Sainburg 2010; Hinder et al. 2010; Hinder et al. 2008). Those findings of 

small aftereffects were suggested to be due to the combined effect of multiple demanding 

adaptation paramters (multiple targets, large perturbations), which resulted in difficulty 

reducing error, thus provoking the use of compensatory strategies in attempt to reduce 

errors more quickly. However, while controls showed similar rate of error reduction with 

both delayed and concurrent feedback, PD patients reduced error more slowly with 

delayed feedback than with concurrent feedback in the early stages of error reduction. 

This finding was attributed to PD patients’ greater reliance on visual feedback for 

movement (Adamovich et al. 2001; Flowers 1975; Vaillancourt et al. 2001b, a; Schettino 

et al. 2006). Hence, subsequent adaptation studies in this thesis employed concurrent 

feedback to optimize PD error reduction performance at initial learning, which allowed 

the examination of the effect of initial learning on subsequent learning. 
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Impaired slow learning in PD  

Chapters 4 and 5 described experiments which evaluated the integrity of the 

model-free slow processes of adaptation learning in PD. Chapter 4 compared savings (i.e., 

the faster re-learning of previous learning) in PD patients and controls across adaptation 

blocks within the same session (Experiment 3) and between sessions separated by 24 

hours (Experiment 4). Despite showing similar rate and extent of error reduction at initial 

learning as controls, PD patients showed less savings than controls, both within the same 

session and between sessions separated by 24 hours. Deficient savings was evident 

despite overlearning and despite consecutive repetition of the adapted movement for the 

single-target at initial learning. These results extend previous findings of deficient savings 

in PD with less overlearning and with multiple-target adaptation paradigms where the 

adapted movement for each target was repeated once every 4 (Bedard and Sanes 2011) or 

8 (Marinelli et al. 2009) trials.  

Experiment 5 (Chapter 5) examined anterograde interference and A1-B-A2 

savings in PD patients and controls with limited and with extended training in A1. 

Participants completed a first block with a limited (25 trials) or extended number (80 

trials) of adaptation trials with a 30° counter-clockwise rotation in A1, and then 

completed a second block of 25 adaptation trials with a 30° clockwise rotation in B. After 

returning behaviour to the unadapted state with veridical feedback trials, participants 

completed a final block of 25 adaptation trials with the first 30° counter-clockwise 

rotation in A2. Anterograde interference was quantified as slower rate of error reduction 

in B than in A1. Controls showed significant anterograde interference with extended 

training but not with limited training. In contrast, PD patients did not show significant 

anterograde interference with both limited and extended training. The finding of impaired 

anterograde interference in PD is novel, and suggests that intact dopaminergic function is 

necessary for anterograde interference. Furthermore, while controls showed A1-B-A2 
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savings with both limited and extended training, PD patients did not show significant A1-

B-A2 savings with either limited or extended training. This finding of impaired A1-B-A2 

savings in PD is congruent with findings of impaired savings from Experiment 3 and 4.  

It is important to note that distinct cohorts of PD patients and controls were used 

for each experiment, with one exception in Experiment 5, where 2 previously tested PD 

patients were used in the extended training condition. For these 2 participants, previously 

validated methods of avoiding carryover effects were used: (1) patients were tested more 

than 12 months from their participation in a previous experiment (Miall et al. 2004), and 

(2) the direction of the rotation at A1 was opposite from that in the previous experiment 

(Landsness et al. 2011). The findings of impaired savings in different cohorts of PD 

patients in Experiments 2, 3, 4 and 5 suggests that impaired savings might not be an 

idiosyncratic feature of the current sample of PD patients. Collectively, these findings of 

impaired savings and anterograde interference in PD suggest that slow learning in motor 

adaptation is impaired in PD. 

Operant reinforcement mechanisms in slow learning 

The findings of impaired savings and impaired anterograde interference in PD in 

Experiments 3, 4, and 5 were attributed to operant reinforcement deficits in PD. 

Dopamine denervation in PD impairs operant reinforcement learning (for a review, see 

Wiecki and Frank 2010). In operant reinforcement learning, phasic bursts of the midbrain 

dopaminergic cells in response to reward are thought to act as a “teaching signal” that 

associates an action or a cue with reward (Schultz 1998). In neurologically intact controls, 

repeatedly pairing the adapted movement with a rewarding motor outcome at initial 

learning (coming close to or hitting the target) is thought to reinforce the adapted 

movement via phasic dopaminergic bursts, which strengthens the tendency to reselect that 

movement at subsequent learning. Reselection of the previously adapted movement is 
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leads to (1) savings when the perturbation at subsequent learning is the same as initial 

learning, or (2) anterograde interference when the perturbation opposes that of initial 

learning. Dopamine denervation in PD is thought to result in smaller phasic dopaminergic 

responses to reward (Frank 2005). In PD, repeatedly pairing the adapted movement with 

reward may fail to adequately reinforce the adapted movement. Consequently that 

movement is not preferentially selected at subsequent learning, which results in impaired 

savings and anterograde interference. Attenuated A1-B-A2 savings in PD shown in 

Experiment 5 were also interpreted through an operant reinforcement account. In 

controls, an A1-B-A2 paradigm involves reinforcing the adapted movement for the first 

perturbation in A1 and then reinforcing the adapted movement for the second, opposing 

perturbation in B, which results in the formation of two competing movement-reward 

associations (Huang et al. 2011). Extended training in A1 repeatedly pairs the adapted 

movement for the first perturbation with reward and thus strengthens the movement-

reward association. At A2, this strengthened movement-reward association is thought to 

bias reselection of the adapted movement for the first perturbation (despite the competing 

movement-reward association for the second perturbation); ultimately resulting in savings 

at A2. In PD, deficient operant reinforcement mechanisms may have resulted in difficulty 

forming movement-reward associations in both A1 and B. Even extended training of 80 

adaptation trials in A1 might have failed to sufficiently strengthen the movement-reward 

associations for the first perturbation, such that in A2, there was no bias towards 

reselecting the adapted movement for the first perturbation, reducing the amount of 

savings shown in A2. 

Use-dependent plasticity in slow learning 

A novel finding of the studies reported in Chapter 4 (Experiments 3 and 4) was 

that PD patients showed larger asymptotic error than controls in subsequent learning, but 
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not in initial learning. This finding is reminiscent of one previous finding that disrupting 

M1 activity with single-pulse TMS after movement completion during force-field 

adaptation lowers asymptotic performance in one condition where the adapted movement 

was repeated for many trials, but not in another condition where the adapted movement 

was not repeated (Orban de Xivry et al. 2010). Repeating the adapted movement after 

attaining asymptote is likely to evoke use-dependent plasticity. These findings were 

interpreted to suggest that use-dependent plasticity mechanisms in M1 play a role in 

determining the level of asymptotic performance in motor adaptation. Use-dependent 

plasticity, like operant reinforcement learning, is dopamine-sensitive: the magnitude of 

biases induced by use-dependent plasticity are augmented by the dopamine precursor 

Levodopa (Floel 2005) and use-dependent movement repetition increases striatal 

dopamine release (Kawashima et al. 2012). Hence use-dependent plasticity is likely to be 

impaired by dopaminergic denervation in PD, although this hypothesis remains to be 

tested experimentally. It is proposed that the finding of deficient asymptotic performance 

in PD shown in Chapter 4 stems from impaired use-dependent plasticity in PD.  

In Experiment 5, use-dependent movement biases generated from repeating the 

adapted movement in A1 might have also contributed to larger directional errors and 

slower error reduction in B, since there was no washout between A1 and B. As use-

dependent plasticity may be impaired by dopamine denervation in PD, use-dependent 

plasticity deficits may have partly contributed to the finding of deficient anterograde 

interference in PD. Hence while anterograde interference was hypothesized to occur 

primarily via operant reinforcement learning, it is possible that use-dependent plasticity 

may have also contributed to anterograde interference.  

While use-dependent plasticity can occur in the absence of reward (Classen et al. 

1998; Verstynen and Sabes 2011) and therefore is not reward-dependent, it has been 
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proposed that use-dependent plasticity is reward sensitive, as use-dependent plasticity is 

larger in the context of reducing error induced by a perturbation than with simple 

movement repetition (Huang et al. 2011; Diedrichsen et al. 2010). Hence use-dependent 

plasticity mechanisms may be augmented by operant reinforcement mechanisms, 

increasing the tendency to reselect previously repeated movements at subsequent 

learning. This hypothesis remains to be experimentally tested.  

The motor cortex and dopamine in slow learning 

Various lines of evidence show that the motor cortex (M1) is involved in the slow 

process of adaptation learning (Galea et al. 2010; Li et al. 2001; Gandolfo et al. 2000; Paz 

et al. 2003; Paz 2005; Mandelblat-Cerf et al. 2011a; Landi et al. 2011; Cothros et al. 

2006). Altering M1 activity with non-invasive brain stimulation modulates the formation 

of this memory trace and affects reselection of the adapted movement at subsequent 

learning. Increasing M1 excitability with anodal tDCS in initial learning increases the 

persistence of aftereffects in subsequent veridical feedback trials (Galea et al. 2010), 

whereas interrupting M1 activity with single-pulse TMS upon completion of each 

movement in initial learning does not change the rate of error reduction, but decreases the 

persistence of aftereffects in subsequent veridical feedback trials (Hadipour-Niktarash et 

al. 2007). Disrupting M1 activity with repetitive TMS after initial learning also reduces 

the amount of anterograde interference shown at subsequent learning (Cothros et al. 

2006). M1 cells preferentially fire in response to a specific movement direction 

(Georgopoulos et al. 1982). The preferred direction of these cells remain unchanged with 

error reduction in motor adaptation, which suggests that M1 does not play a direct role in 

error reduction (Li et al. 2001; Gandolfo et al. 2000; Paz et al. 2003; Paz 2005; 

Mandelblat-Cerf et al. 2011a). However, the preferred direction of these cells changes 

after the movement is repeated at performance asymptote, and this change in preferred 
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direction persists despite returning motor output to the unadapted state (Li et al. 2001; 

Gandolfo et al. 2000; Paz et al. 2003; Paz 2005; Mandelblat-Cerf et al. 2011a). The 

change in preferred direction with movement repetition suggests formation of a persistent 

memory trace which predisposes reselection of a movement in that direction.   

It was proposed that during adaptation learning, midbrain dopaminergic signals in 

response to reward modulate the formation of a longer-term memory trace in M1. This is 

plausible given the direct and indirect connections between the dopaminergic midbrain 

and M1 (Luft and Schwarz 2009). Findings from neurophysiological studies in animals 

suggest that the connections between the midbrain and M1 play a key role in motor 

learning (Molina-Luna et al. 2009; Hosp et al. 2011). Temporarily blocking the 

dopaminergic receptors in M1 in rats prevents M1 from receiving midbrain dopaminergic 

signals and impairs motor skill learning, tested with the accelerating rotarod task (Molina-

Luna et al. 2009). Similarly, lesioning the midbrain dopaminergic neurons impairs motor 

skill learning, but this deficit is attenuated when dopamine is administered in M1, which 

suggests a role of the midbrain dopaminergic signals to M1 in motor skill learning (Hosp 

et al. 2011).  

In Chapters 4 and 5, a mechanistic account of how operant reinforcement 

mechanisms mediate the formation of a longer-term memory trace in M1 was proposed. It 

was proposed when execution of the adapted movement results in rewarding motor 

outcomes, phasic firing of the midbrain dopaminergic neurons (Schultz 1998) act as a 

“teaching signal” that modulates M1 activity, triggering the formation of a memory trace 

that predisposes reselection of the adapted movement at subsequent learning. In PD, 

dopamine denervation is likely to result in an attenuated dopaminergic response to 

reward, leading to less effective dopaminergic modulation of M1 activity and impaired 

formation of a longer-term memory trace in M1. However there is presently no direct 
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evidence of how midbrain dopaminergic signals modulate the formation of a memory 

trace in M1 during adaptation learning. One way to study this would be to simultaneously 

record the firing rate of the midbrain dopaminergic neurons and M1 neurons when 

movements are repeated during motor adaptation. There are already studies making 

simultaneous recordings of the midbrain dopaminergic neurons and M1 neurons while 

monkeys reach towards rewarding and unrewarding targets (Pohlmeyer et al. 2012). 

Running such studies in the context of motor adaptation would help elucidate if and how 

midbrain dopaminergic signals modulate the formation of a longer-term memory trace in 

M1 during motor adaptation.  

Significance of the current thesis 

While the experiments described in this thesis are exploratory, they shed some 

light on how adaptation learning is affected in PD. The findings of this thesis suggest that 

dopamine denervation in PD selectively impairs the model-free slow processes despite 

leaving the model-based fast process unimpaired. PD patients can reduce error trial by 

trial, ostensibly by updating an internal model, but show impaired savings and 

anterograde interference, which suggests that dopamine denervation in PD impairs the 

mechanisms of operant reinforcement learning and use-dependent plasticity thought to 

contribute to savings and anterograde interference. These findings suggest that the 

dopaminergic signal impaired in PD is important to both operant reinforcement and use-

dependent plasticity mechanisms in motor adaptation. It was proposed that after an 

adapted movement is attained by updating an internal model, subsequent repetition of the 

adapted movement evokes operant reinforcement and use-dependent plasticity 

mechanisms. Operant reinforcement learning is thought to associate the adapted 

movement with reward, strengthening the tendency to preferentially select that reinforced 

movement at subsequent learning. Use-dependent plasticity is thought to evoke a bias to 
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reselect the repeated adapted movement at subsequent learning. In this way, operant 

reinforcement and use-dependent plasticity mechanisms contribute to savings and 

anterograde interference.  

Limitations and future directions 

While the current thesis aimed to examine how dopaminergic denervation in 

Parkinson’s disease affects the fast and the slow processes of motor adaptation, none of 

the studies reported in this thesis manipulated the type or dose of dopaminergic 

medication in PD. Unlike studies which tested PD patients in the clinically defined “off” 

state (a minimum of 12-16 hours of abstaining from medication)(e.g., Kwak et al. 2010), 

all PD patients were tested within 3 hours of their last dose of medication. This was done 

for ethical reasons, as the current studies were not conducted in a clinical setting where 

the safety of abstaining from medication or going on homogenous doses and types of 

medication could be monitored by healthcare professionals. Altering PD patients’ normal 

medication cycles could have thus posed a safety risk. Furthermore, PD patients typically 

experience significant discomfort when abstaining from medication, and thus would be 

less willing to participate in the studies.  

Dopaminergic medication can detrimentally over-dose the relatively unaffected 

ventral striatum while treating the motor symptoms that result from dopamine 

denervation in the more affected dorsal striatum (Cools et al. 2001). Overdosing the 

ventral striatum can impair functions reliant on the ventral striatum, which include many 

cognitive functions (for a review, see Cools 2006) as well as the early part of motor 

sequence learning (Kwak et al. 2010). Hence one might suggest that the current findings 

of impaired savings and anterograde interference in medicated PD patients are in fact due 

to a detrimental effect of dopaminergic medication. A counter-argument to this 
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suggestion is that deficient savings in motor adaptation is evident even in drug-naïve, 

unmedicated PD patients (Marinelli et al. 2009). These findings of deficient savings are 

replicated in medicated PD patients in Experiments 3, 4 and 5 and in another study by 

Bedard and Sanes (2011). Collectively, these findings of deficient savings in both in 

medicated and unmedicated PD patients suggest that impaired savings is not due to a 

detrimental effect of overdosing the ventral striatum with dopaminergic medication. 

Furthermore, even optimal doses of dopaminergic medication do not completely 

ameliorate the dopaminergic deficit in PD (Olanow 2008). It was thus thought reasonable 

to attribute the current findings of impaired savings and anterograde interference to 

dopamine denervation, even in the current sample of medicated PD patients.  

Approximately half of the PD patients in each of the studies reported were on 

dopamine agonists. Dopamine agonists evoke dopamine dysregulation in a minority of 

PD patients, evident by impulsive behaviours and a distorted bias to learning from 

positive outcomes than negative outcomes (Voon et al. 2010) due to excessive dopamine 

transmission in the ventral striatum (Evans et al. 2006). Given the small number of 

patients on each dopamine agonists within each participant group (n≤ 5), it was difficult 

to determine if such an effect might have influenced the results of each study. It does 

however appear unlikely that the current findings of impaired savings was a result of 

dopamine dysregulation and consequently biased learning from positive outcomes in the 

subsample of patients on dopamine agonists, as dopamine dysregulation should result in 

enhanced processing of reward and consequently better savings than that of controls.  

While the primary neuropathology in PD is cell death of the dopamine producing 

neurons, PD can also result in alterations of the cholinergic pathways (particularly in the 

frontal and the temporal cortices), with incidence rates ranging from 5% to 25% in 
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samples of non-demented PD patients (for a review, see Bohnen and Albin 2011). As the 

current studies did not assess cholinergic deficits, one might argue that undetected 

cholinergic deficits in the frontal and temporal lobe in PD patients could have affected 

adaptation performance in PD patients. However, as the cognitive demand of the task 

was minimized with the moderate 30° rotation and the single target design, adaptation 

performance appears unlikely to have been significantly affected by underlying frontal 

and temporal cholinergic deficits, as evidenced by similar error reduction performance in 

initial learning in PD patients as in older adult controls. Furthermore, relearning does not 

involve activation of the frontal and the temporal cortex in neurologically intact young 

adults (Seidler and Noll 2008), suggesting that intact function of the frontal and temporal 

cortices might not be crucial to savings. Hence cholinergic deficits (if present) seem 

unlikely to have resulted in impaired savings at relearning in PD patients.  

In interpreting the results through an operant reinforcement account of the slow 

process, this thesis has assumed involvement of positive reinforcement and not negative 

reinforcement
16

. Huang et al. (2011) suggest that operant reinforcement learning during 

adaptation occurs via positive reinforcement from rewarding outcomes of coming close to 

or hitting the target. It is, however, also possible that operant reinforcement learning 

occurs through negative reinforcement (i.e., removal of an unrewarding outcome) instead, 

as the perturbation evokes an unrewarding discrepancy between the desired movement 

outcome and the actual movement outcome. The sensory prediction error may act as a 

negative reinforcement signal, reinforcing the adapted movement through reduction of the 

unrewarding sensory prediction error. Negative reinforcement learning is thought to occur 

through phasic dips in the firing rate of the midbrain dopaminergic neurons (Schultz 

                                                 

16
 Learning from punishment is not thought to be mediated by the basal ganglia, but by the insula (Wächter 

et al. 2009), and thus is not considered here. 
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1998). In unmedicated PD patients, dopamine denervation reduces the tonic and phasic 

levels of dopamine, and is not thought to impair the ability to show phasic dips in the 

firing rate of dopaminergic neurons (Frank 2005). As such, unmedicated PD patients are 

unimpaired at learning from negative reinforcement (Frank et al. 2004; Bódi et al. 2009; 

Cools et al. 2006; Jahanshahi et al. 2010). If savings occurred solely via negative 

reinforcement and not positive reinforcement, then unmedicated PD patients should show 

intact savings. This does not appear to be the case, as deficient savings is evident even in 

unmedicated drug-naïve PD patients (Marinelli et al. 2009). Operant reinforcement 

mechanisms in motor adaptation may therefore not operate solely through negative 

reinforcement, although it remains possible that negative reinforcement mechanisms play 

a part.  

The proposal that operant reinforcement learning does not solely occur through 

negative reinforcement during adaptation learning is indirectly supported by findings of 

more savings (Klassen et al. 2005) and greater persistence of aftereffects with a gradual 

perturbation than with a sudden perturbation (Huang and Shadmehr 2009). When a 

perturbation is gradually introduced (such as by incrementally increasing the rotation by 

1° trial by trial), the sensory prediction error is so small that it is within the range of 

movement noise (Criscimagna-Hemminger et al. 2010). If operant reinforcement learning 

occurs through negative reinforcement, the size of the sensory prediction error would 

determine the strength of the negative reinforcement signal. Small sensory prediction 

errors in gradual adaptation would provide very weak negative reinforcement signals. A 

suddenly imposed large perturbation (e.g., a 90° rotation, imposed over the course of 1 

trial) would evoke a large sensory prediction error which would constitute a strong 

negative reinforcement signal. If savings occurred primarily via negative reinforcement, 

then gradual adaptation should result in less savings than sudden adaptation. However, 
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gradual adaptation results in more savings than sudden adaptation (Klassen et al. 2005), 

which suggests that operant reinforcement learning may not occur solely via negative 

reinforcement.  

The question of whether operant reinforcement learning occurs via positive 

reinforcement, negative reinforcement, or both, remains unclear, and would benefit from 

more direct evidence, for example by examining how direct manipulation of the 

reinforcement signal affects savings (Huang et al. 2011). If the positive reinforcement 

signal is hitting or coming close to the target, increasing the salience of hitting the target 

can augment the positive reinforcement signal (e.g., Pekny et al. 2011). Similarly, 

preventing target acquisition (e.g., by removing the target before movement completion) 

might weaken the reinforcement signal, making it difficult to reinforce the adapted 

movement at initial learning, impairing savings at subsequent learning. Neurologically 

intact individuals with the DRD2 polymorphism learn better from negative reinforcement 

than positive reinforcement (Frank et al. 2007). Comparing savings in such individuals 

with that of controls while manipulating positive and negative reinforcement signals can 

shed light on the contributions of positive and negative reinforcement on adaptation 

learning—  these individuals might show less savings than controls despite augmented 

positive reinforcement, and more savings than controls with augmented negative 

reinforcement. 

In this thesis, PD was a valuable model of dopamine denervation that allowed us 

to explore how dopamine denervation impairs the model-free slow process in adaptation 

learning. Another potentially fruitful approach would be to pharmacologically modulate 

the dopaminergic signal. Increasing the phasic dopaminergic reward signal with the 

dopamine precursor Levodopa, or decreasing the phasic dopaminergic reward signal with 
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the dopamine antagonist Haloperidol has been shown to modulate the amount of operant 

reinforcement learning in neurologically intact adults (Pessiglione et al. 2006). 

Pharmacologically modulating dopamine levels might therefore similarly modulate 

operant reinforcement learning processes in adaptation learning. 

Clinical implications of the current findings 

This thesis suggests that operant reinforcement deficits resulting from an impaired 

dopaminergic response to reward in PD underlie findings of impaired savings and 

anterograde interference in motor adaptation. These findings are in line with evidence 

suggesting that reward and operant reinforcement processes play a key role in the longer-

term retention of motor learning, not only in motor adaptation (Pekny et al. 2011), but 

also in other motor learning paradigms such as motor skill learning (Abe et al. 2011) and 

motor sequence learning (Fischer and Born 2009). Collectively, these findings suggest 

that the motor system remembers movements that are rewarding. As all motor 

rehabilitation is rooted in motor learning, a consideration of reward in the design of 

rehabilitation protocols may be beneficial in improving longer-term retention of benefits 

acquired from motor rehabilitation. For PD in particular, the suggestion that operant 

reinforcement deficits underlie impaired retention of motor learning offers a potential 

explanation for findings of difficulty with long-term retention of performance gains in 

motor rehabilitation (Nieuwboer 2009; Abbruzzese et al. 2009), and findings that 

intensive training is necessary to elicit long-term performance gains (Frazzitta et al. 2012; 

Herman et al. 2007). 
17

 

                                                 

17
 It must be noted that deficient longer-term retention of benefits acquired from motor 

rehabilitation may not only stem from operant reinforcement deficits, but also from non-

motor deficits such as apathy and fatigue which may lead to reduced compliance in motor 

rehabilitation. Full consideration of the impact of non-motor deficits on movement 

rehabilitation is worthy of future research, but lies beyond the scope of the current thesis.  
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The possibility that retention may be improved by reward suggests alternative 

methods to improve retention from rehabilitation, not only for PD patients, but also for 

other clinical populations. Such methods include (1) overlearning to increase the number 

of movement-reward pairings such that a desired movement is eventually associated with 

reward; (2) augmenting the reward signal by incorporating and manipulating reward in 

the design of rehabilitation protocols and or (3) pharmacologically increasing dopamine 

levels to augment the clinical benefit from rehabilitation, particularly in stroke 

rehabilitation where this procedure has already shown promising results (Acler et al. 

2009; Scheidtmann et al. 2001; Rösser et al. 2008). 

The proposal that reward contributes to the retention of motor learning 

alsosupports the case for game-based rehabilitation protocols, which reinforce desired 

movement patterns with reward (hitting a target or accruing points) and may thus increase 

the retention of motor learning. There is growing public and clinical interest in creating 

game-based rehabilitation protocol using products such as the Nintendo Wii Fit to create 

cost-effective, home-based rehabilitation, and thus pilot studies have already begun 

investigating the viability and effectiveness of such programmes in PD (Esculier et al. 

2012) and in older adults (Bateni 2012; Sugarman et al. 2009; Graves et al. 2010; 

Williams et al. 2011; Yamada et al. 2011; Bainbridge et al. 2011; Crotty et al. 2011; 

Agmon et al. 2011; Laver et al. 2011). While game-based rehabilitation cannot replace 

conventional rehabilitation, it is worthy of serious consideration as a complementary 

therapy for PD patients at an early stage of the disease because of its cost-effectiveness 

and high levels of accessibility, as well as because it might promote retention through 

reward. Healthcare systems typically only refer PD patients to rehabilitation when severe 
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motor deficits arise (Earhart et al. 2012), and thus such self-administered protocols are 

valuable as they allow PD patients to access rehabilitation at an early stage of the disease. 

Systematic studies evaluating how to optimize game-based rehabilitation protocols are 

therefore warranted. 

Summary 

This thesis shows two main findings. First, PD patients showed intact error 

reduction at initial learning and aftereffects of similar magnitude to the perturbation 

which decayed trial-by-trial. Second, despite intact error reduction at initial learning, PD 

patients showed impaired savings and anterograde interference at subsequent learning. 

Intact error reduction and large aftereffects which decayed trial-by-trial suggests that the 

fast process of updating an internal model is intact in PD. Despite intact fast learning, PD 

patients showed impaired savings and anterograde interference, which suggests impaired 

slow learning. This suggests that dopamine denervation in PD leaves the fast process of 

updating an internal model intact, but impairs the model-free slow process, which is 

proposed to occur through operant reinforcement mechanisms. Operant reinforcement 

learning in motor adaptation relies on phasic dopaminergic signals to associate an adapted 

movement with reward at initial learning, such that the adapted movement is 

preferentially selected at subsequent learning, resulting in savings and anterograde 

interference(Huang et al. 2011). It was proposed that dopamine denervation in PD 

reduces the dynamic range of dopaminergic signals, which impairs operant reinforcement 

mechanisms in motor adaptation, resulting in diminished savings and anterograde 

interference. 
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Appendix I 

Correlational analyses 

For the studies described in Chapter 4 and 5 (Experiment 3, 4 and 5), correlational 

analyses were run on individual UPDRS motor scores and the amount of savings shown. 

Amount of savings was not pooled together across Experiments 3, 4 and 5 for 

correlational analyses as the trial structure differed between each experiment, and thus 

savings quantified in each experiment might differ. It must be noted however that UPDRS 

scores are a composite measure of clinical severity, and thus are only an indirect measure 

of dopamine denervation. Studies which do find a significant correlation between UPDRS 

motor scores and motor learning deficits use larger sample sizes (n>30) (e.g., Stephan et 

al. 2011). As such, the current correlational analyses can only be considered exploratory. 

Savings was quantified as increase in percent adaptation averaged from Trials 2-

15 from block to block. Positive correlations between UPDRS motor scores and savings 

would therefore indicate that more severe UPDRS scores are associated with more 

savings. Negative correlations between UPDRS scores and savings would indicate that 

more severe UPDRS scores are associated with less savings. In Experiment 3, UPDRS 

scores showed a negative correlation to savings, but this correlation was not significant (r 

= -0.54, p =.4). In Experiment 4, UPDRS scores showed a weak correlation to savings, 

which was not significant (r = 0.13, p =.8). In Experiment 5, correlational analyses were 

run separately for the limited and the extended training conditions. For the limited 

training condition, UPDRS scores showed a positive correlation to savings that was not 

significant (r =.68, p = .1). For the extended training condition, UPDRS scores were 

positively correlated to savings (r =.72, p =.02). These positive correlations are surprising, 
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and may have been a result of the confounding factor of the use of heterogenous 

dopamine medication.  

For Experiment 5, correlational analyses were run on UPDRS scores and the 

amount of anterograde interference shown (quantified as the reduction in percent 

adaptation from A1 to B, averaged from Trials 2-15). Larger reductions in percent 

adaptation from A1 to B indicate greater anterograde interference. Positive correlations 

would therefore indicate that more severe UPDRS scores are associated with more 

anterograde interference. Negative correlations would indicate that more severe UPDRS 

scores are associated with less anterograde interference. UPDRS scores were negatively 

correlated to anterograde interference in the limited training condition (r = -0.67, p =.09) 

and in the extended training condition (r = -0.63, p =.07), although these correlations fell 

below significance.  
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Abstract In motor adaptation, the occurrence of savings

(faster relearning of a previously learned motor adaptation

task) has been explained in terms of operant reinforcement

learning (Huang et al. in Neuron 70(4):787–801, 2011),

which is thought to associate an adapted motor command

with outcome success during repeated execution of the

adapted movement. There is some evidence for deficient

savings in Parkinson’s Disease (PD), which might result

from deficient operant reinforcement processes. However,

this evidence is compromised by limited adaptation train-

ing during initial learning and by multi-target adaptation,

which reduces the number of reinforced movement repe-

titions for each target. Here, we examined savings in PD

patients and controls following overlearning with a single

target. PD patients showed less savings than controls after

successive adaptation and deadaptation blocks within the

same test session, as well as less savings across test ses-

sions separated by a 24-h delay. It is argued that impaired

blunted dopaminergic signals in PD impairs the modulation

of dopaminergic signals to the motor cortex in response to

rewarding motor outcomes, thus impairing the association

of the adapted motor command with rewarding motor

outcomes. Consequently, the previously adapted motor

command is not preferentially selected during relearning,

and savings is impaired.

Keywords Savings � Visuomotor adaptation �
Parkinson’s disease � Motor learning

Introduction

The ability to adapt movement to changing environmental

demands is important to everyday functioning, such as

adapting the magnitude of wrist movement when using a

new computer mouse with different gain. In studies of

motor adaptation, the sensory consequence of a movement

is systematically perturbed, such that there is a discrepancy

between the predicted sensory outcome and the actual

sensory outcome (a sensory prediction error). For example,

the perturbation can be a 30� clockwise rotation of the

visual feedback of a hand movement trajectory during a

target reaching task, which leads to visually detected error

in movement direction. Motor adaptation is often explained

with reference to internal models, which map the rela-

tionship between motor commands and their sensory con-

sequences (Miall and Wolpert 1996). When the sensory

consequence of executing a motor command is systemati-

cally perturbed, the internal model uses the resulting

sensory prediction error to generate an updated motor

command to reduce the sensory prediction error. This

process of updating the motor command based on sensory

prediction errors is repeated trial by trial until sensory

prediction errors approach pre-perturbation levels.

However, this single timescale process of updating the

motor command using sensory prediction errors cannot

fully explain the occurrence of savings. Savings, which is

evident when the motor system adapts more quickly when

readapting to a previously encountered perturbation, occurs

even after deadaptation (re-exposure to unperturbed feed-

back) returns behavior to the unadapted state. Savings has
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been accounted for by a two-state model, comprising a fast

process, which responds strongly to sensory prediction

errors and which decays quickly, and a slow process, which

responds weakly to sensory prediction errors and which

decays slowly (Smith et al. 2006). After adaptation, re-

exposure to unperturbed feedback during deadaptation

results in large sensory prediction errors. The fast process

responds strongly to these sensory prediction errors and

returns behavior to the unadapted state, but also decays

quickly. However, as the slow process only responds

weakly to the sensory prediction errors, it persists despite

deadaptation. The presence of savings after deadaptation is

therefore thought to be due to the persisting influence of the

slow process. Savings occurs following delays of 24 h

(Krakauer et al. 2005) to 1 year (Landi et al. 2011), sup-

porting the existence of a slowly decaying process.

A recent re-conceptualization of the slow process posits

that the slow process is ‘model-free’ and does not involve

trial-by-trial adjustment of an internal model. Two mech-

anisms are thought to constitute the model-free slow pro-

cess: first, use-dependent plasticity, whereby repetition of

the adapted movement biases subsequent movements in the

same direction, and second, operant reinforcement learn-

ing, whereby the adapted movement is reinforced by its

association with outcome success during initial learning,

resulting in its preferential selection during subsequent

learning (Huang et al. 2011). Operant reinforcement

learning has specifically been invoked to explain the

occurrence of savings following deadaptation (Huang et al.

2011).

Support for the model-free account of savings comes

from findings of savings despite conditions which typically

result in interference (adaptation to two rotations in

opposite directions) when the fully adapted movement for

both rotations was the same (Huang et al. 2011). Subjects

adapted first to a 30� counterclockwise rotation when

aiming to the first target, deadapted with veridical feed-

back, and then adapted to a 30� clockwise rotation when

aiming to the second target (located 60� counterclockwise

from the first target). Manipulation of the target locations

ensured that the fully adapted movement for the two

opposing rotations was the same. Strikingly, adaptation to

the first 30� clockwise rotation resulted in savings when

adapting to the second 30� counterclockwise rotation. This

finding of savings despite adaptation to rotations in oppo-

site directions is incongruent with an internal model

framework, which predicts that adapting to one rotation,

deadapting, and then adapting to a rotation in the opposite

direction results in the acquisition of two separate internal

models for each rotation, each accounting for distinct

input–output relationships between motor command and

sensory feedback. If separate internal models were

acquired for each rotation, learning and subsequently

deadapting the first internal model would have no effect on

learning the second internal model.

Overlearning, or repetition of the adapted movement

after reaching performance asymptote in initial learning,

increases savings during relearning. Joiner and Smith

(2008) showed that extended overlearning (103 adaptation

trials) led to significantly more savings over 24 h than brief

overlearning (30 adaptation trials), even though no further

error reduction occurred after the first 11 adaptation trials.

At first glance, overlearning seems inefficient: as there is

no performance improvement, the motor system does not

gain new information. When interpreted in terms of model-

free processes; however, overlearning makes sense:

repeatedly executing the adapted motor command engages

use-dependent plasticity and strengthens the association of

the motor command with outcome success, thereby biasing

re-selection of that motor command at relearning, which

increases savings.

A large body of evidence shows that operant rein-

forcement learning occurs through phasic bursts of the

midbrain dopaminergic neurons, which project to the stri-

atum (for a review, see Schultz 1998). If operant rein-

forcement mechanisms contribute to savings, patients with

dysfunctional dopaminergic function such as those with

Parkinson’s Disease will show deficient operant rein-

forcement learning and therefore also show impaired sav-

ings. There is some evidence that this occurs in Parkinson’s

Disease (PD). PD patients show impaired operant rein-

forcement learning (Shohamy et al. 2006; Rutledge et al.

2009; Frank et al. 2004), as well as impaired savings within

the same test session (Bedard and Sanes 2011) and over a

24 h delay (Marinelli et al. 2009; Bedard and Sanes 2011).

There are, however, caveats to the previous reports of

impaired savings in PD. First, incomplete error reduction

and insufficient overlearning may have contributed to those

findings of impaired savings. Studies of savings typically

impose enough adaptation trials during initial learning such

that the adapted movement is repeated for at least 10 trials

after reaching asymptotic performance. In visuomotor

adaptation, directional error at performance asymptote is

typically 5� given a 30� rotation in visual feedback

(Krakauer et al. 2000). In the Bedard and Sanes (2011)

study, PD patients and controls only reduced directional

error to 17� and 13� respectively at the end of initial

adaptation. Given the 30� rotation magnitude, this means

less than half the amount of directional error was reduced

at the end of initial adaptation; hence, participants were

unlikely to have reached performance asymptote. Simi-

larly, although Marinelli et al. (2009) did allow error

reduction of up to 7.8� in their Experiment 2, adaptation

appeared to have only just reached asymptote, without

sufficient overlearning. Hence, while both studies suggest

deficient savings in PD, it remains unknown whether this
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savings deficit will remain evident given sufficient over-

learning. Second, because the frequency with which the

adapted movement is repeated may affect savings, savings

may be reduced with fewer repetitions of the adapted

movement, as occurs with multi-target adaptation, in which

the adapted movement differs for each target direction,

requiring different motor commands. Previous studies

required participants to adapt to four (Bedard and Sanes

2011) or eight targets (Marinelli et al. 2009). Their findings

might therefore result from insufficient repetition of the

adapted movement.

Rationale and hypothesis

Previous findings of intact error reduction but deficient

savings in PD (Bedard and Sanes 2011; Marinelli et al.

2009) suggest intact model-based fast learning but impaired

model-free slow learning in PD. However, insufficient

overlearning and multiple-target adaptation may have

contributed to these findings of deficient savings in PD.

Here, we examined savings in PD patients and neurologi-

cally intact older adult controls following overlearning and

single-target adaptation. Savings was examined within the

same test session (Experiment 1) and over a 24-h delay

(Experiment 2). In Experiment 1, PD patients and controls

adapted to rotated visual feedback, and then deadapted with

veridical feedback trials in 4 successive blocks of 25

adaptation and 25 deadaptation trials. In Experiment 2, PD

patients and controls completed a first block of 50 adapta-

tion trials with rotated visual feedback of the movement

trajectory. After a 24-h delay, participants completed a

second block of 50 adaptation trials with the same pertur-

bation. In both studies, savings was quantified as block-to-

block increases in percent adaptation averaged over Trials

2–15. Because Marinelli et al. (2009) suggested that sleep

deficiencies in PD may have contributed to their findings of

deficient savings over 24 h, we explored the role of sleep

deficiencies in Experiment 2 with the Parkinson’s Disease

Sleep Scale (Chaudhuri et al. 2002). Given the deficits in

operant reinforcement learning in PD, and the proposed role

of operant reinforcement in savings, it was predicted that

PD patients would show deficient savings within the same

test session, and between test sessions separated by 24 h,

despite overlearning after reaching asymptotic performance

with single-target adaptation.

Method

Participants

A total of 16 patients with mild-to-moderate Parkinson’s

disease and 16 neurologically intact older adult controls

were recruited from the Parkinson’s Western Australia

newsletter and local newspapers. This study was approved

by the Human Research Ethics Committee at The Uni-

versity of Western Australia. All participants provided

written informed consent.

All PD patients were tested on-peak of their medication

schedule. None of the participants showed cognitive

impairment, scoring within the normal range of greater

than 24 on the Montreal Cognitive Assessment (Nasreddine

2005). All participants had normal or corrected-to-normal

vision and were naı̈ve to the experimental design. PD

patients’ disease severity was rated according to the motor

subscale of the Movement Disorders Society Sponsored

Revised Unified Parkinson’s Disease Rating Scale (MDS-

UPDRS) (Goetz et al. 2007).

Eight PD patients (mean age 65 ± 8, 6 women) and eight

older adult controls (mean age 69 ± 10, 7 women) partici-

pated in Experiment 1. All but two of the PD patients were on

Levodopa (mean daily Levodopa dose: 519 ± 200 mg). Four

PD patients were also on the dopamine agonist Pramipexole

(mean daily dose 2.25 ± 1.06 mg), while 1 PD patient was

on 4 mg of Cabergoline per day. Mean disease duration was

6.6 ± 5.1 years, and the mean UPDRS-III score was

30.3 ± 6.4.

Eight PD patients (mean age 66 ± 8, 4 women) and

eight older adult controls (mean age 69 ± 9, 8 women)

participated in Experiment 2. All PD patients were on

Levodopa (mean daily Levodopa dose 584 ± 422). Five of

the 8 PD patients were on the dopamine agonist Pramip-

exole (mean daily dose: 1.1 ± 1.5 mg). Mean disease

duration was 8.3 ± 6.9 years, and mean UPDRS-III score

was 28 ± 13.

Apparatus

Participants were seated in front of a laptop computer

placed approximately 50 cm away from their midline.

Participants held a digitizing pen (15.95 cm long, 1.4 cm

wide, 17 g) on a WACOM Intuos 2 digitizing tablet (size:

30.48 cm x 30.48 cm, resolution ± 0.025 mm). The pen’s

position on the tablet (XY coordinates) was sampled at

100 Hz and displayed on the computer monitor as a circular

cursor with a 5 pixel radius (1.25 mm). Custom software

written in LabVIEW 7.0 (National Instruments) was used

for data acquisition. Direct vision of the hand was prevented

by placing the tablet and the hand directly beneath a mon-

itor stand, with the laptop placed atop the stand.

General experimental procedure

The experimental task required participants to move the

on-screen cursor from the start circle to the target circle by

moving the digitizing pen on the digitizing tablet.
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Participants were first instructed to move the cursor rep-

resenting the pen’s position into the start circle. After the

cursor was within the start circle for 2 s, a target circle of

radius 23 pixels (6.08 mm) appeared 75 mm at 45� from

the target. A tone sounded immediately after the target

circle appeared, signaling participants to move the cursor

to the target. Participants were instructed to move the

cursor from the start circle to the target circle as accurately

and as quickly as possible, in a single, uncorrected move-

ment. In Experiment 1, visual feedback of the movement

trajectory was shown on-screen 100 ms after movement

completion to prevent online correction of movement. In

Experiment 2, visual feedback of the movement trajectory

was shown concurrently during movement in Experiment

2. This was because pilot testing showed that PD patients

and controls were largely able to follow instructions to

avoid online correction of movement and execute straight,

uncorrected movements. After movement completion,

visual feedback of the movement trajectory was shown for

1,000 ms in both Experiment 1 and 2. Only one target

position was used in all phases of both experiments. The

key measure of interest was error in movement direction

(directional error).

Prior to adaptation, all participants completed a mini-

mum of 30 practice trials with veridical feedback of the

movement trajectory, until three out of four consecutive

movements were made with directional error of less than or

equal to 3� and movement time less than 1,000 ms. Once

the practice criteria were met, the test phase commenced.

During the test phase, participants completed adaptation

trials in which the visual feedback of the movement tra-

jectory was rotated 30� counterclockwise relative to the

start circle, while the position of the start circle and the

target circle remained unchanged. This resulted in an error

in the movement direction (directional error). To hit the

target, participants had to compensate by moving 30�
clockwise to the original movement direction.

Experiment 1 design

After the practice phase, participants completed four blocks

of 25 adaptation trials with the 30� counterclockwise rota-

tion in visual feedback. Each adaptation block was followed

by a deadaptation block of 25 trials with veridical feedback

of the movement trajectory. Adaptation and deadaptation

blocks were continuous, without breaks between blocks.

Experiment 2 design

After the practice phase, participants completed a first

adaptation block of 50 adaptation trials with the 30�
counterclockwise rotation in visual feedback. After a 24 h

delay, participants completed a second adaptation block of

50 adaptation trials with the same 30� counterclockwise

rotation. Subsequently, participants were deadapted with

20 trials with veridical feedback of the movement

trajectory.

Data analysis

Cartesian XY coordinates were recorded and used to plot

movement trajectory. Directional error was scored at either

(i) 100 ms into the movement after moving at least 5 mm

(Bedard and Sanes 2011) or (ii) at 25 % of movement

trajectory, whichever came earlier. Directional error was

calculated as the angular difference between this move-

ment direction and an idealized movement direction start-

ing from the start circle to the target circle.

Savings was quantified as block-to-block increases in

percent adaptation averaged from the rapid error reduction

phase (Trials 2–15) of each block. Percent adaptation was

calculated with a formula: percent adaptation = 100 9

[1 - (Mean directional error/30�)]. Mean directional error

was the mean of directional errors in Trials 2–15 in each

adaptation block. Trials 2–15 were used because rapid error

reduction occurred in the first 15 trials in the first adapta-

tion block in the current sample (see Fig. 1), with an

averaged 83 % of directional error reduced by Trial 15.

This method is similar to Krakauer et al.’s (2005) method

of calculating percent adaptation by averaging directional

errors from Trials 2–11 because rapid error reduction

occurred in the first 11 trials in their study. Increases in

percent adaptation have been validated as a sensitive

indicator of savings in previous studies (Krakauer et al.

2005; Huber et al. 2004). In addition, we also employed

another common method of quantifying savings (e.g.,

Seidler 2007) by running repeated-measures ANOVAs

(RM-ANOVAs) with within-subjects factor Block and

Trial (Trials 2–15). A significant main effect of Block

would indicate that directional error in the rapid error

reduction phase (Trials 2–15) differed from block-to-block,

thus suggesting savings.

A single-exponential function was fit to group mean

trial-by-trial directional error for each adaptation block in

the figures. Exponential fits to individual data sets did not

always produce good fits to individual data sets and

therefore were not subjected to further analyses in the main

results. The function is as follows:

Y ¼ Y0 þ plateau� Y0ð Þ 1� eð�kxÞ
� �

:

Y is directional error, X is trial number, and Y0 is the

hypothetical Y value when X is zero. K is the rate constant

that indicates the rate with which directional error changes.

Plateau is the directional error at which performance

reaches asymptote.
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Results

Experiment 1

Between group comparisons

Figure 1 shows the trial-by-trial directional error averaged

across PD patients (clear circles) and controls (filled cir-

cles) in Blocks 1–4. In Block 1, at the onset of 30� coun-

terclockwise rotation of visual feedback, directional errors

were in the expected direction (negative, i.e., counter-

clockwise) and of the expected size (approximately 30�).

PD patients and age-matched controls showed similar trial-

by-trial error reduction, reducing error at an exponential

rate. To examine whether adaptation rate in Block 1 was

similar in PD patients and controls, mixed-ANOVAs with a

between-subjects factor of Group (PD, Controls) and a

within-subjects factor of Trial (Trials 2–15) were con-

ducted for trials during rapid error reduction (Trials 2–15).

There was no significant main effect of Group [F(1, 14) =

0.24, p = 0.6], nor any significant Group-by-Trial inter-

action. The same analysis on Trials 2–6 also did not result

in a significant main effect of Group [F(1, 14) = 0.86,

p = 0.37]. In addition, individual data sets for Block 1

were fitted to the exponential function to obtain the rate

constant for each participant. Rate constant was similar in

PD patients (0.25 ± 0.04) and in controls (0.28 ± 0.05),

[t(12) = 0.39, p = 0.6, d = 0.2]. Thus, PD patients and

controls did not differ significantly in adaptation rate in

Block 1. Asymptotic directional error for Block 1 (esti-

mated from mean of the last 10 trials) was not significantly

different in PD patients (-6.4 ± 1.9�) and controls

(-4.2 ± 1.5�), [t(14) = 1.15, p = 0.3, d = 0.4].

After each deadaptation block, PD patients appeared to

show larger directional error at performance asymptote

than controls, particularly in Block 2 (see Fig. 1). Mixed-

ANOVAs with between-subjects factor Group (PD, Con-

trols) and within-subjects factors Block (Blocks 2, 3, and 4)

and Trial (last 10 trials of each block) revealed a significant

main effect of Group on asymptotic directional error

[F(1, 14) = 6.24, p = 0.026]. Asymptotic directional error,

estimated through mean directional error from the last 10

trials of each adaptation block, was significantly larger in

PD than in controls in Block 2 (PD: -8.0 ± 1.2�; controls:

-3.9 ± 1.0�), [t(14) = 2.46, p = 0.02, d = 1.22]. Mean

asymptotic directional error was also larger in PD than in

controls at Block 3 (PD: -7.1 ± 1.1�, controls: -5.1 ±

1.1�) and Block 4 (PD: -5.4 ± 0.8�, controls: -3.7 ±

0.7�), but this difference was not significant at Block 3

[t(14) = 1.25, p = 0.2, d = 0.6] or Block 4 [t(14) = 1.62,

p = 0.13, d = 0.8].

Larger asymptotic directional error was evident despite

similar extent of deadaptation in PD patients and controls

in each preceding block of deadaptation trials (supple-

mentary electronic materials, S2). Asymptotic directional

error during deadaptation (estimated from directional error

in the last 10 deadaptation trials) did not differ significantly

between PD patients and controls: mixed-ANOVA with

between-subjects factor Group (PD, Controls) and within-

subjects factor Block (deadaptation blocks 1–3), and Trial

(last 10 trials of each block) showed no significant main

effect of Group, and no significant Group-by-Trial

interaction.

Within-group comparisons (savings)

Figure 2 replots data from Fig. 1 to compare successive

adaptation blocks within each group: group mean trial-by-

trial directional error for earlier adaptation block (open

circles) are overlaid with group mean trial-by-trial direc-

tional error for subsequent adaptation blocks (filled cir-

cles). Controls reduced directional error from Block 1 to

Block 2 (Fig. 2a, left panel), Controls significantly

increased percent adaptation from Block 1 to Block 2

(Fig. 2a, left panel insets), with a 13.8 % mean increase

[t(7) = 3.3, p = 0.01, d = 0.94], suggesting savings.

Fig. 1 Mean trial-by-trial directional error during adaptation in

Block 1, Block 2, Block 3, and Block 4. A single-exponential

function was fit to group mean trial-by-trial directional error for each

adaptation block for PD (broken lines) and controls (solid lines).

Clear circles represent PD patient data; filled circles represent age-

matched control data. Error bars represent standard errors of the

mean
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Supporting this result, a RM-ANOVA comparing Block 1

to Block 2 with within-subjects factors Block (Block 1, 2)

and Trials (Trials 2–15) on control data yielded a signifi-

cant main effect of Block [F(1,7) = 6.32, p = 0.04] and a

non-significant Block-by-Trial interaction [F(3.4, 24.1) =

1.01, p = 0.6]. In PD patients, however, there was little

block-to-block reduction in directional error from Block 1

to Block 2 (Fig. 2b, left panel), with no significant

increase in percent adaptation (inset), [t(7) = 0.94,

p = 0.4, mean 3.2 % increase, d = 0.2]. Supporting this

result, a RM-ANOVA with within-subjects factor Block

(Blocks 1, 2) and Trial (Trials 2–15) on PD data showed no

significant main effect of Block [F(1,7) = 0.73, p = 0.8]

and no significant Block-by-Trial interaction. Hence, from

Block 1 to Block 2, controls increased percent adaptation

while PD patients did not. This observation was evaluated

with a Group (PD, controls) by Block (Block 1, Block 2)

mixed-ANOVA on percent adaptation, which yielded a

Group-by-Block interaction [F(1, 14) = 3.97] that just

missed significance (p = 0.06).

In controls, percent adaptation stabilized in subsequent

adaptation blocks. Percent adaptation increased an aver-

aged 5.7 % from Block 2 to Block 3 [t(7) = 1.03, p = 0.3,

d = 0.27], and 14.6 % from Block 3 to Block 4

[t(7) = 1.9, p = 0.09, d = 0.6] (see insets, Fig. 2a middle

and right panels). Similarly, repeated-measures ANOVAs

comparing Blocks 2 to Block 3, and Block 3 to Block 4

yielded no significant main effect of Block, and no sig-

nificant Block-by-Trial interactions.

PD patients did show block-to-block reduction in

directional error from Block 2 to Block 3 (Fig. 2b middle

panel), as percent adaptation increased significantly by an

averaged 10.5 % (inset), [t(7) = 4.5, p = 0.003, d = 0.7],

indicating savings. Supporting this result, a RM-ANOVA

with within-subjects factors Block (Block 2, 3) and Trials

(Trials 2–15) yielded a significant main effect of Block

[F(1,7) = 11.2, p = 0.01]. The Block-by-Trial interaction

was not significant. PD patients only increased percent

adaptation by an average 0.4 % from Block 3 to Block 4

[t(7) = 0.8, p = 0.2, d = 0.03]. Similarly, A RM-ANOVA

Block-by-Trial ANOVA yielded no significant main effect

of Block, nor any significant Block-by-Trial interaction.

Experiment 2

Between group comparisons

Figure 3 (left panel) shows trial-by-trial directional error

on Day 1 in PD patients and controls. PD patients and

controls show similar rate and extent of Day 1 adaptation.

Fig. 2 Trial-by-trial directional error in controls (a) and PD patients

(b) from Block 1 to Block 2 (left panel), Block 2 to Block 3 (middle
panel), and Block 3 to Block 4 (right panel). A single-exponential

function was fit to group mean trial-by-trial directional error for each

adaptation block. Clear circles and broken lines represent earlier

adaptation blocks, filled circles and solid lines represent subsequent

adaptation blocks. Error bars represent standard errors of the mean
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Mixed-ANOVAs with factor Group (PD, Controls) and

within-subjects factor Trial (Trial 1–25) showed no signif-

icant main effect of Group, and no significant Group-by-

Trial interaction, which suggests that PD patients and

controls did not differ significantly in the first 25 trials of

Day 1 adaptation. The same analysis repeated with Trials

2–6, and Trials 2–15 showed no significant main effect of

Group nor any significant Group-by-Trial interactions.

Asymptotic directional error was also similar in controls

and in PD patients. Mixed-ANOVA with between-subjects

factor Group (PD, Controls) and within-subjects factor Trial

(Trials 16–25) showed no significant main effect of Group

and no significant Group interactions. Mean asymptotic

directional error (averaged from Trials 16–25) was similar

in controls (-4.4 ± 0.6�) and in PD (-5.4 ± 1.2�).

Figure 3 (right panel) shows Day 2 trial-by-trial direc-

tional error averaged across PD patients and controls.

Controls (filled circles) showed significantly smaller mean

directional error than PD patients (clear circles) in the first

trial at the start of Day 2 (controls: -21.1 ± 2.7�, PD:

33.8 ± 3.2�), [t(14) = 3.04, p = 0.009]. Mean directional

error also remained smaller in controls than in PD patients

throughout Day 2. This observation was supported by a

mixed-ANOVA with between-subjects factor Group (PD,

Controls) and within-subjects factor Trial (Trial 1–25),

which revealed a significant main effect of Group,

[F(1, 14) = 9.72, p = 0.008]. The Group-by-Trial interac-

tion was not significant.

Figure 3b also suggests that PD patients show larger

asymptotic directional error than controls on Day 2 (PD:

-6.2 ± 1.5�, controls: -2.6 ± 1.2�). Mixed-ANOVAs

with between-subjects factor Group (PD, Controls) and

within-subjects factor Trial (Trials 16–25) showed a main

effect of Group [F(1, 14) = 3.78] that just missed significance

(p = 0.07) and no significant Group-by-Trial interaction.

Within-group comparisons (savings)

Figure 4 replots data shown in Fig. 3 to compare Day 1

(i.e., Block 1) and Day 2 (i.e., Block 2) adaptation within

the same graph in controls (left panel) and PD patients

(right panel). Figure 4 (left panel) shows a clear pattern of

improvement from Day 1 to Day 2 in controls, which

indicate savings. This observation was confirmed by a

significant 20.9 % increase in percent adaptation from Day

1 to Day 2 in controls (Fig. 4 left panel, inset) [t(7) = 3.35,

p = 0.01, d = 1.7], comparable to previous findings of

20 % improvement over 24 h in young adults (Krakauer

et al. 2005). Supporting this result, a RM-ANOVA with

within-subjects factor Block (Block 1, Block 2) and Trial

(Trials 2–15) showed a significant main effect of Day

[F(1,7) = 11.2, p = 0.01], indicating reduced directional

error from Day 1 to Day 2 in controls. The Block-by-Trial

interaction was not significant.

Figure 4 (right panel) depicts mean trial-by-trial direc-

tional error on Day 1 and Day 2 in PD patients. Mean

Fig. 3 Mean trial-by-trial

directional error in PD patients

(clear circles) and controls

(filled circles) on Day 1 and Day

2. A single-exponential function

was fit to mean trial-by-trial

directional error for each

adaptation block in PD (broken
lines) and in controls (solid
lines). Error bars represent

standard errors of the mean

Fig. 4 Mean trial-by-trial

directional error on Day 1 (clear
circles) and Day 2 (filled
circles) in controls and in PD

patients. A single-exponential

function was fit to group mean

trial-by-trial directional error for

Day 1 (broken lines) and Day 2

(solid lines). Error bars
represent standard errors of the

mean
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directional error appears similar on Day 1 and Day 2.

Percent adaptation in PD patients (Fig. 4 right panel, inset)

improved an averaged 5.0 % from Day 1 to Day 2, and this

difference missed significance [t(7) = 2.0, p = 0.08,

d = 0.5]. Supporting this result, a RM-ANOVA with

between-subjects factor Block (Block 1, Block 2) and

within-subjects factor Trial (Trials 2–15) showed a non-

significant main effect of Block [F(1,7) = 0.77, p = 0.4],

indicating no significant change in directional error from

Day 1 to Day 2 in PD patients. The Block-by-Trial inter-

action was not significant. The small 5.0 % increase in

percent adaptation in PD patients is less than the 20 %

increase shown in controls, suggesting deficient savings in

PD.

Thus, it appears that while controls improved percent

adaptation from Day 1 to Day 2, PD patients did not.

Supporting this observation, a Group (PD, controls) by

Block (Block 1, Block 2) mixed-ANOVA for percent

adaptation showed a significant Block-by-Group interac-

tion, [F(1,14) = 6.07, p = 0.03].

Parkinson’s Disease Sleep Scale scores and savings

Mean PDSS scores were significantly lower in PD patients

(100 ± 24) than in controls (136 ± 14.1), [t(14) = 3.53,

p = 0.003]. To explore the relationship between sleep and

24 h savings, Pearson’s correlations were conducted on

PDSS scores and percent improvement separately for PD

patients and controls. Percent improvement was estimated

for each participant as the difference in percent adaptation

on Day 1 and percent adaptation on Day 2. Percent

improvement did not correlate significantly with PDSS

sleep scores in PD patients [r = -0.4, p = 0.2] or in

controls [r = -0.08, p = 0.8].

Discussion

The current study showed impaired savings in PD patients

within one test session (Experiment 1) and between test

sessions separated by 24 h (Experiment 2), with over-

learning beyond performance asymptote at initial learning,

and with single-target adaptation to ensure repetition of the

adapted movement. Experiment 1 showed that despite

adapting to the same extent as controls during initial

adaptation in Block 1, PD patients showed less savings

than controls across successive adaptation blocks. Experi-

ment 2 showed that despite adapting to the same extent as

controls on Day 1, PD patients showed less savings than

controls on Day 2. Hence, the current study replicates

and extends previous findings of impaired savings in PD

(Bedard and Sanes 2011; Marinelli et al. 2009).

The findings of deficient savings in PD can be accounted

for by assuming that a reduced range of dopaminergic

signals in the striatum in PD impairs operant reinforcement

learning processes (Frank 2005). PD does not however

result in an absolute deficit in savings: in Experiment 1,

while PD patients failed to show savings from Block 1 to

Block 2, further adaptation trials in Block 2 did result in

significant, albeit attenuated savings from Block 2 to Block

3. As PD does not result in absolute dopamine denervation,

continued repetition of the adapted motor command is

likely to eventually associate it with outcome success. It is

noteworthy that deficient savings have been shown even in

de novo PD patients (Marinelli et al. 2009) in whom the

dopaminergic deficiency is confined to the dorsal striatum,

with the ventral striatum intact (Kish et al. 1988). The

dorsal striatum is thought to form associations between

action and reward (O’Doherty et al. 2004), and an

impairment of this process might impair the slow-learning

processes responsible for the occurrence of savings in PD

patients.

Neural mechanisms underlying savings

The fast-learning component of adaptation learning is

thought to be supported by the cerebellum and the posterior

parietal cortex (Tanaka et al. 2009), areas with relatively

intact function in PD, while the slow-learning component is

thought to be supported by the primary motor cortex (M1)

(Li et al. 2001; Galea et al. 2010; Cothros et al. 2006;

Richardson et al. 2006). How does M1’s proposed role in

the slow process fit with the operant reinforcement account

of savings? It is possible that when the adapted motor

command is executed and results in a rewarding motor

outcome, midbrain dopaminergic neurons respond by firing

in a phasic fashion, which then modulate M1 activity via

the direct and indirect dopaminergic projections from the

basal ganglia to M1 (Luft and Schwarz 2009). This in turn

may lead to the encoding of longer-term representations of

motor learning in M1. The hypothesis that reward-related

midbrain dopaminergic signals modulate M1 activity is

supported by findings that reward modulates M1 excit-

ability in neurologically intact adults (Thabit et al. 2011)

but not in PD patients (Kapogiannis et al. 2011). In PD, a

rewarded motor outcome that occurs as a result of exe-

cuting the adapted movement might elicit a blunted

response from midbrain dopaminergic neurons and lead to

attenuated modulation of M1 excitability and thus impaired

encoding of longer-term representations of motor learning

in M1. Future studies examining how M1 excitability is

modulated by reward during adaptation learning may help

elucidate M1’s role in the model-free slow-learning

processes.

302 Exp Brain Res (2012) 218:295–304

123



Larger asymptotic directional error

An incidental finding of Experiment 1 was that PD patients

showed significantly larger asymptotic directional error than

controls during relearning but not during initial learning.

This finding is reminiscent of a previous report that dis-

rupting M1 activity with single-pulse TMS after movement

completion impaired asymptotic performance in a force-

field adaptation task (Orban de Xivry et al. 2010). This effect

was absent in a gradual adaptation condition in which the

strength of the perturbation was incrementally increased

from trial to trial, thereby preventing repetition of a fully

adapted movement. The finding was interpreted as evidence

of M1 involvement in a repetition-dependent process that

determined the level of asymptotic performance. While it is

unknown why PD patients showed larger asymptotic direc-

tional error than controls during relearning in the current

study, we suggest that impaired M1 processing caused by

deficient dopaminergic signals to M1 led to this pattern of

results. Hence, dopamine may play a role in the process that

determines the level of asymptotic performance.

Smaller directional error at the beginning of Day 2

Unlike previous studies (Bedard and Sanes 2011; Marinelli

et al. 2009), there were no trials with veridical feedback

prior to the relearning phase on Day 2 in Experiment 2.

This resulted in a novel finding: reduced directional error in

the first trial of relearning on Day 2 was present in controls

but not in PD patients. Smaller directional error at the

beginning of relearning after a 24-h delay has been shown

in previous studies (Krakauer et al. 2005) and has been

interpreted as evidence of partial maintenance of adapta-

tion learning over 24 h. The absence of this pattern of

results in PD suggests a dopaminergic role and might be

explained with an operant reinforcement account. In con-

trols, as the adapted motor command was successful on

Day 1, a similar motor command was selected on the first

trial of Day 2, thereby resulting in smaller directional error.

Impaired operant reinforcement mechanisms in PD, how-

ever, would result in deficits associating the adapted motor

command with outcome success at initial learning on Day

1, thus PD patients do not select a similar motor command

on Day 2, which results in large directional errors.

Limitations

It remains unclear whether processes occurring during the

24-h off-task period contributed to the finding of deficient

savings in PD in Experiment 2. Post-learning periods of

wakefulness (Brashers-Krug et al. 1996) and sleep (Huber

et al. 2004) are thought to support the consolidation of

adaptation learning to a longer-term state, conceivably by

homeostatically regulating synaptic strength after synaptic

potentiation during learning (Landsness et al. 2009). Slow-

wave activity in the posterior parietal cortex after initial

learning influences the amount of savings shown on the next

day, as deprivation of slow-wave sleep reduces savings

shown 24 h later (Landsness et al. 2009). Our PD patients did

show significantly lower PDSS scores than controls, but these

scores did not correlate with savings, giving no support to the

proposal that sleep deficits are related to impaired savings in

PD. Nonetheless, as the PDSS is a broad clinical measure of

sleep impairment in PD that lacks specificity on slow-wave

sleep, the possibility that impaired slow-wave sleep contrib-

uted to deficient savings over 24 h in Experiment 2 cannot

be ruled out. Nevertheless, current and previous findings

(Bedard and Sanes 2011) show deficient savings in PD within

the same test session, which implies that deficient savings in

PD cannot be attributed entirely to deficient slow-wave sleep.

The type and dose of dopaminergic medication was also

not experimentally controlled. PD patients were all tested

on their usual medication schedules, as going off-medica-

tion causes significant discomfort and may have reduced

willingness to participate. Dopaminergic drugs such as the

dopamine precursor Levodopa and dopamine agonists taken

by PD patients may have conflicting effects on reinforce-

ment learning, and thus cause mixed effects on savings.

Levodopa ameliorates reinforcement learning deficits in PD

(Frank et al. 2004; Rutledge et al. 2009), ostensibly by

increasing the availability of dopamine and increasing the

range of dopaminergic neurotransmission in response to

reward (Frank 2005). Conversely, low doses of the D2/D3

dopamine agonist Pramipexole impairs reinforcement

learning in neurologically intact adults (Pizzagalli et al.

2008; Santesso et al. 2009), probably by tonically increas-

ing dopamine levels by binding to pre- and post-synaptic

dopamine receptors, thus reducing the potential for reward

to phasically modulate dopaminergic neurotransmission

(Frank 2005). We speculate that in the current study, while

Levodopa may attenuate the savings deficit by increasing

the potential range of the dopaminergic response, Pramip-

exole may exacerbate the savings deficit by blunting the

dopaminergic response to reward. Future research should

explore potential differential effects of Levodopa and

dopamine agonists on savings, as well as dose-dependent

effects of dopaminergic medication on savings.

Conclusions

In summary, despite continued training after attaining

asymptotic levels of performance with single-target adap-

tation, PD patients showed impaired savings at relearning,

both within the same test session and between test sessions

separated by 24 h. Impaired savings in PD might result
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from impaired operant reinforcement mechanisms caused

by blunted dopaminergic reward signals.
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