
 

 

저 시-비 리- 경 지 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

비 리. 하는  저 물  리 목적  할 수 없습니다. 

경 지. 하는  저 물  개 , 형 또는 가공할 수 없습니다. 

http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/


문학석사학위논문

A nonlinear mixed model analysis

of variability in motor learning of

patients with Parkinson’s disease

비선형 혼합모형을 활용한 파킨슨병 환자의

운동학습 내 가변성 관찰 연구

2017년 8월

서울대학교 대학원

협동과정 인지과학 전공

오 진 석



A nonlinear mixed model analysis

of variability in motor learning of

patients with Parkinson’s disease

비선형 혼합모형을 활용한 파킨슨병 환자의

운동학습 내 가변성 관찰 연구

지도교수 김 청 택

이 논문을 문학석사학위논문으로 제출함

2017년 1월

서울대학교 대학원

협동과정 인지과학 전공

오 진 석

오진석의 문학석사학위논문을 인준함

2017년 2월

위 원 장 이 경 민 (인)

부 위 원 장 김 청 택 (인)

위 원 박 형 생 (인)



- i -

Abstract

In this study, patients with mild Parkinson’s disease (PD) who

were regularly medicated were tested on a new motor learning task.

The study examined if PD patients successfully learn a new motor

learning task. Also, the study observed if PD patients show different

patterns of learning compared to healthy individuals in performing a

redundant task. The result demonstrated that PD patients could learn

a new motor skill, but they were slow in finding the solution of the

task. The patients also were not as good as normal individuals in

reducing the variability of their movements.

Keywords: Parkinson’s disease, motor skill learning, TNC-cost

analysis, redundancy, variability in movement, nonlinear mixed model

Student Number: 2015-20106
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Introduction

Parkinson’s disease (PD) is a neurodegenerative disorder

characterized by bradykinesia, resting tremor, postural instability, and

autonomic dysfunctions. The degeneration of the dopaminergic

nigrostriatal pathway or particularly the cells in substantia nigra pars

compacta is believed to cause the disease. The onset of the disease

mostly affects the normal activity of the basal ganglia. When the

basal ganglia behave atypically, both the selection of proper behaviors

and the inhibition of the unwanted ones are executed poorly.

Basal ganglia are reported to be involved in motor skill learning

(Gabrieli, 1995; Laforce and Doyon, 2001; Doyon et al., 2009; Packard

and Knowlton, 2002). Motor skill learning is defined as a set of

processes that takes place during practice or experience and leads to

relatively permanent changes in the capability for movement.

Prominent changes include the increased accuracy of moves with

practice and the reduced amount of irrelevant variability.

The findings led to study PD patients on their ability to learn

new motor skills. Many have reported that PD patients showed the

sign of impairment in learning new motor skills (Canavan et al., 1989;

Harrington et al., 1990; Krebs et al., 2001; Siegert et al., 2006; Smith

& McDowell, 2006). However, other researchers have argued that the

patients were still able to learn new motor skills and acquire them

for a long time after learning (Agostino, 1996; Marinelli et al., 2009;

Pendt et al., 2011).

Methodological issues could have caused such contradicting

results. The Serial Reaction Time Task has been widely used to

study the implicit motor skill learning (Jackson et al., 1995; Vakil et

al., 2000; Moisello et al., 2009). However, It has been argued that the
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task cannot dissociate the components of motor learning from those

of perceptual learning (Robertson, 2007). A task that is more involved

with motor skill learning per se would help interpret PD patients’

performance of the task in terms of their capability of motor learning,

and not of other types of learning. Furthermore, conventional methods

of evaluating whether motor skill learning was successful or not have

concentrated on comparing the learning outcome with the initial

performance, and not on addressing the variability of the relevant

limb movements in the learning process. Thus, to contribute to the

clear and firm understanding of the motor learning in PD patients,

the study adopted a newly designed task and a method of quantifying

the variability in movements during learning (See Methods). With

such tools, the study intended to analyze the motor learning process

of cognitively intact and medicated PD patients and compare the

result with that of healthy individuals to further understand how the

deficits of PD patients influence their motor learning at different time

points.

Motor learning entails the change of the movements of joints and

muscles, the components of the musculoskeletal system. As those

movements change synergistically to reduce performance outcome and

thereby achieving certain performance goal, it is suggested that the

change of performance error be analyzed with reference to the change

of the movements of the body parts engaged in the performance. Few

attempts have been made to relate the changes in limb movements to

the outcome of motor learning (Cholz & Schoner, 1999; Cusumano

and Cesari, 2006). Among those attempts, TNC-cost analysis (Cohen

and Sternad, 2009) has conceptualized three different types of changes

of limb movements and argued how each type of change can

contribute to the overall performance. For this purpose, the analysis
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had mapped the relevant limb movements onto a space spanned by

those limb movements. In that space, each coordinate was equivalent

to performance outcome produced by that very coordinate. Therefore,

the relevant changes of limb movements could be directly understood

as the changes of performance outcome. Due to this convenience in

the interpretation of the analysis result, the study adopted the

method.

Also, a task with redundancy was chosen to observe the motor

learning process in PD patients. A redundant task has many solutions

to succeed. Just as Bernstein (1967) wrote, people are expected to use

such redundancy and make every movement slightly different from

the previous one to avoid an excessive amount of stress be given to

a limited number of joints and muscles when performing a redundant

motor task repeatedly. However, each movement will not be

whimsically performed. Rather, once one solution movement is found

for a given motor task, movements will deviate less and less from

that solution. If this is true, then the learning of the task could be

divided into two parts, based on the point where the solution of the

task is found. Before the solution is found, movements may deviate

more from one another. However, once the solution is found,

movements would be fine tuned. As a redundant task allows the

analysis of the motor learning process based on time, it was used to

examine the motor learning process of PD patients. It should be

noted, nevertheless, that such analysis would not assume the solution

finding process and the fine tuning process to take place separately

at different time points. Rather, the two would overlap from the

beginning, and what determines each process will be the relative

changes of the movements. The study intends to address further this

division concerning the concepts the analysis method used in the
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study has proposed.

The study specifically plans to test two hypotheses regarding the

motor learning process of PD patients. The first hypothesis is that

mild PD patients who are regularly medicated and cognitively intact

would be able to reduce performance error significantly as they

practice. The second hypothesis is that such PD patients will be

slower than the normal participants in reaching the late stage of

motor skill learning. It is further hypothesized that the second

hypothesis would be true for the two reasons: 1) PD patients will

spend more time in the early stage of learning because their motor

control deficits would hinder them obtaining the solution movement of

a given motor task quickly and 2) PD patients would find it much

more difficult to fine-tune their movements because of their motor

control deficits. The study defines the early stage as the period

solution finding movements are more prevalent, and the late stage as

the period fine tuning of movements becomes dominant.
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Methods

1. Participants

A total of thirty-five participants were recruited for the study.

Twenty-four of them were patients with Parkinson’s disease (PD).

The diagnosis was made by United Kingdom Parkinson’s Disease

Brain Bank Criteria. Unified Parkinson’s Disease Rating Scale and

Modified Hoehn-Yahr stage of the patients were reported to indicate

their status. Patients were diagnosed to be cognitively intact, based

on their high Korean Mini-Mental State Examination scores. Two

patients were excluded from the analysis for they have participated in

the pilot study and showed outstanding performance in the actual

study. Patients were divided into two groups based on their

Hoehn-Yahr Stages.

Table 1. Demographic and clinical characteristics of PD groups and the

control group (Pa = patients with Hoehn-Yahr stage between 1-1.5, Pb =

patients with Hoehn-Yahr stage between 2-2.5, C = normal participants)

Pa (n = 11) Pb (n = 11) C (n = 11)

Variable M SD R M SD R M SD R

Age 61 5.05 50-67 61 5.47 49-69 64 5.52 52-73

Duration of

PD (years)
6 6.47 3-11 6.1 1.85 3-9

UPDRS1)

motor score
7.4 5.66 1-10 8.79 6.01 2-20.5

Hoehn-Yahr

Stage
1-1.5 2-2.5

K-MMSE2) 28.73 1.39 27-30 29 1.23 25-30



- 6 -

No patients had neurological disorders other than PD at the

moment of recruitment. Also, no previous neurological disorders other

than PD were confirmed to have any lasting effects on the patients

at the time of recruitment.

2. Task and Apparatus

The experimental task was a simplified and virtual version of a

British pub game called Skittles which had been used in other studies

(Müller and Sternad, 2004; Cohen and Sternad, 2009; Pendt, Reuter

and Müller, 2011; Pendt, Maurer and Müller, 2012). In the actual

game, a ball is suspended to a string that is attached to a vertical

post. A player should throw the ball around the post to knock down

the targets on the other side. In the experiment, a participant did

throw balls, but in a different manner. A TV screen of 55 inches

(width = 121.76 cm, height = 68.49 cm) was placed 1 m in front of a

participant and showed a bird’s eye view of the game. The game

was made available by Psychtoolbox 3.0 of MATLAB 2013a.

On the center of the screen, a red circle of 3.3 cm diameter, the

center post, was located. A target of 1.1 cm diameter was placed 5.5

cm to the left and 3.3 cm above the center post. A virtual arm of 4.4

cm was placed 16.5 cm under the center post.

The participant, sitting on a chair in front of the TV screen,

rested her right forearm on a manipulandum. The manipulandum was

an aluminum bar of 40 cm anchored on one side and had a

ball-shaped handle on the other side. Under the anchoring point of

the manipulandum, an encoder (H25 Absolute Encoder of BEI

1) Unified Parkinson’s Disease Rating Scale

2) Korean version of Mini-Mental Status Exam
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Sensors) was placed and measured the rotation of the arm with a

rate of 1000 samples/s. The encoder was again fixed to an encoder

base plate to hold the encoder and the manipulandum. Measured data

were recorded by a data acquisition box (NI USB-6343 of National

Instruments Inc.).

With her elbow anchored above the encoder and her forearm

fixed by a Velcro strap, the participant grabbed the handle and

pressed a force sensor attached to it with her index finger.

Figure 1. The basic body position for the Skittles task

Once the participant pressed the sensor, a virtual ball with the

same size as that of the target appeared at the tip of a virtual arm

on the screen. The virtual arm of the screen moved synchronously

with the participant’s arm, and the virtual ball was released from the

virtual arm as the participant opened her finger.
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Figure 2. The screen used in the actual experiment. The red circle at the

center is the center post. On the left of the post lies the ball. The target is

above the ball, and the virtual arm is the thin bar at the bottom of the

screen.

Participants were instructed to rotate their forearms in a

clockwise direction and open their index fingers simultaneously to

throw the virtual ball around the center post in a counterclockwise

direction and hit the target, just as they played backhand frisbee. The

released ball followed a simulated trajectory initialized by the

measured angle and approximated angular velocity of the forearm at

the moment of release (Cohen and Sternad, 2009). As long as the ball

touched the circumference of the target, it was regarded as a hit.

When the ball hit the target, the target’s color changed from white to

green, and a cheering sound came out from the TV. When the ball

missed the target, the target’s color turned into yellow. When the ball

hit the center post, a loud noise was played from the TV. As the

ball’s trajectory was not immediately intuitive to the participant, she

had to learn the mapping between her movements and the

corresponding trajectories through practices. Insufficient amount of the

angle, or the velocity at release, or both resulted in hitting the center

post or missing the target.
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The task was simple because there were only two execution

variables that accounted for the performance of the participant. Thus,

analyzing the performance of the participants was convenient. Also,

the task was redundant in the sense that hitting the target was

possible with a lot of distinct combinations of the execution variables.

The formula that designated the trajectory of a thrown ball allowed

such redundancy to take place.

Figure 3. A sample space spanned by the two execution variables: release

velocity and release angle. The outcome of the sixty throws of a model

participant is included. The color gradient denotes the level of error achieved

at different locations within the space. The green dots are the positions

where a participant released her finger, and the blue lines are the actual

trajectories of the arm.

Figure 3 is an example of execution space. The title of the

Figure 3 shows the relative location of the target to the center post

(scale factor = 1/11). The level of performance error a combination of
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the execution variables achieves changes as the size and the location

of the target as well as those of the center post change. The white

areas in the space represent the subset of the release angles and the

release velocities that results in hits. Especially, the subset of the

execution variables that results in zero error is called the solution

manifold. The fact that participants could choose different

combinations of the execution variables near the solution manifold to

produce the results of the same error attests to the redundancy of

the task.

3. Experimental Procedure

The study was comprised of the learning phase and the retention

phase. The three sessions of the learning phase were completed in

three subsequent days. The sessions were divided by the two

twenty-four hour breaks. Before the retention phase started, there

was one week break.

On the first day of the learning phase, all participants received a

brief introduction to the task. They first practiced the throwing

movement for two to three times to understand the task and then

began practicing. A session’s performance consisted of six blocks, and

a block was made up of 60 throws, resulting in a total of 360 throws

a session. After each block, participants could take a short break.

However, they were also able to rest anytime during the task if they

wished.
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4. Clinical Diagnosis of PD

1) The diagnosis criteria for Parkinson’s Disease

The United Kingdom Parkinson’s Disease Society Brain Bank

Clinical Diagnostic Criteria (Hughes, Daniel, Kilford and Lees, 1992)

have three steps. The first step is the diagnosis of the disease.

According to the first step, a person should show the symptom of

Bradykinesia and should show at least one of the following symptoms

to be diagnosed as a PD patient: 1) Muscular rigidity 2) 4-6 Hz rest

tremor 3) postural instability not caused by primary visual, vestibular,

cerebellar, or proprioceptive dysfunction. All PD patients in the study

met the criteria.

2) UPDRS

The Unified Parkinson’s Disease Rating Scale (UPDRS) is a scale

developed to monitor PD-related disability and impairment. The scale

has four components: 1) Mentation, Behaviour and Mood 2) Activities

of Daily Living 3) Motor Examination 4) Complications of therapy.

Only the score of the third component, which is directly related to

the motor learning task of the study, was reported in this paper.

3) HY-stage

Hoehn-Yahr stage (HY-stage) is a scale to measure the severity

of Parkinson’s disease. The modified stages range from 0 to five.

From stage 1 to stage 3, stages are divided by 0.5 scales. Detailed

descriptions of the stages are provided in Appendix A.



- 12 -

4) K-MMSE

The Korean version of Mini-Mental State Examination

(K-MMSE) is a measure to detect the sign of cognitive impairment.

While the original English version comprises 11 questions, the Korean

version is composed of 12 questions. Each question has different

maximum score (minimum = 1, maximum = 5). The total score is the

sum of the scores obtained in each question. The current study

assumed the scores over 24 to indicate no cognitive impairment in

PD patients, and no patient scored below 24. However, it should not

be understood that high scores of K-MMSE mean the intact

cognitive ability of PD patients. Mungas (1991) argued that the

sensitivity of MMSE was limited, mentioning that 5% of probable

Alzheimer's disease patients from the Alzheimer‘s Disease Diagnostic

and Treatment Center (ADDTC) database had MMSE scores greater

than 25. Vertesi et al. (2001) have also advised to use additional

measures to develop a diagnosis.

5. Dependent Measures

1) Performance error

The outcome variable, error, was defined as the minimum

distance between the released ball’s trajectory and the center of the

target. When the ball hit the center post, the error was set to 11 cm.

However, it was corrected later, and the expected trajectory by the

angle and the velocity at release was derived to recalculate the error.

The error was assessed to determine if participants learned a new

motor task and successfully remembered it.
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2) Release velocity

Among the two execution variables, the velocity at release was

observed separately. The solution manifold was U-shaped and had its

global minimum near the combination of release velocity at 250

degree/sec and release angle at 100 degree. Near the global minimum,

the gradient of the solution manifold grew gentle. This meant that

small deviation of release angle influenced less on the outcome of

performance. In other words, release velocity near 250 degree/sec

could be coupled with a wide range of release angle values to hit the

target. In other areas of the solution manifold, such generous

deviation of release angle was not accepted. Therefore, it was

assumed that most participants would end up releasing the ball with

combinations near the flat area of the solution manifold in the

execution space. The assumption was previously tested by Cohen and

Sternad (2009). Consequently, release angles were expected to vary

continuously until the end of the practice while release velocities

were expected to reach the asymptotic value of 250 degree/sec at

some time point. Naturally, how fast participants set their release

velocities near 250 degree/sec could be interpreted as how fast they

found the right strategy to successfully perform the task.

3) Tolerance cost, Noise cost and Covariation cost

Müller and Sternad (2003, 2004, 2009) have proposed an approach

to decompose the variability in movement into three components and

quantify each of them. The three components were tolerance, noise,

and covariation. Especially, Tolerance was divided into two

sub-components, approach, and sensitivity.
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Regarding the Skittles task, the approach component describes

the relocation of the mean of the data points in an execution space

toward the solution manifold of the task. The difference between the

upper left plot and the upper right plot of Figure 4 represents the

approach component. In the beginning (upper left), the mean of the

data points is far from the solution manifold. However, as the

participant practices (upper right), the mean of the data points moves

toward the solution manifold, demonstrating that the throwing skill

has improved.

Figure 4. 60 throws of a participant’s performance at different times. Upper

left: First block, first session. Upper right: Fourth block, first session.

Lower left: Second block, second session. Lower right: Sixth block, fourth

session.
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The sensitivity component is related to the area and the shape of

the region around the solution manifold. In Figure 4, brown shaded

area in a plot represents the combinations of the execution variables

that yield the errors of small magnitude. The black shaded area, on

the contrary, implies the combinations of large error. The study set

the solution manifold to be a symmetrical U-shape. However, the

brown shaded area, where points in this location indicate the low

level of error, is wider on the left side of the center of the solution

manifold, compared to the right side. Then, on the left side of the

solution manifold, a small amount of change in the execution

variables would not affect the outcome significantly. On the contrary,

the equal amount of change in the execution variables, especially the

release angle, may influence the outcome to a greater degree and

increase error. Thus, it can be said that the left side of the solution

manifold is less sensitive to the noise in the execution variables. In

Figure 4, more dots are moving from the right side of the solution

manifold to the left side of it as sessions proceed.

Therefore, the tolerance component, an aggregate of the approach

and the sensitivity component, is the change a participant shows in

pursuit of a more error-tolerant subset of the execution variables. It

can be represented as the relocation of a data set to a more

error-tolerant region in an execution space.

Noise is a type of variability that persists throughout motor

learning. It can be understood as stochastic and intrinsic neuromotor

noise (Hasson et al., 2016; Huber et al., 2016) and the variance of the

data points in an execution space. The decreased standard deviations

of execution variables capture the noise reduction (Müller and

Sternad, 2009). In Figure 4, the standard deviations of both the

release angle (horizontal axis) and the release velocity (vertical axis)
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decrease as sessions proceed from the upper right plot to the lower

left plot.

Covariation is about the use of redundancy in the task. Because

of the redundant characteristic of the task, a participant’s execution

variables may co-vary in a task-specific way and maintain the

invariant, and even more improved performance level. A good

example of covariation is illustrated in the lower right plot of Figure

4. The data points are clustered in alignment with the direction of

the solution manifold, whereas those in the lower left plot are less so.

Consequently, while the overall variation of the execution variables

are similar in the two plots, the right plot has the less overall mean

error. Such a synergistic change of the execution variables have been

observed and studied by other researchers as well (Cusumano and

Cesari, 2006).

TNC-cost analysis approach (Cohen and Sternad, 2009) took an

optimization perspective and viewed the three concepts from the

original TNC approach as the costs to minimize for a set of data. 60

consecutive trials were grouped as one data set. Therefore, there

were 24 data sets for each participant. Calculation of each component

cost was done by first transforming the given data set in terms of

one component, leaving all other aspects unchanged, and later

calculating the difference between the mean error of the given data

set and the mean error of the transformed data set.

The tolerance-cost (T-cost) is the cost to the performance of a

given data set for not being centered at the most error-tolerant

region of an execution space. To calculate the cost, an optimal data

set is obtained by relocating the original data set. The mean of the

release angles and the mean of the release velocities of the original

data set are shifted to a new location in the execution space where
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the overall mean error decreases the most. The original data set’s

dispersion as well as the degree of covariation does not change. The

algebraic difference between the mean error in the original data set

and that in the optimal data set defines the T-cost.

The noise-cost (N-cost) is the cost to the performance of a

given data set for not reducing the variance of each execution

variable enough to achieve the best mean error. Thus, the optimal

data set for the calculation of N-cost would have the right amount of

variance of the execution variables. Deciding the right amount is done

in the following steps. First, the mean of the angles and the mean of

the velocities in a data set are calculated. The two comprises the

mean data point. Then, the radial distance from this mean data point

to each data point is obtained and divided into 100 steps. The data

points move towards the point of mean angle and mean velocity one

step at a time. At every step, the mean error of the data set is

calculated. When the mean error reaches the minimum of the possible

hundred values, the data set of that mean error becomes the ideal

data set required to calculate the N-cost. Again, the algebraic

difference between the mean error of the original data set and that of

the ideal dat set defines the N-cost.

The covariation-cost (C-cost) is the cost incurred for not fully

exploiting redundancy in the execution space. The optimal data set is

generated by the following method. The angles and the velocities of a

given data set are recombined without any change to their means

and the distributions. The recombination is done with the greedy hill

climbing algorithm using a pairwise matching procedure described in

the book of Russell and Norvig(as cited in Cohen and Sternad, 2009).

First, the combinations of release angle and release velocity are rank

ordered by performance error. ( , ) will be the combination with
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the smallest amount of error,  , and ( , ) will be the

combination with the largest amount of error,  . Then, the last

combination’s release velocity is swapped with the second last

combination’s release velocity. The two combinations will now be

( , ) and ( , ). The transformed combinations will yield

errors different from those made by the original combinations. If the

mean error of these transformed combinations, i.e., the mean of ′
and ′ , is less than the mean error of the original combinations, the
swap is accepted. Next,  is swapped with  and goes through

the same comparison process. The comparison will continue until 

is paired with  . After the sequence of 59 comparisons is completed,

 ,  , ... , will go through the same processes. When all

comparisons are completed, the number of accepted swaps will be

recorded. The entire process will start again until the number of

accepted swaps becomes zero. The algebraic difference between the

mean error of the original data set and the optimally recombined data

set is defined as the C-cost.

The early and the late stages of motor skill learning could be

defined with reference to the three costs. The early stage of learning

could be defined as the period where the tolerance cost prevails. The

late stage of learning could be defined as the period where the noise

and the covariation costs are higher than the tolerance cost.

6. Statistical Analysis3)

The nonlinear mixed models were utilized to describe the mean

3) The Matlab code for the Skittles task used numbers that were one eleventh of the

actual measures. For example, the target’s actual diameter of 1.1 cm on the TV

screen was simply represented as 0.1. The analysis was done with the numbers

of the code.
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response function as well as within and between-subject variability in

the repeated measurements data of the study. Mixed models provide

a flexible frame work in which population characteristics are modeled

as fixed effects and individual-specific variation is modeled as

random effects. The models were fitted with the statistical software

R 3.3.1 and its package nlme (Pinheiro et al., 2016). The details about

the model used in the study are explained in Appendix B.



- 20 -

Results

1. Overall performance error

1) Elementary analysis

Clearly, all three groups showed the decrease of error over 24

blocks of practice. The mean and the standard deviation of the errors

in a block of 60 trials were the basic unit of the error analysis. This

was done to later compare directly with the results of the TNC-cost

analysis which are done with the data sets of 60 trials. Figure 5

describes the block means of performance error by group. The error

bars denote the standard errors of the block means.

Figure 5. Block means of error by group

The phenomenon known as warm-up decrement has been

observed in the groups. At the end of every session (Blocks 6, 12
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and 18), participants were “warmed up” by continued practice and

reduced significant amount of error compared to the beginning of the

session. The warm up effect vanished after 24 hours, and the

participants needed some time at the beginning of a new session to

relearn the task. The phenomenon was evidenced by the valleys

followed by the peaks near the blocks 6, 12 and 18 in all three plots

of Figure 5.

All three groups showed the sign of intact retention ability. The

performance level of Group Pb during the retention phase was similar

to the level during the third session of the learning phase. The other

two groups further decreased error during the retention phase with

Group C greater in the amount of decreased error. Finally, the

variability among errors was reduced as well in all three groups,

implying that their performance became more consistent and gathered

around the target as they practiced.

Figure 6. Block standard deviations of error by group
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2) Model fitting

It has been confirmed that all three groups were able to learn

the task over the 4 sessions (24 blocks, 1440 trials) of practices.

Patients in the HY-stage score range of 1 to 1.5 were not

significantly different from the patients in the HY-stage score range

of 2 and 2.5 in terms of the fixed effect estimates of the all three

parameters. However, the details of learning were different between

the normal participants and PD patients (Appendix C, Table C1, C2).

From inspecting the nonlinear patterns of the plots in Figure 5,

nonlinear growth curve models were considered for fitting. Fitting a

growth curve was expected to reveal the systematic change of error

as well as between individual variability in this change by the

growth parameters: the initial status and the growth rate. The

negatively accelerated exponential growth curve function was chosen.

       
      

 represents the mean error of th participant at the th

measurement block           .  represents

within-participant error associated with th measurement block of th

participant. It is assumed to follow a Gaussian distribution with mean

zero and variance  . The parameter  corresponds to the value of

the horizontal asymptote of a participant . It could be understood as

the final block mean error of the participant.  represents the

intercept of a curve for a participant  , and can also be understood

as the first block mean of each participant.  is the rate parameter,

explaining how fast a curve reaches its asymptote.
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Figure 7. Fitted block means of error by group

PD patients performed significantly worse in the beginning with

higher block means of the error compared to normal participants. 

was greater than  (= 0.169 ± 0.022) by 0.083 ( = 0.0084) and 

was greater than  by 0.0709 ( = 0.0136). When all twenty-four

sessions were completed, PD patients were still worse than normal

participants.  was greater than  (= 0.0036 ± 0.027) by 0.06978 (

= 0.0211) and  was greater than  by 0.0709 ( = 0.0185).

However, considering the fact that the error value below 0.1

(equivalent to 1.1 cm between the center of the target and the

trajectory, represented as a horizontal dotted line in Figure 7) was

considered as a hit, the difference in the estimate values of the

parameter  is less of concern as all three estimates are below 0.1.

Therefore, it could be said that all groups have learned how to hit

the target successfully in the end.

PD patients were faster than normal participants in reducing the

performance error. The rate parameter estimates for PD patients were
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greater than the estimate for normal participants ( = 0.043 ± 0.017).

 was greater than  by 0.0776 ( = 0.0045) and  was greater

than  by 0.0847 ( = 0.0014). The reduction rate of error was

smaller in group C as the group continued to reduce performance

error during the retention phase. This lowered the asymptote value of

group C significantly, and consequently, the rate parameter’s value.

When only the performance during the learning phase were examined,

no significant difference existed among groups in terms of the

estimate of the rate parameter, suggesting that PD patients could

reduce performance error as quickly as healthy individuals (see

Appendix C, Table C3, C4).

Figure 8. Fitted values of Model E1 plotted against observed block means of

error

The individual difference is well plotted in Figure 8. In particular,
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C9 and Pa6 deviated from their group mean by increased block

means of error between the second and the third session. Pa3, Pb1,

Pb3 and Pb5 deviated from the group mean, as they started with

greater initial block means of error and quickly reduced them. Note

that the values on the y axes of the plots are one eleventh of the

actual values.
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2. Release velocity

1) Elementary analysis

All three groups reached near the release velocity of 250

degree/sec. Mean release velocities of the blocks did not vary much

in normal participants, as normal participants in general started the

task with the release velocity near 250 degree/sec. However, mean

release velocities of the blocks gradually increased in PD patients

(Figure 9). Interestingly, normal participants reduced the variability of

their release velocities as they practiced. In contrast, PD patients did

not reduce variability in their release velocities as much as normal

participants did (Figure 10). The higher HY-stage score PD patients

had, the smaller they decreased the variability.

Figure 9. Block means of release velocity by group
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Figure 10. Block Standard deviations of release velocity by group

2) Model fitting

Another non-linear mixed model was fitted to the velocity data

of the participants. The fitting procedure was the same as that for

the overall performance error data. Starting values obtained by

nonlinear least squares estimation method were  = 253.44357,  =

204.67709, and  = 0.08832.

The same formula used to fit error data had been used. Again,

different models have been compared to see if the random effects

were necessary for all three parameters. The result reported in

Appendix C, Table C5 shows that the parameter  did not need

random effect. The likelihood ratio test shows that a model with the

random effect for  and another model without it are not different.

Hence, Model V2 was used for the further analysis. No

between-individual difference was observed in Model V2.

Participants of all three groups were able to set release velocities
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near 250 degree/sec, the release velocity of the most error-tolerant

area in the execution space of the task. This was evidenced by no

significant difference among groups in terms of the fixed effect

estimate of the parameter  ( -  = -17.73251,  = 0.4625;  -

 = -14.66938,  = 0.5646). However, groups differed in the course

to the final release velocity. Normal participants manifested

significantly faster initial release velocities compared to the patients.

On average, normal participants started the task with release velocity

even higher than 250 degree/sec (275.589 ± 16.261 degree/sec,  =

0.0000) and reduced it near 250 degree/sec. Group C was quicker than

the other two groups in reaching its asymptotic release velocity.  (=

0.9615 ± 0.315,  = 0.0024) was greater than  by 0.88902 ( =

0.005).  was also greater than  by 0.88107 ( = 0.0054), indicating

the PD patients were slow to reach asymptotic release velocity. The

two groups did not differ significantly in the estimated values of .

Figure 11. Fitted block means of release velocity by group
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In Figure 11, it is illustrated that normal participants, on average,

reached the release velocity around 266 degree/sec within five

learning blocks. However, patients with Parkinson’s disease started

the task with significantly slower initial release velocities. Group Pa

was slower than group C by 80.659 ( = 0.0284) and Group Pb was

slower than group C by 128.66 ( = 0.0005). The mean initial release

velocities of the two group were not significantly different.

Few of the participants, Pa3, Pb1, Pb3, could not reach 250

degree/sec. The three participants have been noticed previously in

Figure 8 as well for their poor initial performance.

Figure 12. Fitted values of Model V2 plotted against observed block means

of release velocity.
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3. Quantified Tolerance, Noise, and Covariation

Costs

1) Elementary analysis

Each of the three costs has been calculated. Figure 13 plots the

three costs along with the block means of performance error.

Figure 13. Block means of error and of the three costs by group

For PD patients, the decrease of the block mean error was

closely related to the decrease of tolerance cost. Pearson correlations

between the block mean error and tolerance cost were high for the

patients ( = 0.968 for group Pa,  = 0.9544 for group Pb). The two

other costs, noise and covariation costs, were not as strongly

correlated with the block mean error. However, the normal

participants were different from the patients. The block mean of the
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error of the normal participants had stronger correlations with noise

cost ( = 0.8183) and covariation cost ( = 0.893), than with tolerance

cost ( = 0.735). The patterns of normal participants were consistent

with previous relevant studies (Cohen and Sternad, 2009).

Table 2. Pearson correlations () between the block mean of error

and each of the three costs by group.

Group Tolerance cost Noise cost Covariation cost

C 0.7349802 0.8182666 0.8928587

Pa 0.9684243 0.6180076 0.5723113

Pb 0.9544546 0.1481307 -0.2431471

Another difference between the control group and the patient

group was the rank order of the costs. Tolerance cost was the

largest cost in the early phase of learning for patients with

Parkinson’s disease. It remained largest until the latter half of the

second session (Blocks 9 to 12) and became smaller than noise cost

from then on. Normal participants had different rank order. Tolerance

cost was the second largest cost even from the first block, and it

quickly became the smallest cost for performance from the second

block of trials.

2) Model fitting: Tolerance cost

To further investigate the difference among groups regarding the

three costs, nonlinear mixed models have been fitted again on each

cost data. The best nonlinear mixed model for the tolerance cost data

did not require either parameter  or  to have the random effect. A

model with  not having random effect was chosen based on the
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higher log likelihood value. (See Appendix C Table C 11 for detail).

Except for the difference between the first block and the second

block, normal participants did not show the sign of abrupt change in

tolerance cost. PD patients, on the other hand, decreased T-cost

significantly over the blocks. On average, the initial block’s tolerance

cost for group C was 0.376 cm (calculated  = 0.03378 ± 0.0235,  =

0.1509) This was small compared to the corresponding values for PD

patients (- = 0.086,  = 0.0106; - = 0.0997,  = 0.003).

Patients in group Pa, on average, could have moved their balls 1.3178

cm closer to the target in their first blocks if they had reduced

tolerance cost. Patients in group Pb could have done so by 1.485 cm.

The estimate for  was significantly higher in the normal participant

group.  was larger than  by 0.0231 ( = 0.0402), and was larger

than  by 0.036 ( = 0.0024). This was not surprising given that

the trend of the tolerance costs for group C was different from those

of the other two groups4). Regardless of the estimated values, all

groups were similar regarding tolerance cost at the last block. The

decrease of tolerance cost occurred faster in patients with Parkinson’s

disease ( = 0.1104 ± 0.015,  = 0.0823 ± 0.022) than in normal

participants (- = 0.1639,  = 0.000; - = 0.1345,  = 0.0000).

4) See Fig. 13. Except for the initial block mean, the rest of the block means of

tolerance cost for normal participants go through an exponential decay pattern

described by the darkest curve in Fig 14. Such a decaying pattern requires a

negative coefficient with a positive exponent. Thus, the rate parameter of our

model’s formula, , is estimated as –0.0535517 for normal participants, making

the total exponent of     positive. Now, as tolerance cost decreases over

time, the expected value of the calculated tolerance cost,

    
      should be smaller than  for an th

participant’s th block. Then,   
      is true. Consequently,

     where   
    .  is positive and larger than 1

for all  . Then, the relationship    holds for all ′ in the control group.
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Figure 14. Fitted tolerance cost by group

When only the data sets from the learning phase were observed

(Figure 15, Table C14 & C15), no significant difference was observed

in the analysis result. The slope of group C became even flatter and

showed small amount of overall change in tolerance cost during

learning.

Figure 15. Fitted tolerance cost by group (learning phase only)
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3) Model fitting: Noise cost

Only the two candidate models could be fitted. One model let 

and  to have random effects. The other model only let  have the

random effect. The likelihood ratio test reported that the two models

were significantly different with the first model better explaining the

data.

Figure 16. Fitted noise cost by group

Normal participants almost linearly reduced their noise cost over

the twenty-four blocks. This was because the estimate of the rate

parameter for normal participants, , was not significantly different

from 0 ( = 0.0006 ± 0.01,  = 0.9513). Group Pa had high estimate

value for  ( = 0.078 ± 0.026,  = 0.0027), implying a quick

approach to the asymptotic value of the noise cost.

The initial noise cost for group C ( = 0.093 ± 0.011,  =

0.0000) was significantly larger than that for group Pb (- =

-0044,  = 0.0053), but not than that for group Pa (- = -0.029, 
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= 0.0605). All three groups were not different in the absolute amount

of noise cost at the end of the study. To see if the removal of the

performance in the retention phase would bring any change, the data

sets of the learning phase have been examined separately.

Figure 17. Fitted noise cost by group (learning phase only)

The increasing trend of the noise cost in group Pb is now more

noticeable. The trend is also evidenced by the parameter estimates. 

was significantly larger than , but not than  (See Appendix C

Table C19). Group C had significantly high initial noise cost

compared to both group Pa and Pb (Table C19). This was not

observed when the whole data set of twenty four blocks were

examined. It is assumed that the continued decrease of the noise cost

in group C during the retention phase pulled the estimate for the

initial noise cost of the group down. Group C and Group Pa were

similar in reducing the noise cost with the former reducing the cost

more in the later blocks ( = -0.048 ± 0.024,  = 0.0018) and the

latter reducing the cost in the earlier blocks ( = 0.037 ± 0.013,  =
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0.0006). Group Pb quickly increased it ( = 0.015 ± 0.013,  =

0.0241) over time.

4) Model fitting: Covariation cost

The best nonlinear mixed model for the trend of covariation cost

did not require the parameter  to have random effect. Covariation

cost significantly decreased in the control group.

Figure 18. Fitted covariation cost by group

When the retention phase was eliminated and a new nonlinear

mixed model was fitted, the estimates of  were not significantly

different among groups (  = 1.648,  = 0.1934). However, when

the retention phase performance was included,  was significantly

larger than  or  (Appendix C, Table C22). Group C had

significantly higher estimates of  than did the other two groups

(Figure 18 and 19, Table C22 and C24). Group Pa and Group Pb

were not significantly different in the estimates of all three

parameters.
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Figure 19. Fitted covariation cost by group (learning phase only)

Figure 20 confirms that many normal participants did reduce

covariation cost. In contrast, only participants Pa 7, Pa 8, Pa 10 and

Pb 2 showed noticeable decrease of covariation cost among patients

with Parkinson’s disease.

Figure 20. Fitted values of Model CV2 plotted against observed block means

of covariation cost.
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Discussion

This study was conducted to examine the influence of the PD

patients’ control deficits on the outcome of their motor skill learning.

It was assumed that patients who have mild PD and are medicated

could learn new motor skills. The analysis on the block mean of

error has supported the hypothesis that PD patients are as good as

normal individuals in decreasing performance error and its variability.

However, it was also hypothesized that PD patients might be slow in

entering the late, fine-tuning stage of motor skill learning for two

reasons. The discussion will focus on interpreting the observed

differences between the normal participants and the PD patients in

learning a new motor skill and relating the interpretation in

answering the second hypothesis of the study.

Figure 21. Fitted values of Model T4 plotted against observed tolerance cost.
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․Sustained high tolerance cost in PD patients: a sign of slow

learning

Low initial tolerance costs of the normal participants imply that

they quickly found the solution manifold. However, as the solution

manifold they found were not the most error-tolerant region, they

still had some amount of tolerance cost left to reduce. Figure 22

shows an exemplary case. A normal participant, C4, started throwing

balls near the solution manifold. The area was not the most

error-tolerant area (area near the release velocity of 250 degree/sec).

However, in three blocks of practice, the participant performed near

the most tolerant area. Since then, the amount of tolerance cost to

reduce became negligible. This is also indicated in the almost straight

and flat line fitted to the tolerance cost data of C4 in Figure 21.

Figure 22. The first and the third blocks’ performance of C4.

High initial tolerance cost of PD patients means that the patients

had trouble finding the solution manifold or the area near it. The

motor control deficits the patients had could be considered as the

primary cause of high initial tolerance cost that remained the highest

among the three types of costs until block 10 in group Pa and Pb.
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Figure 23. The first block’s performance of Pb4 (left) and Pb5 (right)

It is important to notice, however, that not all PD patients with

severe symptoms performed poorly in the beginning of the learning

phase. Figure 14 and 15 all plotted the group averages of participants.

Nevertheless, Figure 21 illustrates that PD patients in fact varied

between individuals regarding initial tolerance cost. Several patients,

such as Pb4, started throwing balls near the most error-tolerant area

and had the small amount of tolerance cost from the beginning.

Figure 23 shows the clear difference among individuals in group Pb.

The result is surprising given that the UPDRS part 3 score of Pb4

was 10.5, while that of Pb5 was 2. Even the score of 10.5 was

achieved mostly by the control deficits related to the patient’s hand

movement that is relevant to the task of the study. Future studies

are expected to focus on examining the relationship between clinical

diagnostic measures of PD and the actual motor learning ability in

PD patients.

When the high initial tolerance cost was decreased, sudden

increases of the tolerance cost were detected only in groups Pa and

Pb. Even though the two groups had decreased the tolerance cost

below the noise cost, group Pa had a spike at block 13 and group Pb

at block 19. Block 13 and 19 are the first blocks of the third and the
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fourth session, respectively. While those spikes were not statistically

significant, possibilities exist that the patients in group Pa had

relearned the task briefly when they started the third session, as high

tolerance cost implies the performance far from the solution manifold.

After a week, however, they did not show the tolerance cost higher

than the noise cost, suggesting that they were not ‘new’ to the task

anymore. As for group Pb, the patients in the group also indicated

the rise of the tolerance cost at block 13, but it was not larger than

the noise cost. The tolerance cost larger than the noise cost was

distinguished at block 19. It could be said that PD patients who were

more severe in symptoms, after a week, had to get acquainted with

the task. Individually, several participants, including Pb1, Pb3 and

Pb9, had noticeably increased tolerance costs at block 19. Nonetheless,

given that the rises of the tolerance cost vanishes quickly, and that

such rises were not statistically significant, it is suggested that the

learning ability of PD patients is intact. Rather, altered perception can

be considered for the cause of such transient rises of the tolerance

cost. It has been reported that PD patients have altered proprioception

(Suilleabhain, Bullard and Dewey, 2001), and this would burden their

motor learning (Konczak et al., 2009). Future studies could investigate

whether the altered proprioceptive perception in the fingers or the

hands of PD patients influences the initial stage of learning or not.
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․ Low noise cost in the beginning and its slow increment in PD

patients: a sign of lacking motor control to fine-tune their movements

Unlike the normal participants, who all showed decreasing

patterns of the noise cost, PD patients either increased, decreased, or

varied little regarding the noise cost. There could be two hypotheses

regarding the low initial noise cost that increased later and varied

little from then on in many PD patients, especially those of group Pb.

Figure 24. The first (left) and the twenty-second (right) blocks’ performance

of Pa11

The first hypothesis is that the data sets plotted in execution

space stayed far from the solution manifold during the entire learning.

Figure 24 models such a case. In Figure 24, the noise cost of the

data set on the left plot is not large, as the optimized data set to

calculate noise cost would yield the mean error of that data set

similar to the mean error of the original data set. Nevertheless, it has

been observed that patients decreased tolerance cost significantly

within the first two sessions of the learning phase. See the right plot

of Figure 24, the same participants’ later performance. It is evident

that the data set has moved closer to the solution manifold. While



- 43 -

this hypothesis adequately explains the low initial noise cost of the

former blocks, it is refuted by the fact that patients did relocate their

moves near the solution manifold. The hypothesis does not hold for

the late stages of learning in PD patients.

The data sets of patients might have maintained small amounts

of variance throughout the twenty-four blocks. The motor control

deficits such as rigidity or difficulty in initiating movements that

many patients showed during practice certainly limited their

movements to a small number of combinations of the execution

variables. Many patients failed to release their fingers while rotating

their arms and ended up opening their fingers after they rotated their

arms. The left plot of Figure 25 describes this small variance case.

Almost all green dots, the combinations of release angles and release

velocities, are placed near zero velocity, indicating that the participant

failed to release his fingers while rotating his arm. Release angles,

too, vary in a narrow range.

Figure 25. The first (left) and the twenty-second (right) blocks’ performance

of Pb1

However, this idea is also not valid for the later phase of motor

learning in PD patients. As Pb1 got accustomed to the task and
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warmed up by continued blocks of practices, the variability in

velocity increased. The plot on the right in Figure 25 is the same

participant’s performance at the twenty-second block with greater

variability of release velocity.

It is likely that the moderate to high variability of release

velocity in PD patients combined with the overall data set’s gradual

relocation toward the solution manifold explains the increasing noise

cost of the later phase of motor learning in PD patients. As

previously mentioned, the most error tolerant area of the execution

space in the current study is the flat area near the global minimum

of the solution manifold. In this area, release velocity matters the

most. Even a small amount of deviation in release velocity could

significantly increase performance error. Consequently, if PD patients

fail to decrease variability in release velocity after they find the most

error tolerant region in execution space, the noise costs of the

following blocks would remain unchanged. It has been detected in the

analysis of release velocity that groups Pa and Pb did not

significantly reduce the variability of release velocity even in the later

phase of motor learning (Figure 10). Therefore, the almost unvarying

noise cost of Pa and Pb during the later phase of learning could

attribute to the variability of release velocity that does not decrease

after participants found the solution manifold or the most error

tolerant area and performed near there. However, the almost

unvarying noise cost before finding such areas could attribute to the

location of a data set that is far from such areas, regardless of the

variability of release velocity in that data set. In between the two

phases, the relocation of the data set has increased the magnitude of

the noise cost.

As for normal participants, it was evidenced previously that they
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were quick to find solution manifold or the most error-tolerant area.

Also, only the normal participants had significantly reduced the

variability of release velocity. When the two findings are combined, it

can be concluded that normal participants reduced variability in the

error-tolerant location. Thus, they started with high noise cost and

reduced it later. Several participants of Pa were similar to normal

participants regarding the change of noise cost. Pa8, Pa9 and Pa10

seem to have contributed significantly to the decreasing pattern of

the noise cost in group Pa. They had few blocks with relatively high

noise cost in the beginning (Figure 26). Figure 27 provides the first

and the twenty second blocks’ performance of Pa8 as examples.

Indeed as the variability in release velocity decreased near the most

tolerant area, noise cost decreased as well.

Figure 26. Fitted values of Model N1 plotted against observed noise cost.

Pa1, Pa2, Pa7, and Pa11 showed the increase of noise cost,



- 46 -

similar to most of the patients in group Pb. Such difference among

the patients of group Pa seems to depend on the UPDRS score. The

patients with low UPDRS motor part scores tend to have decreasing

patterns of noise cost. On the contrary, those with high UPDRS

motor scores tend to have increasing patterns of noise cost. This

relationship, however, was not strictly followed. For example, Pb11

who showed a slightly decreasing pattern of noise cost had the

highest UPDRS motor part score among the patients. As mentioned,

more thorough studies regarding the relationship between clinical

criteria and the actual motor learning ability are expected.

Figure 27. The first (left) and the twenty-second (right) blocks’ performance

of Pa8

In short, that several PD patients had increasing pattern of the

noise cost may support the idea that PD patients do lack the ability

to fine-tune their movements after they found the solution movement.

However, this idea needs more evidence, as the pattern was not

uniform among PD patients.
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․ Low covariation cost in the beginning and its slow increment in

PD patients: a sign of delayed entrance to the fine-tuning stage of

motor skill learning

It is reasonable that most PD patients in general did not decrease

covariation cost during the twenty four blocks. Covariation cost is a

component that is typically decreased after tolerance cost is reduced

to a degree. To reduce covariation cost in the Skittles task,

participants should first be aware of the most error-tolerant area, or

at least any parts of the solution manifold. This is done by exploring

the task and reducing tolerance cost. The analysis of tolerance cost

showed that PD patients spent almost two thirds of the learning

phase figuring out the way to hit the target successfully.

Consequently, PD patients might not had enough time to reduce

covariation cost.

Even after exploration is finished and a data set is located near

the solution manifold, the data set should be aligned parallel to the

orientation of the solution manifold to reduce covariation cost. In this

study, many participants ultimately performed near the most

error-tolerant area of the solution manifold. The area was flat and

parallel to the horizontal axis of the execution space. To align a data

set parallel to the most tolerant area, participants had to have release

velocity fixed to 250 degree/sec and vary in release angle. This is

similar to what should be done to reduce noise cost. While the two

costs are calculated independently with distinct underlying concepts,

the shape of the solution manifold of this study made the noise cost

and the covariation cost similar regarding the method to reduce each

of them. Then, it is logical to conclude that those who reduced noise

cost might also reduced covariation cost. This argument is supported

by the fact that Pa8, Pa10, and Pb2 were observed to have reduced
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covariation cost significantly (Figure 20). Pa8, Pa10, and Pb2 were

also noticed to have reduced noise cost significantly.

Nevertheless, reducing noise cost may not be the prerequisite for

reducing covariation cost. This is evidenced by Pa7 because the

participant did not reduce noise cost significantly. Pa7 started learning

with relatively low noise cost and slightly increased it after blocks of

practices. In the left plot of Figure 28, the combinations of execution

variables are aligned diagonally with high variability of release

velocity. As many combinations are not near the solution manifold,

noise cost of the data set is insignificant. On the contrary, if the data

set is rotated around a virtual axis that penetrates the middle of the

data set and parallel to the horizontal axis of the execution space, a

new data set which is close and parallel to the right side of the

solution manifold will be produced. The difference between the mean

errors of the given data set and the rotated one, the covariation cost

of this data set, will be large. This high covariation cost is reduced

later. Thus, through Pa7, it has been examined that reducing noise

cost is not a prerequisite for reducing covariation cost, although the

two can be positively correlated (Cohen and Sternad, 2009).

Figure 28. The fourth and the tenth blocks’ performance of Pa7
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To summarize, the study attempted to detect and quantify the

aspects of motor skill learning that are different between mild and

medicated PD patients with intact cognitive abilities and normal

individuals to test the two hypotheses. To achieve the goal, a

redundant task of virtual Skittles game, as well as a new analysis

method of TNC-cost analysis has been adopted. The analysis method

enabled decomposing the variability in motor skill learning into three

components, and quantifying each component. The nonlinear mixed

model fitting enabled observing the group effect as well as the

individual effect simultaneously. Both PD patients and the normal

individuals could learn a new motor skill. Normal individuals quickly

found a solution from many possible ones, and tried to fine-tune their

performance. They were successful at understanding and exploiting

the redundancy of the task. PD patients, however, had to spend a lot

of time figuring out the solution of the task. Their inability to

quickly speed up the rotation velocity deterred them from

accomplishing successful combinations of the execution variables and

consequently prevented them from fine-tuning their movements. Also,

they could not utilize the redundancy of the task as they had to find

out the solution to the task first to make use of the redundancy.

Then, it seems likely that all two hypotheses, with the two different

reasons for the second hypothesis have been confirmed.

However, limitations exist to confirm the second reason of the

second hypothesis that PD patients lack the ability to fine-tune their

movements. There are two limitations. Above all, as the study was

done within a short period of time (a total of eleven days including a

week’s break), PD patients might not had enough time to reach the

performance level of normal participants. Based on this study, PD

patients could not successfully reduce neuromotor noise and fully
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utilized the redundant structure of the task. However, the patients

may not be restricted in such abilities. Once enough time to practice

(such as making the learning phase longer with 5 days) is given, or

other modulations are provided to enhance the noise reduction in

participants, PD patients might as well demonstrated that their

disease has not compromised their ability to reduce the noise cost

and the covariation cost. Even though the magnitude was small

compared to healthy participants, several PD patients in group Pa did

decrease both the noise cost and the covariation cost through

practice. Furthermore, a closer analysis with the clinical diagnostic

criteria with the actual motor learning aspects, such as tolerance,

noise, and covariation costs, is missing. Even though observations

were made, a more strict analysis will further help understand the

deficits of motor control in PD patients and their motor skill learning

process. Several cases where clinical scales did not match the

expected level of performance were observed in this study. Such idea

is plausible, given that a patient of group Pb with the highest

UPDRS motor part scores showed the decreasing pattern of the noise

cost, and others in group Pb (HY-stage score 2 – 2.5) were similar

to normal participants in terms of the reduction of the costs. Future

studies with modifications on these points are expected to further

contribute to the knowledge of the influence of Parkinson’s disease on

motor learning.

The use of the costs to divide the stages of motor learning to

the early stage and the late stage might as well be another issue to

cover in future studies. The costs calculated when release points

were far from the solution manifold may not be the effective indices

to describe the status of learning as their values are not sensitive to

the actual changes of movement under certain conditions. Rather, it
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might be more efficient to consider only the costs calculated once the

release points are spread near the solution manifold. Further

discussions on the amount of the release points spread near the

solution manifold, or the degree of the spread would have significant

implications for developing a diagnostic measure of PD, or even other

neurological disorders such as dystonia (Chu et al., 2016), based on

the performance of a virtual Skittles task.
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Appendix A. Clinical Measures

Table A1. Descriptions of the modified HY-stages

HY-stage Description

0 No signs of disease

1 Unilateral disease

1.5 Unilateral plus axial involvement

2 Bilateral disease, without impairment of balance

2.5 Mild bilateral disease, with recovery on pull test

3
Mild to moderate bilateral disease; some postural instability;

physically independent

4 Severe disability; still able to walk or stand unassisted

5 Wheelchair bound or bedridden unless aided

Appendix B. Basic nonlinear mixed model fitting

procedure

The study used non linear mixed models to describe and analyze

the longitudinal data. The procedure used to fit and evaluate a model

on the performance error data is described below. All other models

followed the same procedure as well.

1) Fitting the nonlinear mixed model

As no information was given regarding which parameter should

involve random effects, all parameters were initially assumed to have

random effects as suggested by Pinheiro and Bates (1998). Random

effects of the parameters are assumed to be normally distributed with

mean zero and covariance matrix  , and are independent for different

groups. For the covariance matrix of random effects, a general



- 58 -

positive-definite matrix derived from data was used. No assumption

was initially set for the within-group variance, and the model was fit

to maximize the log-likelihood.

Starting values for the parameters have been determined by the

nonlinear least squares estimation method. The starting estimates for

 and  have been tested with the first participant’s last block

mean of the error and her first block mean of the error, respectively.

The starting values were  = 0.08861036,  = 0.22188589,  =

0.10874841.

2) Diagnosis of the model

To check if all parameters need random effects, other nonlinear

mixed models have been compared with the original model. The

comparisons show that when any of the parameters do not have

random effect, the model’s fit decreases significantly. Some models

with only one parameter having random effect even failed to

converge. Therefore, it is valid to have all three parameters have

random effects. Both the Akaike Information Criterion (AIC) and

Bayes Information Criterion (BIC) reported in Table C1 also support

that Model E1 is the best fitting model for the error data.

The box plots of residuals by participant is illustrated in Figure

B1, indicating that the residuals were approximately centered at zero.

It is clear that Model E1, by incorporating random effects, have

explained the deviations of the individual participants from the fixed

effect parameters. When no random effect exists, such deviations are

not captured (Figure B2).
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Table B1. Likelihood Ratio Tests (LRT) for Nonlinear Mixed Models of the

performance error

Model RP5) AIC BIC logLik6) Test LRT7) p-value

1    -2380.74 -2306.32 1206.37

2   -2366.75 -2306.28 1196.37 1 vs 2 19.995 2e-04

3   -2248.72 -2188.25 1137.36 1 vs 3 138.02 <.0001

4   Did not converge

5  -2193.31 -2142.14 1107.66 1 vs 5 197.43 <.0001

6  Did not converge

7  Did not converge

8 None -1860.47 -1813.95 940.23 1 vs 8 532.28 <.0001

Figure B1. Box plots of the residuals from Model E1

5) Parameters with random effects

6) Log-likelihood

7) Likelihood Ratio
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Figure B2. Box plots of the residuals from Model E8 (no random effects)

Figure B3 illustrates the distribution of the residuals. While the

residuals of the Model E1 do not strictly follow the assumption of

normality, the violation is limited to the region beyond the one

standard deviation to the right from the residual mean. Also, it has

been argued that fixed effects estimates of the parameters of a

nonlinear mixed model are robust to mild deviations from normality

of error distribution (Harring and Liu, 2016).

Although log-transformation of the original error data enabled the

residuals follow the normal distribution, the result after the

transformation was inadequate to describe the data. Adjusting the

within-individual variance either by multiplying a designated

exponential value uniformly, or by letting all within-individual

variance have different values was not successful. Therefore, the

model with no additional constraint was used in the analysis.
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Figure B3. The density plot and the normal Q-Q plot of the residuals of

Model E1

The random effects of Model E1 were examined to follow the

normal distribution, meeting the basic assumption of a non linear

mixed model. Figure B4 illustrates the normal Q-Q plots of the

random effects of Model E1. The results of the Shapiro-Wilk

normality test provided in Table B2 show that none of them rejected

the null hypothesis, supporting that the random effects were normally

distributed.

Figure B4. The normal Q-Q plots of the random effects of Model E1
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Table B2. Statistics and the results of the Shapiro-Wilk normality test for

all random effects of Model E1

Random

Effects
Mean

Standard

Deviation
W p-value

 5.771952e-19 0.03508615 0.94813 0.1173

 2.259165e-18 0.06887528 0.94512 0.09583

 -5.139283e-18 0.04377288 0.96324 0.3184
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Appendix C. Summaries of the models used in the

study

Table C1. The result of the Analysis of Variance test on Model E1.

Intercept values represent the estimates of the control group.

num DF den DF F-value p-value

(Intercept) 1 733 62.5365 <.0001

(group) 2 733 25.3912 <.0001

(Intercept) 1 733 547.4620 <.0001

(group) 2 733 10.0997 <.0001

(Intercept) 1 733 65.6448 <.0001

(group) 2 733 6.5680 0.0015

Table C2. Estimates of the fixed effects of Model E1

Value Std. Error DF t-value p-value

(Intercept) 0.00359145 0.02665133 733 0.134757 0.8928

(pa) 0.06978369 0.03019848 733 2.310835 0.0211

(pb) 0.07092016 0.03003130 733 2.361541 0.0185

(Intercept) 0.16907910 0.02190020 733 7.720438 0.0000

(pa) 0.08300250 0.03139285 733 2.643994 0.0084

(pb) 0.07752302 0.03135118 733 2.472731 0.0136

(Intercept) 0.04332158 0.01705817 733 2.539638 0.0113

(pa) 0.07763245 0.02723152 733 2.850830 0.0045

(pb) 0.08474264 0.02650311 733 3.197460 0.0014
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Table C3. The result of the Analysis of Variance test on Model E1.a. Model

E1.a has been fitted to the error data of the learning phase (Blocks 1 to 18)

num DF den DF F-value p-value

(Intercept) 1 535 3.56387 0.0596

(group) 2 535 3.18460 0.0422

(Intercept) 1 535 199.49637 <.0001

(group) 2 535 2.20053 0.1117

(Intercept) 1 535 35.55046 <.0001

(group) 2 535 0.46049 0.6312

Table C4. Estimates of the fixed effects of Model E1.a

Value Std. Error DF t-value p-value

(Intercept) 0.10693181 0.02121312 535 5.040833 0.0000

(pa) -0.0088066 0.03253503 535 -0.270679 0.7867

(pb) -0.0112527 0.03566851 535 0.315479 0.7525

(Intercept) 0.17757495 0.02611591 535 6.799494 0.0000

(pa) 0.06995625 0.03671216 535 1.905533 0.0572

(pb) 0.07111813 0.03679916 535 1.932602 0.0538

(Intercept) 0.18534575 0.06810485 535 2.721476 0.0067

(pa) -0.0623860 0.07395597 535 -0.843556 0.3993

(pb) -0.0727015 0.07619028 535 -0.954209 0.3404
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Table C5. Likelihood Ratio Tests (LRT) for Nonlinear Mixed Models of

release velocity

Model RP AIC BIC logLik Test LRT p-value

V1    7838.885 7913.310 -3903.44

V28)   7832.882 7893.353 -3903.44 1 vs 2 0.00281 1

V3   Did not converge

V4   Did not converge

V5  8156.755 8207.923 -4067.38 1 vs 5 327.870 <.0001

V6  8033.439 8084.606 -4005.72 1 vs 6 204.554 <.0001

V7  Did not converge

V8 None Did not converge

Figure C1. Box plots of the residuals from Model V2

8) This model has been fitted with high penalized nonlinear least squares tolerance

value of 0.02. The default value is 0.0001.
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Figure C2. The density plot and the normal Q-Q plot of the residuals of

Model V2

Figure C3 The normal Q-Q plots of the random effects of Model V2

Table C6. Statistics and the results of the Shapiro-Wilk normality test for

all random effects of Model V2

Random

Effects
Mean

Standard

Deviation
W p-value

 3.999747e-15 53.15457 0.95262 0.1587

 1.172253e-15 82.06075 0.95962 0.2521
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Table C7. The result of the Analysis of Variance test on Model V2

num DF den DF F-value p-value

(Intercept) 1 733 790.8723 <.0001

(group) 2 733 1.4809 0.2281

(Intercept) 1 733 199.1577 <.0001

(group) 2 733 4.9756 0.0071

(Intercept) 1 733 38.7628 <.0001

(group) 2 733 3.9825 0.0190

Table C8. Estimates of the fixed effects of Model V2

Value Std. Error DF t-value p-value

(Intercept) 266.73924 16.26111 733 16.403510 0.0000

(pa) -17.73251 24.12033 733 -0.735169 0.4625

(pb) -14.66938 25.45285 733 -0.576335 0.5646

(Intercept) 275.58872 26.54355 733 10.382513 0.0000

(pa) -80.65858 36.72221 733 -2.196452 0.0284

(pb) -128.66136 36.82768 733 -3.493605 0.0005

(Intercept) 0.96155 0.31543 733 3.048408 0.0024

(pa) -0.88902 0.31590 733 -2.814261 0.0050

(pb) -0.88107 0.31595 733 -2.788676 0.0054

Table C9. Initial values used for model estimation

Tolerance cost Noise cost Covariation cost

 0.01774165 0.07541 0.02391

 0.0974001 0.06610 0.03642

 0.10777863 -0.05427 0.15354
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Table C10. Initial values used for model estimation for the learning phase

data

Tolerance cost Noise cost Covariation cost

 0.02636 0.03621 0.02441

 0.09942 0.06731 0.03672

 0.13917 0.03244 0.17678

Table C11. Likelihood Ratio Tests (LRT) for Nonlinear Mixed Models of

tolerance cost

Model RP AIC BIC logLik Test LRT p-value

T1    Did not converge

T2   Did not converge

T3   -2339.92 -2279.45 1182.96

T4   -2770.71 -2710.24 1398.36 3 vs 4 - 1

T5  Did not converge

T6  Did not converge

T7  -2495.20 -2444.03 1258.60 4 vs 7 279.512 <.0001

T8 None -2344.12 -2297.60 1182.06 4 vs 8 432.234 <.0001

Table C12. The result of the Analysis of Variance test on Model T4

num DF den DF F-value p-value

(Intercept) 1 733 26.10685 <.0001

(group) 2 733 75.48656 <.0001

(Intercept) 1 733 37.97087 <.0001

(group) 2 733 3.44780 0.0323

(Intercept) 1 733 147.46004 <.0001

(group) 2 733 12.64686 <.0001
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Table C13. Estimates of the fixed effects of Model T4

Value Std. Error DF t-value p-value

(Intercept) 0.04035894 0.00950956 733 4.244038 0.0000

(pa) -0.0230834 0.01123042 733 -2.055435 0.0402

(pb) -0.0360331 0.01180844 733 -3.051469 0.0024

(Intercept) 0.03378260 0.02349660 733 1.437766 0.1509

(pa) 0.08603739 0.03358779 733 2.561653 0.0106

(pb) 0.09966426 0.03348779 733 2.976138 0.0030

(Intercept) -0.0535511 0.02912388 733 -1.838733 0.0664

(pa) 0.16391457 0.03262720 733 5.023863 0.0000

(pb) 0.13446527 0.03010140 733 4.467077 0.0000

Table C14. The result of the Analysis of Variance test on Model T4.a.

Model T4.a has been fitted to the tolerance cost data of the learning phase

(Blocks 1 to 18)

num DF den DF F-value p-value

(Intercept) 1 535 3.13446 0.0772

(group) 2 535 62.12989 <.0001

(Intercept) 1 535 40.50009 <.0001

(group) 2 535 4.35562 0.0133

(Intercept) 1 535 79.22392 <.0001

(group) 2 535 7.02164 0.0010
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Table C15. Estimates of the fixed effects of Model T4.a

Value Std. Error DF t-value p-value

(Intercept) 0.03223374 0.00549426 535 5.866801 0.0000

(pa) -0.0123526 0.01137092 535 -1.086328 0.2778

(pb) -0.0360139 0.01339148 535 -2.689314 0.0074

(Intercept) 0.0315706 0.02327317 535 1.356523 0.1755

(pa) 0.08497194 0.03335531 535 2.547478 0.0111

(pb) 0.10488022 0.03330056 535 3.149503 0.0017

(Intercept) -0.1254717 0.05848449 535 -2.145384 0.0324

(pa) 0.23013125 0.06143228 535 3.746097 0.0002

(pb) 0.20648675 0.05944940 535 3.473320 0.0006

Table C16. The result of the Analysis of Variance test on Model N1

num DF den DF F-value p-value

(Intercept) 1 733 107.88176 <.0001

(group) 2 733 87.35207 <.0001

(Intercept) 1 733 114.23476 <.0001

(group) 2 733 4.25044 0.0146

(Intercept) 1 733 2.30422 0.1295

(group) 2 733 5.83786 0.0031
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Table C17. Estimates of the fixed effects of Model N1

Value Std. Error DF t-value p-value

(Intercept) -3.0623195 51.23056 733 -0.059775 0.9524

(pa) 3.1032853 51.23056 733 0.060575 0.9517

(pb) 3.1109957 51.23056 733 0.060725 0.9516

(Intercept) 0.0930283 0.01086 733 8.565755 0.0000

(pa) -0.0292426 0.01556 733 -1.879681 0.0605

(pb) -0.0438780 0.01570 733 -2.794227 0.0053

(Intercept) 0.0006278 0.01027 733 0.061150 0.9513

(pa) 0.0763694 0.02766 733 2.761502 0.0059

(pb) 0.1282979 0.05865 733 2.187616 0.0290

Table C18. The result of the Analysis of Variance test on Model N1.a.

Model N1.a has been fitted to the noise cost data of the learning phase

(Blocks 1 to 18)

num DF den DF F-value p-value

(Intercept) 1 535 134.04548 <.0001

(group) 2 535 14.77418 <.0001

(Intercept) 1 535 188.29648 <.0001

(group) 2 535 6.54196 0.0016

(Intercept) 1 535 0.64140 0.4236

(group) 2 535 6.63390 0.0014
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Table C19. Estimates of the fixed effects of Model N1.a

Value Std. Error DF t-value p-value

(Intercept) 0.10785581 0.01357696 535 7.944034 0.0000

(pa) -0.0855435 0.02453932 535 -3.485977 0.0005

(pb) -0.0410712 0.04156064 535 -0.988223 0.3235

(Intercept) 0.08783489 0.00824445 535 10.653820 0.0000

(pa) -0.0241686 0.01192090 535 -2.027410 0.0431

(pb) -0.0409196 0.01188243 535 -3.443703 0.0006

(Intercept) -0.0484368 0.01543107 535 -3.138917 0.0018

(pa) 0.0844184 0.02440068 535 3.459674 0.0006

(pb) 0.06405807 0.02832184 535 2.261791 0.0241

Table C.20. Likelihood Ratio Tests (LRT) for Nonlinear Mixed Models of

covariation cost

Model RP AIC BIC logLik Test LRT p-value

CV1    -4477.61 -4403.19 2254.81

CV2   -4512.22 -4451.75 2269.11 1 vs 2 28.6084 <.0001

CV3   Did not converge

CV4   Did not converge

CV5  Did not converge

CV6  -4487.66 -4436.50 2254.83 1 vs 6 0.0511 1

CV7  Did not converge

CV8 None Did not converge
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Table C21. The result of the Analysis of Variance test on Model CV2

num DF den DF F-value p-value

(Intercept) 1 733 50.05775 <.0001

(group) 2 733 21.56459 <.0001

(Intercept) 1 733 78.21795 <.0001

(group) 2 733 7.22674 0.0008

(Intercept) 1 733 31.13792 <.0001

(group) 2 733 2.80271 0.0613

Table C22. Estimates of the fixed effects of Model CV2

Value Std. Error DF t-value p-value

(Intercept) 0.01629042 0.00689314 733 2.363281 0.0000

(pa) 0.00345970 0.00752842 733 0.459552 0.6460

(pb) 0.00647409 0.00754589 733 0.857962 0.3912

(Intercept) 0.05600878 0.00654246 733 8.560811 0.0000

(pa) -0.0257081 0.00928161 733 -2.769784 0.0058

(pb) -0.0380449 0.00925997 733 -4.108539 0.0000

(Intercept) 0.06059903 0.01750635 733 3.461545 0.0006

(pa) 0.08374148 0.03758548 733 2.228027 0.0262

(pb) 0.05960976 0.05238798 733 1.137852 0.2556

Table C23. The result of the Analysis of Variance test on Model CV2.a.

Model CV2.a has been fitted to the covariation cost data of the learning

phase (Blocks 1 to 18)

num DF den DF F-value p-value

(Intercept) 1 535 31.63548 <.0001

(group) 2 535 6.89929 0.0011

(Intercept) 1 535 79.97370 <.0001

(group) 2 535 6.90391 0.0011

(Intercept) 1 535 20.00286 <.0001

(group) 2 535 1.64815 0.1934
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Table C24. Estimates of the fixed effects of Model CV2.a

Value Std. Error DF t-value p-value

(Intercept) 0.02201600 0.00776642 535 2.834767 0.0048

(pa) -0.0043906 0.00857783 535 -0.511858 0.6090

(pb) -0.0012762 0.00844326 535 -0.151153 0.8799

(Intercept) 0.05622279 0.00667367 535 8.424565 0.0000

(pa) -0.0241630 0.00947907 535 -2.549091 0.0111

(pb) -0.0370307 0.00950549 535 -3.895710 0.0001

(Intercept) 0.07697468 0.02779594 535 2.769278 0.0058

(pa) 0.07816500 0.05324850 535 1.467929 0.1427

(pb) 0.14100684 0.11297929 535 1.248077 0.2125
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국 문 초 록

본 연구에서는 중증도가 낮고 정기적으로 약물 치료를 받는 파킨슨

병 환자의 새로운 운동 기술 학습을 살펴보았다. 본 연구는 파킨슨병 환

자들이 성공적으로 새로운 운동 기술을 학습할 수 있는 지를 살펴보았

다. 또한 파킨슨병 환자들이 일반 정상인들과 비교하여 운동 요소의 과

잉(redundancy)이 존재하는 운동 과제를 수행할 때에 다른 학습 양상을

보이는 지를 관찰하였다. 연구 결과 중증도가 낮은 파킨슨병 환자들의

경우에 새로운 운동 기술을 학습 할 수 있음을 관찰하였다. 그러나 환자

들은 학습 속도가 정상인에 비해 유의미하게 느렸다. 환자들은 또한 수

행 중 움직임의 가변성을 줄이는 정도가 정상인에 비해 유의미하게 적었

다.

주요어: 파킨슨병, 운동 기술 학습, TNC-cost 분석법, 과잉, 움직임 가

변성, 비선형 혼합 모형

학 번: 2015-20106


	Introduction        
	Methods
	1. Participants       
	2. Task and Apparatus              
	3. Experimental Procedure     
	4. Clinical Diagnosis of PD     
	1) The diagnosis criteria for Parkinsons Disease  
	2) UPDRS       
	3) HY-Stage              
	4) K-MMSE              

	5. Dependent Measures             
	1) Performance error     
	2) Release velocity      
	3) Tolerance cost, Noise cost and Covariation cost         

	6. Statistical Analysis     

	Results               
	1. Overall performance error     
	1) Elementary analysis     
	2) Model fitting      

	2. Release velocity      
	1) Elementary analysis     
	2) Model fitting      

	3. Quantified Tolerance, Noise, and Covariation costs         
	1) Elementary analysis     
	2) Model fitting: Tolerance cost    
	3) Model fitting: Noise cost    
	4) Model fitting: Covariation cost    


	Discussion       
	References       
	Appendix A. Clinical Measures            
	Appendix B. Basic nonlinear mixed model fitting procedure 
	Appendix C. Summaries of the models used in the study         


<startpage>11
Introduction         1
Methods 5
 1. Participants        5
 2. Task and Apparatus               6
 3. Experimental Procedure      10
 4. Clinical Diagnosis of PD      11
  1) The diagnosis criteria for Parkinsons Disease   11
  2) UPDRS        11
  3) HY-Stage               11
  4) K-MMSE               12
 5. Dependent Measures              12
  1) Performance error      12
  2) Release velocity       12
  3) Tolerance cost, Noise cost and Covariation cost          13
 6. Statistical Analysis      18
Results                20
 1. Overall performance error      20
  1) Elementary analysis      20
  2) Model fitting       22
 2. Release velocity       26
  1) Elementary analysis      26
  2) Model fitting       27
 3. Quantified Tolerance, Noise, and Covariation costs          30
  1) Elementary analysis      30
  2) Model fitting: Tolerance cost     31
  3) Model fitting: Noise cost     34
  4) Model fitting: Covariation cost     36
Discussion        38
References        52
Appendix A. Clinical Measures             57
Appendix B. Basic nonlinear mixed model fitting procedure  57
Appendix C. Summaries of the models used in the study          63
</body>

