
Abstract We introduce a new EMG state analysis to test
two competing hypotheses about the role of muscle co-
activity in learning a complex, multijoint reaching move-
ment. Following Bernstein, one hypothesis is that as a
task is learned, coactivity should decrease as degrees of
freedom are released and limb stiffness is reduced. An
alternative hypothesis is that as movement speed increas-
es with learning, muscle coactivity should increase, pos-
sibly to stabilize joints against high inertial forces. Three
participants performed a vertical reaching movement
identical to that used by Schneider et al. We monitored
the activity of four arm and shoulder muscles as partici-
pants completed 100 practice trials. Each frame of EMG
activity was assigned to one of 16 possible combinations
of the four monitored muscles based on an on-off activa-
tion threshold. This analysis yielded a time-based sum-
mary of muscle coactivity during the movement and
across practice trials. Results of the state analysis sup-
ported the second hypothesis. As participants decreased
their movement times over practice, coactivity increased
– participants used more three- and four-muscle coactivi-
ty states. Changes were especially dramatic during the
braking phase of the Up and Down portion of the vertical
movement. When participants performed deliberately
slow movements after speeded practice, three- and four-
muscle coactivity was suppressed. We suggest that in-
creased use of muscle coactivity may serve to counteract
unwanted rotational forces generated during fast move-
ments.

Key words Motor learning · Muscle coactivity · EMG ·
Movement speed

Introduction

In their everyday activities, humans use a dazzling array
of complex movements that are dynamically adapted to
changing task demands. All of these movements require
coordinating multiple muscles spanning multiple joints.
Furthermore, such coordination patterns are learned. In
this paper, we use a new method for analyzing EMG
waveforms to examine how multimuscle activity chang-
es as adults learn a complex, multijoint task.

Over the past several decades, researchers have made
considerable progress in characterizing the muscle pat-
terns underlying simple single-joint movements such as
elbow flexions (e.g., Corcos et al. 1989; Gottlieb et al.
1989a, 1989b; Mustard and Lee 1987; Wierzbicka et al.
1986). Our understanding of the muscle patterns under-
lying multijoint movements is much less farther ad-
vanced, although recent studies are closing this gap (e.g.,
Almeida et al. 1995; Buneo et al. 1994; Flanders 1991;
Flanders and Herrmann 1992; Gottlieb et al. 1996). One
reason for this disparity is the complexity of multijoint
movements. Even a simple reach involves dozens of
muscles spanning the shoulder, elbow and wrist joints,
including several muscles which span two joints.

A second challenge when studying multijoint move-
ments is the redundancy of the neuromuscular system.
The muscles of the arm generally contribute to force
generation across a broad array of movement directions
and at different times during a movement (Buchanan et
al. 1986; Flanders 1991; Flanders et al. 1994; Flanders
and Soechting 1990). Constraints are required, therefore,
to select and coordinate the directional contributions of
the many muscles involved in a complex arm movement.

One way to constrain this redundancy is to link mus-
cles together into a muscle synergy – a temporally coher-
ent and task-dependent grouping of muscles controlled
by the CNS as one degree of freedom (Bernstein 1967;
Kugler et al. 1980). For instance, Flanders and Soechting
(1990) found that medial deltoid and posterior deltoid
showed tightly coupled activity when participants pro-
duced isometric forces at the wrist in some directions.
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For other force directions, medial deltoid and anterior
deltoid showed tightly coupled activity. The activity of
these muscles was tightly coupled despite the different
mechanical actions of the individual muscles. In addi-
tion, the coupling changed as the posture of the arm and
direction of force changed. These results demonstrate
that muscles are functionally linked by the CNS relative
to task parameters such as movement and force direction
(Buchanan et al. 1986).

But how are these coactivity synergies learned? Bern-
stein (1967) proposed that, early in learning, redundancy
might be constrained by freezing out degrees of freedom
via muscle coactivity. Later in learning, these restrictions
could be relaxed, allowing reductions in coactivity in fa-
vor of more specific multimuscle sequencing. Finally,
multimuscle activity could become more economical as
people use passive forces such as reactive and inertial
forces. For instance, during the braking of slower move-
ments, active muscle contraction might be replaced by
the passive stretch properties of muscles (Lestienne
1979).

One hypothesis that emerges from these ideas is the
following: muscle coactivity should decrease with skill
learning as degrees of freedom are freed up and limb
stiffness is reduced. While this hypothesis has not been
explicitly tested, data from Moore and Marteniuk (1986)
provide some support for this claim. Moore and
Marteniuk (1986) found that agonist and antagonist ac-
tivity overlapped considerably early in learning relative
to later learning trials in a forearm extension task. Such
overlap would increase joint stiffness, possibly freezing
out degrees of freedom and stabilizing the movement.

Nevertheless, data from several other single-joint
learning tasks show that as speed increases during learn-
ing, agonist/antagonist overlap becomes more likely.
This may be due to an increase in the amount of antago-
nist activity (Hobart et al. 1975) or to an increase in the
amplitude of both the agonist and antagonist accompa-
nied by an earlier onset of the antagonist (Corcos et al.
1993; Darling and Cooke 1987). Changes in coactivity
as movement speed increases may serve to stabilize the
arm against high inertial forces generated during fast
movements (Schneider et al. 1989). From these single-
joint data, a second competing hypothesis emerges: mus-
cle coactivity should increase with skill learning in
speeded learning tasks.

Measuring changes in multimuscle activity

To date, no studies have investigated these two compet-
ing coactivity hypotheses in a multijoint task. We con-
tend that this is due, in part, to limitations in the analysis
methods commonly used to measure changes in EMG
activity over learning. What is needed to test these hy-
potheses is a method that captures changes in the coac-
tivity of multiple muscles.

Perhaps the most promising method used to study
muscle activity in multijoint movements is principal

components analysis (PCA). PCA has strong appeal in
that one does not have to identify discrete EMG bursts to
analyze patterns of muscle activity. As such, this ap-
proach avoids the contentious issue of thresholding
EMG waveforms. Nevertheless, PCA has two limitations
in the context of the present paper. First, PCA is limited
when applied to learning because data must be grouped
over trials. Without a priori information about when
learning changes occur, such grouping could cut across
a period of change, thereby obscuring how muscles
change over learning. A second concern is that PCA has
been primarily used to extract components from single
muscle data. Thus, this method alone cannot determine if
muscle coactivity increases or decreases with learning.
Soechting and Lacquaniti (1989) used an interesting
combination of PCA and cross-correlation to examine
multimuscle activity. While this is also a promising
method, its complexity would be amplified when applied
to complex multijoint movements where the number of
PCA waveforms to be compared pairwise could be quite
large.

Other methods currently used to analyze EMG data re-
quire the selection of single bursts of muscle activity.
Then, burst characteristics such as duration and amplitude
can be analyzed. Usually, these characteristics are exam-
ined individually for each muscle. The method we de-
scribe herein requires the selection of single bursts of ac-
tivity; however, we offer a new way to look at changes in
coactivity across multiple muscles based on identifying
coactivity states. To do this, we identify, for every frame
of EMG data, a state vector which indicates whether each
muscle is “on” or “off.” The state vector provides an op-
erational definition of coactivity for it indicates which
muscle combination is seen at each moment in time. Had-
ders-Algra et al. (1996) used a related method to identify
patterns of coactivity in postural muscles in sitting in-
fants. Our state analysis differs from theirs in its im-
proved temporal resolution. The method used by Had-
ders-Algra et al. (1996) was not time based – they identi-
fied only one predominant coactivity pattern per trial.

Specific goals

In the present report, we test two competing coactivity
hypotheses using the state analysis. According to the
first hypothesis, muscle coactivity should decrease over
learning as more economical patterns of coactivity are
learned. Thus, this hypothesis predicts that over learning,
states with only one or two muscles “on” at a time
should become more frequent. According to the second
hypothesis, muscle coactivity should increase with learn-
ing as movement speed increases, given the constraints
placed on force production during fast movements. Thus,
this hypothesis predicts that as speed increases over
learning, states with three, four, etc., muscles “on” at a
time should become more frequent.

To test these hypotheses, we measured muscle activ-
ity in a task first studied by Schneider et al. (1989).
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This is one of the few three-dimensional, uncon-
strained, multijoint learning tasks that have been stud-
ied at a neuromuscular level. Here we examine the util-
ity of the state analysis by asking whether this method
offers new insights into what participants learn in this
task beyond the results reported by Schneider and col-
leagues.

In their original report, Schneider et al. (1989) inves-
tigated how intersegmental dynamics and muscle activity
changed as adults practiced a maximal-speed movement
with their non-dominant hand. Participants in this study
started each movement at a lower target, rounded a T-
shaped barrier, entered an upper target, and then moved
back down around the barrier to the lower target. Over
practice, movement times decreased from about 900 ms
to 670 ms. Associated with this speed increase was an
increase in biceps and posterior deltoid activity as the
hand approached the upper target. This served to slow
the hand and speed up the reversal phase of the move-
ment. In addition, Schneider et al. reported a more pre-
cise alternation of triceps with biceps and anterior del-
toid with posterior deltoid over practice, and a decrease
in deltoid burst durations. This suggests that deltoid co-
activity decreased with increasing speed, although coac-
tivity was not explicitly quantified.

Given that Schneider et al. (1989) did find changes in
muscle activity related to movement speed, we modified
their experiment slightly in the present report. At end of
the training trials, we added five “slow” trials in which
participants were asked to move at a “comfortable, re-
laxed pace.” This allowed us to compare muscle coactiv-
ity on the slow trials with activity early and late in prac-
tice to determine if coactivity changes over learning
were speed dependent.

Materials and methods

Participants

Two females and one male (25.3±5.1 years) participated in this
study. All participants were right handed. Participants were re-
cruited from the student population at Indiana University. All par-
ticipants gave informed consent.

Apparatus

The details of the experimental apparatus were identical to those
used by Schneider et al. (1989). Thus, only some measurement
details will be repeated here. Participants sat in a straight-backed
chair facing a plane covered with gray foam padding to eliminate
any reflections that might interfere with the motion analysis
system (see Fig. 1). To minimize trunk movements, we secured
participants to the chair back with a soft, wide fabric band. An
upper target was positioned level with each participant’s shoul-
der joint, while a lower target was positioned such that each par-
ticipant could reach the lower target with a comfortable shoulder
and elbow angle. There was a T-shaped barrier midway between
these two targets. The stem of the barrier was 3.5×21.5 cm, and
its cross piece was 0.3×32 cm. At the center of the Plexiglas
sheet was a 7×80-cm slit that restricted the left-right motion of
the participants as they entered the upper or lower targets. Thus,
we constrained participants’ hand paths near the two targets and

around the barrier. Otherwise, participants’ movements were un-
constrained.

Behind each target, we placed a photocell that emitted a beam
of light (approx. 4 mm radius) across the center slit in the Plexi-
glas. The signal from these photocells was sent through a tone
generator which was converted from analog to digital at 1500 Hz
using a Watscope A/D converter. Participants moved to the upper
and lower targets by breaking these light beams with a small, cir-
cular metal plate (3.7 cm radius) connected to a wooden-dowel
handle. Given the size of the metal plate relative to the size of the
light beams, this task did not require a high degree of accuracy. In-
terrupting each beam produced an audible clicking noise and
changed the tone frequency sent to the Watscope. Thus, signals
from the photocells could be analyzed later to determine precisely
when participants arrived at and left the lower and upper targets. A
four-camera Watsmart motion-analysis system was used to record
participants’ movements. Four infrared-emitting diodes (IREDs)
were placed on each participant, one below the third metacarpo-
phalangeal joint and one at the joint centers of the wrist, elbow,
and shoulder.

Surface muscle activity was recorded at 1500 Hz over the bel-
lies of the following arm muscles: posterior deltoid (PD), anterior
deltoid (AD), biceps (BI), and the long head of the triceps (TRI).
Muscle activity was recorded using Therapeutics Unlimited model
D-100 preamplified surface electrodes. Signals from these pream-
plified electrodes were sent through a Therapeutics Unlimited
EMG 544 amplifier and then converted on-line from analog to
digital using a Watscope A/D converter.

Procedure

Each participant performed 3 baseline trials, 100 successful prac-
tice trials, 5 successful slow trials, and then 3 additional baseline
trials. Each block of baseline trials consisted of two trials during
which participants remained completely motionless with arms
resting in their laps, and one trial during which participants held
the paddle in the lower target. The practice and slow trials consist-
ed of a movement with the non-dominant (left) hand from the low-
er target, up around the barrier to the upper target, and then down
around the barrier back to the lower target, holding the paddle
steady in the lower light beam for 2–3 s at the end of the move-
ment. A trial was unsuccessful when the participant either missed
one of the targets (failed to break the light beam), bumped the bar-
rier, or failed to hold the paddle in the lower light beam at move-
ment termination. Practice and slow trials differed in the instruc-
tions we gave to participants. For the practice trials, we asked par-
ticipants to move as quickly as possible, while for the slow trials
we asked participants to move at a comfortable, relaxed pace.
During the block of practice trials, participants’ muscle activity
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was recorded on three randomly selected trials of every block of
ten successful trials. Thus, we analyzed 30 out of 100 practice tri-
als for each participant.

The experimenter began each practice or slow trial by giving
the participant a 3-2-1 countdown. The participants were allowed
to begin moving any time after the experimenter completed the
countdown. We emphasized that reaction time was not critical,
and, in general, participants began moving within 1 s after the
countdown. After each trial, the experimenter gave participants
feedback about their movement speeds using a standard stop-
watch.

Methods of analysis

Data from the upper and lower light beams were used to divide
each movement into three phases: Up phase (when the paddle left
the lower target and entered the upper target), Reversal (when the
paddle entered and then left the upper target), and Down phase
(when the paddle left the upper target and entered the lower tar-
get). The light beams were also used to measure movement times
on each trial. Finally, the light beam data were examined to make
sure participants successfully completed each trial. One partici-
pant, SK, missed the upper target on recorded practice trials 2 and
9. These trials were eliminated from all further analyses for this
participant.

EMG data were analyzed in five steps. First, we subtracted the
mean and full-wave rectified each EMG signal. Second, each
EMG signal was transformed into an on-off signal. To determine
on-off activity, a 50-ms window was moved frame by frame across
each EMG waveform. If the averaged EMG activity within a win-
dow exceeded a noise threshold, then the center value of that win-
dow was assigned a 1 (on).

A noise threshold was computed for each muscle using the 6 s
of EMG data from the motionless baseline trials before and after
each practice session (see DeLuca 1993). After first inspecting the
baseline trials to make sure there was no spiking activity or EMG
bursts, the threshold for each muscle was computed by averaging
the maximum values across 1-s bins. The thresholds and standard
deviations for each participant and muscle are presented in Table
1. This table also shows standard deviations expressed as a per-
centage of maximal activity. It is clear from Table 1 that the base-
line levels of noise were relatively stable across bins (low standard
deviations) and varied within a small percentage of the signal
range. In addition, threshold values were similar across partici-
pants, demonstrating that the amount of noise in the recording
equipment was small and stable across collection sessions.

In the third step of our EMG analysis, we identified the phasic
EMG activity associated with movement onset. This was a con-
cern since participants often had some tonic muscle activity before
movement initiation as they maintained a hovering posture at the
lower target (see BI and AD activity prior to the Up phase in Fig.

2). When we examined the EMG activity associated with move-
ment onset, we noted that PD generally initiated the upward
movement with a clear burst (see also Schneider et al. 1989). TRI
initiation also occurred, although much less frequently. Thus,
EMG onset was based on the PD or TRI burst that just preceded
the triggering of the lower light beam at the start of the Up phase.

Next, we determined the muscle coactivity state associated
with each frame of EMG activity. This state analysis is a modifi-
cation of an analysis first used to study changes in cockroach gait
(Cocatre-Zilgien and Delcomyn 1993). Once EMG waveforms
have been transformed into on-off signals (0=off, 1=on), the state
of the neuromuscular system at any point in time can be character-
ized by a vector consisting of a 0 or 1 for the activity of each re-
corded muscle. In the present study, we measured the activity of
four arm muscles. Thus, there were 24 or l6 possible muscle states
ranging from [0000] – no muscles active – to [1111] – all muscles
active. For example, if only the PD were active for a particular
frame, the state vector for that frame would be [1000]. If both PD
and BI were active, the state vector would be [1010]. The frequen-
cy of occurrence of each state and the timing and ordering of state
sequences over repetitions of an action can then be analyzed both
qualitatively and quantitatively, revealing which muscles work to-
gether and when they work together over learning.
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Table 1 Thresholds (SD) (mV) for each participant and muscle

Participant Muscle Threshold (SD) SD as %Max

KJ PD 33.3 (2.1) 0.27
AD 38.2 (3.6) 1.01
BI 33.6 (2.9) 0.21
TRI 45.5 (4.7) 0.47

LS PD 31.0 (3.3) 0.37
AD 38.5 (6.6) 0.71
BI 31.6 (2.5) 0.37
TRI 56.4 (10.4) 3.47

SK PD 29.7 (4.3) 0.79
AD 30.0 (2.7) 0.35
BI 29.5 (5.3) 1.51
TRI 55.0 (8.2) 2.98

Fig. 2 Exemplar plots of rectified EMG activity for one early (re-
corded trial 6) and late (recorded trial 20) practice trial. The top
waveform in each plot was recorded from the triceps, followed by
biceps, anterior deltoid, and posterior deltoid activity. Vertical
lines denote the Up and Down phases. Horizontal lines below the
wave forms indicate when each muscle was “on”



Fig. 3 Movement times in seconds for each participant across the
practice (recorded trials 1–30) and slow trials. The vertical line in-
dicates when the task instructions were changed. SK is missing
data from recorded trials 2 and 9
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Table 2 Coactivity states that met the 30% criterion in one bin on at least six trials

Participant Up phase Rev phase Down phase

KJ All 4a, PD/AD/BIa, PD/BI/TRI, PD/BI, AD/BI PD/BI/TRI, AD/BI All 4a, PD/AD/BIa, PD/BI/TRIa,
AD/BIa, PD/BI

LS All 4a, PD/AD/BIa, PD/BI/TRI, PD/AD/TRI All 4, PD/AD/BI, PD/BI/TRI All 4a, PD/AD/BIa, PD/BI/TRIa,
AD/BIa, PD/AD

SK All 4a, PD/AD/BIa, AD/BI PD/AD/BI, AD/BI, PD/AD All 4a, PD/AD/BIa, PD/BI/TRIa,
AD/BIa, PD/AD, PD/BI

a Coactivity states common to all three participants within a given movement phase

In the final EMG analysis step, a set of inclusion criteria were
developed to select which muscle states to include in all further
analyses. Inspection of the state data revealed that many states did
not occur at all, and some states occurred quite sporadically. Thus,
we identified which states showed some “coherent” activity at
roughly the same point in the movement on several trials. To iden-
tify coherent activity, state data were normalized to the Up, Rev,
and Down movement times. This aligned states that occurred
when the hand was in roughly the same spatial location. Next, the
Up and Down phases were divided into five equal time bins, while
the Rev phase was divided into four equal time bins. For each bin,
we identified which states occurred for at least 30% of a bin’s du-
ration. This was equivalent to about 25 ms for the Up and Down
phases, and about 12 ms for the Rev phase. All states that met the
30% criterion in one bin on at least six recorded trials were in-
cluded in data analysis.

It is important to note that these inclusion criteria were very
conservative, consistent with our goal of detecting subtle changes
in state activity over learning. Despite these inclusive criteria,
however, many coactivity states did not occur at all; participants
used only a limited number of the possible combinations. Table 2
shows the seven states that did meet the inclusion criteria during at
least one movement phase for one or more participants. Table 2 re-
veals not only a reduction in the state space, but also a good deal
of consistency across participants. Two states – All 4 and
PD/AD/BI – met the criteria for all three participants in the Up
phase, while four states – All 4, PD/AD/BI, PD/BI/TRI, and
AD/BI – met the criteria for all three participants in the Down
phase.

Results

Movement times

Figure 3 shows that participants decreased their move-
ment times as they practiced the task. Movement times
decreased significantly over the recorded practice trials
based on a repeated measures ANOVA with practice tri-
als as a within-subject factor (F(54,27)=3.70, P<0.001).
Both KJ and SK, who were the slower movers initially,
showed large reductions in movement time across the
first 9 recorded practice trials, i.e., across approximately
the first 30 trials. LS showed less change – she was mov-
ing quickly from the beginning. Finally, all participants
increased their movement times during the five slow tri-
als. KJ and LS moved much more slowly during these
trials, while SK moved about as slowly as she did during
the first few practice trials.

Further analysis indicated that these changes in move-
ment time were not distributed equally over all phases of
the movement. A repeated measures ANOVA on each

phase (Up, Rev, or Down) separately revealed a signifi-
cant decrease in movement time over recorded practice
trials in the Up (F(54,27)=1.81, P<0.05) and Down
(F(54,27)=2.98, P<0.001) phases. There was not, however,
a significant decrease during the Rev phase
(F(54,27)=1.41, NS). This is not surprising given that the
Rev phase was, on average, quite short (mean MT=
112 ms). By contrast, the Up and Down phases lasted, on
average, 380 and 457 ms respectively.

In general, these reductions in movement time over
practice were comparable to changes reported by
Schneider and colleagues (1989). Table 3 shows a com-
parison of average movement times across trial blocks
from the present study and from Fig. 2 of Schneider et
al. (1989). The 190-ms reduction in MT across the first
20 recorded practice trials in the present study was com-
parable to the 150-ms reduction across the first 25 trials
in Schneider et al.; however, there was an additional
50-ms reduction in the present study between trials 20
and 30. Across the remainder of the practice trials, par-
ticipants in the present study showed a slight MT pla-
teau, with gradual reductions thereafter, while partici-
pants in Schneider et al. showed a gradual reduction in
MT followed by a plateau at the end of practice.



Single-muscle EMG activity during the early vs late
practice trials

To compare our EMG data with data from Schneider et
al. (1989), we first describe changes in the activity of
single muscles early vs late in practice, using exemplar
data from one participant. This description will also
highlight how each muscle was being activated to pro-
duce the coactivity states described in the next section.
Figure 2 shows SK’s EMG activity for an early trial (re-
corded trial 6) and a late trial (recorded trial 20). The un-
derscore beneath each EMG trace indicates when each
muscle was “on” across these two trials.

The first indication of a change in muscle activation
can be seen approximately halfway through the Up phase
in each example. Early in practice, SK used AD activa-
tion to move her hand around the barrier to the upper tar-
get and a lengthening BI contraction to slow down prior
to the reversal. Later in practice, SK added a TRI burst
to actively extend her arm toward the target. In addition,
there was an increase in PD activity during the Rev
phase. This served to both slow the movement and ac-
tively reverse the direction of the hand at the upper tar-
get.

There were also EMG changes over practice during
the Down phase. There was less BI and TRI activity at
the beginning of the movement early vs late in practice.
The increase in TRI activity in the late example was
even more apparent after the hand rounded the barrier
(approximately halfway through the Down phase). As in
the Up phase for the late trial, there was a second TRI
burst that served to actively extend the arm toward the
target.

These changes in individual muscle activity early vs
late in practice share some similarities with results re-
ported by Schneider and colleagues (1989). For example,
these researchers reported an increase in PD and BI ac-
tivity late in practice as the hand reversed directions at
the upper target. This can be clearly seen in Fig. 2. Nev-
ertheless, other results were not observed. Schneider and
colleagues reported more precise alternation between BI
and TRI as well as AD and PD late in practice. While
there is some alternation of AD and PD in the late exam-
ple from Fig. 2, there are also instances of overlapping
bursts. By contrast, the BI and TRI bursts appear to be
more overlapping than alternating throughout the late ex-
ample.

To further compare results across studies, we con-
ducted an analysis of mean burst durations for each mus-

cle. Schneider and colleagues (1989) reported a signifi-
cant decrease in deltoid burst durations across the prac-
tice trials. We did not replicate this finding. A repeated
measures ANOVA for each muscle with recorded prac-
tice trials as a within-subjects factor showed no signifi-
cant changes in mean burst durations for any muscle.

Description of muscle state activity

The goal of the muscle state analysis was to test the
competing hypotheses about how muscle coactivity
would change over practice as speed increased in this
complex, multijoint task. Figure 4 illustrates how one
participant’s (KJ) muscle states changed across the prac-
tice (recorded trials 1–30) and slow trials (recorded trials
31–35). The different colors in Fig. 4 represent the dif-
ferent states that met the inclusion criteria (see “Methods
of analysis”). Along the x-axis, we have plotted which
states occurred as each movement progressed through
the Up, Rev, and Down phases. Along the y-axis, we
have plotted state activity across the different recorded
trials. Because movement times were changing across
the three movement phases, we normalized state activity
to the Up, Rev, and Down movement times (x-axis). This
served to line up when each state occurred across trials.

In the next three sections, we discuss the state data
depicted in Fig. 4 for each phase separately. Within each
section, we first highlight the general sequence of state
changes characteristic of the phase. Next, we discuss
how state activity changed across the practice trials. Fi-
nally, we discuss how state activity during the slow trials
compared to activity during practice. We focus on the
exemplar data for KJ throughout. It is important to note,
however, that the state data for LS and SK were quite
comparable.

Up phase

State activity during the Up phase was dominated by a
sequence of four states. There was an initial period of
PD/BI/TRI (dark-gray band in Fig. 4) followed by the
coactivity of All 4 muscles (purple band), PD/AD/BI
(blue band), and then a return to All 4. The sequence of
state activity as KJ rounded the barrier (midway through
the Up phase) reflects the two-burst TRI activity de-
scribed in Fig. 2 – All 4 muscles were coactive during
the first TRI burst, followed by PD/AD/BI when TRI ac-

510

Table 3 Average movement
times (MTs) (ms) from the
present study and Schneider et
al. (1989). Note: MTs from
Schneider et al. were estimated
from Fig. 2

Trials MTs MT Trials MTs MT
(Spencer and Thelen) differences (Schneider et al.) differences

0–10 1100 1, 2, 9, 10 900
10–20 910 190 – –
20–30 860 50 24, 25 750 150
40–50 850 10 44, 45 710 40
70–80 820 30 70, 71 670 40
90–100 790 30 99, 100 670 0



tivity ceased, followed by All 4 muscle coactivity during
the second TRI burst.

Across the practice trials in Fig. 4, several changes in
state activity are apparent. While the first band of All 4
coactivity is clearly present early in practice, the second
band does not emerge until recorded trial 9. Prior to this
trial, the second half of the Up phase was dominated by
AD/BI (light-gray band) and PD/AD/BI (blue band).
Thus, there was an increase in muscle coactivity over
practice. This increase mirrors the decrease in movement
times shown in Fig. 3 – movement times for KJ showed
a sharp drop after the first few recorded trials and then
began to plateau around recorded trial 9.

One critical question is what happened to muscle state
activity when movement speed decreased during the
slow trials. The data in Fig. 4 illustrate that muscle coac-
tivity decreased on these trials and returned to patterns
of coactivity present early in practice. The most dramatic
change was a decrease in All 4 coactivity, particularly af-
ter KJ rounded the barrier. In place of All 4 coactivity, he
used a mixture of PD/AD/BI and AD/BI activity.

Rev phase

Due to the brief duration of the Rev phase, state activity
in this phase generally reflected the activity at the end of
the Up phase. The frequent use of PD/BI/TRI activity by
KJ at the end of the Up phase continued into the reversal
(see dark-gray band in Fig. 4). Early in practice, KJ used
some PD/BI (green band) coactivity. During the slow tri-
als, muscle coactivity decreased, consistent with data
from the Up phase. Specifically, KJ decreased his use of
PD/BI/TRI in favor of AD/BI activity (see light-gray
band in Fig. 4).

Down phase

The state sequence during the Down phase generally
mirrored the sequence from the Up phase. The Down
phase began with PD/BI/TRI (dark-gray band in Fig. 4),
followed by the coactivity of All 4 muscles (purple
band), and then PD/AD/BI (blue band). There is a clear
difference across the Up and Down phases, however –
state activity during the second half of the Down phase
was more variable. Across the practice trials, there was a
shift in state activity after recorded trial 9 – KJ primarily
used PD/BI/TRI (dark-gray band) activity to end the
movement. This increase in PD/BI/TRI activity reflects
the emergence of the second TRI burst discussed previ-
ously. Finally, during the slow trials, the coactivity of All
4 muscles decreased dramatically. This state was gener-
ally replaced by AD and BI states.

Multiple regression analysis of muscle state activity

Participants used several three- and four-muscle coactiv-
ity states more frequently as movement speed increased
over practice, while several two- or three-muscle states
became less frequent. In addition, the change in task in-
structions produced a rapid reorganization of state activi-
ty and a reversion to patterns common early in practice.
Thus, movement speed and state activity appear to be
closely related. To quantify this relationship, we con-
ducted a multiple regression analysis for each participant
and movement phase separately with the Up and Down
movement times as criterion variables. We did not con-
duct regression analyses for the Rev phase because
movement times did not show a significant change dur-
ing this phase over practice. Included as predictors in
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Fig. 4 State activity for one
participant across the practice
and slow trials (y-axis) as the
movement progressed through
the Up, Rev, and Down phases
(x-axis) (each color represents
a different muscle state: purple
All 4, dark gray PD/BI/TRI,
blue PD/AD/BI, light gray
AD/BI, green PD/BI, white no
state activity or state activity
that did not meet the inclusion
criteria). State activity in each
phase has been normalized to
the Up, Rev, and Down move-
ment times to line up when
states occurred across trials.
The horizontal line at recorded
trial 30 indicates when the task
instructions were changed



each regression equation were four sets of variables: a
“slow” dummy variable that captured the change in in-
structions (0=fast, 1=slow) and all of the four-, three-, or
two-muscle coactivity states that met the inclusion crite-
ria for each participant and phase (see Table 2).1 For
each included state, we used the proportion of time the
state occurred during each movement phase on each re-
corded trial as the predictive measure.

Given that we had no a priori ordering of the sets of
predictors, we conducted two regression analyses for
each participant and phase. In the first, the sets were or-
dered slow, 4, 3, and 2. In the second, the sets were or-
dered slow, 2, 3, and 4. The slow variable was first in
both analyses, because our goal was to determine which
muscle states contributed significantly to the prediction
of movement time above and beyond what could be ac-
counted for by the change in instructions.

Before describing the results, it is important to consid-
er whether the residuals of these analyses showed serial
correlation. If serial correlation is present, t-ratios used
for estimating the significance of individual parameters in
the regression equation will be seriously inflated (see
Ostrom 1990). We examined this issue by computing the
Durbin-Watson statistic (d) for each regression equation.

The Durbin-Watson statistic tests the hypothesis of no se-
rial correlation (H0) against the hypothesis of positive se-
rial correlation. Values less than a lower limit lead to re-
jection of H0, while values above an upper limit lead to
acceptance of H0, i.e., no serial correlation. Table 4 shows
the Durbin-Watson statistics and associated lower and up-
per limits for the six regression analyses we conducted.
All of the d values are above the lower limit. Thus, it is
likely that serial correlation is not a major problem in our
analyses. However, strong conclusions are not possible
because all of the d values are below the upper limit.
Therefore, we also tested for the presence of serial corre-
lation by computing the autocorrelation at lag 1 (p) for
each residual series. If p>0.3, serial correlation is likely
present and alternatives to least squares estimation should
be considered (Griliches and Rao 1969; Hibbs 1974). The
p values for all of our regression analyses were <0.3 with
the exception of one value, which was 0.33 (see Table 4).
Thus, our estimates of the regression parameters and their
significance tests appear to be valid.

In Table 5 we report the percentage of movement time
variance accounted for in each step of the regression an-
alyses (R2) as predictor sets were added in different or-
ders. In addition, Table 5 indicates all the predictor vari-
able sets that accounted for a significant change (p<0.05)
in the R2 value above and beyond the variance accounted
for by the slow predictor (see F change statistics). LS
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Table 4 Durbin-Watson statis-
tic (d) with lower (dL) and up-
per (dU) limits (p<0.05), and
the regression coefficient (p)
from a first-order autoregres-
sion on the residuals from each
multiple regression analysis.
Lower and upper limits for d
were computed using tables
from Johnston (1972)

Participant Movement dL dU d p
phase

KJ Up 1.10 1.87 2.62 (1.38)a –0.33
Down 1.10 1.87 1.22 0.29

LS Up 1.16 1.80 2.35 (1.65)a –0.20
Down 1.10 1.87 1.85 0.06

SK Up 1.19 1.73 1.37 0.22
Down 1.00 1.94 1.36 0.14

aFor convenience, the value of (4–d) is reported in parentheses

Table 5 R2 and F change sta-
tistics for ordered regression
analyses predicting movement
times from the Up and Down
phases. Note: all F change val-
ues specified were significant
at p<0.05

Participant Phase Order R2 F change(df l, df 2) Order R2 F change(df l, df 2)

KJ Up Slow 0.77 Slow 0.77
4 0.84 13.72(1,32) 2 0.87 10.98(2,31)
3 0.87 NS 3 0.90 4.97(2,29)
2 0.90 4.90(2,28) 4 0.90 NS

Down Slow 0.82 Slow 0.82
4 0.87 11.79(1,32) 2 0.84 NS
3 0.89 NS 3 0.85 NS
2 0.90 NS 4 0.90 13.20(1,28)

SK Up Slow 0.51 Slow 0.51
4 0.71 20.75(1,30) 2 0.51 NS
3 0.72 NS 3 0.65 12.03(1,29)
2 0.72 NS 4 0.72 6.69(1,28)

Down Slow 0.31 Slow 0.31
4 0.58 19.46(1,30) 2 0.51 3.68(3,28)
3 0.63 NS 3 0.59 NS
2 0.64 NS 4 0.64 NS

1 One equation had only three sets of predictors (slow, 4, 3) – the
equation for the Up phase for LS (see Table 3).



showed few significant regression effects. Thus, her data
will be reported in the body of the text.

Overall, muscle state activity accounted for a significant
amount of movement time variance for both KJ and SK.
Changes in the proportion of four-, three-, and two-coactiv-
ity states helped account for 90% of the variance in Up and
Down movement times for KJ (see R2 value in Table 5),
72% of the variance in Up movement times for SK, and
64% of the variance in Down movement times for SK.

The central question of the regression analyses was
how specific types of coactivity were related to movement
time. Both KJ and SK showed a significant correlation be-
tween All 4 coactivity and movement time (see set “4” in
Table 5). An examination of the standardized β weights
for the regression equations revealed that All 4 state activ-
ity was negatively correlated with movement times for the
Up and Down phases for both participants. A significant
negative correlation between All 4 coactivity and move-
ment time was also found for the slow, 4, 3, 2 ordering for
LS in the Down phase (R2=0.80, F change(1,32)=5.78). In
addition to All 4 state activity, the proportion of two-mus-
cle coactivity was significantly related to movement time.
There was a significant R2 change associated with the ad-

dition of the two-muscle coactivity states (set “2” in Table
5) to the Up phase regression for KJ and the Down phase
regression for SK. For both participants, this was due to a
positive correlation between AD/BI coactivity and move-
ment time. Finally, three-muscle coactivity was signifi-
cantly related to movement time. There was a significant
R2 change associated with the addition of the three-muscle
coactivity states (set “3” in Table 5) to the Up phase re-
gression for KJ and SK and the Down phase regression for
KJ. In the Up phase, PD/AD/BI activity was positively
correlated with movement time, while in the Down phase
for KJ, PD/BI/TRI was negatively correlated with move-
ment time.2

The states that showed significant positive or negative
correlations with Up movement times for KJ and SK are
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2 Some states contributed significantly in only one ordering due to
the colinearity of states – an increase in the occurrence of one
state was paralleled by a decrease in the occurrence of another
state. When this occurs, one regressor is deemphasized in favor of
the regressor that contributes most to the change in R2. This was
not a major concern herein since our goal was to identify any co-
activity state that accounted for a significant proportion of move-
ment time variance regardless of ordering.

Fig. 5 The proportion of Up movement time four-coactivity states
occurred across the practice and slow trials for KJ (upper panel)
and SK (lower panel). The states plotted in each panel accounted
for a significant proportion of Up movement time variance in the
regression analyses (see text). The vertical line indicates when the
task instructions were changed. SK is missing data from recorded
trials 2 and 9

Fig. 6 The proportion of Down movement time three-coactivity
states occurred across the practice and slow trials for KJ (upper
panel) and SK (lower panel). The states plotted in each panel ac-
counted for a significant proportion of Down movement time vari-
ance in the regression analyses (see text)



illustrated in Fig. 5. This figure shows the proportion of
time each of these states occurred during the Up phase
for the recorded practice and slow trials. There is a clear
increase in All 4 coactivity up to recorded trial 9 for KJ
(upper panel) and trial 11 for SK (lower panel). By con-
trast, AD/BI and PD/AD/BI decrease across these early
practice trials. AD/BI decreases to zero by recorded trial
4 for KJ, while PD/AD/BI decreases across the first 9 tri-
als for KJ and the first 11 trials for SK. These patterns
were reversed in the slow trials: All 4 coactivity returned
to a low proportion, while AD/BI and PD/AD/BI in-
creased.

During the Down phase, three states showed signifi-
cant positive or negative correlations with movement
times for KJ and SK. The proportion of time these states
occurred across the practice and slow trials is shown in
Fig. 6. As in Fig. 5, there is a steady increase in All 4 co-
activity across the first 14 trials for KJ (upper panel) and
the first 11 trials for SK (lower panel). The increase in
All 4 coactivity for KJ was accompanied by an increase
in the proportion of PD/BI/TRI, while SK showed a
gradual decrease in AD/BI coactivity. Finally, as in Fig.
5, these trends reversed during the slow trials: All 4 and
PD/BI/TRI coactivity was dramatically reduced, while
the proportion of AD/BI increased for SK.

Discussion

In this paper, we used a new EMG state analysis to test
two competing hypotheses. The first hypothesis predict-
ed that muscle coactivity would decrease over learning
as more economical patterns of coactivity were learned.
The second hypothesis predicted that muscle coactivity
would increase with learning as movement speed in-
creased. Data from the state analysis clearly support the
latter hypothesis.

Two participants in this study showed a significant in-
crease in muscle coactivity across the first 9–11 recorded
practice trials (approximately the first 30 trials). KJ and
SK decreased the proportion of two- and three-muscle
coactivity states across the Up and Down phases. As
these states decreased with learning, two-, three- and
four-muscle states increased. The increase in coactivity
paralleled the steady decrease in movement times for
these participants across the first 9–11 recorded trials.
Indeed, the relationship between state activity and move-
ment time was remarkably close. For example, KJ
showed a rapid decrease in movement time across re-
corded trials 1–3 relative to the more gradual decrease
across recorded trials 4–9. This shift was mirrored by
changes in state activity. The proportion of AD/BI activi-
ty during the second half of the Up phase decreased dra-
matically across trials 1–3. This state was replaced by
PD/AD/BI during trials 4–9. Finally, this three-muscle
state was replaced by All 4 coactivity across the remain-
ing practice trials.

Further support for the increasing coactivity hypothe-
sis came from the rapid state changes during the slow tri-

als. When we changed the task instructions, all partici-
pants showed a dramatic increase in movement time. As-
sociated with this increase was a reversion to patterns of
coactivity common early in learning. Given the close
parallels between muscle state and movement time
changes across the practice and slow trials, we conduct-
ed multiple regression analyses with Up and Down
movement times as the criterion variables and the pro-
portion of time each state occurred as the predictor vari-
ables. Results of these analyses confirmed the close ties
between coactivity states and movement times.

It is important to note that the patterns of coactivity in
the final slow trials were not exactly the same as those
seen earlier in the practice session. This could reflect
two factors. Participants generally moved slower during
the slow trials relative to the early practice trials. Thus,
differences between the two trial types could reflect
speed-related constraints on muscle coactivity. Indeed,
individual muscle states – states in which only one mus-
cle was active – were much more frequent during the
slow trials. An alternative explanation is that differences
were due to non-speed-related factors. For instance, dur-
ing the first 100 trials, participants might have learned
that some patterns of coactivity maximized “efficiency”
or accuracy.

One critical question is what function the coactivity-
speed relationship might serve. Flanders and Soechting
(1990) have demonstrated that many muscles of the arm
produce force in multiple directions and around multiple
joints. Given this broad “tuning,” the activity of individu-
al muscles often produces torque in unwanted directions.
This would be especially likely as more torque is needed
during fast movements. Muscle coactivity could serve to
counteract such increases in unwanted rotational forces.
Similarly, Schneider and colleagues (1989) have suggest-
ed that muscle coactivity could stiffen the shoulder and
elbow joints, thereby counteracting increases in motion-
dependent torques generated during fast movements.
Both of these accounts are likely explanations of the in-
creased muscle coactivity found in the present report.

Although muscle coactivity can serve several func-
tions, it is important to question whether this was the
most appropriate variable to measure in this task. For in-
stance, there was an increase in All 4 coactivity during
the second half of the Up phase that replaced PD/AD/BI
activity. This was caused by a change in the activity of
the triceps. Thus, an analysis of individual muscle activi-
ty might have revealed the same speed-related learning
change, but in a more parsimonious way. Indeed,
Flanders and Herrmann (1992) have reported that the ac-
tivity of individual muscles changes as speed increases,
primarily due to an increase in the phasic drive to indi-
vidual muscles. Unfortunately, methodological differ-
ences between their study and the present report prevent
strong comparisons across studies. In particular, we did
not attempt to separate the phasic and tonic components
of the EMG waveforms.

Several other coactivity changes would have been
more difficult to detect in a single-muscle analysis. For
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example, the reversion to the AD/BI state during the
slow trials would have been difficult to detect because it
involved the subtraction of two muscles – PD and TRI –
from the All 4 state. Ultimately, the measures one uses
should be driven by the hypothesis in question. Given
that our main goal was to test competing hypotheses
about muscle coactivity, the state analysis was appropri-
ate. Nevertheless, it is an important question whether our
description of state changes emerged from changes in the
control of individual muscles or changes in the control of
muscle states or “synergies.”

Bernstein’s learning hypothesis

Although data from this study support the increasing co-
activity hypothesis, it is premature to completely reject
the alternative. The task studied herein explicitly empha-
sized changes in movement speed over learning. It is cer-
tainly possible that muscle coactivity would decrease in
tasks that emphasize changes in movement accuracy. We
contend that this important possibility can be tractably
investigated in future studies using the state analysis.
Such a study would not only contribute to the under-
standing of how muscle coactivity changes over learning
in multijoint tasks. It would also shed light on the rela-
tionship between Bernstein’s learning hypothesis and
multimuscle activity.

Bernstein’s ideas are often translated into hypotheses
about muscle coactivity. Nevertheless, there is disagree-
ment about what Bernstein’s ideas imply at this level of
analysis. For instance, it is not clear how to translate
Bernstein’s proposal that constraints on degrees of free-
dom become more “economical” over learning. One pos-
sibility, emphasized above, is that muscle coactivity de-
creases over learning, thereby economizing force pro-
duction. This is consistent with Bernstein’s proposal that
the CNS strives to prevent the waste of “superfluous
force in extinguishing reactive phenomena” (1967, p.
109). We did not find support for this hypothesis in the
present study. A second interpretation of Bernstein’s
ideas is that the CNS “economizes” by only using active
muscle forces “in the capacity of complementary forces”
(Bernstein 1967, p. 109). Schneider and colleagues
(1989) proposed that the increase in muscle torque they
observed as participants approached the upper target is
consistent with this second interpretation. Thus, two
studies of learning using the same multijoint task have
produced opposite conclusions regarding Bernstein’s
learning hypothesis.

Given these divergent interpretations of Bernstein’s
ideas at the level of muscle activation, it is critical for fu-
ture studies to examine precisely what patterns of muscle
activity change over learning and how such changes re-
late to specific task constraints such as speed and accura-
cy. Once these relationships are known, a more general
evaluation of Bernstein’s learning hypothesis can be
made.

Evaluation of the state analysis

This paper is a first step toward understanding a relative-
ly understudied issue in motor control – how multimus-
cle activity changes over learning. One central contribu-
tion herein is the new state analysis. In this final section,
we evaluate this new method.

Several strengths of the state analysis were revealed
in the present report. First, the state analysis provided an
operational definition of muscle coactivity. This allowed
us to test two competing hypotheses about how muscle
coactivity would change over learning. Second, the state
analysis provided a rich description of which muscles
worked together when in this task. Using this descrip-
tion, we were able to identify several coactivity states
that were significantly associated with changes in move-
ment time, and when these state changes occurred during
the complex movement. This moved our analysis beyond
the use of exemplar EMG waveforms to a detailed quan-
titative analysis of learning changes. Finally, the state
analysis proved to be a tractable way to study changes in
multimuscle activity over learning. Many states did not
meet the inclusion criteria. This kept the number of pre-
dictor variables in the regression analyses small enough
to detect significant relationships between movement
time and state activity.

An important question is how the state analysis com-
pared to the analyses performed by Schneider and col-
leagues (1989). Like Schneider et al., we found an in-
crease in PD activity over practice as participants ap-
proached the upper target and reversed directions. We
also found some increase in BI activity around the rever-
sal. Nevertheless, there were several differences. We did
not find a significant decrease in deltoid burst durations,
nor did we find an increase in alternation between BI and
TRI or AD and PD.

There are several factors that might help explain the
differences between these studies. First, Schneider and
colleagues did not analyze EMG activity in great detail.
Their primary goal was to examine changes in arm kinet-
ics over practice. Thus, differences between these studies
may be due, in part, to the more detailed nature of the
state analysis. However, this does not explain why we
failed to find significant changes in deltoid burst dura-
tions. It is likely that this failure to replicate was due to the
different thresholds used in each study to identify EMG
bursts. Schneider and colleagues selected bursts visually,
while we used a threshold criterion computed from base-
line trials. Given that visual methods tend to exclude low-
level tonic activity, it is possible that their method primari-
ly captured the phasic components of the EMG signal,
while ours included both phasic and tonic components.

More generally, it is an open question how sensitive
the state analysis is to the threshold criteria used. In-
spection of Fig. 2 suggests that raising the threshold
would not necessarily eliminate the major sequence of
states we identified, because underlying this sequence
are large PD, AD, BI, and TRI bursts. Instead, a higher
threshold would introduce states in-between the global
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sequence. This is indeed what we found when we plot-
ted the data in Fig. 4 using states identified with two
higher threshold criteria.3 Thus, the results reported
herein appear to be robust to some changes in threshold.
It is certainly possible, however, that the state analysis
would be less robust with other threshold values or in
other applications.

In conclusion, while there are limitations of the state
analysis which may place constraints on its effectiveness
in future studies, the strengths of this method out-
weighed these limitations in the current report. This has
been the case in two other studies as well: we have used
the state analysis to examine how infants’ muscle coac-
tivity changes as they learn to reach (Spencer and Thelen
1999) and walk (Angulo-Kinzler et al. 1999). It is our
hope that this method will foster a growing interest in
multijoint learning, moving researchers beyond exem-
plar-based EMG approaches to a richer understanding of
motor learning.

Acknowledgements We are grateful to Daniela Corbetta, Kristin
Daigle, and Mark Blumberg for stimulating discussions while ana-
lyzing the data for this study. Dan Corcos, Rosa Angulo-Kinzler,
Fred Diedrich, and an anonymous reviewer provided helpful com-
ments on an earlier version of this manuscript. This research was
funded by NIH grant RO1 HD22830 and by a Research Scientist
Award from NIMH to E. Thelen.

References

Almeida GL, Hong DH, Corcos DM, Gottlieb GL (1995) Organiz-
ing principles for voluntary movement: extending single joint
rules. J Neurophysiol 74:1374–1381

Angulo-Kinzler R, Ulrich BD, Thelen E (1999) Context and con-
trol in the step patterns of newly walking infants. (in prepara-
tion)

Bernstein NA (1967) The coordination and regulation of move-
ments. Pergamon, New York

Buchanan TS, Almdale DPJ, Lewis JL, Rymer WZ (1986) Charac-
teristics of synergetic relations during isometric contractions
of human elbow muscles. J Neurophysiol 56:1225–1241

Buneo CA, Soechting JF, Flanders M (1994) Muscle activation
patterns for reaching: the representation of distance and time. J
Neurophysiol 71:1546–1558

Cocatre-Zilgien JH, Delcomyn F (1993) A new method for depict-
ing animal step patterns. Anim Behav 45:820–824

Corcos DM, Gottlieb GL, Agarwal GC (1989) Organizing princi-
ples for single-joint movements II: A speed-sensitive strategy.
J Neurophysiol 62:358–368

Corcos DM, Jaric S, Agarwal GC, Gottlieb GL (1993) Principles
for learning single-joint movements. I. Enhanced performance
by practice. Exp Brain Res 94:499–513

Darling WG, Cooke JD (1987) Movement related EMGs become
more variable during learning of fast accurate movements. J
Mot Behav 19:311–331

DeLuca CJ (1993) Limits on the use of surface electromyography in
biomechanics. Wartenweiler memorial lecture presented at the
14th International Society of Biomechanics Congress, Paris

Flanders M (1991) Temporal patterns of muscle activation for arm
movements in three-dimensional space. J Neurosci 11:2680–2693

Flanders M, Herrmann U (1992) Two components of muscle acti-
vation: scaling with the speed of arm movement. J Neuro-
physiol 67:931–943

Flanders M, Soechting JF (1990) Arm muscle activation for static
forces in three-dimensional space. J Neurophysiol 64:1818–1837

Flanders M, Pellegrini JJ, Soechting JF (1994) Spatial/temporal
characteristics of a motor pattern for reaching. J Neurophysiol
71:811–813

Gottlieb GL, Corcos DM, Agarwal GC (1989a) Organizing princi-
ples for single-joint movements I: a speed-insensitive strategy.
J Neurophysiol 62:342–357

Gottlieb GL, Corcos DM, Agarwal GC (1989b) Strategies for the
control of voluntary movements with one mechanical degree
of freedom. Behav Brain Sci 12:189–250

Gottlieb GL, Song Q, Hong DH, Corcos DM (1996) Coordinating
two degrees of freedom during human arm movement: load
and speed invariance of relative joint torques. J Neurophysiol
76:3196–3206

Griliches Z, Rao P (1969) Small-sample properties of several two-
stage regression methods in the context of autocorrelated er-
rors. J Am Stat Assoc 64:253–272

Hadders-Algra M, Brogren E, Forssberg H (1996) Ontogeny of
postural adjustments during sitting in infancy: variation, selec-
tion and modulation. J Physiol 493:273–288

Hibbs D (1974) Problems of statistical estimation and causal infer-
ence in dynamic time series models. In: Costner H (ed) Socio-
logical methodology. Jossey-Bass, San Francisco, pp 252–308

Hobart DJ, Kelley DL, Bradley LS (1975) Modifications occur-
ring during acquisition of a novel throwing task. Am J Phys
Med 54:1–24

Johnston J (1972) Econometric methods. McGraw-Hill, New York
Kugler PN, Kelso JAS, Turvey MT (1980) On the concept of co-

ordinative structures as dissipative structures. I. Theoretical
lines of convergence. In: Stehnach GE, Requin J (eds) Tutori-
als in motor behavior. North-Holland, Amsterdam, pp 3–47

Lestienne F (1979) Effects of inertial load and velocity on the
braking process of voluntary limb movements. Exp Brain Res
35:407–418

Moore SP, Marteniuk RG (1986) Kinematic and electromyograph-
ic changes that occur as a function of learning a time-con-
strained aiming task. J Mot Behav 18:397–426

Mustard BE, Lee RG (1987) Relationship between EMG patterns
and kinematic properties for flexion movements at the human
wrist. Exp Brain Res 66:247–256

Ostrom CW (1990) Time series analysis: regression techniques.
Sage Publications, London

Schneider K, Zernicke RF, Schmidt RA, Hart TJ (1989) Changes
in limb dynamics during the practice of rapid arm movements.
J Biomech 22:805–817

Soechting JF, Lacquaniti F (1989) An assessment of the existence
of muscle synergies during load perturbations and intentional
movements of the human arm. Exp Brain Res 74:535–548

Spencer JP, Thelen E (1999) Spatially-specific changes in infants’
muscle coactivity as they learn to reach. (submitted)

Wierzbicka MM, Wiegner AW, Shahani BT (1986) Role of agonist
and antagonist muscles in fast arm movements in man. Exp
Brain Res 63:331–340

516

3 The thresholds used were 10% and 20% of the EMG signal
range for each muscle where the range was bounded by the maxi-
mum amplitude (with extreme spiking activity removed) and the
“noise” threshold computed from the baseline trials.


