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Abstract

Handedness is a pronounced feature of human motor behavior, yet the underlying neural mechanisms remain unclear. We
hypothesize that motor lateralization results from asymmetries in predictive control of task dynamics and in control of limb
impedance. To test this hypothesis, we present an experiment with two different force field environments, a field with a
predictable magnitude that varies with the square of velocity, and a field with a less predictable magnitude that varies
linearly with velocity. These fields were designed to be compatible with controllers that are specialized in predicting limb
and task dynamics, and modulating position and velocity dependent impedance, respectively. Because the velocity square
field does not change the form of the equations of motion for the reaching arm, we reasoned that a forward dynamic-type
controller should perform well in this field, while control of linear damping and stiffness terms should be less effective. In
contrast, the unpredictable linear field should be most compatible with impedance control, but incompatible with
predictive dynamics control. We measured steady state final position accuracy and 3 trajectory features during exposure to
these fields: Mean squared jerk, Straightness, and Movement time. Our results confirmed that each arm made straighter,
smoother, and quicker movements in its compatible field. Both arms showed similar final position accuracies, which were
achieved using more extensive corrective sub-movements when either arm performed in its incompatible field. Finally, each
arm showed limited adaptation to its incompatible field. Analysis of the dependence of trajectory errors on field magnitude
suggested that dominant arm adaptation occurred by prediction of the mean field, thus exploiting predictive mechanisms
for adaptation to the unpredictable field. Overall, our results support the hypothesis that motor lateralization reflects
asymmetries in specific motor control mechanisms associated with predictive control of limb and task dynamics, and
modulation of limb impedance.
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ences in the torque profiles of right and left arm movements,
without requiring any differences in task performance variables,
such as speed or final position accuracy: For the dominant arm,
peak acceleration was scaled with target distance while acceler-
ation duration remained fairly constant across targets. For the

Introduction

Substantial differences in control and coordination between the
dominant and non-dominant arms are easily recognized by most
individuals. Nevertheless, coordination of each arm is seamlessly

integrated into activities of daily living, such as donning and
doffing clothing, preparing meals, and other common activities.
These tasks tend to be performed by distributing action
components across the two arms. For example, when slicing
meat, the non-dominant hand stabilizes the food with a fork, while
the dominant hand manipulates the knife. Previous research has
suggested that this distribution of task components to each arm
might reflect hemispheric specializations for different aspects of
motor control [1][2][3][4][5][6]. Based on this idea, we previously
elaborated a model of movement lateralization called “dynamic
dominance” which attributes predictive control of movement
dynamics to the dominant system and the ability to stabilize
position in the face of unpredictable or unexpected dynamic
conditions to the non-dominant system [7]. We operationalized
this model into a computational simulation that accounted for
consistent interlimb differences in torque profiles of single joint
targeted elbow movements [8]. This simulation predicted differ-
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non-dominant arm, peak acceleration remained fairly constant
across targets, while acceleration duration scaled with target
distance. Follow-up research in right-handed stroke patients
revealed that these differences were reflected in patients with left-
and right-hemisphere damage, such that right hemisphere lesions
restricted modulation of acceleration duration, whereas, left
hemisphere lesions restricted modulation of acceleration ampli-
tude across target distances [9]. These findings supported the
proposition that differences in coordination between the arms arise
from hemispheric specializations for specific motor control
processes.

However, the majority of previous research on motor lateral-
ization has documented asymmetries in performance that are
highly task specific, and that overwhelmingly reflect advantages for
the dominant arm. These include asymmetries in the timing and/
or accuracy in performance of pegboard tasks, writing, drawing,
Fitt’s tapping tasks, and reaching tasks, among others
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[10][11][12][13][14][15]. The search for advantages for the non-
dominant arm has generally resulted in equivocal findings
[16][17]. More recently, studies from our laboratory and others
have reported advantages of each arm for different performance
measures in the same task, such as reaching or rapid alternating
targeted movements [5][18]. Our research has revealed unam-
biguous non-dominant arm advantages in the final position
accuracy of reaching movements when reaching to a large array
of targets without visual feedback [18], or when experiencing
unexpected mechanical perturbations during the movements [19].
The mechanistic model of lateralization that we have developed
attributes these non-dominant arm advantages to hemispheric
specializations for impedance control, which stabilizes perfor-
mance against unexpected mechanical perturbations and stabilizes
final positions, in the face of varied task dynamics. However, this
control-based explanation for handedness has remained specula-
tive because dominant arm performance advantages could have
emerged from habitual or long-term preferences for specific tasks,
such as writing and throwing, or from specializations for
perceptual or cognitive aspects of task planning, rather than from
motor control processes, per se’. For example, right hemisphere
advantages for visual spatial analysis [20] might lead to left arm
advantages in final positional accuracy, while more complex
features of trajectory planning might be specialized to left-
hemisphere processes [21]. Therefore, it is possible that the
interlimb differences are manifestation of habitual or long-term
preferences for specific tasks, and do not result due to differences
in control mechanisms.

This study was designed to directly test our control-based hypothests of motor
lateralization: that control of the dominant arm s specialized for predictive
control of limb and task dynamics, whereas control of the non-dominant arm is
spectalized for modulation of limb impedance. A key element of this design
is that the same performance variables were compared under
different dynamic conditions. We designed #wo force fields to be
compatible with controllers that are 1) specialized in modulating position and
velocity dependent tmpedance or 2) specialized in predicting himb and task
dynamics. Both fields were ‘curl’ fields, but one vares with the square of
tangential hand velocity while the other varied linearly with tangential hand
velocity. Because the velocity square field did not change the form of the
equations of motion for the reaching arm, a forward dynamic-type controller
should perform well in this field, while control of linear damping and stiffness
terms should be less effective. The magnmitude of the two fields also differed in
predictability: While the velocity square field was consistent in magnitude
between trials, the linear field varied in magnitude between trials. This factor
should have lttle impact on an impedance controller, which should be
minimally affected by such variability, but should disadvantage a predictive
controller, which cannot predict the magnitude of the field from trial to trial.
Thus, we designed the fields according to two factors: dynamics (square or
linear relation to tangential hand velocity, and predictability (consistent or
inconsistent magnitude).

We employed a 2 Arm (dominant/non-dominant) X 2 field
(consistent/inconsistent) design, using four groups of subjects, each
of whom performed one session of one load condition with either
the right or left arm. We recruited only right-handed subjects
because left-handers do not represent a behaviorally- [22] [23] nor
a neurologically [24] homogenous population. In addition, our
previous studies in stroke patients formed the basis for our primary
hypothesis and were only done in right-handers. Right-handedness
was assessed using a modified version of the Edinburgh inventory

[25].
Predictions

We hypothesize a dominant system specialization for predictive
control of task dynamics, and a non-dominant specialization for

PLOS ONE | www.plosone.org

Control Mechanism Asymmetries Cause Handedness

impedance control mechanisms. In terms of our dynamic
manipulation, this hypothesis predicts that the non-dominant
controller should be disadvantaged for performance in the velocity
square field, which should require predictive control of limb
dynamics. In contrast, the dominant controller should not be
disadvantaged in this field, since the field does not change the form
of the equations of motion. In terms of our predictability
manipulation, the inconsistent field should disadvantage the
predictive controller more than the impedance controller.
Together, both of these predictions should be supported by a
hand (left/right) X field (consistent/inconsistent) interaction for all
trajectory measures, such that the dominant arm performs
straighter, smoother, and quicker movements in the consistent/
predictable, velocity square field, and the non-dominant arm
performs straighter, quicker, smoother movements in the incon-
sistent/unpredictable, linear field. While we expect these predic-
tions to effect performance throughout exposure to the field, we
also expect that with repeated experience, the differences in
performance between the limbs should become reduced as each
arm adapts to each field. In fact, Schabowsky et al. (2007)
previously demonstrated that both arms adapt similarly to a
consistent velocity dependent curl field, although each employing
different mechanisms of control for this adaptation [2].

Our a priori predictions for final position accuracy are less clear
because of a number of factors: 1) The imposed fields are velocity
dependent and thus become minimized at the final stage of motion
2) Subjects can correct their trajectory errors through submove-
ments in the final phases of motion, and 3) Previous research has
indicated that each arm can be advantaged for final position
accuracy, under different task parameters [7][18][19][26][27].
However, we do expect that final position errors should be greater
for each arm in its incompatible field, which is the inconsistent
linear field for the dominant arm, and the consistent velocity
square field for the non-dominant arm.

Methods

Subjects

Subjects were recruited from University community and gave
written informed consent prior to testing. Twenty four neurolog-
ically intact, right-handed adults (1840 years old) were divided
into four groups (3 female and 3 male in each of four groups). The
subjects in each group performed the tasks of the experiment with
either left or right hand. We used a group design in this study
because previous research from our laboratory has shown transfer
of learning between the limbs [26].

Ethics statement

Subjects were recruited from the University community and
gave written informed consent prior to testing. All the subjects
were paid for their participation. Informed consent and all the
experimental procedures were approved by The Pennsylvania
State University Institutional Review Board.

Experimental set-up

The experimental set-up is depicted in Figure 1. Subjects sat
facing a table with their arm supported in an air-sled over the
horizontal surface by an air-jet system. The air-sled was attached
to a MIT IMT?2 robot arm with an ATI 6-degree of freedom
(DOF) force transducer to measure forces at the interface. The
robot operated in ‘dynamic inertia compensation mode’ to
compensate for the effect of inertia of the robot. The robot arm
has back-drivable motors that can be used to apply custom force
fields at the hand-robot interface. An LCD screen was positioned
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above the mirror, which reflected a 2-D virtual reality environ-
ment, in which a start position and target were presented. Subjects
were instructed to move the hand to a displayed target in response
to a “go” signal. Feedback of the fingertip position was given while
placing the hand at the start position, but was removed at the “go”
signal. Positions and orientations of each segment were sampled at
130 Hz using a Flock of Birds (FOB: Ascension-Technology)
electromagnetic 6-degree of freedom movement recording system.
Custom computer algorithms for experiment control and data
analysis were written in REAL BASIC (REAL Software, Inc.), C
and IgorPro (Wavemetric, Inc.).

Robot Induced Force Fields

The IMT MANUS robot arm has the capability of applying
custom force fields, which we specifically designed to test our
primary hypothesis of motor lateralization. The equations of
motion of human arm interacting with the robot can be written as,

M@O)0+0C0)0=1+J"F (1)

Target
Cursor = Start

L

Figure 1. Experimental apparatus.
doi:10.1371/journal.pone.0093892.g001
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where M is the inertia matrix, C is the tensor of centripetal and
Coriolis forces, 0 is the vector of joint angles, is the torque applied
at the joints, I is the force at the mterface (force applied by the
robot to the hand of the subject) and J is the manipulator
Jacobean. If the robot applied force field, I is chosen as a constant
times velocity [2], i.e. F= —BV, the equations of motion change
as,

M(0)0+0C(0)0=1—J"BV. )

Our inconsistent force field was defined as,

F 0 —b7[Vx
= 3)
F, b 0 v,
and was simulated by varying 4 between trials. For the right hand,

the values changed between 15, 20 and 25. Whereas, for the left
hand, & values changed between —15, —20 and —25. This

-

_—= ‘

Table /
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ensured that the forces experienced by each hand were symmetric
in joint coordinates. Adaptation to such a force field requires
generating a velocity dependent force.

However, if the force field is chosen as F= —abs(VHBV, the
equations of motion change as

M)0+0C0)0=1—J"abs(VT)BV (4)

More specifically, we chose the consistent field as,

B g

where b was 40 for the right hand, and —40 for the left hand
movements. This structure of the consistent force field ensured
that the applied force field had the same direction as a typical curl
field, but its magnitude varied with square of the velocity.
Noting that

V=Jb (6)

The equations of motion can be rewritten as

M(0)0+0C(0)0=r (7)

where

0C0)0=0C(0)0+abs(0T JT)BJO (8)

is the modified inertial contributions due to Coriolis and
centripetal effects. The structure of Eq. (7) is similar to Eq. (1)
with the ¢’ matrix changed.

Choosing force field parameters. By choosing the robot-
applied force fields differently, we intended to train either the
impedance or predictive neural mechanisms involved in move-
ment generation. However, we also wanted to match the energy
requirements of each field, so as not to systematically differ
between the groups. In order to estimate the effects of different
field strengths (b in Eq. (3) and (5), we assumed a minimum jerk
trajectory between initial and final positions [28], and a mean
movement time of 450 ms (derived from pilot data). From these,
we calculated the average work done at the interface as

t
A

Work = J Fvdt 9)
0

where Fis force applied by the robot, v is the velocity of the hand-
robot interface and #is the total movement time. Value of 4 =20
for the inconsistent field in Eq. (3), and b=40 for the consistent
field in Eq. (5) gave net work of approximately 1.2 7/Ag for both
the fields. Therefore, we chose the b-values that characterize
individual force fields so that the net work done by a subject at the
hand-robot interface following a minimum jerk trajectory to the
target is comparable.

Experiment design

Subjects were seated in the virtual reality set up of Figure 1 and
performed reaching movements to three targets starting from a
start location so that the involved shoulder and elbow angles were
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same at start and at each target (start: 25° and 90°; target 1: 40°
and 115°% target 2: 50° and 115°% target 3: 60° and 115°
respectively). The average distance between targets and start
position was 14 cm.

Subjects performed a total of 207 movements toward the target.
The first 27 of these movements were performed under no-load,
null field conditions to determine baseline performance for later
comparisons. One hundred and eighty movements were per-
formed in the robot-applied force fields. Each trial was initiated by
an audiovisual signal at which time the cursor was blanked.
Subjects were instructed to move their hand to the target using a
single rapid motion, with peak velocity greater than 0.5 m/s. To
motivate subjects, audiovisual feedback was provided, and points
were given based on accuracy, when peak velocities were greater
than this threshold. They were provided graphic feedback
indicating whether their movements were too slow, following
each trial.

Statistical and data analysis

Our parametric measures include: 1) Final position error,
computed as the Euclidean distance between the position of the
hand at the end of reaching movement and the corresponding
target. 2) Mean squared jerk, the third derivative of displacement
with respect to time, which has previously been exploited to reflect
a spatiotemporal measure of general movement quality [29]. 3)
Deviation from straight-line performance was measured as the
ratio of cumulative hand path length to the straight-line distance
between the initial and final point in the path [30] and 4)
Movement duration was measured as the time between movement
initiation and movement end. Final position error represents the
major task performance criterion, while smoothness reflects a
combined spatiotemporal measure of performance. Linear devi-
ation and Movement duration provide individual spatial and
temporal measures of performance, respectively. We subtracted
the performance metrics for baseline (i.e. no field condition) from
the performance metrics for the adaptation phases so our
comparisons were not affected by potential differences in baseline
performance between the groups. We divided data into 10 phases
of 18 consecutive trials, which allowed us to investigate the effects
of hand and field on adaptation. For analysis, we employed a 2
(arm) X 2 (field) x 3 (target) X 10 (phase) mixed factor ANOVA to
test our major hypothesis: That the left (non-dominant) arm
should be advantaged for performance in the inconsistent field and
disadvantaged for performance in the consistent field. In contrast,
the right (dominant) arm should be advantaged for performance in
the consistent field and disadvantaged for performance in the
inconsistent field. In other words, we predicted a crossed
interaction between arm and field. While we expected a main
effect of both target and phase, these effects were not associated
with our primary hypothesis. However, a three way interaction
between arm X field X phase would suggest that the time course of
adaptation (change across phase) was effected by our primary
manipulations (arm and field). We define the time course of
adaptation as the number of phases after which the performance
stabilizes or asymptotes. Post hoc comparisons were performed
using t-test when warranted.

Corrective sub-movement analysis

We first determined the duration of the first major submove-
ment, which included the peak tangential hand velocity, and
ended at the first minima following that peak [30]. The corrective
sub movement duration was taken as the duration of the
remainder of the movement, where the end of the movement
was determined to be the first minima that fell below 5% of the
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maximum tangential velocity during the trial. The ratio of the
corrective submovement duration to total movement time was our
normalized measure of the sub movement phase of motion.

Inconsistent field performance

Previous work from Scheidt et al (2001) has shown that while
moving in a dynamic environment with varying magnitude force
fields, subjects used a small number of previous trials to compute
the mean force field magnitude, and trajectory errors resulted
from field strength variations in each trial about that mean [31].
We expect that the dominant arm may use the same predictive
strategy in the current study. In order to test this idea, we
performed a repeated measures ANOVA for our trajectory
measures, with arm as the between-subject factor, and field
strength and phase as within subject factor. If only the dominant
arm used a mean predictive strategy, such as that employed in
Scheidt et al (2001), then we would predict the dominant arm to
be more influenced by changes in the field strength than the non-
dominant arm. If, instead, both arms converged on a similar
control strategy, then we would not expect differences in how each
hand is influenced by field strength. This analysis was only applied
to the inconsistent linear field condition, because field strength
remained constant in the consistent velocity square field condition.

Design Confirmation

We tested whether our experimental design might have
introduced interlimb differences in force amplitude that could
result in performance differences between the arms, which would
nullify our experiment. For both of our fields, the forces applied by
the robot depended on the magnitude of the velocity. We thus
compared maximum velocity between all the groups using a
repeated measures ANOVA, with arm and field as the between
subject factors, and target and phase as within subject factors. Our
ANOVA did not reveal a main effect of arm (F(1,20)=2.118,
P=0.1611), field (¥(1,20)=0.1710, P=0.6836) nor an arm by
field interaction, (F(1,20)=0.0273, P=0.8705). Based on these
results, we conclude that peak tangential velocity was not
significantly different between the four groups. We next computed
the maximum force applied by the robot at the hand-robot
interface for a subset of subjects (16 subjects), and performed
comparisons using ANOVA. The rationale for this smaller subset
of subjects (4 per group) was that we experienced technical
problems with our force transducer for the last 2 subjects in each
of our groups. ANOVA results showed no significant effect of arm
(F(1,12)=3.074, P=0.1050, mnor field (F(1,12) =0.734,
P=0.4084), nor an arm by field interaction (F(1,12) =0.181,
P=0.6783). We conclude that any performance differences
between the dominant and non-dominant arms did not result
from differences in the magnitudes of the imposed fields.

Results

Hand paths

The hand paths in Figure 2 provide a qualitative representation
of the general experimental findings. Each path shows the mean of
the initial or final phase of adaptation for a representative subject
from each condition, with gray representing standard error of the
mean. Mean hand paths in the baseline condition are represented
by dashed lines. For the initial phase of adaptation, the paths are
very curved and final positions inaccurate for both arms in both
fields. However, the dominant arm paths are less curved and more
accurate in the consistent field, while non-dominant arm paths are
less curved and more accurate in the inconsistent field. In the final
phase of adaptation, movements become straighter and more
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accurate for both arms in both fields. In the following sections, we
present parametric measures of performance to quantitatively
assess these general findings.

Final position errors

Figure 3 shows final position errors for all four groups during all
10 phases of adaptation. The dashed line represents dominant arm
performance, while the solid line represents non-dominant arm
performance for each field. The most striking feature of these plots
is that consistent improvement that the non-dominant arm makes
across the 10 phases of adaptation, and the lack of change in final
position error for the dominant arm across adaptation. In
addition, both arms showed comparable final position errors at
the end of adaptation that approximated the diameter of the target
(5 centimeters). Because of slight differences in performance in the
baseline condition (null field), we subtracted null field performance
from exposure performance for statistical analysis. Our ANOVA
did not show a main effect of arm (F(1,20)=1.183, P=0.2897),
nor arm by field interaction (F(1,20)=0.0775, P=0.7836).
However, the tendency for the non-dominant arm, but not the
dominant arm, to improve over adaptation was reflected in a
significant arm by phase interaction (}(9,580)=2.003,
P =0.0368%). Post-hoc comparisons confirmed that non-dominant
arm errors in the final phase of adaptation were significantly lower
than in the initial phase (P<<0.0001%*), whereas dominant arm
errors were not significantly different between initial and final
phases of adaptation (P=0.3410). Previous studies have shown
greater improvements in accuracy for the non-dominant arm
during adaptation to novel dynamic environments [1] [2], and had
attributed these results to a non-dominant arm advantages in
control of steady state position, although the trend for the non-
dominant arm to show greater accuracy by the end of adaptation
was not significant. It should be stressed that because our applied
fields were velocity dependent, they were near-zero in magnitude
at the final position, when velocities were near zero.

Corrections

The hand-paths in Figure 2 left columns show that when
initially exposed to the force fields, subjects’ hand paths are
substantially misdirected and curved. However, they also show
that substantial corrective sub movements were made at the end of
motion, which often directed the hand back toward the target. We
expected that the equivalent final position errors made with both
hands in both fields, resulted from such corrections at the end of
motion. To assess this, we measured the duration of the corrective
phase, following the initial movement (see methods). Figure 4
presents the ratio of this duration to total movement duration.
While the final positions of the two arms were the same in both
fields, this analysis reveals that the dominant arm had a shorter
corrective phase than the non-dominant arm in the consistent
velocity square field, while the non dominant arm had a shorter
corrective phase in the inconsistent linear field. This trend was
reflected by a significant hand by field interaction (F(1,20) =6.21,
P=0.0216*). A significant 3-way interaction between phase, hand
and field (F(9,580) =4.0836, P=0.0240%) revealed that the time
course of adaptation was also different. The non-dominant arm
showed faster reductions in the corrective durations than the
dominant arm in the inconsistent field. However, the dominant
arm showed faster reductions in corrective durations than the non-
dominant arm in the consistent field. Thus, both arms achieved
equivalent final position accuracies across fields by exploiting
greater corrective processes when performing in its incompatible
field.
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for both the dominant and non-dominant arms.
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Mean squared jerk (spatiotemporal measure)

We quantified interlimb differences in mean squared jerk
throughout the course of adaptation, as a general indication of
movement quality (Figure 5). Our ANOVA revealed a significant
main effect for phase, reflecting reductions in jerk for both arms
under both fields (F(9,580) = 21.37,P<<0.0001%). A significant hand
by field interaction (F(1,20)=10.72, P=0.0038*% occurred,
reflecting lower jerk for the dominant arm in the consistent field,
and for the non-dominant arm in the inconsistent field. A three
way interaction between phase, arm and field (F(9,580) = 4.06,
P<0.0001%) also suggested that the time course of adaptation for
the two arms in the consistent and inconsistent fields were
different. To investigate this further, we performed post hoc
comparisons of mean squared jerk between the final phase and
previous phases for each arm in each field. The cycles after which
there was no significant difference between individual phases and
the final phase, are marked with circles in Figure 5. These results
suggest that non-dominant arm performance stabilized earlier
than dominant arm performance in the inconsistent field, and
dominant arm performance stabilized earlier in the consistent
field. Furthermore, this 3-way interaction suggests that the
interlimb differences between the arms for the two fields varied
differently across the phases of adaptation. In order to examine
this effect in more detail, we performed post-hoc analysis for each
phase of the session. The phases of adaptation for which the
interlimb differences were significant are marked by asterisks in

Consistent  vs.

Figure 5. Our post hoc comparisons revealed that interlimb
differences in jerk were resolved in both fields by the fourth phase
of adaptation, and that this convergence was sustained throughout
the session. These results reveal a symmetry in convergence for our
combined spatio-temporal measure, such that in both the fields,
the dominant and non-dominant arms converged to a similar
extent by the end of adaptation.

Linearity Deviation (spatial measure)

We next assessed hand-path deviation from linearity, as a purely
spatial measure of the hand-path during the trajectory phase of
motion. Figure 6 compares mean (+/— standard error) profiles
across adaptation, for both arms in each field. When exposed to
the fields, both arms showed substantial improvements through
adaptation, as reflected by a main effect of phase in our ANOVA
(¥(9,580)=17.76, P<0.0001%*). However, the dominant arm
showed substantially straighter movements in the consistent field,
whereas the non-dominant arm showed straighter movements in
the inconsistent field, an effect quantified as a significant arm X
field interaction (F(1,20)=6.59, P=0.0184%. A three way
interaction between arm, phase and field (F(9,580) =2.04,
P=0.0331%) revealed that the time course of adaptation was
different for the two arms in the two fields. The dominant arm
adapted in fewer phases than the non-dominant arm in the
consistent field, where as the non-dominant arm adapted in fewer
phases in the inconsistent field. An asymmetry in adaptation was
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Figure 3. Final position error for the dominant and non-dominant in consistent and inconsistent fields.

doi:10.1371/journal.pone.0093892.g003
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doi:10.1371/journal.pone.0093892.9g004

also reflected by a significant 3-way Arm X Field X Phase
interaction in our ANOVA. During the course of adaptation, the
straightness of dominant arm movements converged toward that
of non-dominant arm movements by the last phase of adaptation.
However, non-dominant arm movement straightness did not
converge to dominant arm levels under the consistent field. As
expected, in the initial phase of consistent field adaptation,
dominant hand paths were substantially straighter than non-
dominant paths (P=0.0015%), whereas, in the initial phase of
inconsistent field adaptation, non-dominant paths were straighter
(P=0.0060%. For the inconsistent field, dominant arm paths
showed significantly greater linearity deviation for the first three
phases, but converged to that of non-dominant arm performance
by the fourth phase. However, in the consistent field, non-
dominant arm movements remained less straight than dominant
arm movements as late as the 8th phase. Although, not all phases
prior to this were significantly different, slight convergence
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suggested by phases 4 and 5 were not sustained. We thus conclude
that the crossed interaction between hand and field for linearity
was strongest early in adaptation, but convergence in this measure

depended on the field.

Movement Duration (temporal measure)

Figure 7 shows movement durations, quantified for each group,
across the phases of adaptation in both fields. Our ANOVA
revealed a significant interaction between hand and field
(F(1,20)=10.85,P=0.0036*), a significant main effect of phase
(F(9,580) = 27.59,P<<0.0001%), and a significant 3-way interaction
between arm, field and phase (F(9,580)=2.16,P<<0.0230*). A 3-
way interaction between arm, field and phase revealed a difference
in time course of adaptation for the two arms such that the
dominant arm’s performance stabilized earlier than the non-
dominant arm in the consistent field, and the non-dominant arm
stabilized earlier in the inconsistent field. Furthermore, our post

Inconsistent
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Figure 5. Mean squared jerk for the dominant and non-dominant arms in the consistent and inconsistent fields. The asterisks on top
of standard error bars indicate the phases where the interlimb differences were significant in post-hoc tests. The circles indicate the phases beyond
which there was no significant difference between the final phase and individual phases.

doi:10.1371/journal.pone.0093892.g005
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hoc analysis of phase (indicated by asterisks) indicated that for the
consistent field, movement duration converged between the hands
by the fourth phase of adaptation, and that this convergence was
sustained. In contrast, in the inconsistent field, dominant arm
duration was significantly higher than non-dominant arm duration
as late as the 9th phase of adaptation.

Influence of field strength on dominant and non-
dominant arm performance in the inconsistent field

We further explored the plausible mechanism underlying
adaptation to the inconsistent field. In this field, the field strength
varied across 3 gains, in a randomized trial sequence, such that the
strength was not predictable in any trial. However, Scheidt et
al,(2001) previous studied how the dominant arm adapts to such
unpredictable situations [31]. When subjects are exposed to curl
fields that vary in strength between trials, they tend to develop a
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predictive strategy, using the mean strength of a previous few
trials. Trajectory errors depend upon the difference in the current
force field strength from this predicted mean. Thus, it is possible
that in the current study, subjects may have employed a similar
strategy. We tested this hypothesis by subjecting our performance
measures to a repeated measures ANOVA with field strength and
phase as within-subject factor, and arm as between subject factor.
Our ANOVA revealed a significant interaction between arm and
field-strength ~ for linearity deviation (F(2,290) =3.724,
P=0.0253*), mean squared jerk (F(2,290) =10.132, P<<0.001%)
and movement duration (F(2,290) =3.403, P=0.0346*). Final
position error did not show a significant interaction between field
strength and arm (F(2,290) =0.357, P=0.6999). Figure 8 presents
final position error and our 3 trajectory measures for the dominant
and non-dominant arms in the inconsistent field. The dominant
arm’s performance was more influenced by the magnitude of the
field, especially for high field strength conditions. Interestingly, the
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Figure 7. Duration for the dominant and non-dominant arms in the consistent and inconsistent fields. The asterisks on top of standard
error bars indicate the phases where the interlimb differences were significant in post-hoc tests. The circles indicate the phases beyond which there
was no significant difference between the final phase and individual phases.

doi:10.1371/journal.pone.0093892.9g007
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dominant arm also showed a minimum in errors in the middle
magnitude condition, corresponding to the mean field magnitude.
While this trend occurred for the dominant arm for all measures,
performance in the mean field conditions was not significantly
different than the low magnitude field condition (Table 1). In
contrast, the non-dominant arm’s trajectory errors showed lower
dependence on field, and the middle amplitude field tended to be
the same or higher than the low magnitude field condition. Thus,
dominant arm performance was consistent with a predictive mean-
field strategy, whereas, non-dominant arm performance was not.

Discussion

Handedness is a prominent and ubiquitous feature of human
motor behavior, yet the underlying causative factors that produce
the associated movement asymmetries remain incompletely
understood. This study was designed to test a dual-control
hypotheses of motor lateralization: Motor lateralization results
from underlying asymmetries in control mechanisms, including
predictive control of task dynamics, and control of limb
impedance. In order to test this hypothesis, we presented a group
design with two different force field environments, an inconsistent
velocity dependent curl field, and a consistent velocity-square
dependent curl field. We designed the two fields so that the net
work for straight line movement was similar between the fields. As
the hand paths were not straight line paths in the initial phases of
adaptation, we used ANOVA to confirm that the forces applied by

167
15}
C
-9 —~
© 147 0
>
) 5
O 13; 2
= o =
= —,—' =
S 12f I S o
£ ®---"-°
3
11}
500¢ ' ' '
£
Rl T
© o
2 300 o
[ [y
S S
O =
: :
c 200
S e
©
= _.---% =
100+ $-------- ,.,——’ L

20
Field strength

0.9

0.8

0.7

0.6

0.08

0.07

0.06

0.05

0.04

0.03

Control Mechanism Asymmetries Cause Handedness

the robot were similar between the four hand by field conditions.
Both, our force field design and empirical data revealed no field by
hand interaction for the applied force fields. Therefore, we
conclude that the observed differences in our dependent measures
did not arise due to differences in the magnitudes of force fields,
and were due to differences in each arm’s control specialization.
Our dependent variables included final position accuracy and 3
trajectory measures: Mean squared jerk, Straightness, and
Movement time. Our hypothesis predicted a crossed interaction
between hand X field for our trajectory measures: The non-
dominant arm should demonstrate smoother, straighter, and
quicker movements in the inconsistent field, as compared with the
dominant arm. In contrast, the dominant arm should show
straighter, smoother and quicker performance in the consistent
field. Our results support the hypothesis that the two arm
controllers are specialized for distinct motor control processes,
akin to predictive and impedance mechanisms. As expected, we
observed interlimb differences in the initial phase of adaptation,
while these differences were reduced as each arm progressively
adapted to each field. Previous work comparing interlimb
differences in adaptations to a fixed curl field revealed that the
differences in the dominant and non-dominant arms were
substantial in the first few trials of movement [2]. We expect that
these differences result from the differences in control strategy
employed, even though subjects have little experience with the
applied force fields. It should be stressed that different control
strategies should not result in the same errors, when exposed to a

15 25

20
Field strength

Figure 8. Performance measures for the dominant (shaded-square) and non-dominant (dark-diamond) arms in unpredictable field

for different field strengths.
doi:10.1371/journal.pone.0093892.g008
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Table 1. Post-hoc comparisons between fields of different
magnitudes.

Metric/Comparison 15 vs 20 20 vs 25 15 vs 25
Movement time (0.508, 0.500) (<0.001%<0.001%*) (<0.001*,<0.001*)
Linearity deviation (0.294, 0.161) (<0.001*,<0.001*) (<0.001*,<0.001%)
Mean integrated jerk  (1.000, 0.999) (0.357, <0.0001*)  (0.332, <0.0001%)
Final position error (0.747, 0.132)  (0.204, 0.081) (0.342, 0.812)

P-values from comparisons are presented for left and right hands (Left, Right).
Statistically significant differences are marked by asterisks.
doi:10.1371/journal.pone.0093892.t001

novel field. In fact, our analysis of the dependence of error
magnitude on field strength in the inconsistent field demonstrated
a greater dependence of the dominant arm on field strength than
the non-dominant arm. We interpret this finding as indicative of a
predictive strategy that assumes a stable field strength. Early in
exposure, this strength is likely to be reflected by the null field,
while later, it is clearly supplanted by the mean field. In contrast,
non dominant arm errors were less dependent on field strength,
consistent with a strategy that is less dependent on field amplitude
predictions, such as an impedance control strategy.

Although, our trajectory measures showed a clear arm by field
interaction, final position accuracy did not, and was equivalent
across both arms and fields. While this finding appears at odds
with some previous findings from our laboratory [8], [18], [19], we
have reported equivalent final position accuracies for both arms
under some conditions, including adaptation to novel environ-
ments [7][26]. For example, we have previously reported similar
final position accuracies for rapid single joint movements, even
though the movements were associated with different movement
control strategies [8]. In another study, we showed a non-
dominant arm advantage, when such movements were unexpect-
edly perturbed by an inertial load. However, in that study we
required subjects to reach with a single quick motion, and not to
make corrective submovements. We attributed the non-dominant
arm advantage to the use of a positional impedance control
strategy that simply tracked the arm into the previously specified
final position. In the current study, the substantial trajectory errors
that occurred required substantial corrective submovements. It
should be stressed that in this study, the trajectory errors induced
by the two fields were different for the two arms, and we allowed
corrective submovements, after the movement. These conditions
allowed both arms to achieve equivalent accuracies. We assume
that the corrections might have employed different strategies with
equivalent results, as previously reported [30]. In support to this
interpretation, the accuracy of the non-dominant arm improved
throughout practice in both fields, while the accuracy of the
dominant arm did not. This might be attributable to an improved
impedance control strategy that specified positional impedance at
the end-point regardless of error magnitude.

Our results indicate that each arm was able to adapt, to some
extent, when performing in its incompatible field. We were able to
examine the mechanisms of this adaptation in the inconsistent field
by assessing the dependence of error magnitude on field strength:
Our results indicated that the dominant arm was more influenced
by changes in field strength, than the non-dominant arm. This
suggests that the dominant arm employed a predictive strategy,
previously reported by Scheidt et al (2001), which was adapted to
the mean of the fields [31]. The dominant arm showed a trend
toward slightly higher errors than the mid-strength field,
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supporting this interpretation. This pattern did not occur for the
non-dominant arm, which showed a simple, and lower depen-
dence on field strength. While we could not perform a similar
analysis for the consistent field, previous research has indicated
that the non-dominant arm adapts to a consistent velocity
dependent curl field through modulation of limb impedance,
while the dominant arm adapts through predictive mechanisms
[2]. We interpret these results as indicating that each field
modulated its unique control mechanism for adaptation.

Motor lateralization is based on asymmetries in control-
mechanisms

Our major findings revealed a crossed interaction between field
and arm for our trajectory measures. This was expressed as
dominant arm performance that was straighter, quicker, and
smoother in the consistent-velocity square dependent field, yet
more curved, slower, and less-smooth in the inconsistent velocity-
dependent field. In contrast, the non-dominant arm produced
straighter, quicker, and smoother trajectories in the inconsistent
velocity dependent field, and more curved, slower, and less-smooth
trajectories in the consistent velocity square dependent field. This
crossed interaction indicates that control of each arm benefited
from the field that was designed for the hypothesized specialization
of its controller: Predictive control of task dynamics for the
dominant arm and impedance-like control for the non-dominant
arm. The importance of this finding is emphasized by the fact that
cach arm demonstrated ‘dominant’ performance in a one
particular field, and ‘non-dominant’ performance in the alternate
field. This double dissociation between arm and field is strong
evidence that each arm has become specialized for different
processes and against the propositions that handedness reflects an
overall advantage for the dominant arm. We propose that our
current findings represent a substantial advance in understanding
the mechanisms that underlie motor lateralization in humans.

Predictive and Impedance Control Mechanisms

The idea that motor control mechanisms can be represented by
a hybrid of predictive and impedance-like control has previously
been  supported and  computationally  operationalized
[32][33][34][35]. In addition, these ideas have more recently
gained support from empirical studies [36][37][38][39][40].
Predictive control mechanisms seek to optimize a combination
of kinematic and dynamic costs of movement [8][29][36].
Examples of component costs that have been proposed in the
literature include Movement Smoothness, Mean Squared Torque,
Peak Work, Muscle Energy and Final Position Variability
[29][41][42][43][44]. Many studies have suggested that such costs
may be considered during movement planning, even though
subjects do not have declarative knowledge of these considerations.
However, predictive control based on such optimization princi-
ples, whether implemented through open loop or optimal feedback
control schemes [45], is not robust to sudden and substantial
changes in task dynamics or unanticipated perturbations. As a
result, predictive mechanisms can be cost-efficient, but are not
well-suited to conditions of environmental instability or uncertain-
ty. In contrast, impedance control mechanisms are well-suited to
such unpredictable conditions. Mechanical impedance refers to
“resistance to movement”, and impedance control is achieved by
changing the effective stiffness-like and viscous-like behavior of the
limb [46]. This can be achieved by a combination of muscle co-
activation [37][47][48], and modulation of reflexes [49][50]. In
fact, some studies have suggested that impedance mechanisms
provide stability during the initial phases of motor learning, when
predictive mechanisms are not effective in error prevention
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[31][51][52], or when environmental conditions are too unstable
to be predicted [51] [53]. For example, Wei et al (2010), showed
that when subjects are exposed to a random sequence of novel
visuomotor and mechanical fields (ramp, half-sine, sine, double
sine, and triangle), the subject’s performance on a given trial does
not depend on the nature of the perturbation on the previous trial,
supporting a role for impedance mechanisms under such
conditions [53]. Recent findings during adaptation to novel force
environments have suggested that the non-dominant arm tends to
rely on impedance control for adaptation, even when conditions
are predictable, whereas, the dominant arm tends to rely on
predictive mechanisms [1][2][26]. A major limitation of imped-
ance control mechanisms, however, is that they cannot be used to
optimize factors such as energy expenditure, and thus can result in
high energetic costs. This is consistent with the finding that the
non-dominant arm, which relies on such control, tends to perform
movements with higher energetic cost than the dominant arm
[7][54][55]. Thus, each control scheme offers advantages, which
can counter the disadvantages of the alternate control scheme.
Our current findings support the idea that these two mechanisms
have become differentially specialized to each arm system.
Although, previous studies in stroke patients suggest that the two
hemispheres have become specialized for these different control
strategies [36][57][58][59][60][61][62], we cannot make a direct
association between hemisphere and arm performance in the
current study.

Hybrid Control Mechanisms

The current study directly tested our hypothesis of differential
control mechanisms for the dominant and non-dominant hemi-
sphere/arm systems [7][63]. We previously operationalized this
hypothesis into a computational model, which incorporated a
predictive controller, based on optimization of task and energetic
costs, and an impedance controller with separate position and
velocity dependent gains [8]. In this simulation, the two controllers
were combined in series, such that all movements were initiated by
the predictive controller, and terminated by the impedance
controller. We fit this simulation to dominant and non-dominant
single joint elbow movements recorded from subjects, by leaving
open the time to switch from the predictive to the impedance
controller, as well as the control gains. Our results indicated that
when optimally fit to data, non-dominant arm movements were
characterized by early switches to impedance control that acted to
drive the movements to peak velocity, while dominant arm
movements relied on predictive control throughout most of the
trial, switching to impedance control to stabilize the final position.
Previous research from our laboratory has suggested that these two
aspects of control have become specialized in different hemi-
sphere/limb systems: The right hemisphere/limb system for
controlling impedance, and the left for predicting task dynamics
[63]. For example, we previously showed that stroke patients with
lesions of the left cortical lesions show deficits in trajectory
performance, including making straight and energetically efficient
targeted movements [58][59][62]. However, patients with
matched right cortical lesions show deficits in final position
accuracy and stabilization. While we recently demonstrated that
these deficits occur in both the contralesional arm [61][64], our
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