
Cerebral Cortex July 2011;21:1475--1484

doi:10.1093/cercor/bhq192

Advance Access publication December 3, 2010

Contributions of the Motor Cortex to Adaptive Control of Reaching Depend on the
Perturbation Schedule

Jean-Jacques Orban de Xivry, Sarah E. Criscimagna-Hemminger and Reza Shadmehr

Department of Biomedical Engineering, Johns Hopkins University School of Medicine, Baltimore, MD 21205, USA

Jean-Jacques Orban de Xivry and Sarah E. Criscimagna-Hemminger contributed equally to this work

Address correspondence to Jean Jacques Orban de Xivry, Department of Biomedical Engineering, Johns Hopkins University School of Medicine, 720

Rutland Ave, 416 Traylor Building, Baltimore, MD 21205, USA. Email: jj@jhu.edu.

During adaptation, motor commands tend to repeat as performance
plateaus. It has been hypothesized that this repetition produces
plasticity in the motor cortex (M1). Here, we considered a force
field reaching paradigm, varied the perturbation schedule to
potentially alter the amount of repetition, and quantified the
interaction between disruption of M1 using transcranial magnetic
stimulation (TMS) and the schedule of perturbations. In the abrupt
condition (introduction of the perturbation on a single trial followed
by constant perturbation), motor output adapted rapidly and was
then followed by significant repetition as performance plateaued.
TMS of M1 had no effect on the rapid adaptation phase but reduced
adaptation at the plateau. In the intermediate condition (in-
troduction of the perturbation over 45 trials), disruption of M1
had no effect on the phase in which motor output changed but again
impaired adaptation when performance had plateaued. Finally,
when the perturbation was imposed gradually (over 240 trials), the
motor commands continuously changed during adaptation and
never repeated, and disruption of M1 had no effect on performance.
Therefore, TMS of M1 appeared to reduce adaptation of motor
commands during a specific phase of learning: when motor
commands tended to repeat.
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Introduction

Studies of motor adaptation rely on scenarios in which an

externally imposed perturbation disturbs a movement, result-

ing in performance errors, that is, a difference between the

expected and observed sensory consequences of motor

commands. In reach adaptation (Donchin et al. 2003) and

saccade adaptation paradigms (Ethier et al. 2008; Srimal et al.

2008), an error in a given trial induces changes in the motor

output of the subsequent trial, suggesting that the brain

learns from prediction errors. The neural basis of this error-

dependent adaptation includes the cerebellum, as studies on

reaching (Smith and Shadmehr 2005; Tseng et al. 2007;

Criscimagna-Hemminger et al. 2010) and saccade paradigms

(Barash et al. 1999; Xu-Wilson et al. 2009) have found that

damage to the cerebellum produces profound deficits in

adaptation. In a recent experiment, however, cerebellar

patients demonstrated improved adaptation when the pertur-

bation was gradually introduced over hundreds of trials as

compared with when the full perturbation was abruptly

introduced on the first trial (Criscimagna-Hemminger et al.

2010). Is the neural basis of adapting to a gradual perturbation

distinct from an abrupt perturbation?

Psychophysical evidence suggests that gradual and abrupt

introduction of perturbations produce motor memories with

distinct properties. For example, in force-field adaptation tasks,

gradual introduction of a perturbation leads to better retention

(Kagerer et al. 1997; Michel et al. 2007; Huang and Shadmehr

2009) and a distinct pattern of generalization (Malfait and Ostry

2004; Michel et al. 2007; Kluzik et al. 2008). Similarly, adapting

to a gradually increasing visuomotor rotation causes subjects to

rely more on sensory feedback during the reach and reduce

their reaction time (Saijo and Gomi 2010). The altered patterns

of generalization and response to sensory feedback suggest that

the neural basis of adapting to statistics of error in the gradual

versus abrupt perturbations may be distinct.

Neurophysiological studies have highlighted changes in the

primary motor cortex (M1) during learning of force field or

visuomotor rotation (Gandolfo et al. 2000; Li et al. 2001; Paz

et al. 2003; Paz and Vaadia 2004; Arce et al. 2010). Some of

these studies (Paz et al. 2003; Paz and Vaadia 2004) have found

that changes in M1 occur not during the early stage of

adaptation when errors are large, but during a later stage

when performance errors are small. Here, we controlled the

schedule of the perturbation and attempted to assay the role

of the human M1 during adaptation. To this end, we used

a single-pulse transcranial magnetic stimulation (TMS) pro-

cedure to disrupt the function of M1 during reach adaptation

(Hadipour-Niktarash et al. 2007). This disruption produced

adaptation deficits that were specific to the schedule of

perturbations. Our result suggests that the repetition of the

motor commands plays a significant role in how much M1

contributes to changes in motor output during adaptation.

Methods

Sixty-six right-handed volunteers with no known neurological disor-

ders participated in this study. All participants were naive to the

purpose of the experiment. All procedures were approved by the

Institutional Review Board of the Johns Hopkins School of Medicine,

and all participants signed a consent form.

Behavioral Training
The experiment is illustrated in Figure 1A. Subjects performed

a ‘‘shooting task’’ while holding the handle of a robotic manipulandum

(Huang and Shadmehr 2009). Their hand was covered by a horizontal

screen upon which a small white cursor (5 3 5 mm) representing hand

position was displayed at all times. A target (5 3 5 mm) was positioned

at 10 cm from the center of the screen at either 121.5� or 301.5� in

a pseudorandom sequence. The volunteers were instructed to ‘‘shoot’’

through the target, beyond which the robot produced a dampening

field (as if punching a pillow). As the cursor crossed an imaginary 10-cm

radius circle centered at the start position of the movement, a yellow
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dot appeared at the crossing point to emphasize the endpoint error.

Once they had ‘‘punched the pillow,’’ the subjects brought their hand

back to the target, and then, the robot brought the hand back to the

center. Subjects were rewarded with a target explosion. In order to

receive this reward, the cursor had to cross the target area in less than

230 ms after movement start. If the movement duration was longer

than 230 ms, a blue dot appeared to indicate a slow movement. Because

the subjects were instructed to strike quickly through the target, peak

velocity was usually achieved near the crossing point (Fig. 1B). During

the experiment, subjects received 3 set breaks (about 1 min in

duration), as noted by the dashed lines in Figure 1C. Hand position,

hand velocity, and force at the handle were recorded at 100 Hz.

To control for repetition-dependent and error-dependent signals that

might contribute to learning (see definitions and simulations results

below), we considered 3 protocols: abrupt, intermediate, and gradual

(Fig. 1C). The first 90 trials of all 3 protocols were in a null field.

Following these null field trials, the subjects experienced a force field.

The perturbation in field trials was a velocity-dependent curl field in

which the robot pushed the hand perpendicular to the direction of

motion. In the ‘‘abrupt condition,’’ subjects experienced 290 field trials

in which the force exerted by the robot was introduced at the

maximum magnitude [0 -13; 13 0] N�s/m on the first field trial. We

recruited a control group of subjects who experienced the abrupt

condition without TMS (CTRLABR, n = 9) and a group of subjects who

received a single TMS pulse over the primary motor cortex at the end

of each of the 290 trials (TMSABR, n = 9). Further information about the

TMS condition is provided below. In the ‘‘intermediate condition,’’ the

field strength was ramped up linearly over 45 trials. In this condition,

n = 10 subjects participated in the control group (CTRLINT), and n = 11

subjects participated in the TMS group (TMSINT). In the ‘‘gradual

condition,’’ the field strength was ramped up linearly over 240 trials. In

this condition, n = 9 subjects participated in the control group

(CTRLGRA), and n = 9 subjects participated in the TMS group (TMSGRA).

In all conditions, error-clamp trials were randomly interspersed with

a one-fifth probability. In error-clamp trials, hand motion was con-

strained to a straight line to the target by a stiff virtual wall (spring

coefficient: 2500 N�m and damping coefficient: 25 N�s/m). The error-

clamp trials allowed us to measure the forces that the subjects

predicted on that trial while minimizing performance errors. The 290

field trials were followed by a block of 80 error-clamp trials.

To assess the specificity of our TMS results to the motor cortex, we

recruited an additional group (n = 9) that trained in the abrupt

condition but received a TMS pulse over the occipital cortex.

TMS Protocol
To stimulate the motor cortex, TMS was applied over the biceps and

deltoid representations of the left primary motor cortex at 120% of the

resting motor threshold (Desmurget et al. 1999; Della-Maggiore et al.

2004; Cothros et al. 2006; Hadipour-Niktarash et al. 2007; Brown et al.

2009). The coil was placed tangential to the scalp with the handle

pointed backwards at a 45� with respect to the anterior--posterior axis.

In order to stimulate the occipital cortex, TMS was applied on the

inion--nasion line, above the inion, with the handle pointing upward.

The resting motor threshold was defined as the minimum stimulator

intensity that produced a 50 lV motor--evoked potential in the right

first dorsal interosseous muscle in 5 of 10 stimulations. During reach

adaptation, the pulse was delivered when the hand crossed an

imaginary 10 cm radius circle centered at the start position of the

movement (Fig. 1B). Because the TMS pulse arrived after completion of

the trial, it did not alter the movement. However, earlier work had

demonstrated that the temporal proximity of the TMS pulse and trial

completion are critical to disruption of learning in the motor cortex

(Hadipour-Niktarash et al. 2007). We did not deliver the pulse at

the start or during the movement, leaving movement execution

unimpaired.

Data Analysis
Endpoint error was defined as the angle between a straight line to the

target and endpoint position. Perpendicular velocity at the end of the

movement was assessed at 90% of movement duration. We excluded

trials that completed in more than 300 ms or had endpoint error of

more than 30� (less than 5% of all movements). For each error-clamp

trial, the ideal force was computed as the field magnitude times the

hand velocity. The baseline force trajectory that subjects produced

during null trials was subtracted from the force they produced during

adaptation trials. For some analyses of field trials, movement trajectories

were divided into an early and a late phase at the halfway point to the

target. In error-clamp trials, the dependent measure was the maximum

force exerted by the subjects against the channel walls. For some

analyses of error-clamp trials, the force profile for each trial was

normalized in time (0% is the movement onset and 100% is the

movement offset) and then resampled in 5% time intervals. The

intermediate data points were computed from a spline curve fitted on

the raw data points (spline function in Matlab; Mathworks Inc.).

The post-adaptation retention period was composed entirely of

a sequence of error-clamp trials. We examined the rate of decay of the

force output during the error-clamp trials of the test period. This rate

was estimated by fitting a single exponential of the form

f ðnÞ=a expð–bnÞ to the data set for each subject. In this equation,

f ðnÞ is the peak force on trial n. This continuous domain equation can

be well approximated in the discrete domain: f ð0Þ=a and

f ðn+1Þ=
�
1–b

�
f ðnÞ in which (1–b) is an estimate of sensitivity of the

memory to trial. Therefore, b is fraction of the force that is lost from

one trial to the next. To assess between-group differences in rate of

decay, we ran a bootstrap analysis on the parameter b with 10 000

resamplings (bootstrap function in Matlab). The same technique was

Figure 1. (A) Experimental setup. Subjects were seated in front of a robotic arm and
were asked to hold the handle and shoot through a 10 cm distant target. The two
targets that we used are plotted here. (B) TMS was delivered when the hand crossed
the target during the force-field trials. (C) Subjects participated in one of the three
experiments: abrupt, intermediate, or gradual. In the first 90 trials, the robot did not
produce any forces. In the subsequent 290 trials, a curl force field was introduced,
perturbing the hand perpendicular to its direction of motion. It was introduced either
over 1 trial (abrupt condition), over 45 trials (intermediate condition), or over 240 trials
(gradual condition). The gray bars represent error-clamp trials (see Methods).
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used to assess the rate of learning during the first 25 trials in the abrupt

condition. To do so, we approximated the exponential learning

function f ðnÞ=cð1–expð–dnÞÞ with the following discrete function

f ðnÞ=c:
�
1–ð1–dÞn

�
. To estimate the running standard deviation of the

force output, we smoothed the maximum force data from our subjects

using a running average of 10 trials and then found the running

standard deviation with a window of 7 trials. The normalized running

standard deviation was obtained by dividing the running standard

deviation by the running average.

In some instances, we used an analysis of covariance (ANCOVA) in

order to test for the possible influence of covariate measure on the

results of an analysis of variance (ANOVA). Before performing this

analysis, we first performed a homogeneity-of-slope test that confirmed

the significant relationship between the covariate and the dependent

measure and the necessary hypothesis that this relationship was similar

for the different groups. Statistical analyses were implemented in

Statistica (Statsoft).

Results

We asked whether disruption of M1 produced impairments in

performance during adaptation and whether this impairment

was dependent on the schedule of the perturbations. Our

primary measure of performance was the force that subjects

produced in error-clamp trials (Fig. 2).

In the abrupt condition, M1-TMS produced an impairment in

force output in the trials following the introduction of the

perturbation (Fig. 2A), and this impairment was sustained for

the entire course of the experiment. To quantify this pattern,

we considered the peak force exerted in the error-clamp trials

during the early phase of adaptation (trials 136--185) and the

late phase of adaptation (trials 331--380). We performed an

ANOVA with period (early and late) as a within-subject factor

and group (CTRLABR and TMSABR) as a between-subject factor.

We found a main effect of group, F1,16 = 15.1, P = 0.001, but no

effect of period, F1,16 = 0.03, P > 0.80, or interaction, F1,16 =
0.17, P > 0.60. To ask whether the differences in force were

due to differences in individual movement speeds, we

performed an ANCOVA analysis in which the peak force was

the dependent measure, group was the between-subject factor,

and peak velocity was the covariate. We found that group

differences in peak force were maintained (early: F1,15 = 4.54,

P = 0.049 and late: F1,15 = 5.76, p = 0.03).

In the intermediate condition, as the perturbation was

ramped up (trials 90--135), the forces that subjects produced

increased rapidly. During this transient period of adaptation,

we observed no reliable effect of TMS. However, by the end of

the training period, the CTRLINT subjects were producing

significantly more force than the TMSINT subjects (Fig. 2B):

There was an interaction between group and period, F1,19 =
4.95, P = 0.038, and a significant difference between the force

in the 2 groups (t19 = 2.12, P = 0.047). Importantly, from the

Figure 2. Force output in the abrupt, intermediate, and gradual protocols. (A) Performance of the abrupt group. Top row: perturbation schedule. Middle row: peak force in error-
clamp trials over the course of the training. The solid curves represent the running average over a window of 10 trials, which are interrupted during set breaks. Error bars are
standard error of the mean. Bottom row: output of the ANCOVA on peak force in error-clamp trials during the early and late periods of training (factor: group and covariate: peak
velocity). Error bars are CI. (B) Performance of the intermediate group. (C) Performance of the gradual group. (D) Running standard deviation of the peak force for the control
groups (blue curves of middle row) is presented on the left panel. In the normalized version of this plot (right panel), the standard deviation of the force is divided by its magnitude.
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early to the late adaptation period, the CTRLINT group showed

a 15% increase in peak force (t10 = 3.9, P = 0.003), whereas

during the same period, TMSINT group showed no significant

changes (2% increase, t9 = 0.39, P > 0.40). This group difference

in peak forces during the late period was maintained when we

considered the individual differences in movement speeds:

ANCOVA main effect of group, F1,18 = 5.58, P = 0.03.

In contrast to the abrupt and intermediate conditions, in

the gradual condition, we observed no reliable differences

between groups throughout the experiment: main effect of

group, F1,16 = 3.53, P = 0.08; of period, F1,16 = 366, P < 0.001;

and interaction, F1,16 = 1.29, P = 0.27. The small trend toward

a higher force by the end of training for the TMSGRA
group disappeared when we took into account differences

in individual movement speeds: ANCOVA, effect of group,

F1,15 = 0.95, P = 0.35.

In summary, we found that force adaptation in response to

an abruptly imposed perturbation was impaired when M1 was

stimulated, and this impairment was present in both the early

and the late periods of training. When the perturbation was

imposed less abruptly (intermediate condition), disruption of

M1 impaired the adaptation only in the late period of training.

When the perturbation was imposed gradually, disruption of

M1 had no effect on adaptation.

Repetition-Dependent Learning and the Motor Cortex

Why should the disruption of M1 affect performance in the

abrupt (early and late) and intermediate (late) conditions but

not the gradual condition? An important clue is previous

research regarding disruption of M1 in tasks that do not involve

adaptation. For example, when people move their thumb

repeatedly in a given direction, stimulation of M1 is more likely

to reproduce the practiced movement than other movements

(Classen et al. 1998). Therefore, a brief period of repetition

alters the response of M1 to a given external input (Liepert

et al. 1998), implying that even short-term repetition of

a movement enhances representation of that particular

movement in the motor cortex. This enhancement of

representation is termed use-dependent plasticity and appears

to rely on synaptic alterations within M1 (Butefisch et al. 2000,

2004; Galea and Celnik 2009). Interestingly, 2 recent experi-

ments (Huang et al. 2009; Diedrichsen et al. 2010) demon-

strated that during reach adaptation, a component of the

change in the motor output was driven by the act of repetition,

while another component was driven by sensory prediction

errors. For example, Diedrichsen et al. (2010) suggested that

learning in even short-term adaptation experiments depends

on at least 2 signals: prediction errors and repetition. Here, we

wondered whether the results that we had observed in

disrupting M1 were consistent with an effect that was due to

disruption of learning from repetition.

Our intuition was that in the abrupt condition and late in the

intermediate condition, the subjects were likely to repeat their

motor commands (after an initial transient in force output). In

the gradual condition, the subjects needed to continuously

update their force output in order to maintain performance.

Therefore, a proxy for the degree of repetition in the motor

commands is the inverse of the variability of the motor

commands across the trials. That is, the smaller the trial-to-trial

change in motor commands (as measured by force during

error-clamp trials), the greater the repetition. To estimate the

degree to which the forces repeated in various conditions, we

computed the running standard deviation of the forces in each

control subject in error-clamp trials and then normalized this

STD with respect to the mean force output (Fig. 2D). We found

that in the abrupt and intermediate conditions, after an initial

transient, the between-trial force variability became low,

whereas in the gradual condition, this variability stayed high

as the perturbation continued to change. Therefore, the

impairment that M1-TMS caused was greatest in the condition

for which repetition of motor commands was greatest and

between-trial variability of force output was low (abrupt

condition), less in the condition for which repetition was

smaller (intermediate condition), and none in the condition for

which repetition was smallest and between-trial variability was

high (gradual condition).

The absence of TMS effect during the sharp rise in force

output (Fig. 2A; first 25 trials in the abrupt condition) suggests

that TMS did not disrupt an error-based learning process. This

observation is reinforced by the use of a bootstrap analysis to

quantify any difference in the initial rate of learning. To do so,

an exponential function was fit to the force measured during

error-clamp trials (see Methods). This analysis did not reveal

any differences in the rate of learning (d) between the 2 groups

(CTRLABR: 0.26 ± 0.11 and TMSABR: 0.2 ± 0.05, mean ±
confidence interval [CI], t-test, P = 0.33).

Regional Specificity of the Effect of TMS

The strongest effect of TMS was in the abrupt condition. In

order to control for regional specificity of TMS, we enrolled an

additional group of subjects in the abrupt condition and

applied the stimulation over the occipital cortex (OC-TMS). We

found that the force output in the M1-TMS group was impaired

compared with the OC-TMS group, and this impairment was

present both in the early and in the late adaptation periods

(Fig. 3). An ANOVA revealed a significant main effect of group

(F1,16 = 6.69, P = 0.02) but no significant effects of period

(F1,16 = 2.22, P = 0.15) or interaction (F1,16 = 0.39, P = 0.54). This

difference among the OC-TMS and M1-TMS groups was

maintained when we controlled for differences in movement

speed (ANCOVA early: F1,15 = 9.18, P = 0.008 and late: F1,15 =
7.5, P = 0.015). Furthermore, we found no significant differ-

ences in force patterns between the OC-TMS group and the

control group: ANOVA: F1,16 = 0.31, P = 0.59; ANCOVA early:

F1,15 = 0.47306, P = 0.5; and late: F1,15 = 0.4, P = 0.54.

TMS During Adaptation Did Not Affect the Rate of Decay
after Adaptation

The adaptation blocks were followed by 80 error-clamp trials in

which we assayed the rate of decay of the motor output

(Fig. 4A). TMS was discontinued at this stage of the experiment.

To compare the rate of decay between groups, single

exponentials of the form f ðn+1Þ=
�
1–b

�
f ðnÞ were fit to the

trial-to-trial force data of each group, and a bootstrap analysis

was used to estimate mean and CI of the decay parameter

b (Fig. 4B). We found that TMS during adaptation had no

reliable influence on the rate of decay of motor output after

adaptation (t-tests of the mean rate of decay, P > 0.5 for all

conditions).

Effect of TMS on Reach Trajectories and Feedback Control

Our results that disruption of M1 impaired performance in

the abrupt and intermediate conditions are surprising
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because a number of previous TMS studies have found that

disruption of M1 did not affect learning (Richardson et al. 2006;

Hadipour-Niktarash et al. 2007). Previous work relied on

measures that quantified reach trajectories, whereas here,

we relied on forces that were produced in channel trials. Is

there a fundamental difference between these 2 measures of

performance? Endpoint errors and reach trajectories are

plotted in Figure 5. We found that while M1-TMS affected the

forces that subjects produced in error-clamp trials (Fig. 2), it

had no reliable effect on endpoint errors in field trials (Fig. 5).

For example, in the abrupt condition (Fig. 5A), an ANOVA with

period (early and late) as a within-subject factor and group

(CTRLABR and TMSABR) as a between-subject factor revealed

that the error patterns were comparable in the 2 groups: main

effect of period, F1,16 = 51.63, P < 0.001; main effect of group,

F1,16 = 0.018, P > 0.40; and interaction, F1,16 = 0.73, P = 0.4. In

the intermediate condition (Fig. 5B), the error patterns were

also comparable in the 2 groups: main effect of period, F1,19 =
77.7, P < 0.001; main effect of group, F1,19 = 2.26, P = 0.15;

and group by period interaction, F1,19 = 1.4, P = 0.25. Finally, in

the gradual condition (Fig. 5C), the error patterns were also

comparable in the 2 groups: main effect of group, F1,16 = 0.16,

P > 0.40, and interaction, F1,16 = 0.31, P > 0.4. Thus, TMS did not

produce an impairment of performance in terms of endpoint

errors.

The best policy (in terms of minimum effort, where effort is

defined as the sum of squared forces) that can bring the hand

to the target in a curl field is to overcompensate early in the

movement when the field is weak and then allow the robot to

bring the hand back to the target (Izawa et al. 2008). All groups

produced reach trajectories that exhibited overcompensation,

as shown by the hand paths in the lower part of Figure 5, and

this overcompensation increased over the course of trials (from

early to late). Thus, if we view the overcompensation as the

result of an optimization process, TMS of the motor cortex did

not appear to affect the ability of the subjects to find the

trajectory of minimum effort to the target.

How could TMS affect force production during error-clamp

trials but not influence the endpoint errors during field trials?

We closely analyzed the reach trajectories of each subject and

looked for clues that might help answer this question. Our first

clue was that during the late phase of adaptation in the control

subjects, an individual’s motor output in error-clamp-trials was

a predictor of their endpoint kinematics in free reaching but

not for the TMS subjects. For example, in the control groups

(CTRLABR, OC-TMSABR, and CTRLINT), the force recorded in

error-clamp trials at midway into the movement was a predictor

of perpendicular velocity at the end of free reaching (r = 0.41,

P = 0.026). In contrast, this correlation did not exist in the TMS

groups (TMSABR and TMSINT, r = 0.09, P > 0.70). Furthermore, in

the control groups, the early motor commands in free reaching

(average perpendicular velocity in the first half of the

movement, see Fig. 6A) were predictors of endpoint errors of

the same movements (Fig. 6B, r = 0.49, P = 0.007) but not in the

TMS groups (Fig. 6D, r = 0.12, P = 0.62). (A positive

perpendicular velocity early into the movement implies an

overcompensation. Therefore, Figure 6B suggests that in the

Figure 4. Force output during the end of training period and throughout the
posttraining period. (A) Peak force over the course of last 25 error-clamp trials during
the training period and the 80 ensuing ones. Trial bins consisted of 5 trials each. Error
bars are standard error of the mean. (B) Bootstrap estimate population of the decay
parameter b(10 000 resamplings). Top horizontal bars represent CI. Top row: abrupt
condition, middle row: intermediate condition, and bottom row: gradual condition.

Figure 3. Site specificity of the TMS effect. TMS impaired peak force when it was
delivered over the primary motor cortex (red curve, same as Figure 2A) but not when
delivered over the occipital cortex (green curve). Figure structure is similar to Figure 2.
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control group, the greater this early overcompensation, the

greater the likelihood that the endpoint error would be

positive [the hand would pass to the right of the target.])

That is, motor commands that control subjects produced to

start their movements were generally good predictors of

their endpoint kinematics. In the TMS groups, however, these

early motor commands were poor predictors of endpoint

kinematics.

Our second clue was that in the TMS groups, endpoint

kinematics were more closely related to motor commands that

Figure 5. Kinematics of the reach in the abrupt, intermediate, and gradual protocols. (A) Performance of the abrupt group. Top row: perturbation schedule. Middle row: endpoint
error over the course of the training. The solid curves represent the running average over a window of 14 trials, which are interrupted during set breaks. Error bars are standard
error of the mean (SEM). Bottom row: average trajectory profiles during baseline (trials 41--90), early (trials 136--185), and late periods (trials 331--380). Trials were rotated such
that the target is represented 10 cm away in the North direction. Areas around the curves represent SEM. (B) Kinematics of the intermediate group. (C) Kinematics of the gradual
group.

Figure 6. Effect of TMS on early and late components of movement trajectories. (A) Schematic representation of how the trajectories were spatially divided into 2 phases (early
phase: parallel position\5 cm and late phase: parallel position[5 cm). (B), (C), (D), and (E): intersubject relationship between the average perpendicular velocity and endpoint
error for the CTRL and TMS groups (B and C and D and E, respectively) during the late training period. The average perpendicular velocity was computed either during the early
(B and D) or late (C and E) phase of the movements. (E) Bootstrap estimate population of the Dc parameter (10 000 resamplings). This parameter represents the difference
between the standardized coefficients of the multiple regression. In this regression, endpoint error is the dependent measure, and average perpendicular velocities of the early and
late phases of the movement are the 2 factors. For this analysis, CTRL (CTRLINT, CTRLABR, and TMSOC) and TMS (TMSINT and TMSABR) groups across the intermediate and abrupt
conditions were collapsed together.
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arrived late in the movement, but not for the control groups.

For example, for the second half of the movement, the average

perpendicular velocity was a predictor of endpoint error for

the TMS groups (Fig. 6E, r = 0.57, P = 0.01) but not for the

control groups (Fig. 6C, r = 0.18, P = 0.35). To explore this

idea further, we fit a multiple regression model to predict

endpoint error from the measures of perpendicular velocity

in the early and late phases of free reaching movements

(Error =cFF � Vel1st half+cFB � Vel2nd half ). The multiple regression

analysis provided good fits of the data (r2 = 0.7 for the control

groups and r
2 = 0.85 for the TMS groups). However, the weight

of the independent factors differed between the control and

TMS groups (given here with standardized coefficient):

CTRL : Error=1:1 � Vel1st half + 0:91 � Vel2nd half R2=0:7;
TMS : Error=1:0 � Vel1st half + 1:27 � Vel2nd half R2=0:85:

For all groups, the independent factors were always

significant (P < 0.0002). Standard error of the standardized

regression coefficients was 0.142 and 0.136 for the control and

TMS groups, respectively. The results of this analysis suggested

that whereas in the control group, the early motor commands

were a better predictor of endpoint errors, in the TMS group,

the late motor commands were a better predictor. To test the

statistical strength of this result, we performed a bootstrap

analysis by computing the difference in weight between the

different components: Dc=cFF–cFB. A positive Dc suggests that

the endpoint error was more strongly dependent on the early

motor commands, whereas a negative Dc suggests a stronger

dependence on the late motor commands. We found that Dc
estimates were significantly different across populations

(Fig. 6F), as the 95% CIs did not overlap (t-test, P = 0.001).

The mean estimate of Dc was positive for the control

population but negative for the TMS population.

In summary, the results of our analysis suggest that during

free reaching, the endpoint errors were indistinguishable

between the TMS and control groups. However, the motor

commands that the control groups produced in error-clamp

trials were a better predictor of their performance in free

reaches than for the TMS groups. This suggests that the TMS

groups relied more on the late phase of the movement (i.e.,

relying on sensory feedback to correct the movement),

whereas the control groups relied more on the early phase

(i.e., relying on prediction).

Discussion

We considered 3 ways of introducing a perturbation: suddenly

on a single trial (abrupt condition), over 45 trials (intermediate

condition), and over 240 trials (gradual condition). We found

that despite disruption of M1 using TMS, in response to the

abrupt perturbation, the motor output (force in error-clamp

trials) adapted quickly. However, within 50 trials after the

onset of the abrupt perturbation, the motor output of the con-

trol group reached a higher level of adaptation than the TMS

group. This impairment persisted for an additional 200 trials

during which the perturbation was held constant. That is, in

the abrupt condition, TMS over M1 impaired both the early and

the late stages of adaptation. In contrast, in the intermediate

condition, disruption of M1 only impaired the late training

period. When the perturbation was imposed gradually, disrup-

tion of M1 had no effect on adaptation. Therefore, we found

that disruption of M1 produced the strongest effects on

adaptation in the abrupt condition, less in the intermediate

condition, and none in the gradual condition.

One way to interpret our results is in the framework of a 2

rate error-dependent learning process: a fast process that

adapts strongly to error but has poor retention and a slow

process that adapts weakly to error but has strong retention

(Smith et al. 2006). Thus, the contribution of the slow process

is most significant when errors are small. In the abrupt and

intermediate conditions, our results show an impairment when

errors are small, consistent with a mechanism that disrupted

the slow process but spared the fast process. However, this

framework would also predict impairment in the gradual

condition where errors are small throughout learning. The fact

that disruption of M1 left no measurable impairment in the

gradual condition appears inconsistent with the hypothesis

that the slow process, at least as defined as an error-dependent

learning process, was affected.

Another way to consider our results is in a framework in

which learning depends on separate processes that rely on

prediction error and repetition. For example, in a recent

experiment, Diedrichsen et al. (2010) demonstrated that the

history of the motor commands experienced during training

produced a memory that acted in parallel with a memory that

depended on the errors present during that training. They

suggested that whereas the fast adaptive process learned from

prediction errors, the slow process did not depend on error but

on the history of the motor commands. A hypothesis that

emerges from these studies is that in a typical adaptation task in

which training allows performance errors to become small,

motor commands tend to change little from trial to trial,

enhancing the possibility of reinforcement through repetition.

Our proxy for repetition of the motor commands was the

trial-to-trial variance of the force that subjects produced in

error-clamp trials. Using this measure, we found that in the

abrupt condition, there was a long period in which control

subjects tended to repeat their motor commands, resulting in

a decreased variability in force output (Fig. 2D). This period

was shorter in the intermediate condition and shortest in the

gradual condition. If learning from repetition can be assayed

through a measure of trial-to-trial force variance, then the

greatest opportunity for repetition-dependent plasticity likely

occurred in the abrupt condition and smallest opportunity

occurred in the gradual condition. While trial-to-trial force

variance is one plausible proxy of the signal required for

repetition-dependent learning, the variability in the magnitude

of the perturbation may instead be the signal driving learning.

Future studies are required to assay the effect of performance

variability on the repetition-dependent learning mechanism.

The role of M1 in repetition-dependent plasticity has been

highlighted in other experiments in which a movement or

sequence of movements is repeated without an explicit

performance error. In these experiment, the act of repetition

induces both improvements in performance and parallel

changes in the motor cortex (Karni et al. 1995; Classen et al.

1998; Matsuzaka et al. 2007). For example, the act of repeating

a thumb flexion produces a greater likelihood of generating

that thumb flexion in response to a TMS pulse to M1. This

cortical plasticity appears to occur despite the absence of

performance errors. If we view repetition as a signal that drives

plasticity in the motor cortex, then we might expect that

disruption of the motor cortex should have little or no effect
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on performance when learning is driven by errors and motor

commands are changing rapidly, but impair performance when

repetition is driving plasticity. Although our study was not

designed to dissociate learning from error versus learning from

repetition, our data are consistent with a role for M1 in

repetition-dependent, but not error-based learning: 1) When

errors were large, forces produced by the subjects adapted

rapidly, and we saw no effects of M1 TMS on adaptation. 2)

When errors were small, in some conditions (abrupt and

intermediate), there was impairment due to TMS of M1, but in

another condition (gradual), there was no impairment. One

difference between the conditions was the degree of repetition

in the motor commands. TMS of M1 produced adaptation

impairments when both the errors were small, and there was

a greater number of trials in which the motor commands

showed a small variance.

There is now substantial data regarding the mechanisms that

support repetition-dependent learning in the motor cortex.

Repetition of a movement during a single session of training

(particularly when this repetition is reinforced with reward)

strengthens horizontal excitatory connections (Rioult-Pedotti

et al. 1998), weakens inhibitory connections (Floyer-Lea et al.

2006), and induces formation of postsynaptic dendritic spines

(Xu et al. 2009; Yang et al. 2009). All 3 of these processes

combine to produce neural plasticity. It is possible that a

low-variance training schedule (resulting in high repetition)

enhances this plasticity, whereas a high-variance training

schedule reduces this plasticity. These effects are likely to

underlie the observation that response of the human M1 to

cortical or peripheral stimulation undergoes rapid changes after

a few minutes of movement repetition (Rosenkranz et al. 2007).

Furthermore, drugs that enhance c-aminobutyric acid (GABA) or

block N-methyl-D-aspartic acid transmission and uptake tend to

inhibit formation of cortical long-term potentiation (Hess and

Donoghue 1994), resulting in reduced repetition-dependent

plasticity in the motor cortex (Butefisch et al. 2000). The same

drugs impair learning of reaching movements in response to an

abrupt perturbation (Donchin et al. 2002).

Neurophysiological results from adaptive control of reaching

have demonstrated that as monkeys learn to compensate for

a perturbation, the motor output undergoes rapid adaptation,

but this rapid adaptation is not reflected in corresponding

changes in the discharge of M1 cells before onset of the

movement (Paz et al. 2003). Instead, robust changes in M1

delay-period activity appear later in training when there has

been a period of repetition in the motor commands (Paz et al.

2003, 2005). Based on this result, one would expect that

disruption of M1 should affect adaptation, particularly late in

the learning period. However, while stimulation of the

posterior parietal cortex 40 ms after movement onset during

reaching and pointing has been shown to disrupt online

correction mechanisms (Desmurget et al. 1999) and induce

changes in movement kinematics during the late part of the

training period (Della-Maggiore et al. 2004), a number of

previous TMS studies have found that disruption of M1 has no

effect on performance during training (Richardson et al. 2006;

Hadipour-Niktarash et al. 2007). Our results here provide

a potential explanation for this apparent contradiction of the

role of M1: Previous works have assayed performance via

kinematic measures of reaching. Using these measures, we also

found no effect of TMS. However, when we assayed perfor-

mance via forces that subjects produced in error-clamp trials,

the effect of TMS was evident. Why was there a difference in

the patterns of force produced in error-clamp trials but not

movement kinematics in free trials?

One possibility is that the force in error-clamp trials

measures a feed-forward predictive component of the move-

ment. In contrast, both feedback and feed-forward processes

may affect motor output in the free reaching movements. In

the control subjects, forces in error-clamp trials were good

predictors of endpoint errors in free reaching but not in the

TMS subjects. In the control subjects, motor commands early in

free reaching were also good predictors of endpoint errors but

again not in the TMS subjects. However, in the TMS subjects,

motor commands late in the free reaches were good predictors

of endpoint errors but not in the control subjects. Based on this

double dissociation, we speculate that in the TMS subjects,

kinematic performance appeared unaffected not because the

motor commands that initiated their movement were compa-

rable with the control subjects but because there was

compensation via some form of internal or sensory feedback.

This view is consistent with the observation that there is

decreased M1 activity during arm movements that require

higher reliance on feedback (Seidler et al. 2004).

Does discharge of cells in M1 reflect contributions of both

error- and repetition-dependent signals? Green et al. (2007)

found that during curl field adaptation, discharge of caudal M1

cells during reaching encoded the ongoing error at roughly

100 ms latency. When perturbations were random, the latency

remained constant. As perturbations repeated, the latency de-

clined, suggesting a transition from an error-dependent feed-

back response to a predictive feed-forward response. It seems

reasonable that at least part of this predictive response is

conveyed via the cerebellum to the motor cortex. That is, the

cerebellar input corrects the M1 response. However, as the

movement is repeated, M1 cells may undergo plasticity so that

they produce the feed-forward response not through internal

feedback from the cerebellum (Tseng et al. 2007), but in their

response to inputs from premotor or parietal areas. Based on

this conjecture, one would predict that disruption of synaptic

plasticity in M1 should not alter the rapid phase of reach

adaptation, but impair the later component in which motor

commands repeat.

Motor learning is a complex process supported by multiple

brain structures (Shadmehr and Krakauer 2008). Error-

dependent and repetition-dependent signals appear to be some

of the driving forces in motor learning (Huang et al. 2009) with

potentially distinct timescales (Diedrichsen et al. 2010). Studies

from our laboratory have shown that cerebellar patients are

impaired when adapting to an abrupt perturbation (Smith and

Shadmehr 2005) but show much less impairment when

adapting to a gradual perturbation (Criscimagna-Hemminger

et al. 2010). Our finding was reminiscent of a study in knockout

mice that were unable to maintain long-term depression (LTD)

over time (Boyden et al. 2006). In those animals, skill was

maintained when acquired through small errors but not

through large errors. The interaction between the disruption

of LTD maintenance in the cerebellum and the size of the

errors suggests that the gradual and abrupt conditions might

involve very different mechanisms at the level of the

cerebellum. In the present study, we also found an interaction

between the perturbation scheduled and the role of the motor

cortex in motor learning. Disruption of M1 caused the greatest

impairment in the abrupt protocol and no effect in the gradual
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protocol, hence pointing to a repetition-dependent process.

However, the time course of the impairment was very different.

Error-based learning was impaired in cerebellar patients

(Criscimagna-Hemminger et al. 2010) as evidenced from their

impairment during the very first trials of the learning period. In

contrast, TMS over M1 only disrupted the late part of the

learning. In light of our current results that TMS of M1 has little

or no effects in the gradual condition, we speculate that the

learning that we observed in the cerebellar patients was not

due to repetition and the involvement of M1 but possibly due

to spared learning in the deep cerebellar nuclei or elsewhere.

Future studies are required in order to investigate how

cerebellar degeneration patients are able to learn in the gradual

condition.
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