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Abstract

This dissertation used a bimanual asymmetric force coordination task to
investigate the interactive influence of multiple categories of constraints on the
organization of redundant force coordination. The force asymmetry was manipulated by
imposing different coefficients on the finger forces such that the relative contribution of
the individual force to the total force could be changed. The amount of visual
information of the force output was manipulated in different conditions. Three primary
questions were addressed in the dissertation. (1) Whether and how the relative influence
of the different categories of constraints are modified and consequently new force
coordination patterns are formed when the task asymmetry is changed. (2) Whether the
influence of visual information on the force coordination patterns is dependent on the
settings of the task asymmetry. (3) How aging processes reorganize the influence of the
constraints on force coordination and control patterns. The results revealed that there was
a decrement in performance outcome when there was an asymmetric task constraint, less
visual information, and with advanced age. The results also showed flexible force
coordination patterns in response to the changes in constraints. (1) The young adult
participants adapted the force coordination patterns to the task asymmetry flexibly. The
models of constraints indicated that a coefficient-dependent efficient strategy rather than
a minimum-variance strategy was used. (2) The amount of visual information had a
moderate influence on force coordination, which depends on the conditions of task
iii

asymmetry. (3) With less visual information, the elderly exhibited reduced adaptability
to the task asymmetry; however, they had the same extent of adaptability as the young
group when enhanced visual information was provided. The models of constraints reveal
that the goal of the system is not to find solutions that lead to a perfect task performance
but to find solutions that satisfy the constraints from different categories. Overall, the
results support the proposition that redundant force coordination and control patterns are
organized by the interactive influence of different categories of constraints.
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CHAPTER 1 INTRODUCTION
Background
Many motor tasks are redundant in that the task requirement can be met by an
infinite number of movement trajectories that can arise from the different involvement of
the degrees of freedom of the body. In free reaching, the endpoint has infinite trajectories
to move from the initial position to the target. It has been proposed that the system does
not control the endpoint directly but rather does this through a complex kinematic and
kinetic muscular-skeletal chain (Turvey, Shaw, & Mace, 1978). However, as the
transformation goes from endpoint positions to neural activities, the number of the
degrees of freedom increases at an accelerating rate. Therefore, the question remains
how the system controls the redundant degrees of freedom into a specific solution or sets
of solutions that meet the task requirement (Bernstein, 1967). Different approaches have
been proposed to address the question.
It has been proposed that the infinite solutions during redundant motor activities
are not organized randomly but that some solutions are more systematically observed
over others. One approach to the problem of redundancy is the optimization principles
which assume that certain solutions emerge based on some minimization criteria or
constraints. Optimization principles have been proposed on multiple levels of the
biological system including endpoint trajectory, joint torque, and muscle activations
patterns. This approach has provided some interpretation on a variety of motor behaviors
and underlying control processes (Todorov, 2004).
On the other hand, substantial variability is always observed even in skilled
performance, which questions the assumption of the search for a unique solution.
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Contrary to the optimization approach, an alternative view is that the redundant degrees
of freedom offer flexibility that is necessary to counter the perturbations arising from the
internal system and the external environment. In this view, the redundancy of the motor
system is not ill-posed but well designed for abundance of solutions for a given task
(Gelfand & Latash, 1998). It is proposed that redundant elements form task-specific
structural units at different levels of the motor system (Gelfand & Tsetlin, 1971). The
elements within the units work in a coordinative manner such that they compensate each
other’s error and reorganize themselves to meet the changing task demand. This
coordinative behavior ensures stability in meeting a specific task goal while allowing
variability in the execution of movement.
When performing any motor task the biological system is always in a certain
ambient condition. There are different constraints on action arising from the biological
system itself and the environment. The constraints from multiple sources can interact
with each other and have significant impact on motor coordination. It has been proposed
that three categories of constraints (organismic, environmental, and task) interact to
determine the optimal motor coordination and control patterns (Newell, 1986). The focus
of this dissertation is to examine the nature of the interactions among the three categories
of constraints and address the question of how the interactive processes of the constraints
influence the redundancy of force coordination patterns.
Focus of the Dissertation
The significance of the influence of multiple categories of constraints on the
organization of coordination patterns and the interactive processes between the
constraints has not been fully explored. The question to be investigated in this
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dissertation is how the three categories of constraints (organismic, environmental, and
task) interact to influence the organization of coordination and control patterns in a
redundant isometric force production task.
It is hypothesized that weighting is assigned to each constraint based on the
relative influence of the constraint in organizing the coordination patterns, and that the
coordination patterns emerge from the combined influence of the weighted constraints.
Under this hypothesis each constraint is associated with a cost, namely violation of the
constraints leads to an increment of a certain cost and, therefore, leads to a reduction of
the weighting. For example, high performance error with visually perceived error
information leads to high error cost due to the violation of the environmental constraint.
Similarly, bilateral asymmetric force production leads to high cost due to the violation of
the organismic bimanual coupling constraint. With the weighted combination of
constraints, the goal of the system is to “minimize” the combined costs associated with
the constraints.
The relative weightings assigned to the constraints reflect the interactive process
between the constraints. For example, when more task relevant error information is
provided, more weighting is expected to assign to the environmental constraint. With
more environmental information, the influence of organismic bimanual coupling
constraints on the coordination pattern is reduced, and less weighting is expected to
assign to the organismic constraint. Therefore, when one constraint is changed, the
relative influence of the three categories of constraints on the patterns of coordination is
also changed. As a result, the weightings on the three constraints are reorganized, from
which new coordination patterns emerge. This dissertation focuses on three questions
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related to the role of the interactive processes among the three categories of constraints
on force coordination.
The first question examined by Experiment 1 was whether and how the relative
influence of the three categories of constraints are modified and consequently new
coordination patterns are formed when the task constraint is changed. It is hypothesized
that the relative influence of the constraints depends on the nature and degree of
interactions between the constraints. A change at one constraint may lead to substantial
or minimal change of the influence of the other constraints.
Experiment 2 examined the degree to which the change in an environmental
constraint (visual information gain) together with the task constraint influences the
reorganization of the three categories of constraints. It is hypothesized that the
modulation of the environmental constraint on force coordination patterns interacts with
the influence of task constraint.
When performing a task, different individuals may have different coordination
strategies under the influence of the constraints in movement coordination and control.
The third question investigated by Experiment 3 is how aging processes reorganize the
influence of the three categories of constraints on the force coordination and control
patterns.
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CHAPTER 2 LITERATURE REVIEW
Problem of Redundancy
Bernstein (1967) defined motor coordination as mastering the individual degrees
of freedom involved in a particular action. One primary function of the neuromuscular
system in the control of movement and the maintenance of posture is the coordination of
different limbs, joints, and muscles. There are infinite numbers of element combinations
at each level of analysis (e.g. limbs, joints, muscles, and etc.) that are available to realize
a certain task goal or a state of the system. The question is how the system chooses one
solution or a set of solutions out of the infinite. The problem of motor redundancy
(degrees of freedom problem) originally formulated by Bernstein has been studied
extensively for the past decades, yet it still remains a central question in motor control
research. Over years of research, there are several proposed notions that can possibly
shed some light on the answer.
Solutions to Redundancy
Optimization.
One approach to addressing the redundancy problem is the optimization technique.
In this approach, an objective function is first constructed. Subjecting to some
constraints, certain values of the decision variables are chosen out of others such that the
objective function is minimized for cost and maximized for profit type function. In a
simple pointing task, there are multiple paths connecting the initial and final points and
the velocity of the hand can be in any arbitrary fashion as long as the total movement
time constraint is satisfied. However, experimental studies have found that the
kinematics of the movement trajectories is rather invariant. For example, the hand path
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tends to be a straight line and the velocity of the hand tends to be in single-peaked bell
shape (Abend, Bizzi, & Morasso, 1982; Morasso, 1981). Moreover, these characteristics
are preserved at various temporal and spatial task parameters.
One interpretation of these invariant behaviors is that certain preferred solutions
over others satisfy some criterion (e.g. smoothness). Different optimization criteria have
been proposed that are used in the control of natural motor behaviors (Nelson, 1983).
Understanding the movement pattern selection as an optimization process became
popular after the minimum-jerk model (Flash & Hogan, 1985) and minimum-torquechange model (Uno, Kawato, & Suzuki, 1989) were proposed. These two models are
able to predict the straight hand path and bell-shaped velocity profile from the kinematic
and kinetic level, respectively. However, both models fail to account for the motor
variability that scales systematically with movement amplitude or force level (R. A.
Schmidt, Zelaznik, Hawkins, Frank, & Quinn, 1979; Slifkin & Newell, 1999). This issue
is addressed in the minimum-variance model (Harris & Wolpert, 1998), which suggests
that movement is planned to minimize the endpoint variance based on the assumption of
signal-dependent-noise. This model implies that the system takes into account the motor
variability during motor planning. In general, these models can predict the detailed
motor behaviors and seem to be able to address the redundancy problem at a certain level
of analysis in that the system selects a certain solution that meets the task requirement
based on some optimization criteria.
While the above optimization approach focuses mainly on behavioral predictions,
the optimal feedback control model focuses on the sensorimotor integration processes
(Todorov & Jordan, 2002). It describes the control characteristics (i.e. minimal
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intervention principle) under redundancy, namely the controller make no adjustment
unless the deviations of the controlled elements deteriorate task performance. In essence,
the minimal intervention principle uses a combination of performance error and control
effort as the cost function, which allows for the flexible behavior that has been found in
experimental studies (Balasubramaniam, Riley, & Turvey, 2000; Scholz & Schoner, 1999;
Vereijken, Van Emmerik, Whiting, & Newell, 1992).
The above optimization principles have proposed one solution to the redundancy
problem at a certain level of analysis by focusing on the motor behavior or the control of
behavior directly. However, during the control of endpoint motion, a series of
transformations from the hand position to joint angle, then to joint torque, and then to
muscle activation patterns are involved (Saltzman, 1979), and each transformation is
indeterminate (many to one mapping). Although it has been suggested that a family of
cost functions at each level of the hierarchy may be used during the control process
(Kawato, 1996), any optimization model that can capture this control hierarchy requires
extensive computational load. It makes the optimization approach somewhat less
attractive, especially when a simple reaching movement seems effortless for the actor.
On the other hand, the system is equipped with complicated neural network connections,
so that the sophisticated computation and transformation may not be as challenging as it
appears.
Satisficing.
The concept of “satisficing” shares some similarity with the notion of
optimization and has been introduced as the rational choice in decision making (Simon,
1955). In optimization, the best solution is chosen such that the objective function is
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minimized while certain constraints are satisfied. In contrast, the satisficing approach
emphasizes that the constraints have to be satisfied, and as long as the objective function
value is acceptably low enough, the solution can be used. This approach is more
plausible than optimization particularly when limited time and resources are available. In
motor control, there is always some level of variability in the sensorimotor system and
the task outcome space, and it is possible that the observed variability is due to the
satisficing of constraints. This idea is especially convincing when individuals exhibit
different levels of task performance and variability, because higher performance error and
variability is just acceptable for some individuals. In motor planning, a posture-based
model has been proposed based on the satisficing approach (Rosenbaum, Meulenbroek,
Vaughan, & Jansen, 2001). Specifically, the system has a hierarchy of constraints with
different priorities that have to be met, and the movement is planned to satisfy the
hierarchy of constraints.
Synergy.
Another perspective of organizing the redundant degrees of freedom is to produce
movement by combing the degrees of freedom into small groups. For example, groups of
muscles are activated in more or less invariant patterns during postural control and
kicking actions (Bernstein, 1967; Bizzi, Mussa-Ivaldi, & Giszter, 1991; Henry, Fung, &
Horak, 1998). It has been proposed that the combined synergistic grouping forms
primitives for complex natural motor behavior (Giszter, Mussa-Ivaldi, & Bizzi, 1993). In
essence, a synergy reduces the dimensionality at the control level and simplifies goaldirected complex actions that can respond effectively to internal and external
perturbations (Ting, 2007).
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To date, several variations of the synergistic control hypothesis has been proposed.
In particular, it has been proposed that the groups of muscles are activated invariantly in
that a control signal proportionally activates the muscles jointly in the synergy, and the
degree of activation also varies simultaneously when necessary (Bernstein, 1967; Tresch,
Saltiel, & Bizzi, 1999). In this view, there are limited sets of synergies, and the
variations in the movement or individual muscle activation are generated through
selective activation of different muscle synergies.
Regarding the flexibility of muscle synergies, there are two contrasting definitions
of synergy. The ‘fixed’ synergy view proposes that the activation pattern (tuning curve)
of different muscles is fixed within the synergy and the muscle can only be activated by
one synergy and the synergy can only be activated one at a time (Nashner, 1977). In
contrast, the ‘flexible’ synergy proposes that muscles can participate in multiple
synergies and have different activation patterns (Henry et al., 1998; Ting, 2007).
Similarly, in ‘synchronous’ synergy, the muscles within the synergy are activated
simultaneously without time delay, and the observed muscle activation are the weighted
average of the individual synergies (Kargo & Giszter, 2008; Tresch et al., 1999).
Whereas in ‘time-varying’ synergy, there is a spatial component that determines the
relative activation level between muscles and a temporal component that determines the
relative timing of activation between muscles (d'Avella, Saltiel, & Bizzi, 2003).
Nonetheless, the above variations of definitions of synergy all share the similar
perspective that the large number of degrees of freedom poses a problem for the
controller.

9

Instead of viewing the redundancy as a problem that the system has to solve, an
alternative view is that the system makes use of the redundant degrees of freedom during
the control of movement (Gelfand & Latash, 1998; Gelfand & Tsetlin, 1971). In this
view, the redundancy was regarded as a necessary condition for adaptable behavior.
During a movement, perturbations from the internal neuromuscular system and external
environment may interfere with the specified task goal. When one element of the motor
system makes an error or fails to perform the task, a redundant element can compensate
for the error or take over the task. This compensatory behavior (termed as motor synergy)
among the redundant elements facilitates the realization of certain task goal. The
compensation mechanism can lead to larger variability in the elemental variables than the
task performance variability.
The synergetic behavior has been quantified via the analysis of variability
structure of the elemental variables in relation to the performance variable. One method
is the uncontrolled manifold (UCM) hypothesis (Scholz & Schoner, 1999; Scholz,
Schoner, & Latash, 2000; Schoner, 1995). According to this hypothesis, the variability of
the elemental variables is partitioned into two sub-spaces of the elemental space: one subspace that leads to desired performance and a second sub-space that leads to enhanced
performance error. The variability within the first sub-space is termed good variability in
that co-variation within this sub-space reflects flexible behavior of the elemental
variables and stabilizes the task performance. The variability within the second subspace is termed bad variability in that it deteriorates the task performance. It is
hypothesized that the controller allows the variability in the first sub-space (uncontrolled
manifold) while limits the variability in the second sub-space (orthogonal space). The
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ratio or the normalized difference between the variability within these two sub-spaces is
calculated as an index of the synergy.
The motor abundance principle stabilizes the performance variability and allows
flexibility to account for possible perturbations. This hypothesis has been supported by a
series of experimental studies using different tasks such as postural control (Scholz &
Schoner, 1999), pointing (Scholz et al., 2000), and multi-finger grasping (Latash, Scholz,
Danion, & Schoner, 2001). However, when performing a redundant task, the elemental
variables are organized in a way such that only a small portion of the uncontrolled
manifold is occupied. For example, two finger forces are required to produce a total
force of 10 N. Theoretically, the two forces can correlate negatively with one force
varying from 0 to 10 N and the other one varying from 10 to 0 N. However, such a case
is rarely observed, even though it produces a very strong synergy that shows great
flexibility and at the same time stabilizes the total force. Instead, it is often observed that
the two forces fluctuate around 5 N with a moderate level of co-variation. Studies have
also shown that the variability along the uncontrolled manifold decreases with learning
(Kang, Shinohara, Zatsiorsky, & Latash, 2004). In some cases it decreases even more
than the task relevant variability over practice (Domkin, Laczko, Jaric, Johansson, &
Latash, 2002). These phenomena suggest that a certain sub-space within the uncontrolled
manifold may be preferred over others due to some constraints.
Constraints.
An earlier study (Cusumano & Cesari, 2006) has proposed a body-goal variability
mapping method. In this method, a goal function that links the body (elements) and goal
(task performance) variables is defined. In the body space, a goal equivalent manifold

11

(GEM) is derived from the goal function. The GEM includes all possible body
combinations that lead to the perfect task performance. Conceptually, the GEM is
equivalent to the uncontrolled manifold where variations of body or elemental variables
do not affect the task performance. In the body-goal variability mapping method, a
sensitivity analysis along the GEM is performed to capture the degree to which the body
level perturbations interfere with the goal level performance. As a result, small variations
at different body level combinations on the GEM show different levels of sensitivity to
the goal error.
Similar to the body-goal variability mapping method, a geometrical approach
relating the execution (body) and result (goal) variability decomposes the variability of
the execution variables into tolerance, covariation, and noise (TNC) (Cohen & Sternad,
2009; Müller & Sternad, 2004). In particular, tolerance reflects the sensitivity of task
performance to small fluctuations of the execution variable; covariation captures the
alignment of the execution variables on the solution manifold (same as GEM); and noise
reflects the effect of random fluctuation of the execution variable on task performance.
According to the TNC and GEM methods, the execution (body) combinations on the
solution manifold (or GEM) that are more tolerant (or less sensitive) to task error are
chosen as the preferred solutions. It suggests that a sub-space of the uncontrolled
manifold is less sensitive to error and is preferred over others. In essence, there are other
constraints within the uncontrolled manifold that is defined by the task.
Although the GEM and TNC methods offer a solution on why certain elemental
variable combinations are observed, there are also drawbacks in them. For example, it is
arguable whether the actor has the knowledge of the topological characteristics of the

12

solution manifold or GEM described in these methods, especially when there is no
experimental evidence to support a systematic search behavior on the solution manifold
as was used to derive the tolerance component in the TNC method (Cohen & Sternad,
2009). Secondly, the neuromuscular constraints of the actor are not considered in these
methods. As a result, the most error insensitive solutions can be found at a rather
uncomfortable body posture that requires high levels of muscle tension. Studies have
shown that the extreme limb configurations are usually avoided during motor planning
(Meulenbroek, Rosenbaum, Jansen, Vaughan, & Vogt, 2001; Short & Cauraugh, 1999).
There are constraints arising from the neuromuscular levels of the sensorimotor
system. At the peripheral neural level, for example, in a motor unit pool it is believed
that there is also redundancy at the motor unit level in that the muscle force can be
mediated by recruitment or firing rate of the motor units. There are inherent recruitment
and firing organizational properties in the motor unit pool such that the motor neurons are
recruited in a order based on their size (Henneman, Somjen, & Carpenter, 1965). The
recruitment threshold also has an inverse relation with the maximum firing rate (i.e. the
‘onion skin’ property) (De Luca, LeFever, McCue, & Xenakis, 1982). It is proposed that
the onion skin property represents the basic control scheme embedded in the physical
properties of the motor unit pool that requires little or no higher level regulation (De Luca
& Hostage, 2010). However, there is also evidence supporting the notion that the size
principle is not prescriptive. When the muscle is activated together with other ones in a
coordinated manner, the order of recruitment can be reversed (Desmedt & Godaux, 1981).
Similarly, peripheral information can also influence the recruitment and firing patterns
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(Garnett & Stephens, 1981). Nevertheless, the organization in the motor unit pool limits
the available solutions to the observed muscle force.
At the muscular mechanical level, it has been shown that the individual muscles
are activated based on the muscle mechanical action (i.e. the direction of force
application). When the end-point force direction is aligned with the mechanical action,
the specific muscle is activated as a primary mover; whereas when the end-point force
direction is not aligned with any individual muscle mechanical actions, multiple muscles
are activated in a synergistic way (Kutch, Kuo, Bloch, & Rymer, 2008). When the
individual muscle contribution to the total force or torque output is examined, it has been
shown that the voluntary activation of the specific muscle is depended on the mechanical
advantage of the individual muscle (Hudson, Taylor, Gandevia, & Butler, 2009).
Specifically, more first dorsal interosseous (FDI) activation is observed when the moment
arm of the FDI to the index finger flexion is large; otherwise the flexion force is
contributed primarily by the flexor.
Besides the constraints imposed from the organism, there are also constraints
arising from the environment. In bimanual isometric force tasks, studies have found that
the forces produced by the two index fingers exhibit positive correlation within a trial and,
to a less degree, between trials (Ranganathan & Newell, 2008a). The strength of the
correlation is regulated by the reliability (i.e. intermittency over time) of the task relevant
visual information from the environment. The results seem counterintuitive from the
synergy perspective (Gelfand & Tsetlin, 1971), because this coordination pattern
destabilizes the task performance. It has been shown that there are two preferred
coordination patterns in bimanual actions: in-phase (positive correlation) and anti-phase
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(negative correlation) coordination, and the in-phase pattern is intrinsically more stable
than the anti-phase pattern (Kelso, 1984). If the bimanual coupling constraint (in-phase
coordination preference) arising from the individual is also taken into account, the results
suggest that the organismic constraints play a dominant role in determining the
coordination pattern.
Several studies have used multi-category constraints to identify the features of
motor coordination. As mentioned earlier, the minimal intervention principle used a
minimization of combined task performance error and control effort as the optimal
feedback control law (Todorov & Jordan, 2002). Bayesian inference combines the prior
knowledge and the likelihood of the observed information based on the reliability of
these two sources of information. It has been suggested that Bayesian integration is used
for motor planning and force estimation (Kording, Ku, & Wolpert, 2004; Kording &
Wolpert, 2004). In addition, a stored posture model has been proposed and uses the
weighted sum of the endpoint spatial error and the travel effort as the combined cost to
select the body posture (Rosenbaum, Loukopoulos, Meulenbroek, Vaughan, &
Engelbrecht, 1995).
Constraints-on-action Theory.
When performing certain motor activities, instead of only considering meeting the
task requirement, it is likely that the system takes into account other criteria or constraints
from the neuromuscular connections and the environment while selecting certain patterns
of motor coordination. It has been proposed that three categories of constraints
(organismic, environmental, and task) are used to specify the optimal coordination and
control patterns (Newell, 1986). Organismic constraints arise from the individual itself.
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For example, the neuromuscular connections are regarded as intrinsic constraints of the
organism. Past experience (e.g. memory, learned skills) is also intrinsic to the individual.
Environmental constraints are recognized as the constraints that are external to the
individual. They include the ambient conditions that surround the individual and the
performance relevant information provided by the environment. The nature of the
organismic and environmental constraints are relatively stable and not task specific. Task
constraints are the constraints imposed by the specific task about the task goal, the rules
and ways to achieve the task goal. The three categories of constraints are now reviewed
in detail.
Organismic Constraints. The organismic constraints include the intrinsic
properties of the individual, that remain relatively stable when performing different tasks
under different environmental conditions. The chronic changes of the biological system
(biomechanical structure and nervous system) in the life span reorganize the coordination
patterns. For example, the body growth of the infant and the neuromuscular change in
the aging process of the elderly has strong impact on the patterns of movement control.
During daily activities, the biomechanical constraints such as body segment length, the
maximal muscle force, and the joint range of motion limit our movement patterns. The
enslaving effect among fingers that is organized by central neural and peripheral factors
makes the individualized finger control nearly impossible (Z. M. Li, Latash, & Zatsiorsky,
1998). In movement control, the sensory receptors constantly receive information of the
body state and the environment. However, the central nervous system usually receives
unreliable information due to the sensitivity of the sensory receptors. It has been shown
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that proprioception and vision have different estimation precisions in body localization
(van Beers, Baraduc, & Wolpert, 2002).
In bimanual movements, the bilateral coupling effect has been observed across a
variety of tasks. It has been proposed that this coupling effect arises from multiple levels
of the system (Swinnen & Wenderoth, 2004). Bimanual coupling has been found on
spatiotemporal properties of bimanual reaching and limb oscillatory tasks, namely a
systematic bias towards a similar movement pattern of a given variable is often observed
(Corcos, 1984; Kelso, Holt, Rubin, & Kugler, 1981; R. A. Schmidt et al., 1979).
Similarly, in bimanual isometric force tasks a strong positive correlation in the force
amplitude has also been found (Diedrichsen, Hazeltine, Nurss, & Ivry, 2003; Rinkenauer,
Ulrich, & Wing, 2001; Steglich, Heuer, Spijkers, & Kleinsorge, 1999).
The organization of motor behavior is also influenced, to a large degree, by the
aging process at multiple levels of the sensorimotor system (Spirduso, Francis, &
MacRae, 2005). There are two contrasting views on the behavioral changes over aging.
Namely, the organizational changes are degenerative because it leads to deteriorated
sensory and motor function (Enoka et al., 2003); on the other hand, the behavioral
changes are regarded as adaptive reorganization processes in order to compensate for the
degenerative changes in the neuromuscular system (Ward, 2006). For example, the
elderly tend to initial a movement or respond slower to external perturbations than the
younger adult (Stelmach, Amrhein, & Goggin, 1988; Stelmach, Goggin, & Garcia-Colera,
1987). One study that supports the interpretation of the degenerative change perspective
is that there are impaired connections between the central neural networks (Rubichi, Neri,
& Nicoletti, 1999) and that the fast twitch muscle fiber at the peripheral muscle level is
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lost over the aging process (Klein, Marsh, Petrella, & Rice, 2003), therefore, the elderly
tend to move slower. In contrast, there is evidence that supports the compensatory
perspective in that slower movement generates less interaction torque to other body
segment (Shkuratova, Morris, & Huxham, 2004). Therefore, less muscle activation in
response to the perturbation is required to maintain the body posture.
Environmental Constraints. The environmental constraints include the ambient
conditions in which the individual is located. For example, room temperature and
lighting conditions are environmental constraints for an individual. On earth we are
always in the gravity force field which has substantial impact in daily tasks such as
postural control and locomotion. The performance relevant information manipulated
externally to the individual (e.g. by the experimenter) is also part of the environmental
constraints. Although the nature of the environmental constraints is stable, the accuracy
and reliability of the information can be manipulated across a variety of tasks. The
induced changes in the task performance are also strikingly similar across tasks.
Consider visual information as an example. Without visual feedback, enhanced
constant and variable performance error are often observed. For example, the force
output tends to deviate from the specified force target and enhanced force variability is
also observed (Tracy, 2007; Vaillancourt & Russell, 2002). Larger amplitude of center of
pressure (COP) fluctuation is also typically found when the subject is standing with eyes
closed (Lord & Menz, 2000). When visual information is available in isometric force
production, visual gain (number of pixels on the computer screen per unit of force)
(Kantowitz & Elvers, 1988; Newell & MacDonald, 1994), intermittency of the feedback
(Slifkin, Vaillancourt, & Newell, 2000), delay of the feedback (Sosnoff & Newell, 2007),
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and visually manipulated frequency components of the force output (Hu & Newell, 2010;
Sosnoff, Valantine, & Newell, 2009) modulates performance outcome.
When multiple modalities of the sensory information are presented, the
information is integrated optimally based on the reliability of the information that is
manipulated by the experimenter (Ernst & Banks, 2002). It is noteworthy that the
externally manipulated reliability of the perceptual information should be distinguished
from the reliability of the information due to the sensitivity of the sensory receptors (van
Beers et al., 2002) which reflects the category of organismic constraints.
Task Constraints. The task constraint can specify the task goal, the rules and the
ways to achieve the task goal, and the implements used in the task. When performing a
task, the task parameters constrain certain movement kinematic and kinetic variables.
For example, the hand has to reach out a certain distance within a certain time interval,
the finger has to produce a certain force level, and the body has to maintain the COP in a
fixed position. Sometimes there are rules specified in the task, and only certain actions or
coordination patterns are allowed. For example, in a reaching task, there may be an
obstacle between the start and the target position. The subjects are required to avoid the
obstacle rather than smash into it during reaching. There are also implicit rules that may
lead to outstanding performance if followed. However, these rules may not be followed
in pursuit of the task goal. For example, in weight lifting and high jumping task, certain
procedures are recommended, but the athletes may not follow them when performing the
actual task.
Skilled performance reflects an optimal coordination pattern, and the observed
movement patterns are likely to be task specific determined by the interaction of
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organismic, environmental, and task constraints. Although it was argued earlier that the
nature of the organismic and environmental constraints is relatively stable and not task
specific. The relative influence of the organismic and the environmental constraints to
the coordination patterns may vary across tasks. For example, enslaving limits the
coordination patterns of multi digits within the hand; however, it is unlikely to constrain
the task performance in bimanual force production task where a single digit of each hand
is involved. Similarly visual information may be more critical in postural control than a
key stroking task. Therefore, it is worth noting that the constraints of each category
should be identified under a predefined task.
Interaction of Constraints. In motor coordination, different constraints interact
with each other, and the observed coordination pattern results from the interactive
processes among the constraints. For example, the required force level in an isometric
force production task interacts with muscle fatigue in that the fatigue constraint is less
concerned by the individual at low force levels. However, at high force levels muscle
fatigue can regulate the force coordination patterns (Cote, Mathieu, Levin, & Feldman,
2002; Kruger, Hoopes, Cordial, & Li, 2007). At the motor-unit pool level, as long as the
muscle acts as a primary mover, the motoneurons are recruited following the size
principle in constant, slow varying, or ballistic force production tasks (Desmedt &
Godaux, 1977; Henneman et al., 1965). In contrast, when the direction of force is
changed, groups of muscles are activated in a synergistic way, the size principle does not
hold or is even reversed (Desmedt & Godaux, 1981). Similarly, when sufficient and
reliable sensory (visual or haptic) information from the environment is provided, the
organismic constraints (e.g. bilateral coupling) can be overcome and the two hands
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demonstrate relatively independent behaviors (Ranganathan & Newell, 2008b;
Rosenbaum, Dawson, & Challis, 2006).
Dissertation Focus
Based on the constraint-on-action theory (Newell, 1986) and the findings in the
literature, this dissertation focuses on the interactive influence of multiple categories of
constraints on the organization of redundant force coordination patterns. A bimanual
asymmetric index finger force coordination task was used to address the question. Under
this specific task setting, the task asymmetry was manipulated by imposing different
coefficients on the finger forces such that the relative contribution of the individual finger
force to the total force output was mediated by the task coefficient ratio. The
environmental constraint was quantified by the visually perceived performance error and
was manipulated via the visual information gain. The organismic constraint was
quantified by the bilateral symmetric coupling effect that is a tendency of equal force
production between hands.
Experiment 1 investigated the interactive influence of organismic, environmental,
and task constraints on the organization of redundant force coordination patterns when
the task asymmetry was manipulated. We tested the hypothesis that each of the three
categories of constraints is weighted based on their relative influence on coordination
patterns and the realization of the task goal. Models of constraints reflecting different
force coordination strategies were proposed to quantify the relative influence of the
constraints.
Experiment 2 examined the question of whether and how the influence of visual
information on force coordination patterns is dependent on the settings of the task
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asymmetry constraint. The influence of visual information on the task performance error
was also examined. In the experiment, the amount of the visual information was
manipulated via providing different visual information gain between blocked conditions.
Similar to Experiment 1, the force asymmetry was manipulated by imposing different
task coefficients to the finger forces.
Experiment 3 investigated the question of how the force coordination strategy is
regulated by aging and how visual information gain and task asymmetry mediate the
force coordination patterns. Two contrasting hypotheses were examined: the
degenerative loss-of-adaptation hypothesis predicts that a less flexible force coordination
strategy is used by the elderly compared with the younger group; whereas the
compensatory hypothesis predicts that a more efficient or variability-reduction strategy,
thus a more flexible strategy, is used by the elderly. The utilization of visually perceived
error information in aging was also examined.
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CHAPTER 3: MODELING CONSTRAINTS TO REDUNDANCY IN BIMANUAL
FORCE COORDINATION

Abstract
This study investigated the interactive influence of organismic, environmental,
and task constraints on the organization of redundant force coordination patterns and the
hypothesis that each of the three categories of constraints is weighted based on their
relative influence on coordination patterns and the realization of the task goal. In the
bimanual isometric force experiment, the task constraint was manipulated via different
coefficients imposed on the finger forces such that the weighted sum of the finger forces
matched the target force. We examined three models of task constraints based on the
criteria of task variance (minimum variance model) and efficiency of muscle force output
(coefficient-independent and coefficient-dependent efficiency models). The
environmental constraint was quantified by the perceived performance error, and the
organismic constraint was quantified by the bilateral coupling effect (i.e. symmetric force
production) between hands. The satisficing approach was used in the models to quantify
the constraint weightings that reflect the interactive influence of different categories of
constraints on force coordination. The findings showed that the coefficient-dependent
efficiency model best predicted the redundant force coordination patterns across trials.
However, the within-trial variability structure revealed that there was not a consistent
coordination strategy in the on-line control of the individual trial. The experimental
findings and model tests show that the force coordination patterns are adapted based on
the principle of minimizing muscle force output that is coefficient-dependent rather than
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on the principle of minimizing signal-dependent-variance. Overall, the results support
the proposition that redundant force coordination patterns are organized by the interactive
influence of different categories of constraints.
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Introduction
When performing motor actions there is redundancy in that the task goal can be
fulfilled by an infinite number of motor solutions (Bernstein, 1967). However, instead of
fully exploiting this redundancy, we tend to use a limited set of solutions based on some
minimization criteria or configuration of constraints. Different criteria or constraints
have been proposed to account for the redundancy in movement patterns from a range of
theoretical perspectives (Flash & Hogan, 1985; Harris & Wolpert, 1998; Nelson, 1983;
Uno et al., 1989).
While achieving the task goal, the redundancy in the sensorimotor system also
allows variability at the cortical (Churchland, Afshar, & Shenoy, 2006) and motor-unit
pool (Jones, Hamilton, & Wolpert, 2002) levels. This variability leads to moment-tomoment and trial-to-trial variations at the stages of execution and outcome of the action.
At the execution stage, the variability is regarded as beneficial in that it offers flexibility
and can facilitate compensation to perturbations from within the organism and the
external environment (Bernstein, 1967). Through the modeling of optimal feedback
control (Todorov & Jordan, 2002) and analysis on the structure of variability (Scholz &
Schoner, 1999), it has been proposed that the variability in movement execution is
reduced only when it deteriorates task performance and that the variability irrelevant to
the task performance is not controlled to allow adaptive behavior. As a result, the
relative variability in movement outcome that leads to enhanced performance error is
typically smaller than that of the individual degrees of freedom in movement execution
(Arutyunyan, Gurfinkel, & Mirskii, 1969; Vereijken et al., 1992).
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However, through practice and learning, the variability along the redundant
uncontrolled dimension has been shown to decrease with learning (Kang et al., 2004). In
some cases it decreases even more than the task relevant variability (Domkin et al., 2002).
These results lead to the proposition that a certain sub-space within the uncontrolled subspace may be preferred over others due to the configuration of constraints. Moreover, in
bimanual isometric force production, when the variability was calculated within a trial,
the individual finger forces were positively correlated and destabilized the total force
output within trials (Ranganathan & Newell, 2008a). Namely, more variability is
observed in the task level than the execution level. This deteriorated task performance is
due to the intrinsic bilateral positive coupling constraint (a tendency of producing
bilateral symmetric actions, see (Kelso, Southard, & Goodman, 1979b) that originates
from multiple levels of the sensorimotor system (Diedrichsen et al., 2003; Hortobagyi,
Taylor, Petersen, Russell, & Gandevia, 2003; Swinnen, Dounskaia, Levin, & Duysens,
2001). It has been shown that a rather broadly distributed neural network is involved in
shaping the bilateral coordination patterns (Debaere et al., 2001; Swinnen & Wenderoth,
2004), and the peripheral musculoskeletal system (e.g. the effectors and muscle groups
used in the task) also influences the coordination to some degree (Hu, Loncharich, &
Newell, 2011; Levin, Suy, Huybrechts, Vangheluwe, & Swinnen, 2004).
It has been proposed that three categories of constraints (intrinsic to the organism,
external in environment, and task) determine the optimal coordination patterns (Newell,
1986). Organismic constraints arise from the intrinsic characteristics of the sensorimotor
system. For example, the bimanual coupling effect mentioned above is regarded as an
organismic constraint of the individual. Other neuromuscular constraints including
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limited muscle strength and body segment length are also examples of organismic
constraints. Environmental constraints include the ambient conditions, such as the
availability and reliability of the performance relevant information that can be perceived
by the exteroceptive sensory systems. Without visual feedback information, for example,
enhanced constant and variable performance error is often observed in isometric force
control (Tracy, 2007; Vaillancourt & Russell, 2002). Task constraints are the specific
constraints imposed by the task about the goal and rules or ways to achieve the task goal.
For example, a required movement distance within a required time interval reflects a task
constraint.
In an earlier study, the interactive influence between the organismic and task
constraints on force coordination was investigated (Hu & Newell, 2011a); however, the
relative influence of each category of constraints and the degree of interaction between
constraints were not quantified in relation to models of motor redundancy. In the current
study, we tested the hypothesis that each constraint is weighted based on the relative
influence of the constraint in organizing the coordination patterns, and that the
coordination patterns emerge from the combined influence of the weighted constraints.
Under this hypothesis each constraint is associated with a cost; namely, violation of the
constraints leads to increment of a certain cost. For example, high performance error
with sufficient error feedback information leads to high error cost due to the violation of
the environmental constraint. Similarly, bilateral asymmetric force production leads to a
high cost due to the violation of the organismic coupling constraint. With the weighted
combination of constraints, the goal of the system is to “minimize” the combined costs
associated with the constraints. From this perspective, when one constraint is changed,
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the relative influence of the three categories of constraints on the patterns of coordination
is also changed, and the weightings on the three constraints are reorganized accordingly,
from which new coordination pattern may emerge.
To test this weighting hypothesis, a bimanual isometric force production task was
used in the experiment. The task constraint was manipulated via imposing different
coefficients on the finger forces such that the weighted sum of individual finger force
output matched the force target. The unequal coefficient settings distinguished the
influence of each category of constraint and allowed the reorganization of the force
coordination patterns. The models of constraints were proposed to quantify the influence
of the three categories of constraints with a cost function for each constraint. In the
models, the environmental constraint was quantified by the perceived performance error
that was displayed as the visual feedback. The organismic constraint was quantified by
the bilateral positive coupling (i.e. symmetric force production) between hands (Hu &
Newell, 2011b). In both discrete (R. A. Schmidt et al., 1979) and continuous (Slifkin &
Newell, 1999) isometric force production, the variability in the force is scaled with force
amplitude, and it has been suggested that the task variability is minimized during motor
planning (Harris & Wolpert, 1998). Alternatively, an efficient coordination strategy (i.e.
minimum muscle force output) has been proposed (Goble, Zhang, Shimansky, Sharma, &
Dounskaia, 2007; Nelson, 1983). The unequal coefficients imposed on the finger forces
essentially changed the finger ‘strength’ or the relative efficiency of the individual finger
force that contributes to the total force output. These two theoretical perspectives predict
contrasting force combinations between fingers in the unequal coefficient settings (see
Methods for details).
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To investigate the influence of task constraints on force coordination, three
models of motor redundancy were examined based on the criteria of minimum task
variance (minimum variance model) and minimum muscle force output (coefficientindependent vs. coefficient-dependent efficiency models). The objective function was
the combined costs of the three categories of constraints (one environmental, one
organismic, and one of the three in the task constraint). The weightings assigned to the
constraints were estimated from the observed data. Instead of minimizing the objective
function using the standard optimization approach (Aster, Borchers, & Thurber, 2004), a
“Satisficing” method was used to estimate the weightings in that only small enough
rather than the minimum value of the objective function was searched. The concept of
“Satisficing” has been proposed as the rational choice during decision making in
economics (Simon, 1955, 1989). In motor coordination, the observed variability in the
sensorimotor system and in the task outcome may be due to the satisficing of constraints.
In optimization, the best solution is chosen such that the objective function is minimized
while certain constraints are satisfied. In contrast, the satisficing approach emphasizes
that the constraints have to be satisfied, and as long as the objective function value is
acceptably low enough, the solution can be used. This approach is less expensive
computationally than optimization when limited time and resources are available.
In summary, the purpose of this study was to investigate the interactive influence
of the three categories of constraints on the organization of coordination patterns under
redundancy. The models of constraints were compared to estimate the constraint
weightings that reflect the interactive process between the constraints (Newell, 1986).
Depending on the level of analysis (within a trial or between trials), a different structure
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in the variability has been found, which reveals contrasting interpretations of control
strategies (Gottlieb, Song, Hong, Almeida, & Corcos, 1996; Ranganathan & Newell,
2008a; Scholz, Kang, Patterson, & Latash, 2003). In this study, we performed both
within- and between-trial variability analysis and the relation between them was
examined as a function of the manipulated task constraint. The predictions of the models
of constraints on the between-trial coordination were assessed based on the within- and
between-trial variability analyses.

Methods
Participants
Ten right hand dominant healthy individuals (age = 27 ± 3 years, 5 female and 5
male) volunteered to participate in this study. The participants gave informed consent to
the experimental procedures that had been approved by the University Institutional
Review Board.
Apparatus
Participants were seated facing a 14 inch LCD monitor with both hands pronated
on the table. All the fingers extended out and the index fingers extended comfortably
away from other digits. The participants were instructed to rest their forearms and palms
on the table during the trials (Figure 1A). Through isometric abduction, the distal
phalange of the index finger contacted a load cell (ATI Industrial) that was fixated to the
table 30 cm apart. Analog output from the load cell was amplified through an ISA F/T
controller board with a 16-bit DSP card. The force output was sampled at 100 Hz. A red
horizontal target line was centered at the screen and spanned the width of the screen. A
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yellow trajectory representing the total force output that moved from left to right of the
screen was displayed to the participants (Figure 1B). The visual gain was 80 pixels / N.

Figure 1. Experimental setup and visual display. (A) The participants abducted
both of the index fingers isometrically to produce constant force. (B) Display of the total
force output (weighted sum of the individual forces) and force target (Horizontal line).
The subjects were instructed to follow the target before the vertical 5 s line. (C) The
actual individual finger forces of 10 trials with coefficient ratio of 0.5:1.5 imposed on the
finger forces.

Procedures
Estimation of Maximum Voluntary Contraction (MVC). The participants were
instructed to produce maximal force by abducting their two index fingers. Three trials of
6 s were recorded with 30 s rest between each trial. The average of the peak forces in the
3 trials was determined as the MVC of each finger and was used as the normalization
terms (F1max and F2max) in the modeling. The summed MVC of both fingers was used to
determine the force target (i.e. 20% MVC force level).
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Experimental Design. The participants were instructed to produce simultaneous
constant forces with both index fingers, so that the weighted sum of finger forces
matched the force target line of 20% MVC. The experiment consisted of 5 blocks of
trials with one coefficient setting in each block. The 5 coefficient settings c1 : c2 imposed
on the left and right finger forces were: 0.2:1.8, 0.5:1.5, 1:1, 1.5:0.5, and 1.8:0.2. Two
unequal coefficients were chosen to examine the degree of influence of the task
constraint and the weightings assigned to the constraints. The 1:1 ratio served as a
control condition, and the possible hand-dominance effect was balanced out on the
reversed coefficient ratios.
Prior to the main testing of each block, the specific coefficients imposed on each
finger force were informed to the participants. Two practice trials were provided, where
the participants were asked to produce force pulses using one finger at a time and to learn
the coefficients imposed on each finger. There followed 5 more practice trials of
simultaneous constant force production for task familiarization and selection of the
preferred finger force combination. The participants then completed 10 consecutive 15 s
trials in each block. The order of the blocks was randomized over the participants. A
minimum of 10 s rest period between trials and 1 min rest between blocks were provided.
The individual trial finger force output for one example condition ( c1 : c2 = 0.5:1.5) of 10
trials is shown in Figure 1C.
Data Analysis
To eliminate the transient effects, the initial 5 s and last 1 s of each trial were
removed for data analysis. The task performance was quantified by the root mean
squared error (RMSE) of the total force output. The ratio of individual force pairs and
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Pearson's linear correlation coefficient between individual forces were calculated to
evaluate the coordination strategy.
Statistical Analysis. The dependent variables described above were analyzed
using a repeated-measure ANOVA with the finger force coefficient ratio (Left:Right) as
repeated measures. A significant level of p < 0.05 was used for all analyses. When
necessary, post-hoc pairwise multiple comparisons with Bonferroni correction was used.
The dependent values are reported as means ± standard errors (SE) unless otherwise
noted.
Model of Constraints
The models of constraints (Figure 2A) that quantified the weighting on the
influence of the three constraints during force coordination were implemented (Bryson &
Ho, 1975). The environmental constraint was quantified by the visually perceived
performance error. The organismic constraint was quantified by the bilateral coupling
effect (i.e. symmetric force production) between hands. In the task constraint, three
models were examined based on the criteria of task variance (minimum variance model)
and task efficiency (coefficient-independent vs. coefficient-dependent efficiency model).
These two task efficiency models were proposed to examine whether the optimal force
output ratio scales with the specific coefficient ratio on the finger forces. Although the
optimization method was used during the weighting estimation, the property of the
suboptimal solutions was also examined. The models are described below in detail.
Environmental constraint as perceived performance error: The perceived
performance error is quantified by the squared normalized force error in Eq. 1.

J1 ( F1 (t ), F2 (t ))  (

c1  F1 (t )  c2  F2 (t )  FT 2
)
FT
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(1)

F1(t) and F2(t) are the individual finger forces at an instant of time t; c1 and c2 are
the coefficients imposed on each finger force; FT represents the force target. The
normalization by the target force reduces the dependency of the performance error on the
target force levels that the participants have to produce. Any finger force combinations
in the zero-error line (broken line) in Figure 2B minimize the function J1 in the example
of coefficient ratio of 0.5:1.5 condition.
Organismic constraint as bilateral coupling: The bilateral positive coupling is
quantified by the squared difference between the normalized individual finger forces in
Eq. 2.

J 2 ( F1 (t ), F2 (t ))  (

F1 (t ) F2 (t ) 2

)
F1max F2max

(2)

F1max and F2max represent the maximum force of each finger. The normalization
by the maximum force reduces the bilateral asymmetry in finger strength. The function
J2 increases as the two normalized force levels become asymmetrical. Function J2
predicts that the optimal finger force combination is at Point C (intersection between
zero-error line and equal-force line) in Figure 2B.
Task constraint as task variance: The variability (SD) of the individual finger
force scaled with the force amplitude: SD ( F )  k  F , where k is the coefficient of
variation (CV) (Harris & Wolpert, 1998; R. A. Schmidt et al., 1979). We assumed the
same CV on the two fingers when they are normalized by their respective maximum
forces. Given the bilateral crosstalk is quantified in the organismic coupling constraint,
here we assumed independent variability sources for the two fingers, so the total force
output variance is associated with ( c1  k  F1 ) 2  ( c2  k  F2 ) 2 in the current task settings.
F1max

F2max
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The coefficient k is eliminated during the minimization process given it does not
influence the optimal solution. The minimum variance model (Eq. 3) predicts that the
optimal force combination is at point D in the 0.5:1.5 coefficient ratio example, because
the optimal individual force output ratio scales inversely with the coefficient ratio
imposed on the finger force (see supplemental material for the scaling relation).
J 3 ( F1 (t ), F2 (t ))  (

c1  F1 (t ) 2 c2  F2 (t ) 2
) (
)
F1max
F2max

(3)

It should be noted that the linear scaling relation between force and force
variability holds only in the intermediate force range. When a large range of force
amplitude was examined, quadratic (Slifkin & Newell, 1999), square-root (Carlton &
Newell, 1993; Yao, Fuglevand, & Enoka, 2000), and s-shaped (Christou, Grossman, &
Carlton, 2002) scaling relations have been found. In the current study, the force output
only covered a small range across different conditions, and the linear scaling function
was used here as a close approximation.
Task constraint as task efficiency: We had no apriori information of what form of
function was appropriate to quantify the task efficiency. Two forms of task efficiency
function were proposed.
One model associated with the task constraint is the coefficient-independent
efficiency model, where the task efficiency is quantified by the square of weighted sum
of the normalized finger forces in Eq. 4. In this equation, the optimal force output ratio is
independent of the specific coefficient ratio imposed on the finger force. Namely,
maximal force production is expected in the finger with the larger coefficient and zero
force production is expected in the finger with the smaller coefficient, and the coefficient
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ratio does not influence the optimal force output ratio strictly (see supplemental material).
This model predicts that the optimal solution of J3 is at Point A in Figure 2B.
J 3 ( F1 (t ), F2 (t ))  (

1  F1 (t )
F1max

where 1 



 2  F2 (t )
F2max

(4)

)2

c2
c1
, 2 
c1  c2
c1  c2

A second model associated with the task constraint is the coefficient-dependent
efficiency model, in which the task efficiency is quantified by the weighted sum of the
squared normalized finger forces in Eq. 5. In this equation, the optimal force output ratio
scales with the coefficient ratio imposed on the finger force (see supplemental material).
This model predicts that the optimal solution of J3 is at Point B in Figure 2B in the
0.5:1.5 coefficient ratio condition.
J 3 ( F1 (t ), F2 (t ))  (

1  F1 (t )
F1max

where 1 

)2  (

 2  F2 (t )
F2max

)2

(5)

c2
c1
, 2 
c1  c2
c1  c2

The task variance and efficiency models are task specific; namely, the minimum
variance model predicts that the force output ratio is determined by the task coefficient
ratio (i.e. lower force production on the finger that has larger coefficient and vice versa).
In contrast, via the coefficients β1 and β2, the task efficiency models penalize high force
production with the smaller coefficient while allowing high force production with the
larger coefficient. Even though the force output ratio in the coefficient-independent
model does not scale strictly with the coefficient ratio, the coefficient ratio determines the
exact force output (0 or maximum).
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The three categories of constraints that predict different force coordination
patterns were combined in Eq. 6, where wi represents the weighting assigned to each
constraint that organizes the motor coordination patterns. Three models were examined
with the environmental (Eq. 1) and organismic constraint (Eq. 2) combined with one of
the task constraints (the minimum variance model of Eq. 3, the coefficient-independent
efficiency model of Eq. 4, and the coefficient-dependent efficiency model of Eq. 5). To
reduce the number of free parameters in the weighting estimation and keep the generality
between conditions, we assumed that the sum of the weightings wi is constant and N = 3
which represents the number of constraints.
N

J ( F1 (t ), F2 (t ))   wi  J i ( F1 (t ), F2 (t ))

(6)

i 1

N

where

w

i

 1, wi  0

i 1

In the model (Eq. 6), the coordination pattern is determined by the combined
influence of the three categories of constraints (i.e. the weighted sum of the three
constraints). The desired individual force outputs ( F1 , F2 ) emerge that minimize the
objective function over time interval T as shown in Eq. 7. T is the trial duration.
T

N

J ( F1 , F2 )   wi  J i ( F1 (t ), F2 (t ))

(7)

t  0 i 1

N

where

w

i

 1, wi  0

i 1

Studies have shown that isometric force variability has time dependent properties
(Newell, Deutsch, Sosnoff, & Mayer-Kress, 2006; Slifkin & Newell, 1999), and the
assumption of the variability of force output as a random Gaussian noise does not hold.
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Therefore, the standard statistical parameter estimation approach (Aster et al., 2004)
cannot be applied here. In the weighting estimation process, we made no assumption on
the specific distribution and the independency of the force output. The weighting wi
imposed on the constraint was estimated directly from the observed force output. First,
the objective function (Eq. 7) in force space was transformed to weighting space (Eq. 8)
(see supplemental material for the interpretation of the transformation). The weighting wi
was estimated from minimization of Jw with the observed force output F1(t), F2(t) of each
trial substituted into Eq. 8.
T

J w (w1 , w2 , w3 )   ((
t 0

J 2
J 2
) (
) )
F1 (t )
F2 (t )

(8)

Given there is variability in the force output, it was assumed that at a time
instance t* the objective function (Eq. 6) is close to minimum rather than being minimum,
that is

J
J
J
J
 0,
 0 . The optimization of Jw (Eq. 8) minimizes
,
F1 (t* )
F2 (t* )
F1 (t ) F2 (t )

over the trial duration T based on the observed forces but does not guarantee

J
J
 0,
 0 at any specific time t, which allows non-zero incidence at certain
F1 (t )
F2 (t )
time t* . One important property of the model is that it is similar in concept with the
‘Satisficing’ model (Simon, 1955) in that the system does not try to find out solutions that
minimize the objective function at any time instant but accept good enough solutions that
lead to the objective function acceptably low. Furthermore, the suboptimal solutions of
Jw were also examined in line with the ‘Satisficing’ idea.
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Figure 2. Model structure and estimated objective function (Eq. 4). (A) The
structure of the models of constraints. Three models are included in the task constraint:
minimum task variance model and task efficient force output model (coefficientindependent and coefficient-dependent models). (B) The predictions of finger force
combinations from each category of constraint in the example of coefficient ratio of
0.5:1.5 with force target of 5.01 N. Point A: (0, 3.333 N) predicted by the coefficientindependent efficiency model, Point B: (0.122, 3.300 N) predicted by the coefficientdependent efficiency model, Point C: (2.505, 2.505 N) predicted by the organismic
coupling model, and Point D: (5.01, 1.67 N) predicted by the minimum variance model.
(C) Estimated objective function with coefficient ratio of 0.5:1.5 and force target of 5.01
N. Each contour represents a specific objective function value and the difference
between the contour values is 2.55. The asterisk represents the minimum value 0 of the
objective function. The 95% confidence ellipse of each trial of the actual force output is
presented in thin line and the ellipse of all the 10 trials is plotted in thick line. The dash
line represents zero force error. The solid line with positive slope represents equal force
line.
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Through minimizing Jw, the estimated weightings wi were substituted into Eq. 6,
and one example of the objective function contour plot in force space is shown in Figure
2C. The estimated weightings on the three constraints (environmental, organismic, and
task (coefficient-dependent efficiency)) were 0.434, 0.205, and 0.361, respectively. The
95% confidence ellipses (2.45 times of SD (square root of the eigenvalues of the variance
matrix)) for the individual trials and the 10 trials (see below for detail) are also shown
around the center of the contours.
It is noteworthy that even though the elliptic contour of the model follows the
ellipse of the 10 trials as a group, this property should not be taken for granted. The
individual forces can have arbitrary distributions in the force space without substantial
influence on the model parameters. The direction and shape of the elliptic contour of the
model are determined by the performance error and the degree of force symmetry (or
asymmetry), and these data properties are directly associated with the objective functions
of the three categories of constraints (see supplemental material for simulations).
However, the elliptic contour of the model provides a set of acceptable solutions from the
‘Satisficing’ concept, such that different coordination patterns that satisfy the
combination of constraints (i.e. within an elliptic contour) can be used over time or trials.
Model validation. To validate the model parameter estimation, the covariance
matrix of all the 10 trials of each subject in each coefficient condition was determined,
and it was visualized by the 95% confidence ellipse (Figure 2C). Three parameters of the
data ellipse were compared with the elliptic contour of the model. First, the center of
ellipse is a measure of the location of the ellipse in the force space, which was calculated
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as the ratio of the individual force outputs and the ratio of the estimated optimal force
outputs. Second, the orientation of the ellipse was calculated as the directional angle of
the eigenvector corresponding to the larger eigenvalue. Third, the shape of the ellipse
was computed as the ratio of square root of the eigenvalues (the larger SD over the
smaller one). A more circle-like ellipse has a smaller SD ratio and more elongated ellipse
has a larger SD ratio. The prediction residuals (the difference between the predicted and
the observed value described above) were calculated. The statistics of the residuals
including the mean ± SD, the norm of residuals, and the randomness of residuals were
then calculated to evaluate the model.

Results
Task Performance and Coordination Patterns. Figure 3A depicts the RMSE of
the total force output. Because the force output ratio is lower bounded at 0, and the data
at the 0.2:1.8 and 0.5:1.5 condition are clustered together in the regular scale, so the log10
force output ratios were calculated for better illustration. The one-way repeatedmeasures ANOVA on RMSE revealed a significant effect on the coefficient ratio [F(4, 36)
= 3.95; p = 0.009]. Post hoc analysis showed that the RMSE was significantly higher on
the coefficient ratios of 0.2:1.8, 1.5:0.5, and 1.8:0.2 in comparison with the 1:1 condition
[ps < 0.05]. Figure 3B shows the log10 force ratio between the individual finger forces.
The force ratio was significantly different between conditions [F(4, 36) = 68.35; p =
0.001]. The force output ratio in the symmetric coefficient (1:1) condition was
significantly different from the asymmetric coefficient conditions [ps < 0.05]. However,
no difference was found between the two asymmetric 0.2:1.8 vs. 0.5:1.5 [p = 0.297] and
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1.8:0.2 vs. 1.5:0.5 [p = 0.312] conditions. Figure 3C displays the correlation between the
individual finger forces. A significant difference was found on the correlation between
finger forces between conditions [F(4, 36) = 13.82; p = 0.001]. The correlation was
significantly reduced on the coefficient ratio of 0.2:1.8, 1.5:0.5, and 1.8:0.2 in
comparison with the 1:1 condition [ps < 0.05].

Figure 3. Task performance and coordination pattern. (A) Performance error
(RMSE) as a function of coefficient ratio. (B) Log10 force output ratio as a function of
coefficient ratio. (C) Correlation coefficient as a function of coefficient ratio. Asterisk
denotes statistical significance.

Model Parameter Estimation. The estimated weightings from the objective
function involving the minimum variance model are shown in Figure 4A, B and C. The
results of the objective function with the coefficient-independent efficiency model are
shown in Figure 4D, E and F. The results of the objective function with the coefficientdependent efficiency model are shown in Figure 4G, H and I.
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Figure 4. Estimated weightings on constraints. Minimum variance model: (A)
Weighting w1 on environmental constraint. (B) Weighting w2 on organismic constraint.
(C) Weighting w3 on task constraint. Coefficient-independent efficiency model: (D)
Weighting w1 on environmental constraint. (E) Weighting w2 on organismic constraint.
(F) Weighting w3 on task constraint. Coefficient-dependent efficiency model: (G)
Weighting w1 on environmental constraint. (H) Weighting w2 on organismic constraint.
(I) Weighting w3 on task constraint.
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For the minimum variance model, the environmental weighting w1 increased at the
asymmetric compared with the symmetric coefficient conditions [F(4, 36) = 38.03; p =
0.001] and no significant difference was found between the asymmetric coefficient
conditions [ps > 0.05]. The organismic weighting w2 reduced significantly at the
asymmetric conditions [F(4, 36) = 38.07; p = 0.001], and no change was found between
the asymmetric coefficient conditions [ps > 0.05]. The task variance weighting w3
showed no significant change as the force coefficients became asymmetrical [F(4, 36) =
2.26; p = 0.082].
For the coefficient-independent efficiency model, the environmental weighting w1
also increased with asymmetric coefficients [F(4, 36) = 15.56; p = 0.001]. The
organismic weighting w2 reduced significantly at the asymmetric coefficient conditions
[F(4, 36) = 32.99; p = 0.001]. The task efficiency weighting w3 increased significantly as
the coefficient ratio became asymmetrical [F(4, 36) = 10.53; p = 0.001]. No difference
was found between the asymmetric coefficient conditions in any of the three weightings
wi [ps > 0.05].
For the coefficient-dependent efficiency model, the environmental weighting w1
reduced with asymmetric coefficients [F(4, 36) = 4.02; p = 0.009]. The weighting also
reduced significantly at the coefficient ratio of 0.2:1.8 and 1.8:0.2 conditions compared
with the 0.5:1.5 condition [ps < 0.05]. The organismic weighting w2 also reduced
significantly at the asymmetric coefficient conditions [F(4, 36) = 41.98; p = 0.001]. No
difference was found between the asymmetric coefficient conditions [ps > 0.05]. The
task efficiency weighting w3 increased significantly as the force coefficients became
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asymmetrical [F(4, 36) = 43.39; p = 0.001]. The weighting also increased significantly at
the coefficient ratio of 0.2:1.8 compared with the 0.5:1.5 condition [p < 0.05].

Figure 5. Model validation. Minimum variance model: (A) Predicted optimal
force output ratios vs. the observed force output ratios of all the subjects with different
symbols denoting different coefficient ratio conditions. The solid line represents the
unity line. (B) Predicted orientation of the contour ellipse of the model vs. the observed
orientation of ellipse from 10 trials of each condition. (C) Predicted shape (SD ratio:
square root of eigenvalue ratio) of contour ellipse vs. the observed shape of ellipse from
10 trials. Coefficient-independent efficiency model: (D) Predicted vs. the observed force
ratios. (E) Predicted vs. the observed orientation of ellipse. (F) Predicted vs. the
observed shape of ellipse from 10 trials. Coefficient-dependent efficiency model: (G)
Predicted vs. the observed force ratios. (H) Predicted vs. the observed orientation of
ellipse. (I) Predicted vs. the observed shape of ellipse from 10 trials.
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Model Validation. In the minimum variance model, the predicted optimal force
output ratio from the model (Eq. 6) did not correlate with the observed force ratio (Figure
5A). As shown in Table 1, the prediction residuals were large and not randomly
distributed, which are signs of a poor fit. The model was not able to predict the desired
force ratios at different coefficient conditions. The predicted orientation (Figure 5B) of
the 95% confidence ellipse fitted reasonably well with the data, and the residuals were
randomly distributed even though they are relatively large. The model was also able to
predict the shape (SD ratio in Figure 5C) of the ellipse. Although the residuals were
relatively large compared with the other two models, they were randomly distributed.

Table 1: Prediction residuals between the model and the observed data
Measures

Force ratio

Orientation
(deg)

SD ratio

Randomness

Mean ± SD

Norm

Variance Model

-0.28 ± 0.84

6.18

-6.70 (0.001)

Efficiency Model 1

-0.12 ± 0.42

3.10

-4.95 (0.001)

Efficiency Model 2

0.03 ± 0.21

1.46

-0.25 (0.799)

Variance Model

-0.49 ± 1.33

9.94

1.63 (0.103)

Efficiency Model 1

-0.23 ± 1.57

11.14

-1.88 (0.060)

Efficiency Model 2

-0.19 ± 1.39

8.13

-0.42 (0.678)

Variance Model

0.45 ± 0.57

5.08

0.04 (0.939)

Efficiency Model 1

-0.20 ± 0.45

3.47

-5.00 (0.001)

Efficiency Model 2

-0.12 ± 0.54

3.86

0.14 (0.884)

z-score (p-value)

Note: 1. Efficiency Model 1: Coefficient-independent model and Efficiency Model 2:
Coefficient-dependent model
2. Norm: square root of the sum of squared residuals.
3. Null hypothesis of the randomness test: the residuals are random (p < .05 as
significant).
4. The best measure in each variable is shown in bold.
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In the coefficient-independent efficiency model, the predicted force output ratio
(Figure 5D) showed a reasonably good fit. However, a systematic bias was evident in
that the model under estimated the force ratio (i.e. predicted closer to 1 than the data)
when asymmetric coefficients were imposed on the finger forces. This bias was also
evident in the non-random prediction residuals shown in Table 1. The predicted
orientation (Figure 5E) of the ellipse fitted well with the data, and the residuals were
small and randomly distributed. In contrast, the coefficient independent model was not
able to predict the shape of the ellipse (Figure 5F) and the prediction residuals were not
random.
In the coefficient-dependent efficiency model, the predicted force ratio correlated
with the observed force ratio (Figure 5G). The prediction residuals were small in the
norm and randomly distributed around zero, which are signs of a good fit. The model
was able to predict the desired force ratios at different coefficient conditions. The
predicted orientation (Figure 5H) of the ellipse also fitted well with the data, and the
residuals were small and randomly distributed. The model was also able to predict the
shape (Figure 5I) of the ellipse. The prediction residuals were relatively small and were
randomly distributed, which suggested a reasonable fit to the data.
Single Trial Behavior under Constraints. The single trial behavior was compared
with the between trial behavior (10 trials) of each subject at each condition using the 95%
confidence ellipse. As shown in Figure 6A, even though the individual force output ratio
exhibited substantial variability, it correlated with the force ratio calculated across all the
10 trials (r2 = 0.86, p = 0.001, based on log-transformed fit due to unequal variance). The
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orientation of the individual trial ellipse also showed large variability between trials and
ranged from 45 to 225 deg (Figure 6B). No correlation was found between the individual
trial orientation and the orientation of the 10-trial ellipse (r2 = 0.006, p = 0.19). The
shape (SD ratio) of the individual trial ellipses tended to be more circle-like than the10trial ellipse of each condition (Figure 6C). Namely, the SD ratio of the individual ellipse
ranged from 1 to 1.83 and is smaller than the SD ratio of the 10-trial ellipse ranging from
1 to 3.46. No correlation was found between the shape of the individual ellipse and the
shape of all the 10 trials (r2 = 0.001, p = 0.76).

Figure 6. Individual trial variability. (A) Force ratio of individual trial of all the
subjects as a function of force ratio of 10 trials with different symbols denoting different
coefficient ratio conditions. (B) Orientation of individual trial ellipse as a function of the
orientation of 10-trial ellipse in each condition. (C) Shape of individual trial ellipse as a
function of the shape of 10-trial ellipse in each condition.

Discussion
This study examined the interactive influence of multiple categories of constraints
(organismic, environmental, and task) on the organization of redundant coordination
patterns (Newell, 1986). In the bimanual isometric force experiment, the task constraint
was manipulated via imposing different coefficients on the index finger force. The
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models of constraints were implemented to quantify the weightings imposed on the three
categories of constraints during force coordination (Davids, Button, & Bennett, 2007).
Experimental Results and Model Predictions
Consistent with the earlier study (Hu & Newell, 2011a), the experimental results
revealed that the performance error (RMSE) was increased with asymmetric coefficients
between finger forces, which indicated that the weighting on the environmental constraint
was reduced at asymmetric coefficient conditions. The coefficients also influenced the
force sharing patterns between fingers in that the force output ratio correlated with the
coefficient ratio and higher forces were produced by the finger that had the larger
coefficients. When the force between fingers became uneven, the weighting on the
organismic constraint decreased and the weighting on the task constraint increased
(Figure 4H and 4I), respectively. As the coefficients became asymmetric, the negative
correlation between fingers was also reduced, which indicated a reduction of error
compensation and possibly contributed to the enhanced performance error. Overall, the
results revealed that when the task constraint was manipulated, the influence of all the
three categories of constraints was reorganized and new coordination patterns were
formed.
The interactive influence of the constraints on the force coordination patterns was
quantified by investigating models of constraints. Each model predicted different force
sharing patterns, the same orientation of the force ellipse, and similar shapes of the ellipse
across trials (Figure 5). For the task constraints, the results revealed that the system
adopted the task efficiency strategy (minimum muscle force output) rather than the
strategy of minimizing task variance. The results are consistent with previous findings
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showing preference on task efficiency over other minimization criteria, such as
movement time (Lee, Fradet, Ketcham, & Dounskaia, 2007; Nelson, 1983) and task
variability (O'Sullivan, Burdet, & Diedrichsen, 2009). On the task efficiency constraint,
the results revealed that coefficient-dependent model was the best fitted model in that the
optimal force sharing pattern predicted by the task constraint scales with the coefficient
ratios imposed on the finger forces. The results reveal that the detailed characteristics of
the task constraint significantly influence the coordination dynamics.
Satisficing of Constraints
The satisficing feature of the model is consistent with previous studies of
satisficing the constraint hierarchy (a set of prioritized task requirement) during motor
planning (Rosenbaum et al., 2001) and satisficing of suboptimal performance even with
the experience of optimal solution (Ganesh, Haruno, Kawato, & Burdet, 2010). With the
weightings estimated from the data, the model predicts an elliptical region with small
enough values of the objective function that reflects the combined influence of the three
categories of constraints. From the satisficing perspective (Simon, 1955), the individual
finger force combinations within the elliptical region satisfy the three categories of
constraints. Therefore, variation in the force coordination within the elliptical region is
allowed because the variation leads to minimal change on the objective function value.
However, the within-trial analysis reveals that the variability structure varies across trials,
yet the variation is constrained within the elliptical region predicted by the model (Figure
2C and 5). The results indicate that the variation does not have to cover the entire
satisficing region. In fact, the variability structure in a single trial shows that only a small
local area of the elliptical region is occupied (Figure 2B and 6).
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The elliptic region predicted by the model is consistent with the uncontrolled
manifold (UCM) approach which has shown that the elemental variables (individual
finger forces in our case) form elliptic shapes with smaller variability in the task-relevant
dimension and larger variability in the task-irrelevant dimension (Scholz & Schoner,
1999; Scholz et al., 2000; Schoner, 1995). The current model prediction is also
compatible with the predicted behavior of the optimal feedback control model where a
combined performance error cost and control effort cost has been used (Todorov &
Jordan, 2002). The feedback control rule in the model penalizes variability in the taskrelevant dimension and allows variability in the task-irrelevant dimension. However, the
current model is conceptually different from the above two approaches. The UCM
approach decomposes the variability into two components: one deteriorates the task
performance (bad variability) and the other one does not (good variability); typically the
bad variability is smaller than the good one. The optimal feedback control rule also leads
to different properties of variability in different dimensions (Todorov, 2004). In contrast,
there is no such distinction of variability property in different dimensions in our model.
Namely, as long as the individual force outputs satisfy the combined influence of the
three categories of constraints (i.e. the objective function value is acceptably low enough),
the property of the variability is the same in any dimensions within the satisfied elliptic
region.
Implications for Redundancy
In motor activities, redundancy can arise from different categories of constraints.
At the task level, the same task requirement can be fulfilled by different task defined
variables (Bernstein, 1967). For example, in the current study different finger force
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combinations can lead to the same total force. At the organismic level, the
neuromuscular redundancy (e.g. different neurons, motor units, and muscle groups) can
result in the same motor output (Saltzman, 1979; Tresch & Jarc, 2009). At the
environmental level, the redundant information from different modalities (e.g. visual and
auditory information) is integrated based on input reliability (Ernst & Banks, 2002; van
Beers et al., 2002). However, the redundancy from multiple levels can lead to different
or even conflicting coordination patterns; as a consequence, a compromise of the required
patterns from different constraints may be necessary. The results of the current modeling
have the redundancy defined through the interactive processes of multiple constraints
rather than at any level of a single constraint. Specifically, the redundant solutions are
the ones that lead to a low enough value of the objective function associated with the
three categories of constraints, even if the solution is not the perfect task solution. In our
exemplar task, the redundant solutions form an elliptical shape rather than a straight line
that leads to zero performance error. Although the task performance error may vary
within the ellipse, the different solutions are equivalent due to the satisficing of
constraints.
Studies have shown that the variability in the task-irrelevant dimension reduces
substantially through practice and learning (Domkin et al., 2002; Kang et al., 2004).
Similarly, exploring the task redundancy via variable practice does not facilitate learning
and generalization (Ranganathan & Newell, 2010). The results of the current study may
provide further interpretation for the above findings. In the previous studies, redundancy
is defined at the task level, and the task solutions that lead to zero performance error are
regarded as task equivalent solutions. However, these redundant solutions may not be
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equivalent when other configurations of constraints are taken into account. For example,
certain task solutions may not satisfy the neuromuscular constraints (Kutch & ValeroCuevas, 2010; Loeb, 2000); as a result, some solutions that are equivalent at the task level
are eliminated due to the influence of other categories of constraints. The relative
influence of different constraints may change during the learning process, and the sets of
solutions that satisfy these different constraints also change accordingly. However, the
question of how the relative influence of different categories of constraints changes
during learning requires further investigation.
It has been proposed that the redundancy is utilized during the control processes
(Scholz et al., 2000; Todorov & Jordan, 2002). The contrasting relation between the twolevel (within- and between-trial) variability structure questions the generality of this
proposition. The structure of the between-trial variability supports the notion of utilizing
redundancy during the control process in that more variability is observed in the taskirrelevant dimension than in the task-relevant dimension. Furthermore, the orientation
and the shape of the ellipse of the experimental data follow the expected orientation and
shape of the elliptic contour of the model. However, consistent with an earlier study
(Ranganathan & Newell, 2008a), the structure of the within-trial variability in the force
outputs exhibits rather random characteristics that have little correlation with the
between-trial variability, and does not support the notion of a synergetic control strategy
(Gelfand & Tsetlin, 1971) in a single trial.
Interpretation of Contrasting Variability Structure
The variability structure of the within-trial analysis indicates that there was no
consistent strategy during the control of a single trial. The results contrast the findings of
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consistent coordination pattern between joints within a trial during a reaching movement
(Gottlieb et al., 1996). One interpretation of the within-trial variability is that the
redundancy arises from the variation of the initial conditions rather than from the control
process (Newell, Liu, & Mayer-Kress, 2008). From this perspective, the initial condition
is regarded as an independent dimension, and the movement outcome is influenced by the
initial bias. Namely, a specific solution is used depending on the initial condition of the
organism, and random-like variations around the specific solution are allowed in a small
region. Therefore, the observed between-trial variability may arise from the different
initial conditions of the organism rather than reflecting a control strategy of fulfilling the
task requirement.
The different within- and between-trial variability structure can also be influenced
by the relatively short trial duration. In our study, only 9 s was analyzed; however, more
variation is expected on the task-irrelevant dimension with longer trial duration. In a
quiet standing task, it has been shown that the variability in the center of pressure (COP)
is composed of different amplitudes at multiple time scales. Specifically, the COP
oscillates around a specific region within the basis of support at the short time scales, and
the COP drifts to different regions at the long time scales (Duarte & Zatsiorsky, 2000). It
has been shown that the multiple time scale process also holds in isometric force
variability (Slifkin & Newell, 2000). Therefore, longer trial duration may introduce
larger amplitude of long time scale variability that is similar to the different initial
conditions between different trials. In this view, with long enough trial duration, one
would expect that the within-trial variability may become more similar to the betweentrial variability.
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Limitation of the Models and Future Investigations
The models of constraints were constructed based on the specific bimanual force
production task, and the weighting relations between the constraints are also likely to be
task specific. In the current experiment, the task was designed in a way such that the
influence of organismic constraints other than the bilateral coupling was minimized. For
example, the fatigue effect was minimized with the relative low force level and short trial
duration. Nevertheless, with different task settings it is likely that multiple constraints
within each category mediate the motor coordination patterns. For example, other
organismic constraints such as different muscle groups used to control the movement
(Levin et al., 2004) and different skill levels of the participants (Puttemans, Wenderoth,
& Swinnen, 2005) also influence the coordination patterns. Therefore, further
investigation that includes multiple constraints in each category (a constraint hierarchy) is
required to examine more real life like tasks. In this study, only the task constraint was
manipulated to examine the interactive influence of the constraints. Exploring the
interactions among the constraints by manipulating multiple categories of constraints
together (e.g. change the task and environmental constraints simultaneously) remains a
research direction for future investigation.
In summary, this study investigated the interactive influence of the three
categories of constraints on the organization of coordination patterns under redundancy.
Three models of constraints were investigated to test the effect of weightings on the
categories of constraints. When the task constraint was manipulated, the coefficientdependent model was able to best predict the reorganized force coordination patterns
across trials. The results support the notion of the interactive influence of the categories

55

of constraints on coordination patterns. Namely, when the task constraint is changed, the
weightings on the three categories of constraints are reorganized, and the reweighting
process is sensitive to the specific coefficients imposed on the finger forces. The
experimental and modeling results are consistent with the proposition that the redundancy
arises from the satisficing of the combined influence of multiple categories of constraints
rather than from a single constraint.
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Supplemental Material

Minimum Variance Model
The minimum variance model as shown in Eq. 3 (the same equation numbers are
used as in the main text of the paper) predicts that the optimal force output ratio scales
inversely with the coefficient ratio imposed on the individual finger forces (i.e. lower
force production on the finger that has larger coefficient and vice versa).
J 3 ( F1 (t ), F2 (t ))  (

c1  F1 (t ) 2 c2  F2 (t ) 2
) (
)
F1max
F2max

(3)

In the following simulation, the optimal force outputs F1 and F2 that minimize J3
were found. The optimal F1 and F2 were conditioned on zero performance error (i.e.
FT  c1  F1 (t )  c2  F2 (t ) was satisfied, where FT is the force target). Assuming F1max =
F2max for simplicity, the optimal force output ratio F1:F2  c2 : c1 is shown in Figure S1.
During the simulation, the coefficient ratio (Left:Right) c1:c2 ranged from 0.01 to 1. Only
the conditions of c1 ≤ c2 were simulated, because of the symmetrical relation of F1 and F2
in Eq. 3.

Figure S1: Optimal force output ratio (L:R) as a function of the coefficient ratio (L:R)
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Efficiency Model: Coefficient-Independent vs. -Dependent
In the coefficient-independent model, the optimal individual force output ratio is
independent of the coefficient imposed on the finger force (Eq. 4).
J 3 ( F1 (t ), F2 (t ))  (

1  F1 (t )
F1max

where 1 



 2  F2 (t )
F2max

)2

(4)

c2
c1
, 2 
c1  c2
c1  c2

In the simulation, the optimal force outputs F1 and F2 that minimize J3 (Eq. 4)
were found. Similarly, the optimal F1 and F2 were conditioned on
FT  c1  F1 (t )  c2  F2 (t ) . For simplicity, we assumed F1max = F2max and c1 + c2 = 2. The
optimal force output ratio as a function of the coefficient ratio is shown in Figure S2.
The optimal force output ratio is independent of the coefficient ratio when it is uneven.
The left finger that has smaller coefficient produces zero force (F1 = 0), and the right
finger produces maximum force (F2 = FT / c2). With equal coefficient (c1 = c2), F1 and F2
can be in any combinations (i.e. F1:F2 ranges from 0 - ∞, and only 0 - 1 is plotted here).

Figure S2: Optimal force output ratio as a function of the coefficient ratio

In the coefficient-dependent model, the optimal individual force output ratio
scales with the coefficient imposed on the finger force for the task efficiency constraint
(Eq. 5).
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J 3 ( F1 (t ), F2 (t ))  (

1  F1 (t )
F1max

)2  (

 2  F2 (t )
F2max

)2

(5)

In the simulation, the same procedure as in the coefficient-independent model was
performed. The optimal force outputs F1 and F2 that minimize J3 (Eq. 5) were found.
The optimal force output ratio scales with the coefficient ratio: F1:F2  (c1 : c2 )3 is shown
in Figure S3.

Figure S3: Optimal force output ratio as a function of the coefficient ratio

Interpretation of Objective Function Transformations
The objective function (Eq. 6) takes the weighted sum of the costs representing
the three categories of constraints. If this objective function is minimized directly with
respect to wi, Eq. 6 can be simplified as: J w  J1w1  J 2 w2  J 3 w3 , where J1, J2, and J3 are
N

known values calculated from the data. Given  wi  1, wi  0 , the weightings wi form
i 1

a triangle region (or a 2-simplex). The optimal solution for Jw is at the vertices of the
triangle, that is (w1, w2, w3) = (1, 0, 0), (0, 1, 0), or (0, 0, 1) depending on the actual
values of J1, J2, and J3. For example, J2 is the smallest among the three, then (w1, w2, w3)
= (0, 1, 0). This means that only the organismic constraint has an influence on the
coordination patterns, which is counter to the general motor control literature that shows
a significant influence of the environmental and task constraints on the force coordination
patterns.
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N

J ( F1 (t ), F2 (t ))   wi  J i ( F1 (t ), F2 (t ))

(6)
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w
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i

 1, wi  0
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Alternatively, one can think of this question from the subject’s perspective;
namely, during the force production, the subject assigns weightings wi to the categories of
constraints. From the subject’s perspective, wi are known and the goal of the subject is to
find F1 and F2 that minimize Eq. 6, that is
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from the satisficing idea). Following this logic, we can construct a new objective
function J w  (

J 2
J 2
J
J
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are minimized.
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) . By minimizing Jw,
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Now we get Eq. 8 when the trial duration T is taken into account.
T
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J 2
J 2
) (
) )
F1 (t )
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Properties of Force Output vs. Model Parameters
The coefficients imposed on the individual forces were (0.5, 1.5) with the force
target = 5.0 N. Two individual finger forces were simulated with F1 = 2 ± 0.01 (N)
(mean ± SD) and F2 = 3 ± 0.035 (N); and the RMSE = 0.052. The 95% confidence
ellipse of the simulated force: the orientation of the major axis was 89.1 (deg), and the
ratio of square root of the eigenvalues (SD ratio) was 1.90. The estimated weightings on
the three constraints (environmental, organismic, and task) were 0.442, 0.310, and 0.248,
respectively. The contour plot of the objective function (the coefficient dependent model)
and the simulated force data are shown in Figure S4A.
Another two individual finger forces were simulated with F1 = 2 ± 0.06 (N), F2 =
3 ± 0.03 (N); RMSE = 0.052. The 95% ellipse of the data: the orientation of the major
axis was 178.5 (deg), and the SD ratio was 1.43. The estimated weightings on the three
constraints were 0.436, 0.316, and 0.248, respectively. The contour plot of the objective
function (the coefficient dependent model) and the simulated forces are illustrated in
Figure S4B.
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The simulation results revealed that the two simulated force pairs that have
similar degree of asymmetry (F1:F2 = 2:3) and performance error (RMSE = 0.052) lead to
similar model parameters, even though their variability and covariation patterns differ.

Figure S4: Contour plot of the objective function and the simulated forces
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CHAPTER 4: VISUAL INFORMATION GAIN AND TASK ASYMMETRY
INTERACT IN BIMANUAL FORCE COORDINATION AND CONTROL

Abstract
This study examined the question of whether and how the influence of visual
information on force coordination patterns is dependent on the settings of a task
asymmetry constraint. In a bimanual isometric force experiment, the task asymmetry was
manipulated via imposing different coefficients on the index finger forces such that the
weighted sum of the finger forces matched the target force. The environmental constraint
was quantified by the visual performance error and was manipulated through the change
of visual gain (number of pixels on the screen representing the unit of force). The
constraint arising from the individual was quantified by the bilateral coupling effect (i.e.
symmetric force production) between hands. The results revealed improved performance
in terms of lower variability and performance error and more complex total force
structure with higher visual gain. The influence of visual gain on the force coordination
pattern, however, was found to be dependent on the task coefficients imposed on the
finger forces. Namely, the force sharing between hands became more symmetric with
high visual gain only when the right finger force had the higher coefficient, and an error
compensatory strategy was evident with high gain only when symmetric coefficients
were imposed on the two fingers. The findings support the proposition that the motor
coordination and control patterns are organized by the interactive influence of different
categories of constraints where the functional influence of the information provided is
dependent on the motor output.

62

Introduction
Information is essential for desirable performance outcome in sensorimotor tasks.
In isometric force production, visual information is particularly important for minimizing
the performance error and maintaining consistent force output, whereas proprioception
has a minor contribution in the task (J. D. Cole & Sedgwick, 1992; Gandevia, Macefield,
Burke, & McKenzie, 1990; Teasdale et al., 1993). Indeed, without visual feedback,
enhanced force error and force variability is typically observed in isometric force control
(Tracy, 2007; Vaillancourt & Russell, 2002). Visual information can also influence the
pattern of bimanual force coordination (i.e. the organizational characteristics between the
forces produced by two the hands). Specifically, the error compensatory strategy
(negative correlation) between effectors is largely driven by the visual information of the
force output, but when vision is withheld an intrinsic coordination stabilizing strategy
(positive coordination) is observed that is less effective in reducing task error due to the
intrinsic constraints arising from the organism (Ranganathan & Newell, 2008a).
One such constraint is the bimanual positive coupling effect that is the tendency
to produce symmetric actions in bimanual coordination such that the bilateral
spatiotemporal parameters are positively synchronized (Kelso, 1995). In the case of
bimanual force production, symmetric force amplitude and positive correlation between
hands are expected due to this coupling effect of the intrinsic dynamics. However,
asymmetrical forces between hands are necessary in many tasks that require
individualized control of each hand. Therefore, there may be an incongruent confluence
of constraints that typically specifies different coordination patterns, and there is a
compromise in influence between the constraints. As a result, a coordination pattern that
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reflects the combined influence of different categories of constraints emerges (Davids et
al., 2007; Newell, 1986).
The constraints-on-action approach proposes that the optimal coordination and
control patterns are determined by three categories of constraints from the organism, the
environment, and the task itself (Newell, 1986) (see Figure 1A for illustration). The
categories of constraints are described as follows. First, organismic constraints arise
from the intrinsic characteristics of the sensorimotor system of the individual. For
example, the bimanual coupling effect mentioned above is regarded as an organismic
constraint of the individual. Secondly, environmental constraints arise from the ambient
conditions of the environment that are external to the organism, such as the amount of the
performance relevant error information that can be perceived by the visual systems. With
reduced visual information gain of the motor output, for example, increased constant and
variable performance error is often observed in isometric force control (Kantowitz &
Elvers, 1988; Newell & MacDonald, 1994). Lastly, task constraints are the specific
limitations imposed by the task about the goal and rules or ways to achieve the task goal.
For example, the task can require a specified force amplitude or movement time.
In an earlier study, when the task constraint was changed, we have found that the
influence of all the constraints on the force coordination pattern (the force sharing
patterns between fingers and the force correlation patterns) is reorganized, which
indicated that there are non-linear interactions in the influence of categories of constraints
(Hu & Newell, 2011a). Given the interactive influence of different categories of
constraints, the question remains as to how the change of environmental and task
constraints together drive the changes in the task performance and force coordination
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patterns. Based on the notion that the motor coordination and control pattern emerges
from the interactive influence of different categories of constraints (Newell, 1986;
Renshaw, Davids, & Savelsbergh, 2010; Swinnen & Wenderoth, 2004), we tested the
hypothesis that the influence of the environmental constraint on the force coordination
pattern is dependent on the settings in the task constraint.
A bimanual isometric force production task was used in the experiment. The
organismic constraint was quantified by the bilateral coupling effect (i.e. symmetric force
production) between hands. The environmental constraint was quantified by the
perceived performance error (i.e. deviations between the force output and the target force)
that was displayed as the visual feedback. The influence of the environmental constraint
was manipulated by changing the visual gain (i.e. the number of pixels on the computer
screen representing the unit of force output). The task constraint was manipulated via
imposing different coefficients on the finger forces such that the weighted sum of
individual finger force output matched the force target. The unequal coefficients
essentially changed the finger ‘strength’ or the relative contribution of the individual
finger force to the total force output, which, therefore, induced a force asymmetry
between hands.
Using this bimanual asymmetric force paradigm, we have found that the efficient
coordination strategy (i.e. minimum muscle force output) (Goble et al., 2007; Nelson,
1983) is used in bimanual force control; namely, with unequal coefficient applied
between hands, the hand that has larger coefficient tends to produce higher forces.
However, the force output ratio between hands is smaller than the coefficient ratio due to
the bimanual coupling effect (Hu & Newell, 2011a). Studies have also shown that the
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degree of coupling is mediated by the sensory information in that the strength of bilateral
coupling is reduced with enhanced visual or haptic information (Ranganathan & Newell,
2008b; Rosenbaum et al., 2006). Therefore, we tested the hypothesis that the visual
information gain manipulation will regulate the influence of intrinsic coupling effect and
reorganize the force coordination and control patterns depending on the task
asymmetrical coefficient conditions.

Methods
Participants
Ten right hand dominant healthy individuals (age = 26 ± 2 years, 4 female and 6
male) volunteered to participate in this study. The participants gave informed consent to
the experimental procedures that had been approved by the University Institutional
Review Board.
Apparatus
Participants were seated facing a 14 inch LCD monitor with both hands pronated
on the table. All the fingers extended out and the index fingers extended comfortably
away from other digits. The participants were instructed to rest their forearms and palms
on the table during the trials (Figure 1B). Through isometric abduction, the distal
phalange of the index finger contacted a load cell (ATI Industrial) that was fixated to the
table 30 cm apart. Analog output from the load cell was amplified through an ISA F/T
controller board with a 16-bit DSP card. The force output was sampled at 100 Hz. A red
horizontal target line was centered at the screen and spanned the width of the screen. A
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yellow trajectory representing the total force output that moved from left to right of the
screen was displayed to the participants (Figure 1C).

Figure 1. Illustration of constraints-on-action theory, experimental setup, visual
display, and exemplar trials. A: Schematic graph of the constraint-on-action theory. B:
The participants abducted both of the index fingers isometrically to produce constant
force. C: Visual display of the total force output (weighted sum of the individual forces)
in the low and high visual gain conditions. The subjects were instructed to follow the
force target (Horizontal line) before the vertical 5 s line. D: The actual individual finger
forces of 10 trials with coefficient ratio of 1.6:0.4 imposed on the finger forces.
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Procedures
Estimation of Maximum Voluntary Contraction (MVC). The participants were
instructed to produce maximal force by abducting their two index fingers. Three trials of
6 s were recorded with 30 s rest between each trial. The average of the maximal summed
force of both fingers in the 3 trials was determined as the MVC to determine the force
target.
Experimental Design. The participants were instructed to produce simultaneous
constant forces with both index fingers, so that the weighted sum of finger forces
matched the force target line of 20% MVC. The precision of the visual feedback
information of the total force output was manipulated through two visual gains: 8 and 80
pixels / N (Figure 1C). A higher visual gain leads to a larger number of pixels
representing a unit force on the screen, which, therefore, provides visually more
information. The 3 coefficient settings c1 : c2 imposed on the left and right finger forces
were: 0.4:1.6, 1:1, and 1.6:0.4. The unequal coefficients were chosen to examine the
degree of influence of the task asymmetry. The 1:1 ratio served as a control condition.
The experiment consisted of 6 blocks (2 visual gains × 3 coefficient ratios) of trials with
one coefficient ratio and one visual gain in each block. The order of the blocks was
randomized over the participants.
Prior to the main testing of each block, the specific coefficients imposed on each
finger forces were informed to the participants. One practice trial was provided, where
the participants were asked to produce force pulses using one finger at a time and to learn
the coefficients imposed on each finger. There followed 5 more practice trials of
bimanual constant force production for task familiarization and selection of the preferred
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finger force combination. The participants then completed 10 consecutive 15 s trials in
each block. A minimum of 10 s rest period between trials and 1 min rest between blocks
were provided. The individual trial finger force output for one example condition
( c1 : c2 = 1.6:0.4) of 10 trials is shown in Figure 1D.
Data Analysis
The force data were low-pass filtered using a 4th-order Butterworth filter with a
cut-off frequency of 15 Hz. To eliminate the transient effects, the initial 5 s and last 1 s
of each trial were removed for data analysis. The task performance was quantified by the
coefficient of variation (CV) and root mean squared error (RMSE) of the force output.
To quantify the force coordination patterns, Pearson's linear correlation coefficient (zerolagged) and the force output ratio between hands of each trial were calculated to evaluate
the coupling between hands. The force output ratio captures the force sharing patterns
between fingers, and the correlation between fingers quantifies the organizational
coupling between effectors.
Structure of Force Variability. The structure of the force output variability were
examined using Approximate Entropy (ApEn) (Pincus, 1991). ApEn reflects the
irregularity of the future values in time series based on previous values. For a completely
regular signal (e.g. sine wave) the ApEn approaches 0, which means the signal has the
least complexity. With more random components in the signal, the uncertainty of making
future time series predictions increases, and this is reflected in an increase of ApEn,
which signifies a more complex structure in the signal. For example, the ApEn of a
random signal (e.g., white noise) approaches 2. The ApEn was calculated for each
individual trial. All data processing was performed using Matlab (version 7.9).
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Statistical Analysis. The dependent variables described above were analyzed
using a repeated-measure ANOVA with coefficient ratio (Left:Right) and visual gain as
repeated measures for the within-subject effect. Individual 2-tailed t-tests were
performed on the correlation coefficients to examine their difference from 0. A
significant level of p < 0.05 was used for all analyses. When necessary, post-hoc
pairwise multiple comparisons with Bonferroni correction was used. All statistical
analyses were completed using SPSS (version 15). The dependent values are reported as
means ± standard errors (SE) unless otherwise noted.

Results
Task Performance. Figure 2 displays the RMSE of the total force and CV of the
individual forces. The log2 coefficient ratios were calculated for better illustration. The
two-way repeated-measures ANOVA (coefficient ratio × visual gain) on RMSE revealed
a significant decrease of RMSE with high visual gain [F(1, 9)=229.76; p=0.001] and a
significant increase of RMSE with asymmetric coefficient ratio [F(2, 18)=11.55;
p=0.002]. In the low visual gain condition, post hoc analysis showed that the RMSE at
the coefficient ratio of 1.6:0.4 was significantly larger than at the coefficient ratio of 1:1
[p=0.008]. With high visual gain, the RMSE was significantly larger at the asymmetric
than at the symmetric coefficient ratio condition [ps<0.05]. The ANOVA on the CV of
both finger forces showed a significant decrease of CV with high visual gain [Left: F(1,
9)=8.71; p=0.016; Right: F(1, 9)=23.83; p=0.001]. The coefficient ratio effects on both
fingers were also significant [Left: F(2, 18)=20.43; p=0.001; Right: F(2, 18)=35.53;
p=0.001]. The CV with coefficient ratio of 0.4:1.6 was significantly higher than with 1:1
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and 1.6:0.4 for the left finger force at both visual gains [ps < 0.05]. The direction of
effect was reversed for the right finger force [ps < 0.05].

Figure 2. Performance error and variability. A: RMSE at two visual gains (Low
G and High G) and three log2 coefficient ratios (L: left, R: right) with SE bars. B: CV of
the two finger forces as a function of visual gain and coefficient ratio with SE bars.

Force Coordination. Figure 3 illustrates the log2 force output ratio and
correlation between the individual finger forces. The ANOVA on the force ratio revealed
a significant interaction between visual gain and coefficient ratio [F(2, 18)=6.60;
p=0.007]. The force ratio with coefficient ratio of 1:1 was significantly higher than at
0.4:1.6 but lower than 1.6:0.4 conditions at both visual gain conditions [ps<0.05]. The
force ratio with coefficient ratio of 0.4:1.6 was significantly higher at the high visual gain
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than the low visual gain conditions [p=0.033]. However, the visual gain effect was not
significant at the 1:1 and 1.6:0.4 coefficient ratio conditions [ps>0.05]. The ANOVA on
the correlation coefficient also revealed a significant interaction between visual gain and
coefficient ratio [F(2, 18)=31.82; p=0.001]. With low visual gain, the correlation
coefficient was not significantly different between the three coefficient ratios [ps>0.05].
With high visual gain, the correlation between fingers was significantly reduced at the
asymmetric than at the symmetric coefficient ratio condition [ps<0.05]. The t-tests
showed that the correlation coefficient was significantly different from zero with the 1:1
coefficient ratio and the high visual gain condition [t=6.35, p=0.001]. The correlation
was not significantly different from zero in other conditions [ps>0.05].

Figure 3. Coordination patterns. A: log2 force output ratio as a function of visual
gain and coefficient ratio. B: Correlation coefficient at two visual gains and three
coefficient ratios.
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Structure of Force Variability. The time-dependent structure (ApEn) of the force
variability is illustrated in Figure 4. The ANOVA on the ApEn of both individual finger
forces showed a significant interaction between visual gain and coefficient ratio [Left:
F(2, 18)=3.72; p=0.044; Right: F(2, 18)=21.11; p=0.001]. At the coefficient ratio of 1:1
and 1.6:0.4, the ApEn of the left finger force was significantly greater with the higher
visual gain [ps<0.05]. At the coefficient ratio of 0.4:1.6 and 1:1, the ApEn of the right
finger force was also significantly greater with the higher visual gain [ps<0.05]. The
ApEn of the left finger force at the coefficient ratio of 0.4:1.6 was significantly lower
than at the other two coefficient ratio conditions [ps<0.05]. A reverse effect was found in
the ApEn of the right finger force [ps<0.05]. The ANOVA on the ApEn of the total force
revealed a significant increase of ApEn with high visual gain [F(1, 9)=37.49; p=0.001].
However, no difference was found between coefficient ratio conditions [F(2, 18)=0.71;
p=0.507].
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Figure 4. Structure of force variability. A: ApEn of individual forces at two
visual gains and five coefficient ratios. B: ApEn of total force as a function of visual gain
and coefficient ratios.

Discussion
This study examined the degree to which the change of an environmental
constraint (visual information gain) and a task constraint (finger force coefficients)
interact to influence bimanual finger force coordination patterns. The results revealed an
improved performance with higher visual gain, that was signified by lower performance
error (RMSE), lower variability, and more complex total force variability structure. A
deteriorated performance was also observed when unequal coefficients were applied to
the finger forces. However, the influence of visual information gain on the force
coordination pattern was dependent on the task coefficients imposed on the finger forces.
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Specifically, the force output ratio between hands became more symmetric with high
visual gain only at the coefficient ratio of 0.4:1.6 condition, and an error compensatory
strategy (i.e. negative correlation between hands) was found with high visual gain only
when symmetrical coefficients (1:1) were imposed on the two finger forces. In general,
the findings support the notion that the motor coordination and control patterns emerge
from the interactive influence of different categories of constraints (Davids et al., 2007;
Newell, 1986; Swinnen & Wenderoth, 2004).
Task Performance with Visual Gain
Visual information plays an important role in isometric force production.
Typically, the task performance tends to improve with more visual information (e.g.
higher visual gain) (Kantowitz & Elvers, 1988; Miall, Weir, & Stein, 1993; Sosnoff &
Newell, 2005), although see (Baweja, Patel, Martinkewiz, Vu, & Christou, 2009). For
example, the performance error and force variability are reduced (Christou, 2005;
Coombes, Corcos, Sprute, & Vaillancourt, 2010; Prodoehl & Vaillancourt, 2010), and the
time-dependent structure of the variability in a constant force level task also becomes
more complex (Sosnoff, Jordan, & Newell, 2005). In addition, when the visual gain is
amplified in certain frequency components of the force output, the variability of the force
reduces to some degree (Hu & Newell, 2010; Sosnoff et al., 2009). Similarly, it has been
shown that the reduction of force variability is constrained in certain frequency range
with higher visual gain (Baweja, Kennedy, Vu, Vaillancourt, & Christou, 2010).
Consistent with these findings, the current results showed deteriorated task performance
(larger force error and less complex variability) regardless of the coefficient setting
conditions.
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On the other hand, nonlinear modulation of visual feedback on the performance
outcome has also been observed. For example, there is an inverted U-shaped visual gain
effect on the performance whereby increasing visual gain enhances task performance
beyond which, however, further increment of visual gain leads to a deteriorated
performance possibly due to over-correction given the amplified error information
(Newell & MacDonald, 1994; Sosnoff & Newell, 2006b). This nonlinear effect suggests
that there is a level of visual gain that optimizes task performance. In the current study,
the high visual gain was chosen at the optimal level based on the earlier study where a
series of gains were examined and an optimal visual gain was found across different age
groups (Sosnoff & Newell, 2006b). Nevertheless, the question remains as to whether
even higher visual gain can induce performance decrement under these different
coefficient conditions.
Coordination Pattern with Visual Gain
It has been proposed that the coordinative coupling patterns are largely organized
at the perceptual level (Mechsner, Kerzel, Knoblich, & Prinz, 2001; R. C. Schmidt,
Bienvenu, Fitzpatrick, & Amazeen, 1998); namely, highly complicated coordination
patterns are typically impossible to perform due to intrinsic central neural coupling and
peripheral muscular constraints (Swinnen et al., 2004; Swinnen & Wenderoth, 2004);
however, these coordination patterns can be performed as long as the visually perceived
movement pattern is simple enough (e.g. symmetric between hands). Similarly, when the
availability of the visual information was manipulated during bimanual force production
(i.e. provide or remove the visual information of the force output relative to the target),
the force coordination pattern between hands switched from an error compensatory
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strategy with vision to positive covariation pattern without vision (Hu et al., 2011). In
addition, stronger negative correlation between hands has also been observed with shorter
visual information intermittency (Ranganathan & Newell, 2008a). Taken together, these
results indicate that the force coordination patterns are strongly influenced by the
environmental visual information that is powerful enough to override the influence of the
organismic coupling constraint.
In contrast, the current findings reveal that the influence of the visual information
on the force coordination pattern is dependent on the task coefficients imposed on the two
finger forces. A negative correlation between hands was evident in the high visual gain
condition when symmetric coefficients were imposed on the individual forces; however,
zero correlation was found when low visual gain was provided. The results are
compatible with the notion that the error-compensatory coordination strategy in isometric
force production is driven, to a large degree, by the visual information of the performance
error (Hong, Brown, & Newell, 2008; Hu et al., 2011). However, with asymmetric
coefficients the visual gain has no influence on the correlation patterns. The interaction
effect between the task coefficient and visual gain support the hypothesis that the
influence of the environmental constraint on the coordination patterns interacts with the
settings of the task constraint.
Interactive Influence of Constraints
In motor tasks that require coordination of multiple degrees of freedom, the
different categories of constraints, either intrinsic or extrinsic to the organism, essentially
reduce the available task solutions. The coalition of constraints from multiple levels
(from high level neural connection and cognitive perception to low level musculoskeletal
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system) shapes the coordination patterns (Swinnen et al., 2004). Through the
optimization approach, it has also been proposed that the combined criteria of
performance error and the effort of control (traveling short displacement, making
adjustment only when error is observed, or maintaining the same movement pattern even
when error is observed) are used when controlling actions (Ganesh et al., 2010; Hu &
Newell, 2011c; Rosenbaum et al., 1995; Todorov & Jordan, 2002). The current results
reveal that the change of task coefficients leads to a reorganization of the force sharing
patterns between fingers that is more energetically efficient (i.e. smaller total muscle
force output). The findings support the proposition that the interactive influence of
different categories of constraints on the bimanual force coordination.
A hand dominance effect was also found in the force output ratio results in that
higher visual gain changed the force output ratio only when the dominant hand
contributed primarily to the total force output in the coefficient ratio of 0.4:1.6 condition.
Due to the larger amount perceived error information, although with smaller coefficient
on the left finger, the increment of the left force can essentially reduce the performance
error (see the minimum variance model description in Hu and Newell 2011c). This hand
dominance effect can be interpreted by the hemispheric lateralization hypothesis. Studies
have found that each hemisphere is specialized on certain features of the control of
movement (Sainburg, 2002; Sainburg & Wang, 2002; Wyke, 1968). In particular, the
dominant hemisphere specializes in controlling limb movements (i.e. change of muscle
force), while the non-dominant one specializes in controlling limb posture (i.e. constant
muscle force output) that effectively provides reference for the dominant limb. From this
hypothesis, the dominant hand is in a disadvantage of constant force control as in the
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current experiment. Therefore, the non-dominant hand that specializes in constant force
control increases the force level to compensate for the deterioration of task performance.
However, the variability in the force output between hands as shown in Figure 2B was
not different, and further investigation is required to validate this interpretation.
The current experiment was designed in a way such that only one constraint
within each category has substantial influence on the coordination patterns. However, it
is likely that there are multiple constraints in each category (i.e. a constraint hierarchy) in
other task settings. As a result, there may be interactions between constraints within the
same category. For example, the sensorimotor system receives information of different
precision due to the sensitivity of the intrinsic sensory receptors (an organismic
constraint). It has been shown that proprioception and vision have different estimation
precision in body localization (van Beers et al., 2002) and the integration process is also
influenced by attention effort and precision of visual target (Block & Bastian, 2010).
Similarly, the haptic and visual information about the environment are integrated in an
optimal way during object size estimation (Ernst & Banks, 2002), and different task
constraints such as the movement direction and amplitude also mediate the coordination
patterns simultaneously (Morrison & Newell, 1998; Swinnen et al., 2001). Therefore, the
question as to how a hierarchy of constraints as described above interacts and organizes
the motor coordination and control patterns deserves further investigation.
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CHAPTER 5: AGING, INFORMATION, AND ADAPTATION TO TASK
ASYMMETRY IN BIMANUAL FORCE COORDINATION

Abstract
This study investigated the coordination and control strategies that the elderly
adopt during a redundant finger force coordination task and how the amount of visual
information regulates the coordination patterns. Three age groups (20-24; 65-69; 75-79
years) performed a bimanual asymmetric force task. The task asymmetry was
manipulated via imposing different coefficients on the finger forces such that the
weighted sum of the individual forces equaled the total force. The amount of visual
information was manipulated by changing the visual information gain of the total force
output. Two hypotheses were tested: the reduced-adaptability hypothesis predicts that the
elderly show less degree of force asymmetry between hands compared with the young
adults in the asymmetric weighting coefficient conditions; whereas the compensatory
hypothesis predicts that the elderly exhibit more asymmetric force coordination patterns
with asymmetric coefficients. A deteriorated task performance (high performance error
and force variability) was found in the two elderly groups, but enhanced visual
information improved the task performance in all age groups. With low visual
information gain, the elderly showed reduced adaptability (i.e., less asymmetric forces
between hands) to the unequal weighting coefficients; however, the elderly revealed the
same degree of adaptation as the young group under high visual gain. The findings
support the notion that the age related reorganization of force coordination and control
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patterns is mediated by visual information and, more generally, the interactive influence
of multiple categories of constraints.
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Introduction
The process of aging is accompanied by a series of changes at multiple levels of
the sensorimotor system (Lipsitz, 2002; Spirduso, Francis, & MacRae, 2005; Vaillancourt
& Newell, 2002). Some of the changes are degenerative in that they lead to a decline in
motor function while others are regarded as adaptive reorganization in order to
compensate for the degenerative changes in the neuromuscular system. The sensorimotor
functional decrement due to the degenerative changes has been reflected in increased
motor variability (Christou & Carlton, 2001; Galganski, Fuglevand, & Enoka, 1993;
Sosnoff & Newell, 2006a), deteriorated muscle force coordination (Shinohara, Latash, &
Zatsiorsky, 2003), and deficits in sensory information processing (Cerella, 1990; Sosnoff
& Newell, 2006b).
A general characteristic of the aging process is the reduced adaptability to an
external task demand and environmental changes. For example, the elderly exhibit a
slower rate and reduced degree of adaptation in comparison with the young adults
(Christou, Poston, Enoka, & Enoka, 2007; Shea, Park, & Braden, 2006; Teulings,
Contreras-Vidal, Stelmach, & Adler, 2002). In bimanual coordination, the elderly are as
stable as the young age group during the in-phase coordination mode but are less stable
during the anti-phase mode (Serrien, Swinnen, & Stelmach, 2000). This finding reveals
that the elderly are more constrained by the intrinsically stable coupling (i.e. the
symmetric in-phase coupling) and are less adaptable to the anti-phase coordination that is
intrinsically less stable. In addition, when the complexity of the task demand is changed,
the elderly are unable to sufficiently adjust their motor output to accommodate the
external change in the task (Vaillancourt & Newell, 2002, 2003). Using a bimanual
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asymmetric force coordination paradigm, we have found that young adult subjects reveal
adaptive asymmetric force coordination between hands to accommodate the asymmetric
weighting coefficients imposed on the finger forces (Hu & Newell, 2011b). The reducedadaptability hypothesis predicts that the elderly reveal less degree of force asymmetry
between hands than the young adults with asymmetric task coefficients.
Compensatory adaptive changes in aging have been found at the neural and
behavioral levels. It appears that neural processes are reorganized in aging such that the
elderly activate a broader and more distributed network of the brain region to reach a
comparable performance level as the young adults do, and this age effect becomes more
prominent with increased task difficulty (Heuninckx, Wenderoth, Debaere, Peeters, &
Swinnen, 2005; Mattay et al., 2002). For example, at the behavioral level, the elderly
tend to grasp an object with a higher safety margin to compensate for higher grip force
variability and impairment of cutaneous sensation (Cole, Rotella, & Harper, 1999).
During reaching, the elderly adopt a more efficient strategy (i.e. less muscle force or joint
torque generation) and better exploit the mechanical properties (e.g. interaction torques)
of the limb to reach the target in comparison with the younger group (Lee, Fradet,
Ketcham, & Dounskaia, 2007).
In a bimanual asymmetric force coordination task, the compensatory hypothesis
predicts that the elderly adopt a more adaptive force coordination pattern than young
adults when the task asymmetry is changed; namely more asymmetric forces between
hands is expected with asymmetric coefficients. Under this hypothesis, two contrasting
directions of force asymmetry are expected that reflect more adaptive coordination
patterns: First, in order to compensate for the reduction of muscle strength in aging
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(Narici, Bordini, & Cerretelli, 1991), the elderly may adopt a more efficient coordination
strategy (larger forces on the finger with larger coefficient) that requires less muscle force
output, thus more asymmetric forces between hands, in response to the asymmetric task
coefficients (See Figure 1A ellipse A). Second, the elderly tend to exhibit larger motor
variability than the young group (Galganski et al., 1993). It is possible that the elderly
may adopt a minimum-variance strategy (smaller forces on the finger with larger
coefficient) to compensate for the increased force variability (See Figure 1A ellipse C),
which leads to the opposite direction of force asymmetry to the efficiency strategy.
Nevertheless, both the efficiency and minimum-variance strategies require adaptive
reorganization of force coordination patterns when the task asymmetry is changed.
Given the two contrasting hypotheses: reduced-adaptability hypothesis (Serrien et
al., 2000; Vaillancourt & Newell, 2002) and compensatory hypothesis (i.e. more efficient
or minimum-variance strategy) (Lee et al., 2007; Ward, 2006), the force coordination
strategy that the elderly adopt during bimanual asymmetric force production is an
empirical question. Specifically, under the reduced-adaptability hypothesis, a less
adaptive force coordination pattern compared with the younger group is expected in the
elderly. Namely, the force levels between hands are less asymmetric despite the
asymmetry in the task requirement (See Figure 1A ellipse B). In contrast, under the
compensatory hypothesis, a more adaptable strategy (i.e. more efficient or minimumvariance strategy) is expected. Namely, the force levels of the elderly are more
asymmetric in response to the asymmetric task coefficient. One focus of this study was
to examine the question as to what coordination strategy, less or more adaptable, the
elderly adopt in bimanual force coordination.
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It is well documented that the visual system and information processing capacity
deteriorates in aging (Cerella, 1990), and that this age-related visual deficit contributes to
the decline in motor function and in particular the increased force variability (Sosnoff &
Newell, 2006b; Weale, 1992). For example, due to reduced visual acuity, the elderly are
not able to detect small amplitude force variability and, therefore, produce large
performance errors (Walsh, 1988). Furthermore, studies have shown that visual
information has no influence on performance improvement of the elderly (Christou,
Jakobi, Critchlow, Fleshner, & Enoka, 2004). However, there is also contrasting
evidence that the elderly rely on visual information to a larger extent than the younger
group. In particular, over practice the elderly continue to use the visual guidance during
a substantial portion of the reaching movement (Seidler-Dobrin & Stelmach, 1998). The
elderly also benefit more from the augmented visual feedback when they learn new
coordination patterns (Wishart, Lee, Cunningham, & Murdoch, 2002). Given the
contrasting evidence, a second focus of the study was to examine to what extent the
amount of visual information, e.g. visual gain (number of pixels on the screen per
Newton of force), influences the force coordination patterns of the elderly.
In summary, this study investigated the coordination strategy that the elderly
adopt during bimanual asymmetric force coordination and how visual information gain
regulates the force coordination patterns. The task asymmetry was manipulated via
imposing different coefficients on the finger forces such that the weighted sum of
individual finger force output matched the force target. The unequal coefficients
essentially changed the relative contribution of the individual finger force to the total
force output. The hypothetical force coordination patterns that may emerge from one
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exemplar coefficient ratio (Left:Right finger = 0.2:1.8) condition are shown in Figure 1A.
Our earlier study found that the young adult participants used an efficient coordination
strategy represented by the unfilled ellipse (Hu & Newell, 2011b). The reducedadaptability hypothesis predicts that the elderly produces less asymmetric forces between
hands represented by the filled ellipse B that is less adaptable than the young group.
Because the elderly are constrained more by the intrinsic symmetric coupling (Serrien et
al., 2000), ellipse B is closer to the equal-force line than the unfilled ellipse. The
compensatory hypothesis predicts that the elderly use a more adaptable asymmetric force
coordination strategy than the young group; namely, a more efficient strategy represented
by the filled ellipse A or a minimum-variance strategy represented by the filled ellipse C
is expected.

Methods
Participants
Thirty three right-hand-dominant healthy individuals volunteered to participate in
this study. They were divided into three age groups: young (n = 11; age range: 20-24
years; 6 male, 5 female), old (n = 11; age range: 65-69 years; 5 male, 6 female), and older
(n = 11; age range: 75-79 years; 4 male, 7 female). Participants met the following criteria:
(a) lived independently; (b) were free of any neuromuscular disorders, severe arthritis,
orthopedic abnormalities of the fingers or hand, cognitive impairments; and (c) had
normal or corrected to normal vision. The participants gave informed consent to the
experimental procedures that had been approved by the University Institutional Review
Board.
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Apparatus
Participants were seated facing a 14 inch LCD monitor with both hands pronated
on the table. All the fingers extended out and the index fingers extended comfortably
away from other digits. The participants were instructed to rest their forearms and palms
on the table during the trials (Figure 1B). Through isometric abduction, the distal
phalange of the index finger contacted a load cell (Eltran ELFS-B3) that was fixated to
the table 30 cm apart. Analog output from the load cell was amplified through a
Coulbourn (V72-25) resistive bridge strain amplifier with an excitation voltage of 10 V
and an amplifier gain of 100. A 16-bit A/D converter was used to sample the force
output at 100 Hz. The resolution of the A/D board was 0.0016N. A red horizontal target
line was centered at the screen and spanned the width of the screen. A yellow trajectory
representing the total force output that moved from left to right of the screen was
displayed to the participants (Figure 1C).
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Figure 1. Hypotheses, experimental setup, and visual display. A: Hypothetical
force coordination patterns in aging. The ellipses represent the individual finger force
distribution in the example of 0.2:1.8 (Left:Right) coefficient ratio condition. The equalforce line represents all the force combinations that Fleft=Fright. The zero-error line
represents all the force combinations that lead to zero performance error. The young
group (unfilled ellipse) used an efficient coordination strategy. The reduced-adaptability
hypothesis predicts that the elderly show less degree of force asymmetry between hands
represented by the filled ellipse B. The compensatory hypothesis predicts that the elderly
use a more adaptive asymmetric force coordination strategy (a more efficient strategy
represented by the filled ellipse A or a minimum-variance strategy represented by the
filled ellipse C) than the young group. B: The participants abducted both of the index
fingers isometrically to produce constant force, and visual feedback was provided on the
computer monitor. C: Visual display of the total force (weighted sum of the individual
forces) in the low and high visual gain conditions. The subjects were instructed to follow
the force target (horizontal line) before the vertical 5 s line.

Procedures
Estimation of Maximum Voluntary Contraction (MVC). The participants were
instructed to produce maximal force by abducting their two index fingers. Three trials of
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6 s were recorded with 30 s rest between each trial. The average of the maximal summed
force of both fingers in the 3 trials was determined as the MVC.
Experimental Design. Two coefficients cL , cR were imposed on the left and right
index finger forces ( Ftotal  cL  FLeft  cR  FRight ). The participants were instructed to
produce simultaneous constant forces with both index fingers, so that the weighted sum
of finger forces matched the force target line of 20% MVC. The amount of the visual
information of the total force output relative to the force target was manipulated through
two visual gains: 8 and 80 pixels/N (Figure 1C). A higher visual gain leads to a larger
number of pixels representing a unit force on the screen and provides visually more
information. The 3 coefficient settings cL : cR imposed on the two finger forces were:
0.2:1.8, 1:1, and 1.8:0.2. The unequal coefficients were chosen to examine the degree of
influence of the task asymmetry. Note that the sum of the coefficients was always
constant such that the adaptation of the relative forces between fingers to the coefficients
is not obligatory, because the participant can produce approximately equal forces
between fingers at any coefficient conditions while still maintaining approximately the
same task performance. The experiment consisted of 6 blocks (2 visual gains × 3
coefficient ratios) of trials with one coefficient ratio and one visual gain in each block.
The order of the blocks was randomized over the participants.
Prior to the main testing of each block, the specific coefficients imposed on each
finger forces were informed to the participants. One practice trial was provided, where
the participants were asked to produce force pulses using one finger at a time and to learn
the coefficients imposed on each finger. There followed 5 more practice trials of
bimanual constant force production for task familiarization and selection of the preferred
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finger force combination. The participants then completed 10 consecutive 15-s trials in
each block. A 10-s rest period between trials and 1-min rest between blocks were
provided, and more resting time was provided upon request.
Data Analysis
The force data were low-pass filtered using a 4th-order Butterworth filter with a
cut-off frequency of 15 Hz. To eliminate the transient effects, the initial 5 s and last 1 s
of each trial were removed for data analysis.
Task Performance and Coordination Pattern. The task performance was
quantified by the root mean squared error (RMSE) and coefficient of variation (CV) of
the force output. Pearson's linear correlation coefficient between the individual forces of
each trial was calculated to evaluate the coupling between hands. The force output ratio
capturing the force sharing between fingers (i.e. the location of the force distribution in
the force space as shown in Figure 1B) was also calculated.
Structure of Force Variability. The structure of the force output variability was
examined using Approximate Entropy (ApEn) (Pincus, 1991). ApEn reflects the
irregularity of the future values in time series based on previous values. For a completely
regular signal (e.g. sine wave) the ApEn approaches 0, which means the signal has the
least complexity. With more random components in the signal, the uncertainty of making
future time series predictions increases, and this is reflected in an increase of ApEn,
which signifies a more complex structure in the signal. For example, the ApEn of a
random signal (e.g. white noise) approaches 2. ApEn was calculated for each individual
trial. All data processing was performed using Matlab (version 7.9).
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Statistical Analysis. The dependent variables described above were analyzed
using a mixed model ANOVA with age as a between-subject effect and coefficient ratio
and visual gain as within-subject effects. Individual 2-tailed t-tests were performed on
the correlation coefficients to examine their difference from 0. A significant level of
p<0.05 was used for all analyses. When necessary, post-hoc pairwise multiple
comparisons with Bonferroni correction were used. All statistical analyses were
completed using SPSS (version 15). The dependent values are reported as means ±
standard errors (SE) unless otherwise noted.

Results
Performance Error. Figure 2 displays the RMSE of the force output of the three
age groups as a function of coefficient ratio and visual gain. The three-way mixed model
ANOVA (age × coefficient ratio × visual gain) on RMSE revealed a significant increase
of RMSE with age [F(2, 30)=25.23; p=0.001]. A significant decrease of RMSE with
visual gain [F(1, 30)=26.87; p=0.001] and a significant increase of RMSE with
asymmetric coefficient ratio [F(2, 60)=8.41; p=0.002] were also found. However, none
of the interaction effects was significant [p>0.05]. Post hoc analysis showed that the
RMSE of the old and older groups was significantly higher than the young group
[p<0.05]; however, the RMSE was not different between the two elderly groups [p>0.05].
No difference was found between the RMSE of the two asymmetric coefficient ratio
conditions [p>0.05].
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Figure 2. Performance error as a function of age, coefficient ratio, and visual gain.
A: RMSE in the low visual gain condition. B: RMSE in the high visual gain condition.
Error bars represent the standard error. Asterisk denotes that the elderly groups are
statistically different from the young group.

Force Variability. Figure 3 illustrates the CV of the total force of the three age
groups. The ANOVA on CV also showed a significant increase with age [F(2,
30)=16.66; p=0.001]. The CV reduced significantly at the high visual gain condition
[F(1, 30)=25.23; p=0.001]. A significant interaction between coefficient ratio and age
was also evident [F(4, 60)=3.70; p=0.009]. Among the three age groups, similar to the
performance error results, the CV of the two elderly groups were significantly higher than
the young group [p<0.05]; however, the CV was not different between the two elderly
groups [p>0.05]. In the young group, the CV in the 1.8:0.2 coefficient ratio condition
was significantly higher than in the 1:1 condition [p<0.05]. In contrast, the CV increased
significantly in the two asymmetric coefficient ratio conditions of the two elderly groups
[p<0.05].
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Figure 3. Coefficient of Variation (CV) of the force output as a function of age,
coefficient ratio, and visual gain. A: CV in the low visual gain condition. B: CV in the
high visual gain condition. Asterisk denotes that the elderly groups are statistically
different from the young group.

Force Coordination: Force Ratio. Figure 4A and 4B illustrate the logarithmic
force output ratio between the individual (Left:Right) finger forces in the low and high
gain conditions. The filled circle represents the force ratio of each individual subject.
The ANOVA on the force ratio revealed a significant three-way (age × coefficient ratio ×
visual gain) interaction [F(4, 60)=5.01; p=0.002]. In the low gain condition (Figure 4A),
the force ratio of the young group was significantly different from the older group in the
two asymmetric coefficient ratio conditions [p<0.05]. In the high gain condition (Figure
4B), the force ratio of the young group was significantly different from the older group
only in the 0.2:1.8 coefficient ratio condition [p<0.05]. The force ratios of the older
group in the 1.8:0.2 (with low gain) and 0.2:1.8 (with high gain) coefficient ratio
conditions were not significantly different from the 1:1 condition [p>0.05]. In all other
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conditions, the force ratios of the three age groups in the asymmetric coefficient ratio
conditions were significantly different from the symmetric coefficient ratio condition
[p<0.05].
The force ratio of individual subjects (filled circles) revealed that all subjects in
the young group adopted the efficiency strategy in that the finger with the larger
coefficient produced larger forces. As shown in Figure 4A and 4B, the log force ratios of
the young group were smaller than 0 in the 0.2:1.8 condition and were larger than 0 in the
1.8:0.2 condition. In contrast, in the two elderly groups, the older group in particular,
some subjects adopted the minimum-variance strategy in that the finger with the larger
coefficient produced smaller forces than the contralateral hand. As shown in the graph,
the log force ratios of some subjects in the elderly groups were larger than 0 in the 0.2:1.8
condition and were smaller than 0 in the 1.8:0.2 condition. The different coordination
strategies used by the elderly attenuated the adaptation effect as a group average and
partly resulted in closer-to-0 log force ratios when the mean value of the force ratio was
calculated. Therefore, the force ratio (L:R) cannot be used to quantify the adaptability of
the force coordination patterns between age groups.
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Figure 4. Log force ratio between individual forces as a function of age,
coefficient ratio, and visual gain. A: Force ratio (Left:Right) in the low visual gain
condition. B: Force ratio (Left:Right) in the high visual gain condition. The filled circle
in A and B represents the force ratio of the individual subject. C: Force ratio (Large
force:Small force) in the low gain condition. D: Force ratio (Large force:Small force) in
the high gain condition. Asterisk denotes that the elderly groups are statistically different
from the young group.
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To quantify the adaptability of the force coordination patterns in aging, the log
force ratio (Large force:Small force) was calculated (Figure 4C and 4D), which was
essentially the absolute value of the log force ratio (L:R). In this case, the force ratio was
always larger than 1 regardless of whether the efficiency or minimum-variance strategy
was used. An addition logarithmic transformation was performed during the statistical
testing due to unequal variance between conditions. The ANOVA on the force ratio
revealed a significant three-way (age × coefficient ratio × visual gain) interaction [F(4,
60)=5.02; p=0.001]. In the low gain condition (Figure 4C), the force ratio of the young
group was significantly higher than the two elderly groups in the two asymmetric
coefficient ratio conditions [p<0.05]. However, in the high gain condition (Figure 4D),
the force ratio of the three age groups was not significantly different in any of the
coefficient ratio conditions [p>0.05]. The force ratio of the older group with low gain in
the 1.8:0.2 coefficient ratio condition was not significantly different from the 1:1
condition [p=0.281]. In all other conditions, the force ratios of the three age groups in the
asymmetric coefficient ratio conditions were significantly higher than the symmetric
coefficient ratio condition [p<0.05].
Force Coordination: Correlation Coefficient. Figure 5 illustrates the correlation
coefficient between the individual finger forces. The ANOVA on the correlation
coefficient revealed a significant interaction between age and coefficient ratio [F(4,
60)=2.71; p=0.039]. Significant interactions between age and visual gain [F(2,
30)=10.18; p=0.001] and between visual gain and coefficient ratio [F(2, 60)=5.11;
p=0.009] were also found. However, the 3-way interaction was not significant [F(4,
60)=0.105; p=0.981]. Post hoc analysis on age × coefficient ratio showed that the
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correlation coefficient of the young group was stronger than the two elderly group in the
1:1 coefficient ratio condition [p<0.05]. The t-tests revealed that the correlation
coefficient of the old group was significant larger than 0 with low visual gain in the three
coefficient ratio conditions [(0.2:1.8): t=3.88, p=0.003; (1:1): t=2.96, p=0.015; (1.8:0.2):
t=4.60, p=0.001]. The correlation coefficient was significantly smaller than 0 in the 1:1
condition of the young group with high visual gain [t=6.06, p=0.001] and of the old group
with high visual gain [t=2.24, p=0.046].

Figure 5. Correlation coefficient between the individual forces as a function of
age, coefficient ratio, and visual gain. A: Correlation coefficient in the low gain
condition. B: Correlation coefficient in the high gain condition. Asterisk denotes
statistically different from 0.

Structure of Force Variability. The time-dependent structure (ApEn) of the force
variability representing the complexity of the force output is illustrated in Figure 6 as a
function of coefficient ratio and visual gain. The 3-way ANOVA on the ApEn of force
output showed a significant increase with high visual gain [F(1, 30)=45.06; p=0.001].
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However, the ApEn was not different between age groups [F(2, 30)=1.50; p=0.239], and
no significant interaction was found [p>0.05].

Figure 6. ApEn of the total force as a function of age, coefficient ratio, and visual
gain. A: ApEn in the low gain condition. B: ApEn in the high gain condition.

Discussion
This study examined the coordination and control strategies that the elderly use
during bimanual asymmetric force production and how the amount of visual information
regulates the force coordination patterns. Two contrasting hypotheses were examined.
The reduced-adaptability hypothesis (Vaillancourt & Newell, 2002) predicts that the
elderly produce less asymmetric forces between hands despite the asymmetric task
demand due to degenerative changes in the sensorimotor system with aging. In contrast,
the compensatory hypothesis (Ward, 2006) predicts that a more adaptive asymmetric
force coordination strategy is used by the elderly. There are two directions of force
asymmetry between the hands that reflect different force coordination strategies: a more
efficient strategy (larger forces on the finger with larger coefficient) that compensates for
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the reduced muscle strength and a minimum-variance strategy (smaller forces on the
finger with larger coefficient) that compensates for the increased force variability.
In general, a deteriorated task performance quantified by the RMSE and CV of
the force output was found in the two elderly groups. The force coordination results
partly supported the reduced-adaptability hypothesis depending on the amount of visual
information provided to the participants. Specifically, with low visual gain, the two
elderly groups showed a reduced degree of redistribution of the force combination
between fingers compared with the young group when asymmetric coefficients were
imposed on the individual forces. The elderly were more constrained by the bilateral
symmetric coupling effect as shown in the correlation coefficient results, where a small
but significant positive correlation was evident in the old group. In contrast, with
enhanced error information in the high visual gain condition, the two elderly groups were
able to adapt to the asymmetric coefficients to the same extent as the young group. The
results support the notion that the age related reorganization in the patterns of force
coordination and control are mediated by the interactive influence of multiple categories
of constraints (Lipsitz, 2002; Newell, 1986; Vaillancourt & Newell, 2002).
Deteriorated Task Performance in Aging
An increase of performance error and variability of the force output was evident
in the elderly groups in comparison with the young group regardless of the task
coefficients imposed on the forces and the visual gain. The results are consistent with
earlier studies that have shown greater constant and variable force error of the elderly
population (Christou & Carlton, 2001). The aging related change of task performance
can be interpreted by two contributing factors.
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Firstly, with advanced age, the function of the visual acuity and information
processing capacity tends to be impaired (Cerella, 1990). The reduced visual acuity can
contribute to the increased force variability and lead to a reduced and/or delayed response
to compensate for the deviation of the force output to a desired force target (Sosnoff &
Newell, 2006b; Weale, 1992). Secondly, aging is associated with degenerative changes
at the muscle and motor neuron level. Muscle cross-sectional areas and the number of
fibers are reduced in the elderly (Kirkendall & Garrett, 1998). In particular, the crosssectional area of the fast twitch fibers is reduced to a larger degree than the slow twitch
fibers (Klein, Marsh, Petrella, & Rice, 2003). The age related changes of the fast twitch
fibers can result in a delayed corrective response to a large force error. The number of
motoneurons also decline with aging (Campbell, McComas, & Petito, 1973), and the
remaining motoneurons re-innervate the muscle fibers. As a result, a reduced number of
motor units and larger motor units are found in the elderly muscles. These degenerative
changes lead to impaired fine control of muscle force, which can contribute to the
deteriorated task performance of the elderly found in the current study. In addition, the
motoneuron firing variability and synchronized firing between motoneurons can also lead
to increased force variability of the elderly (Semmler, Steege, Kornatz, & Enoka, 2000;
Yao, Fuglevand, & Enoka, 2000). Collectively, the degenerative changes at multiple
levels of the sensorimotor system contribute to the different task performance between
the young and old populations (Enoka et al., 2003).
Task performance tends to improve with enhanced visual information (Miall,
Weir, & Stein, 1993; Sosnoff & Newell, 2005). It has been found that the performance
error and force variability are reduced with high visual gain (Baweja, Kennedy, Vu,
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Vaillancourt, & Christou, 2010; Christou, 2005), and the time-dependent force variability
structure also becomes more complex (Sosnoff, Jordan, & Newell, 2005). Consistent
with the earlier findings, the current results showed that the task performance was
improved (i.e. smaller constant and variable force error and more complex variability
structure) regardless of the different coefficient conditions. In addition, despite the
impaired function in the visual system (Cerella, 1990), the elderly were able to utilize the
enhanced visual information to improve the task performance.
We examined two elderly groups (65-69 and 75-79); however, no age related
difference in the task performance (RMSE and CV) was found between the two elderly
groups, which is inconsistent with the earlier findings showing scaled degenerative
changes in the neuromuscular system with age above 60 years (Grassi, Cerretelli, Narici,
& Marconi, 1991). For example, the muscle mass reduces with age, and a linear
reduction of muscle strength and rate of force development as a function of age above 60
years has been found (Narici et al., 1991). The absent of age related scaling with the task
performance in the current study can be interpreted by a few factors. First, the scaling
effect may be specific to the muscle groups tested. The earlier studies used lower limb
large muscles, whereas the first dorsal interosseous (FDI) muscle was the primary mover
in the current experiment. The age effect on performance outcome can be different in
different muscles (Enoka et al., 2003). For example, there are higher numbers of large
and fast twitch fibers in larger muscles and these fibers are lost to a larger extent than the
slow twitch fibers. The FDI muscle involving primarily the fine motor control may be
less influenced by the advancing age. Second, the scaling effect may also be specific to
the performance variables examined. We indeed find an age-scaled change in the force
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coordination (i.e. coupling between hands) in the current study. In earlier studies, the
age-scaled change was evident in the muscle mass, muscle strength and rate of force
change (Grassi et al., 1991). Lastly, there is substantial inter-individual variability in the
elderly, and the sample size in our study may be not large enough to consistently capture
the age-scaled changes.
Reduced-adaptability with Advanced Age
Due to degenerative changes with aging in the sensorimotor system, one common
behavior is that the elderly are more constrained by the intrinsic properties of the
organism and are less adaptable to the changes in the task demand and environmental
information. For example, studies have found that the elderly exhibit a reduced force
synergy that requires adaptable force coordination between fingers in order to stabilize
the required force level or moment of force (Shim, Lay, Zatsiorsky, & Latash, 2004). In
the current experiment, when low visual information gain was provided, a lower degree
of reorganization of the force coordination between fingers was found in the elderly
groups. In particular, a more symmetric force ratio and positive correlation between the
individual forces was evident in the coordination patterns of the elderly. The results are
consistent with the findings during bilateral oscillatory coordination (Serrien et al., 2000).
Specifically, the elderly are as stable as the young group during the in-phase (or
symmetric) coordination mode that is an intrinsically stable coordination pattern; but the
stability of the anti-phase mode is reduced in aging.
However, when a larger amount of visual information was provided, the elderly
showed the same degree of adaptation as the young group, and some of the elderly
participants used a minimum-variance strategy to compensate for the large amount of
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perceived force variability. The results support the general proposition that perceptual
information, visual information in particular, is a significant factor in the organization of
motor coordination patterns (Mechsner, Kerzel, Knoblich, & Prinz, 2001). With
enhanced visual information, the subjects are able to override the intrinsic coupling
constraint and produce rather complex coordination patterns that are otherwise unstable
without visual information (Hu, Loncharich, & Newell, 2011). In general, the visiondependent adaptation in aging found in the current study is compatible with the view that
age related adaptability is regulated by the characteristics of the ambient visual
information (Buch, Young, & Contreras-Vidal, 2003; Wishart et al., 2002). Namely, that
concurrent and gradual visual feedback leads to greater adaptation than terminal and
abrupt visual feedback during bimanual coordination and visuomotor adaptation.
A series of studies have shown that the structure of the force variability in the
elderly is less adaptive to the change of the task demand (Sosnoff, Vaillancourt, &
Newell, 2004; Vaillancourt & Newell, 2002, 2003). Specifically, the structure of the
force variability of the elderly is less complex in a constant force task that requires high
complexity as shown in the young group; and the force structure is more complex in a
sine wave force task that requires relatively low complexity. In contrast, the current
results reveal that there is no age-related difference in the adaptation of the variability
structure to the task demand; namely, the ApEn of the total force remained the same at
different coefficient ratio conditions. The apparent inconsistency can arise from several
differences between the current and earlier studies.
First, in the earlier studies two types of force targets were used that explicitly
require different complexity in the force output. The different coefficient ratios used in
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current experiment regulate the relative contribution of the individual force to the total
force, which can change the dynamic dimension of the task. However, the constant force
target remains the same in the current study, which means that the explicit requirement of
the complexity in the total force output remains the same. Therefore, an unchanged
complexity in the force output was observed across different conditions. Second, the
earlier studies used a single finger force production task, whereas in the current
experiment the total force output is the combination of two finger forces. We have found
that when the complexity of one finger reduces, the complexity of the contralateral finger
increases to compensate for the change of the total force complexity (Hu & Newell,
2011a). As a result, the force output complexity was maintained at a relative unchanged
level in the current study.
Compensatory Behavior in Force Coordination in Aging
In the two elderly groups, both the force sharing patterns and correlation between
fingers showed less adaptive changes to the different coefficient conditions. Although
the current results did not support the compensatory hypothesis (Ward, 2006), the force
coordination pattern of the elderly did show some degree of compensation for the
increased force variability. In particular, as shown in the force ratio of the individual
subject (Figure 4A and 4B), there is a tendency that the elderly switch from the efficient
strategy to the minimum-variance coordination strategy to compensate for the increased
force variability, and this trend is more evident in the older group. However, the
minimum-variance coordination pattern was absent in the young group. Therefore, the
question remains as to whether an even higher visual gain would induce more adaptable
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coordination patterns in the elderly and channel a coordination pattern switch from the
efficient to the minimum-variance strategy in the young group.
In summary, using a redundant bimanual force coordination task, this study
examined the force coordination strategies that the elderly use when different amount of
visual information was provided The results reveal a reduced adaptability of force
coordination in aging with less visual information and the same degree of adaptation
across age with more visual information. The findings support the general proposition
that the reorganization of force coordination and control patterns associated with age is
mediated by the interactive influence of multiple categories of constraints (Lipsitz, 2002;
Newell, 1986; Vaillancourt & Newell, 2002).
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CHAPTER 6 GENERAL DISCUSSION

This dissertation examined the influence of multiple categories of constraints on
the organization of redundant force coordination patterns and the interactive processes
among the different categories of constraints. The dissertation is based on the general
framework of constraints on action (Newell, 1986) which holds that the three categories
of constraints (organismic, environmental, and task) interact and influence the
organization of coordination and control patterns. A bimanual asymmetric force
coordination task was used in each of the three experiments to address the questions. The
task force asymmetry was manipulated by imposing different coefficients on the finger
forces such that the weighted sum of the individual forces matched a prescribed force
level. The environmental constraint was quantified by the visually perceived
performance error and was manipulated through the change of the amount of visual
information (e.g. visual gain). The organismic constraint was quantified by the bilateral
symmetric coupling effect that is a tendency of symmetrical force production between
hands.
In particular, three questions were addressed in this dissertation. Firstly, whether
and how the relative influence of the three categories of constraints are modified and
consequently new force coordination patterns are formed when the task asymmetry
constraint is changed. Secondly, whether the influence of visual information on the force
coordination patterns is dependent on the settings of the task asymmetry. Lastly, how
aging processes reorganize the influence of the three categories of constraints on force
coordination and control patterns.
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Influence of Constraints on Performance Outcome
Influence of Task Asymmetry
With asymmetric coefficients imposed on the individual finger forces, high
performance error and increased force variability were observed in all three experiments
regardless of visual gain conditions and age groups. The deteriorated performance can
arise from two contributing factors: violation of bilateral coupling constraint (i.e. bilateral
interference) and reduced error compensation between fingers. The intrinsic symmetrical
coupling effects limit the coordination dynamics between the two effectors (Kelso, 1995).
When the two hands were required to move in asymmetric amplitudes (Kelso, Southard,
& Goodman, 1979a) or produce asymmetric force levels (Diedrichsen et al., 2003; Hu &
Newell, 2011b), bilateral interference is often observed. Even though the participants in
the current experiments were not required explicitly to produce unequal forces between
hands, the asymmetrical force production can be more efficient and is preferred in the
unequal coefficients conditions. Nevertheless the bilateral interference from multiple
levels of the sensorimotor system can contribute to the decrement of task performance.
A second interpretation is the reduction of error compensation (or negative
correlation). The individual force variability increased with asymmetric coefficients;
however, the variation in one hand was not compensated by the contralateral hand, partly
because the smaller coefficient makes the correction less effective. Consequently, higher
performance error due to increased total force variability is observed in the three
experiments. In general, the results are consistent with the notion that the performance
outcome is mediated by the interactive influence of the intrinsic dynamics of the
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organism and the extrinsic constraints imposed from the task (Swinnen & Wenderoth,
2004; Treffner & Turvey, 1996).
Influence of Visual Feedback Information
During daily motor activities, the performers rarely receive visual information of
the force output. However, extensive motor control studies in the laboratory environment
have shown that the augmented visual information plays a substantial role in the control
of motor performance, especially in the control of isometric force (Proteau & Elliott,
1992). For example, increased absolute force error and force variability is typically
observed in isometric force without the visual feedback (Tracy, 2007; Vaillancourt &
Russell, 2002). In addition, as long as the visual information is provided, patients with
afferent sensory neuropathy can still perform the movement task to some degree and can
perform the isometric force task at the same performance level as the healthy control
group (J. D. Cole & Sedgwick, 1992; Teasdale et al., 1993).
Studies have shown that the spatial and temporal properties of the visual
information, such as the spatial gain (Kantowitz & Elvers, 1988; Newell & MacDonald,
1994), temporal intermittency (Miall et al., 1993; Slifkin et al., 2000), and temporal delay
(Miall, Weir, & Stein, 1985; Sosnoff & Newell, 2007) of visual feedback influence the
performance outcome. Consistent with the general findings, the results in Experiments 2
and 3 also showed improved task performance (i.e. reduced force error and reduced force
variability in the individual and total force output) in the different coefficient conditions
and age groups.
Influence of Aging
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In Experiment 3, the elderly exhibit similar patterns of task performance as the
young adult group in that the performance was deteriorated with asymmetric coefficients
and with low visual information gain. However, the elderly produced an overall poor
performance in terms of higher absolute force error and force variability compared with
the young adult group. This age related difference may arise from the degenerative
changes at multiple levels of the sensorimotor system (Enoka et al., 2003). Typically,
scaled degenerative changes in the neuromuscular system with age above 60 years are
observed (Grassi, Cerretelli, Narici, & Marconi, 1991). For example, the muscle mass
reduces with age, and a linear reduction of muscle strength as a function of age above 60
years has been found (Narici, Bordini, & Cerretelli, 1991).
Coordination Patterns Organized by the Different Constraints
Influence of Task Asymmetry
The between-hand force ratio and correlation were examined to quantify the force
coordination patterns. A nonlinear positive scaling between the force ratio and the
coefficient ratio was found in the young adult group in all of the three experiments. Both
positive and negative scaling relations were found in the elderly of Experiment 3. The
nonlinearity of the scaling relation implies that the influence of the task coefficient on the
coordination strategy leveled off due to the influence of organismic coupling constraints.
The current findings support the notion that the regulation of the sensorimotor system is
mediated by the imposed task and organismic constraints during motor coordination and
control.
The positive scaling relation indicates an efficient coordination strategy in that the
finger with the higher coefficient contributes more force to the total force. Efficiency
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here is defined as a smaller amount of muscle force generation. An efficient coordination
strategy has been found in previous studies of different tasks, such as reaching, jaw
movement during speech (Lee et al., 2007; Nelson, 1983), and force production
(O'Sullivan et al., 2009). In particular, it has been shown that the task efficiency is
preferred over other minimization criteria, such as movement time or end-point
variability.
There are other definitions of efficiency than as the minimum muscle force
generation. For example, when the task constraint is in conflict with the organismic
coupling due to unequal coefficients, activation of additional brain areas may be required,
which makes the movement execution inefficient (Levin et al., 2004), because the
efficiency here is defined as the minimum number of activated neurons in order to
perform the task. According to this definition, the asymmetric force sharing patterns may
not be efficient. However, in this study the efficient strategy was evaluated within each
condition rather than between different coefficient ratio conditions; namely, it predicts
the most efficient force combination among the different possible solutions given the
specific coefficients applied to the individual forces. When the coefficient ratios were
changed between conditions, the most efficient force combination will change
accordingly.
It has also been proposed that the minimum motor-command-change (i.e. the
minimum change of neuronal firing patterns) criterion is used during the control of
actions (Kawato, 1992). However, the ‘laziness’ or ‘efficiency’ of movement control
predicts that a stereotypical coordination patterns rather than a flexible strategy is used.
This notion has been supported by several studies. Specifically, the optimal feedback
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control model (Todorov & Jordan, 2002) integrates the control effort into the error cost
function such that any change to the control command leads to an increase of the control
cost. Recently, it has been found that the system tends to repeat a fixed muscle activation
pattern even if it leads to suboptimal task performance, and this pattern persists even
when the participants have experienced the optimal solution (Ganesh et al., 2010).
The flexible force sharing patterns between hands found in the current study are
incompatible with the predictions of the minimum motor-command-change criterion
(Kawato, 1992). The flexibility in muscle force coordination has been found in a series
of studies. At the central level, there are both divergent and convergent projections from
the cortex to motor neuronal pools (Schieber & Rivlis, 2007; Schieber & Santello, 2004).
This complicated neural network affords the flexible muscle force control. For example,
different muscles can be activated simultaneously during power actions through the
divergent projections, and different muscle groups also can be activated flexibly in a
synergistic way to fulfill the task requirement (Tresch & Jarc, 2009). Similarly,
individual muscles or even individual muscle compartments within the muscle can be
activated in a highly selective way during fine tuned actions such as pinch grasping and
key stroking. At the peripheral level, it has been shown that the muscles are activated
selectively based on the muscle moment arm such that the muscle that has the larger
moment arm are activated in order to contribute more to the total end point torque
(Hudson et al., 2009). Similarly, groups of muscles are recruited depending on the
direction of the muscle mechanical action during isometric force control (Kutch et al.,
2008). Taken together, the results indicate that the flexibility of motor coordination
patterns arises from the redundancy at multiple levels of the sensorimotor system.
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Influence of Visual Feedback Information
Compared with the influence of asymmetric task coefficients, the visual
information gain had moderate influence on the coordination patterns. Namely, a visual
gain effect was found only when the right finger contributed primarily to the total force in
Experiment 2, and the gain effect also depended on the age group as shown in
Experiment 3. However, different studies have shown that sensory information plays
substantial roles during the control of motor coordination, particularly in bimanual
coordination. For example, enhanced visual information of the motor output can
attenuate the intrinsic symmetric coupling effect (Mechsner et al., 2001; Ranganathan &
Newell, 2008a). We have found that visual feedback information of the force error can
overrule the coupling constraint, and the subjects can switch from a positive coupling to a
negative coupling mode during bimanual finger coordination (Hu et al., 2011).
Additionally, with enhanced haptic information, the subjects can also perform relatively
individualized bimanual hand drawing tasks with little interference between hands
(Rosenbaum et al., 2006). Further investigation is necessary to examine whether even
high visual gain conditions and other temporal properties (e.g. intermittency) of visual
information can mediate the coordination patterns to a larger degree during asymmetric
force coordination.
Influence of Aging
In Experiment 3, the elderly groups showed less adaptation to the task asymmetry,
which is consistent with the general notion that the elderly are more constrained by the
intrinsic properties of the sensorimotor system and have reduced adaptability to changes
in the task demands (Newell, Vaillancourt, & Sosnoff, 2005). On the other hand, despite
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the deficit in the visuomotor system, the elderly can still process the enhanced visual
feedback information and adapt to the task asymmetry to the same degree as the young
group. The results are compatible with the findings that the elderly rely more on visual
system than other sensory receptors during the control of motor output (K. Z. Li &
Lindenberger, 2002; Seidler-Dobrin & Stelmach, 1998).
We also found that some of the elderly participants prefer a minimum-variance
coordination strategy over an efficient strategy, partly due to the exaggerated force
variability associated with aging. The change from the efficient strategy adopted by the
young group to the minimum-variance strategy in aging, to some degree, is consistent
with the compensatory mechanism that is regarded optimal for the elderly (Ward, 2006).
However, it is noteworthy that whether the compensatory behavior is optimal or not is a
relative notion that can be argued in either way. For example, the elderly used a more
efficient strategy during arm reaching in that less antagonist muscle activity is observed
in the elderly (Lee et al., 2007). Indeed, the reduced muscle co-activation saves more
energy but this strategy reduces the apparent stiffness of the joint and thus is more likely
to be perturbed in certain unpredictable environmental conditions.
Models of Constraints
The models of constraints were proposed in Experiment 1 to quantify the
interactive influence of the different categories of constraints. It is assumed that the
constraint from each category is associated with a cost function, and the weighted sum of
the three constraint costs were calculated as the total cost. Even though the minimization
principle is used to estimate the weightings assigned to the constraints, the model is
consistent with the satisificing perspective (Simon, 1955) such that suboptimal solutions
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are allowed at a certain instant of time. As a matter of fact, due to variability in the force
output, the force coordination patterns are suboptimal in most of the time during the trial.
One primary notion of the current model is that the goal of the system is not to find a
solution or a series of solutions that lead to zero task performance error but to find
solutions that satisfy the constraints from different categories.
In essence, the combination of different constraints is consistent with the idea of
tradeoffs between different constraints, which is particularly evident when the different
constraints are competing with each other. The tradeoff between constraints is one of the
most studied topics in motor control and animal perception. One well known principle is
Fitts’ law (Fitts, 1954) that takes into account two constraints: movement speed (or time)
and task accuracy. Even though there are several variations on the specific description
regarding the relation between movement time and task difficulty (Meyer, Smith,
Kornblum, Abrams, & Wright, 1990), the general relation holds that as the task difficulty
increases the movement time also increases in order to maintain a certain accuracy level.
However, there are two major differences between our approach and the Fitts’ law
type principle. First, the two performance variables in the Fitts’ task: movement time and
accuracy requirement are both constraints specified from the task, even though the
increment of movement time is partly originated from the effect of signal-dependentvariability (R. A. Schmidt et al., 1979) which arises from the organism. Whereas the
current approach takes into account the constraints from three different categories
(organism, environment, and task). Second, at least in the original Fitts (1954) study, the
task accuracy level is required to be maintained at the same level. Therefore, the
weighting assigned on the performance error is required to be fixed. In our approach,
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however, the weightings are self selected by the individual subjects and can be
reorganized when one or more of the constraints are changed.
Limitations and Future Directions
There are a few limitations in the proposed models of constraints. First, the form
of the cost function for each constraint is rather arbitrary. It is possible that other forms
of functions can better capture the influence of constraints and make a better fit with the
data. On the other hand, the focus during the model development was not to find the best
function, but to find simple functions that can still have a reasonably good fit with the
data. Indeed, one recent study using analytical inverse optimization has shown that the
cost function does have a quadratic polynomial form in multi-element force control
(Terekhov, Pesin, Niu, Latash, & Zatsiorsky, 2010), which is consistent with the forms
proposed in our models. Additionally, we proposed the cost functions based on the
convention in optimization developed in robotics, partly because the mathematical
descriptions that capture the control and behaviors of biological systems vary to a large
extent with many different parameters. Although it has been suggested that the principles
developed to control machines can be generalized to human motor control (Shadmehr &
Wise, 2005), the validity of the generalization is still questionable.
Second, during the estimation of the weightings assigned to the constraints, we
assumed that the sum of the weightings is constant. The rationale behind the assumption
is that a fixed and limited amount of resources are available during the control of motor
actions and, therefore, there are tradeoffs between constraints that is as the weighting on
one constraint increase, the sum of weightings will decrease. However, brain imaging
studies have shown that additional brain areas are activated when the task difficulty is
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increased during bimanual coordination (Debaere et al., 2001). Further study is required
to address the limitation of the current assumption. Last, the current models only
examined the force coordination in steady state performance. The models as they are
now can also be used to examine the change of weightings on the constraints over
adaptation and long term learning of a novel task.
The exemplar task used in this dissertation was a bimanual index finger isometric
abduction task, which is a strictly controlled experimental task. The issues addressed and
the models proposed in the experiments cannot be generalized immediately to real world
daily activities. However, to quantify the highly interactive influence of multiple
categories of constraints on motor coordination, we intentionally designed a simple task
such that we can identify one specific constraint (the one that has the most influence on
the coordination) from each category. For example, the constant isometric force
production task was used to eliminate bilateral timing constraint and limb kinematic
control. The relative low force level and short trial duration were used to avoid the
influence of possible fatigue, and the index finger abduction involves only primarily one
joint and one muscle group.
Nevertheless, further studies are required to examine the interactive influence of
constraints on motor coordination using less simplified tasks. Firstly, in the current task
setting, only one constraint from each category was identified and was specific to the task.
A task that involves multiple constraints within each category can be used to further
examine the constraint interactions within the category and the organizational influence
of a constraint hierarchy on motor coordination. Secondly, only one force level was used
to examine the force coordination between fingers. The question remains as whether the
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general findings can hold in other force levels (even lower force or close to maximum
force) and different types of force targets that require different coordination dynamics.
Lastly, we identified the bilateral symmetric coupling to represent the organismic
constraint; it is likely that in other task settings, different organismic constraints can
influence the motor coordination patterns in different ways.
General Conclusions
In summary, this dissertation examined the interactive influence of multiple
categories of constraints on the organization of redundant force coordination. We found
that the performance outcome was deteriorated when there was an asymmetric task
constraint and when a smaller amount of visual information of the force output was
provided. The performance also declined with advanced age. The results revealed that
the force coordination patterns of the young adult group were adapted in a flexible way
that was based on an efficient strategy rather than on a minimum-variance strategy. The
flexible coordination patterns also interacted with the environmental visual information.
The elderly exhibited reduced adaptability to the task asymmetry with low visual gain;
however, they had the same degree of adaptability as the young group when enhanced
visual information was provided. Overall, the results support the proposition that
redundant force coordination and control patterns are organized by the interactive
influence of different categories of constraints.
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