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Abstract The utilization of sensory information during activ-
ities of daily living is ubiquitous both prior to and during
movements (i.e., related to planning and online control, re-
spectively). Because of the overlapping nature of online cor-
rective processes, the quantification of feedback utilization
has proven difficult. In the present study, we primarily sought
to evaluate the utility of a novel analysis in the frequency
domain for identifying visuomotor feedback utilization (i.e.,
online control). A second goal was to compare the sensitivity
of the frequency analysis to that of currently utilized measures
of online control. Participants completed reaching movements
to targets located 27, 30, and 33 cm from a start position.
During these reaches, vision of the environment was either
provided or withheld. Performance was assessed across con-
temporary measures of online control. For the novel frequency
analysis presented in this study, the acceleration profiles of
reaching movements were detrended with a 5th-order polyno-
mial fit, and the proportional power spectra were computed
from the residuals of these fits. The results indicated that the
use of visual feedback during reaching movements increased
the contribution of the 4.68-Hz frequency to the residuals of
the acceleration profiles. Comparisons across all measures of
online control showed that the most sensitive measure was the
squared Fisher transform of the correlation between the posi-
tions at 75 % and 100 % of the movement time. However,
because such correlational measures can be contaminated by

offline control processes, the frequency-domain analysis pro-
posed herein represents a viable and promising alternative to
detect changes in online feedback utilization.

Keywords Online control . Discrete reaching . Power
spectra . Visuomotor feedback

The human sensorimotor system must be sensitive to the dy-
namic nature of the environment in which voluntary move-
ments are completed. One source of sensory information that
is obviously important for the maintenance of movement ac-
curacy is visual information. This capacity is exemplified
through the use of visual feedback during an ongoing move-
ment (i.e., online control). For example, the use of feedback-
related processes is apparent through the changes in accuracy
brought about by manipulations of visual information after
movement onset (e.g., Elliott & Madalena, 1987; Heath,
2005; Keele & Posner, 1968; Woodworth, 1899; Zelaznik,
Hawkins, & Kisselburgh, 1983). Although the influence of
online feedback-based processes is evident in behavioral out-
comes, the quantification of online feedback utilization and
the manner in which feedback is utilized have been the sub-
jects of much debate (e.g., Elliott &Hansen, 2010; Khan et al.,
2006).

Models of online control have been proposed to explain
sensory feedback utilization during action, and many re-
searchers have worked from the general assumption that ac-
curacy is maintained via a servo-mechanism (i.e., Craik,
1947). For example, to explain the use of online feedback
during action, Crossman and Goodeve (1963/1983) proposed
a model of visual control wherein visual corrective feedback
processes occur in an iterative fashion whereby corrections are
completed serially at a fixed latency. Likewise, Howarth,
Beggs, and Bowden (1971) also argued that feedback
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processes require a fixed latency of time from which to act.
This latency, however, would be the limiting factor regarding
the number of corrections per movement. More recently,
Meyer, Abrams, Kornblum, Wright, and Smith (1988) argued
that the timing of corrective submovements could instead be
described by statistically optimal processes. That is, correc-
tions are completed at a point in the movement at which they
would optimally improve movement accuracy. Although dif-
ferences existed between the above models, common threads
between them have included the notions that online feedback
utilization is likely an iterative process that requires time.

The models described above also relied primarily on the
idea that discrete discontinuities in kinematic profiles could be
interpreted as evidence for online feedback utilization. As
such, methodologies developed for the measurement of online
feedback utilization have often relied on the presence of dis-
crete trajectory discontinuities. For example, Khan, Franks,
and Goodman (1998) developed an index of error correction
efficiency based on reduction in the errors associated with a
secondary submovement (i.e., the error correction phase).
Such submovements are often identified through an analysis
of trajectory discontinuities (see Walker, Philbin, Worden, &
Smelcer, 1997). Subsequent findings, however, have provided
evidence that the simple reliance on the identification of tra-
jectory discontinuities may not always provide conclusive ev-
idence regarding feedback utilization. For instance, Elliott,
Carson, Goodman, and Chua (1991) argued that discrete dis-
continuities in kinematic profiles may not always be apparent.
That is, online corrective processes may instead occur in an
overlapping manner, such that individual corrective
submovements may not be discernible at the kinematic level.
One source of evidence for this assertion came from the find-
ing that the number of discrete discontinuities in a trajectory
does not systematically decrease with the withdrawal of vision
of the environment (e.g., Elliott et al., 1991). In comparison,
the time spent moving following peak limb velocity (i.e., the
deceleration phase duration) has been reported to be more
tightly linked to the vision manipulations employed.
Therefore, it was argued that online corrective processes likely
occurred in a temporally overlapping fashion that resulted in
smooth trajectory profiles. This idea has become known as the
Bpseudocontinuous control model.^ The existence of overlap-
ping corrections poses a potential problem for the identifica-
tion and quantification of online feedback utilization during
movement, especially for techniques that rely on discrete dis-
continuities in the movement trajectory.

Another finding incongruent with the quantification of on-
line feedback utilization on the basis of the number of discrete
discontinuities in a trajectory was presented by Dounskaia,
Wisleder, and Johnson (2005). They examined reciprocal
and discrete reaching movements and evaluated the numbers
of discontinuities in the profiles. In the presence of online
visual information, more discontinuities were observed for

the trajectories of the discrete than of the reciprocal move-
ments. Thus, it was argued that some discontinuities may
come about simply through the process of slowing a limb to
a stop rather than as a consequence of online feedback utili-
zation. If it is often not apparent that a correction has been
made, nor that the presence of discontinuities can be associat-
ed with online feedback utilization, how can one accurately
assess the relative use of corrective processes on the basis of
discontinuities alone?

To address the above issue, many kinematic measures have
been proposed as proxies for the quantification of the involve-
ment of feedback-related processes for the online control of
voluntary movements. That is, in the absence of the ability to
directly measure and quantify online feedback utilization at
the neurophysiological level, many behavioral measures have
been put forth to provide best estimates regarding the influ-
ence of online visuomotor mechanisms. These include the
time after peak velocity (e.g., Elliott et al., 1991), trial-to-
trial variability (e.g., Khan et al., 2003; Messier & Kalaska,
1999), measurements of the higher derivatives of position
with respect to time, such as jerk (e.g., Flash & Hogan,
1985), and correlations of position at different movement pro-
portions (e.g., Fisher2, proposed by Bernier, Chua, Franks, &
Khan, 2006; R2, described by Heath, 2005; Heath, Westwood,
& Binsted 2004; r, from Messier & Kalaska, 1999; and
Fisher’s Z transformation of the correlation between the dis-
tances traveled to and after peak velocity, put forward by
Elliott, Binsted, & Heath, 1999). Increases in the time after
peak velocity have been proposed to be associated with online
feedback utilization in part because it was initially believed
that the early phases of movement were completed without the
influence of feedback (e.g., Woodworth, 1899). Thus, greater
reliance on feedback would extend to the later portion of the
movement. Alternatively, the analysis of normalized jerk (i.e.,
the third derivative of position) across a movement (i.e., a
Bjerk score^; e.g., Tresilian, Stelmach, & Adler, 1997) has
been proposed as a proxy for online feedback utilization.
Movements unaltered by feedback have been assumed to be
planned in a manner that minimizes jerk (i.e., discontinuities),
and thus, increases in the normalized jerk indicated a greater
contribution of feedback utilization to the performance (e.g.,
Flash & Hogan, 1985). More recent methodologies for the
quantification of online feedback utilization during reaches
have relied on between-trial variability and correlations (e.g.,
Messier & Kalaska, 1999). In general, movements unaltered
by online feedback have been assumed to result in relatively
stereotyped trajectories across a number of trials. Therefore,
the predictability of position between different proportions of
a trajectory theoretically could be utilized to assess the influ-
ence of feedback-related processes. Lower correlations have
therefore been taken as evidence for adjustments across tra-
jectories, which have been attributed to online feedback utili-
zation (e.g., Elliott et al., 1999; Heath, 2005). Although each
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of these measures can provide evidence supporting the possi-
bility that feedback mechanisms have been utilized, all are
potentially contaminated by offline (i.e., trial-to-trial) changes
in behavior. Indeed, changes in the stereotypedness of the
profile can also come about through changes in the planning
process (e.g., Plamondon & Alimi, 1997). Evidence for this
assertion has come from the finding that performance is max-
imized when the availability of visual feedback is scheduled in
a blockedmanner, as compared to a randomized schedule (i.e.,
Elliott & Allard, 1985). In addition, both the relative certainty
of the availability of feedback (i.e., Zelaznik et al., 1983) and
the availability of vision on preceding trials (i.e., Cheng, Luis,
& Tremblay, 2008) have been shown to influence endpoint
accuracy across reaches. Thus, changes in reaching perfor-
mance, which could otherwise be erroneously attributed to
online feedback utilization, could theoretically come about
through offline changes in performance.

Another potential solution to the problems associated with
the measurement of online control resides in the frequency
domain. The relative contributions of different oscillation fre-
quencies to a signal can be represented by a normalized power
spectral density function (see, e.g., Warner, 1998). These fre-
quencies can also be represented as latencies (i.e., seconds per
cycle, rather than cycles per second). Because corrective reac-
tion times to visual perturbations tend to be relatively stable
throughout reaching movements (e.g., Cressman, Cameron,
Lam, Franks, & Chua, 2010; Proteau, Roujoula, & Messier,
2009; Saunders & Knill, 2003), the influence of online cor-
rective feedback processes based on visual information likely
exerts its influence at a specific frequency (i.e., a latency).
Thus, rather than simply estimating the number of discontinu-
ities in a trajectory, the contributions of specific iterative in-
fluences, presumably associated with specific feedback pro-
cesses, can be quantified and evaluated. Additionally,
representing the trajectory in the frequency domain circum-
vents the difficulty of identifying online feedback utilization
caused by temporally overlapping corrective processes. These
overlapping processes contribute to the same frequencies in
the frequency domain (i.e., they are additive). This type of
analysis has been previously applied to a line-drawing task
(e.g., Van Galen, Van Doorn, & Schomaker, 1990), small
goal-directed finger and wrist movements (van Galen &
Schomaker, 1992), and reciprocal reaching trajectories (e.g.,
VanDonkelaar & Franks, 1991). However, these studies need-
ed be extended by including comparisons of performance
across different sensory environments in order to more direct-
ly assess online control processes.

One goal of the present experiment was to directly test the
prediction that differences in performance due to online feed-
back utilization would be measurable in the frequency domain
(i.e., the proportional power spectra) of the limb trajectories of
discrete reaching movements. Participants were tasked with
completing goal-directed reaching movements to stationary

targets in the presence or absence of online visual feedback.
These two sensory environments were chosen to identify the
frequencies accounting for the differences in performance me-
diated by visual feedback processes during reaching move-
ments. Due to the wave-like form of the acceleration traces
of discrete reaching movements (i.e., a sine-wave shape), ac-
celeration traces were chosen for the frequency analysis.
Because the process of differentiation amplifies high-
frequency noise in signals (e.g., Bracewell, 1986), accelera-
tion traces were gathered directly using a triple-axis acceler-
ometer, rather than from double-differentiated position data.
Kinematic profiles were converted to a frequency representa-
tion using a fast Fourier transform (FFT). The FFToutput was
then converted to a proportional power spectrum (pPower; %
spectral power), so that differences between the two visual
conditions could be assessed directly (see Warner, 1998).
We hypothesized that increased feedback utilization in the
presence of online visual information would result in an in-
crease in the pPower as compared to performance in the ab-
sence of online visual feedback. The specific frequency at
which this difference resided could potentially identify the
iterative rate at which visual feedback has been utilized. This
frequency was hypothesized to be in the range of up to ap-
proximately 10 Hz (i.e., iterative rates of feedback utilization
up to around 100 ms; e.g., Carlton, 1992; Saunders & Knill,
2003; Zelaznik et al., 1983). Although separate online control
processes have been proposed (i.e., impulse vs. limb-target
regulation processes; see Elliott et al., 2010), the explicit quan-
tification of these subprocesses was deemed to be beyond the
scope of the present study.

A secondary goal of the present experiment was to com-
pare the herein-proposed frequency analysis to contemporary
measures of online control with regard to their abilities to
identify differences in performance between conditions with
and without online vision available (see also Elliott & Hansen,
2010; Khan et al., 2006). This was achieved by examining the
magnitudes of the effect sizes of significant effects involving
the visual availability manipulations. In addition to the effect
sizes associated with these significant effects, the effect sizes
associated with theoretically driven individual comparisons
were also investigated. This would allow for the identification
of the individual comparisons associated with particular mea-
sures of online control that were most sensitive to changes in
the availability of visual information.

Method

Ten participants (three female seven male; mean age =
25 years, SD = 5.8) were recruited for participation from the
University of Toronto community. All participants were self-
declared right-handed and had normal or corrected-to-normal
vision at the time of participation. All participants gave
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informed written consent prior to participation and were reim-
bursed ($10 CAD).

Participants were seated in front of a custom aiming con-
sole. A palpable home position was located 30 cm to the right
of the participant’s midline. Participants wore an infrared
light-emitting diode (LED) on their right index finger. Their
index finger position was then monitored at a sampling rate of
200 Hz by an Optotrak Certus motion-tracking system
(Northern Digital, Waterloo, ON, CA). In addition, partici-
pants wore an orthotic wrist brace and held a flat, rigid custom
plastic tool (2 cm × 12 cm × 0.4 cm) against the underside
(i.e., the inferior surface) of their right index finger (i.e., it held
the finger straight). This tool was held such that it extended
from approximately the base of the participants’ index finger
to the base of the distal phalanx. Consequently, the pad of the
participant’s index finger was not obstructed. A triple-axis
accelerometer was affixed to this tool (Model MMA7361L,
Sparkfun Electronics, Niwot, CO, USA), and the accelerom-
eter sampled concurrently with the Optotrak data at 200 Hz
using the analog-input ports on a multifunction data acquisi-
tion card (Model PCI-6042E; National Instruments, Austin,
TX, USA). Participants were instructed to complete a right-
to-left (i.e., lateral-to-medial) goal-directed reaching move-
ment from the home position to a target LED (i.e., upon the
target’s illumination) as quickly and accurately as possible,
but with a greater emphasis on movement accuracy.
Participants were also instructed to keep the accelerometer
(i.e., the moving finger/tool) as close to perpendicular to the
axis ofmovement as was comfortably possible during reaches.
The direction of movement was chosen primarily for two rea-
sons. First, ending the movements near the participant’s mid-
line minimized the potential for occlusion of the target by the
reaching limb. Second, movements along the medial–lateral
axis were chosen to minimize cross-contamination of the axes
of the accelerometer. Three target amplitudes were used (27,
30, and 33 cm), and the 30-cm target amplitude LED was
positioned approximately at the participant’s midline (i.e.,
mid-sagittal plane). All target LEDs were situated beneath
the surface of the aiming console and were not visible to the
participant until they were illuminated. Three target ampli-
tudes were employed in an attempt to reduce the predictability
of the specifics of an upcoming trial and, thus, in turn to
reduce the degree to which movements could be influenced
by offline processing. The task itself—namely a simple dis-
crete reaching movement—was chosen to provide a straight-
forward context from which to infer changes in performance
due to online feedback utilization, while also being consistent
with the literature that has investigated online control mecha-
nisms (e.g., Elliott & Hansen, 2010; Plamondon & Alimi,
1997; Wallace & Newell, 1983).

Reaching movements were completed in two sensory en-
vironments: with online visual feedback (i.e., full-vision con-
dition: FV) and without such feedback (i.e., no-vision

condition: NV). The availability of online visual information
was manipulated using liquid crystal goggles (Translucent
Technologies, Toronto, ON, Canada). In the NV condition,
the goggles occluded visual information at movement onset.
The movement onset was determined by the first time that a
velocity threshold of 30 mm/s was achieved in the primary
movement axis for two consecutive samples. A movement’s
end was determined by the first time after which the finger
velocity in the primary movement axis fell below 30 mm/s for
two consecutive samples. Participants completed ten familiar-
ization trials, followed by a total of 30 FV trials and 30 NV
trials to each of the three targets. A total of 180 experimental
trials were thus completed by each participant (i.e., 30 Trials ×
2 Vision Condition × 3 Target Amplitudes) in approximately
30 min. The order of the trials of both vision conditions was
randomized within the experiment, and the experimental pro-
cedures and data acquisition were controlled via custom
MATLAB scripts (The Mathworks Inc, Natick, MA, USA).

Design and analysis

Participants’ performance was quantified and analyzed across
five sets of dependent variables. The first four of these includ-
ed a selection of currently utilized measures for the quantifi-
cation of online control, and the fifth was the novel frequency-
based approach forwarded in the present study. The currently
utilized methodologies considered included both within-trial
and between-trial measures of online control whereas the
frequency-based approach employed was a within-trial mea-
sure. The currently utilizedmethodologies were first evaluated
in order to validate performance differences across the vision
conditions prior to the forthcoming analysis in the frequency
domain.

The first set of conventional dependent variables were cal-
culated with respect to movement end and were operationally
defined asmovement end kinematic measures. These included
temporal dependent variables such as movement time (MT),
time to peak velocity (TTPV), time after peak velocity
(TAPV), and proportional time after peak velocity (i.e.,
pTAPV). MTwas defined as the elapsed time between move-
ment onset and movement end. The magnitude and timing of
peak velocity was determined by the maximal velocity
achieved between movement onset and movement end.
Also, endpoint spatial measures were employed, including con-
stant error (i.e., endpoint bias: CE) and variable error (i.e., end-
point standard deviation: VE). Each of these variables was
quantified in both the primary and secondary movement axes
(e.g., CEPrim and CESec represent the constant errors in the
primary and secondary axes, respectively). The second set
was spatio-temporal in nature and included only the peak ve-
locity in the primary movement axis (i.e., PV). The third set of
dependent variables were based on trajectory characteristics
(i.e., trajectory-based kinematic measures), and included jerk
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score (i.e., JScore) as well as variability analyses at 25%, 50%,
75 %, and 100 % of the MT (e.g., Variability @ 75 %MT). The
JScore was calculated via the following equation:

JScore ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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where SSJerk represents the sum of the squared jerk across the
trajectory, MTSeconds represents the movement time in seconds,
and JerkVoltsRange represents the difference between themaximum
and minimum jerks recorded from the differentiated accelerom-
eter trace, across a trajectory. The variability analysis was asso-
ciated with the raw spatial variability (i.e., the between-trial with-
in condition standard deviation) at different movement propor-
tions, across all trials within a condition. Additionally, between-
trial correlational analyses were completed at 25, 50, and 75%of
MT. These analyses included: r-squared analysis (i.e., R2), Fisher
Z analysis (i.e., Fisher), and Fisher Z-squared analysis (i.e.,
Fisher2). The R2 was computed as the squared Pearson correla-
tion between the positions at the selected proportions of the MT
and the position at movement end (e.g., R2 @ 75 %MT).
Likewise, the Fisher variable was calculated as the Fisher r-to-
Z-transformed versions of the same correlations, and Fisher2 was
the square of the Fisher variable. These trajectory-based
measures were also assessed in both the primary and secondary
movement axes (e.g., FisherPrim and FisherSec). These variables
were analyzed both to help assess their own relative validity and
to validate the frequency analysis that followed.

The last, and critical, set of dependent variables assessed
was evaluated in the frequency domain. Acceleration trajecto-
ries were recorded with the accelerometer in the primary and
secondary movement axes. To isolate trajectory discontinu-
ities, a 5th-order polynomial was fit to each trajectory, and
the residuals were converted into proportional power spectra
(pPower) with a frequency resolution of 1.56 Hz (see Fig. 1).
A 5th-order polynomial was chosen for the fit because the
acceleration traces of discrete aiming movements exhibit four
bends (i.e., one centered around movement initiation, one
centered around peak acceleration, one centered around peak
deceleration, and one centered around movement end). The
detrending of the acceleration trace allowed for the direct
comparison of discontinuities across conditions, irrespective
of differences in the MTs. The power spectra were calculated
by first applying a Hanning truncationwindow to the residuals
of the polynomial fit, and the FFT was computed using the
fft() function in MATLAB using a transform length of 128
samples (i.e., to capture a movement duration up to 640 ms).
The application of the Hanning window ensured that the data
substrate slowly tapered to zero at the ends, which reduces the
presence artifacts in the output of the FFT (see Randall, 2008;
Warner, 1998). It also served the purpose of minimizing the
influence of any accelerometer artifacts present at the start or

end of the movement. The power spectra were computed from
the FFT output, and the proportional power was assessed at
each frequency as a percentage of the total power up to the
Nyquist frequency (i.e., up to 100 Hz). For the purposes of the
analysis, pPower was assessed across seven frequencies rang-
ing from 1.56 up to 10.94 Hz.

All dependent variables were statistically evaluated using
repeated measures analyses of variance (ANOVAs). The anal-
yses of the movement-end-based variables, along with the anal-
yses of JScore and PV, were all structured as 2Vision Condition
(FV, NV) × 3 Target Amplitude (27, 30, 33 cm) repeated mea-
sures ANOVAs. The analyses of the trajectory-based variables
associated with multiple movement proportions (i.e.,
Variability,R2, Fisher, and Fisher2) were assessed with the same
first two factors and with the additional factor Movement
Proportion (25 %, 50 %, or 75 % of MT). In addition, the
analysis of the variability measure included a fourth level of
Movement Proportion—namely, 100 % of the MT. The repeat-
ed measures ANOVA completed on the frequency-based mea-
sure (i.e., pPower) had a 2 Vision Condition (FV, NV) × 3
Target Amplitude (27, 30, 33 cm) × 7 Frequency (1.56, 3.12,
4.68, 6.25, 7.81, 9.37, 10.93 Hz) design. This range of frequen-
cies was chosen because the minimum time required to use
visual information for online control has been reported to be
approximately 100 ms (i.e., 10 Hz; Carlton, 1992; Saunders &
Knill, 2003; Zelaznik et al., 1983). Across all analyses, when
the assumption of sphericity was violated, Greenhouse–
Geisser-corrected degrees of freedom were used to assess sig-
nificance. All corrected degrees of freedom are reported to the
first decimal place. Significant main effects and interactions
were further assessed using a simple main effects approach
and Bonferroni-corrected multiple comparisons. Because
Vision Condition was the most theoretically relevant factor,
the decomposition of the significant interactions was completed
to examine the differences across rather than within levels of
Vision Condition. For these comparisons, the Bonferroni cor-
rection was applied on the basis of the number of comparisons
made rather than the total number of possible comparisons. The
statistical analysis was completed using R (R Development
Core Team, 2014), and the ANOVAs were computed with the
EZ package (Lawrence, 2013). All effect sizes reported repre-
sent the generalized eta squared (i.e., ηG

2; see Bakeman, 2005;
Olejnik & Algina, 2003). In the case of analyses yielding sig-
nificant main effects and significant interactions, only the inter-
actions were further analyzed and interpreted.

Results

Movement end dependent variables

The MT analyses resulted in main effects of vision condition
[F(1, 9) = 6.10, p = .036, ηG

2 = .009] and target amplitude
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[F(2, 18) = 33.4, p < .001, ηG
2 = .117]. Movements completed

in the presence of vision (i.e., FV) resulted in significantly
longer MTs (i.e., 405 ms, SD = 46) than did movements
completed without vision (i.e., NV; 396 ms, SD = 50). Post-
hoc analyses of the main effect of target amplitude indicated
that movements to farther targets resulted in significantly longer
MTs (i.e., 27 cm: 378 ms, SD = 49; 30 cm: 401 ms, SD = 48;
and 33 cm: 421 ms, SD = 51). Significant differences were
observed between each level of target amplitude (all ps < .008).

The TPVanalyses yielded only a significant main effect of
target amplitude [F(1.7, 15.6) = 12.56, p = .003, ηG

2 = .056].
Farther target amplitudes resulted in longer TPV values (i.e.,
27 cm: 151 ms, SD = 21; 30 cm: 157 ms, SD = 25; 33 cm:
161 ms SD = 33). Post-hoc analyses revealed significant dif-
ferences between each of these levels of target amplitude (all
ps < .033).

The TAPV analyses resulted only in a significant main
effect of target amplitude [F(1.5, 13.7) = 21.50, p < .001,
ηG

2 = .120]. Longer target amplitudes resulted in longer
TAPV values (i.e., 27 cm: 232 ms, SD = 34; 30 cm: 249 ms,
SD = 31; 33 cm: 259 ms, SD = 26). Post-hoc analysis revealed
that all target amplitude levels were significantly different
from one another (all ps < .037). In contrast to the TAPV
findings, pTAPV resulted in no significant main effects or
interactions (Fs < 1.3, ps > .280, ηG

2s < .007) (grand mean
= 62 %, SD = 4).

The assessment of CEPrim (i.e., the constant error in the
primary movement axis) resulted in a main effect of vision
condition [F(1, 9) = 64.64, p < .001, ηG

2 = .246]. Positive and
negative values indicated target overshoots and undershoots,
respectively. Movements completed without vision (i.e., NV)
resulted in significantly shortened movement amplitudes (i.e.,

−0.4 mm, SD = 2.7), as compared to movements completed
with vision (i.e., 3.4 mm, SD = 1.7). The analysis of CESec
(i.e., constant error in the secondary movement axis) yielded
main effects of both vision condition [F(1, 9) = 32.95, p <
.001, ηG

2 = .104] and target amplitude [F(1.2, 10.4) = 6.81, p
= .014, ηG

2 = .177]. Note that positive and negative values for
CESec indicated movement endpoints that were farther or clos-
er to the body, respectively, relative to the target. Movements
completed without vision (i.e., NV) resulted in endpoints that
were farther than the target away from the body (i.e., 6.2 mm,
SD = 3.6) than did movements completed with vision (i.e.,
FV; 3.9 mm, SD = 2.5). Post-hoc analyses of the main effect of
target amplitude resulted in a significant difference between
the 33-cm (i.e., 2.8 mm, SD = 3.6) and the 30-cm (i.e.,
5.7 mm, SD = 2.9; p = .002) target amplitudes. Additionally,
the comparison between the 33-cm and 27-cm (i.e., 6.6 mm,
SD = 3.9) target amplitudes approached statistical significance
(p = .053).

The VEPrim analyses resulted in a significant main effect of
vision condition [F(1, 9) = 7.05, p = .026, ηG

2 = .097].
Movements completed without vision resulted in larger end-
point distributions (i.e., 8.1 mm, SD = 0.8) than did move-
ments completed with vision (i.e., 7.1 mm, SD = 1.3).
Conversely, the analysis of VESec did not result in any main
effects or interactions (Fs < 1.09, ps > .358, ηG

2s = .152)
(grand mean = 5.2 mm, SD = 0.6).

Spatio-temporal dependent variable

The PV analyses yielded a significant main effect of target
amplitude [F(1.1, 10.2) = 70.84, p < .001, ηG

2 = .082]. Larger
target amplitudes led to larger PV values (i.e., 27 cm: 1.4 m/s,

Fig. 1 An example of the data
reduction process. a The raw
acceleration profile for the
primary axis of movement. b The
best fitting 5th-order polynomial
of this profile. c The substrate for
the frequency analysis. The
residuals of the polynomial fit
were multiplied by a Hanning
truncation window. d The
proportional power spectra of
these preprocessed residuals
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SD = 0.3; 30 cm: 1.5 m/s, SD = 0.3; 33 cm: 1.6 m/s, SD = 0.3).
Post-hoc analyses of this main effect identified significant dif-
ferences between all target amplitude levels (ps < .005).

Trajectory-based dependent variables

Because the effects of MT proportion (i.e., 25 %, 50 %, and
75 %MT) in the trajectory-based dependent variables that in-
cluded it were expected and theoretically trivial, significant
main effects and interactions involving MT proportion were
not subjected to post-hoc comparisons across levels of MT
proportion.

The jerk score analyses in the primary movement axis (i.e.,
JScorePrim) resulted in amain effect of target amplitude [F(1.3,
11.4) = 27.25, p < .001, ηG

2 = .152]. JScorePrim increased with
increases in target amplitude (i.e., 27 cm: 1,466, SD = 148;
30 cm: 1,551, SD = 122; and 33 cm: 1,601, SD = 112). Post-
hoc analyses revealed significant differences between all
levels of target amplitude (all ps < .008). The analyses of
JScoreSec yielded a significant main effect of target amplitude
[F(2, 18) = 17.34, p < .001, ηG

2 = .161]. JScoreSec increased
with increases in target amplitude (i.e., 27 cm: 1,535, SD =
255; 30 cm: 1,692, SD = 272; and 33 cm: 1,819, SD = 278).
Post-hoc analyses revealed significant differences between all
levels (ps < .005), except for the comparison between the 27-
cm and 30-cm target amplitudes (p = .075).

The analyses of the variability across movements in the
primary movement axis (i.e., VariabilityPrim) resulted in a
main effect for movement proportion [F(1.1, 14.3) = 42.33,
p < .001, ηG

2 = .044]. VariabilityPrim changed across themove-
ment proportions (i.e., 25 %MT: 16.12 mm, SD = 4.99 mm;
50 %MT: 23.54 mm, SD = 5.97; 75 %MT: 12.41 mm, SD =
2.41; 100 %MT: 7.61 mm, SD = 0.93). The main effect of
target amplitude neared conventional levels of statistical sig-
nificance [F(2, 18) = 3.11, p = .069, ηG

2 = .044]. The Target
Amplitude ×Movement Proportion interaction [F(2.7, 24.5) =
2.82, p = .065, ηG

2 = .029] and the Vision Condition ×
Movement Proportion interaction [F(1.3, 12.1) = 3.55, p =
.075, ηG

2 = .024] also neared conventional levels of statistical
significance. The VariabilitySec analyses yielded significant
main effects of target amplitude [F(2, 18) = 7.51, p = .004,
ηG

2 = .048] and movement proportion [F(1.3, 11.4) = 18.71,
p < .001, ηG

2 = .273]. VariabilityPrim tended to increase with
increasing target amplitude (i.e., 27 cm: 4.8 mm, SD = 1.1;
30 cm: 5.4 mm, SD = 1.3; and 33 cm: 5.6 mm, SD = 1.2). Post-
hoc analyses of the target amplitude effect indicated that the
27-cm target exhibited significantly lower variability than did
the 30- and 33-cm targets (ps < .04). Across movement pro-
portions, VariabilitySec increased and then decreased (i.e.,
25 %MT: 3.8, SD = 1.5; 50 %MT: 6.4, SD = 1.9; 75 %MT:
5.7, SD = 0.8; and 100 %: 5.2, SD = 0.6).

Analysis of theR2
Prim data resulted inmain effects of vision

condition [F(1, 9) = 10.24, p = .011, ηG
2 = .067] and

movement proportion [F(1.1, 9.5) = 64.45, p < .001, ηG
2 =

.408]. Trials completed in the presence of visual feedback
resulted in significantly lower R2 values (i.e., .16, SD = .05),
as compared to trials completed in the absence of vision (i.e.,
.25, SD = .09). R2Prim increased with increases in movement
proportion (i.e., 25 %MT: .11, SD = .03; 50 %MT: .13, SD =
.05; 75 %MT: .40, SD = .12). The R2Sec analyses resulted only
in a main effect of movement proportion [F(2, 18) = 120.43, p
< .001, ηG

2 = .605]:R2
Sec increased with increasingmovement

proportion (i.e., 25 %MT: .13, SD = .07; 50 %MT: .35, SD =
.13; 75 %MT: .67, SD = .14).

The assessment of the Fisher Z-transformed correlations in
the primary movement axis (i.e., FisherPrim) resulted in a main
effect of movement proportion [F(1.2, 10.6)) = 123.38, p <
.001, ηG

2 = .418] and an interaction between vision condition,
target amplitude, and movement proportion [F(4, 36) = 3.71,
p < .013, ηG

2 = .010]. This three-way interaction was further
analyzed by running separate 2 Vision Condition × 3
Movement Proportion repeated measures ANOVAs for each
of the three target amplitudes. Although all three analyses
yielded significant main effects of movement proportion [all
Fs(2, 18) > 38, ps < .001, ηG

2 > .350], only the 33-cm target
amplitude resulted in a significant Vision Condition ×
Movement Proportion interaction [F(1.3, 11.5) = 4.53, p =
.049, ηG

2 = .028]. Post-hoc analyses of this interaction, how-
ever, indicated that no significant differences existed between
vision conditions across proportions for the 33-cm target am-
plitude (all ps > .191). The analysis of FisherSec resulted only
in a main effect of movement proportion [F(2, 18) = 125.79,
p < .001, ηG

2 = .583]; FisherSec increased with increasing
movement proportion (i.e., 25 %MT: 0.26, SD = 0.20;
50 %MT: 0.67, SD = 0.21; 75 %MT: 1.24, SD = 0.26).

Squared Fisher Z values in the primarymovement axis (i.e.,
Fisher2Prim) resulted in significant main effects of vision con-
dition [F(1, 9) = 14.16, p = .004, ηG

2 = .047] and movement
proportion [F(1.0, 9.2) = 33.55, p < .001, ηG

2 = .309]. Also,
the interaction between vision condition and movement pro-
portion neared conventional levels of statistical significance
[F(1.1, 9.9) = 3.91, p = .074, ηG

2 = .016]. Trials completed in
the presence of visual feedback resulted in significantly lower
Fisher2Prim values (i.e., 0.25, SD = 0.13) than did trials com-
pleted in the absence of vision (i.e., 0.44, SD = 0.19). Our
Fisher2Sec analysis resulted in a main effect of movement pro-
portion [F(1.1, 10.3) = 58.36, p < .001, ηG

2 = .540]: Fisher2Sec
increased with increasing levels of movement proportion (i.e.,
25 %MT: 0.15, SD = 0.10; 50 %MT: 0.56, SD = 0.26; 75 %MT:
1.68, SD = 0.64).

Frequency-based dependent variables

Because significant main effects of frequency were expected
and theoretically trivial, these significant main effects were
not subjected to post-hoc comparisons. The evaluation of the
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proportional power spectra of the acceleration traces in the
primary movement axis (i.e., pPowerPrim) resulted in signifi-
cant main effects for target amplitude [F(2, 18) = 5.84, p =
.011, ηG

2 = .009] and frequency [F(1.4, 12.9) = 20.84, p <
.001, ηG

2 = .630]. Also, a significant Vision Condition ×
Frequency interaction was found [F(2.0, 17.7) = 5.54, p <
.014, ηG

2 = .014]. Overall, proportional power increased with
increasing target amplitude (i.e., 27 cm: 8.8 %, SD = 1.2;
30 cm: 9.3 %, SD = 1.1; 33 cm: 9.7 %, SD = 1.1). Post-hoc
analyses of the target amplitude effect revealed a significant
difference in proportional power between the target ampli-
tudes of 27 and 33 cm only (p = .039). The Vision
Condition × Frequency interaction was further evaluated
through post-hoc comparisons between vision conditions
across the range of frequencies. This analysis resulted in a
significant difference in proportional power between FV and
NVat the 4.68-Hz frequency level only (p < .001) (see Fig. 2).
That is, in the presence of online visual information, the pro-
portional power at the 4.68-Hz level (i.e., M = 12.7 %, SD =
5.8) was significantly greater than the proportional power
attained when vision was unavailable during action (i.e.,
M = 10.9 %, SD = 5.8).

The assessment of proportional power in the secondary
movement axis (i.e., pPowerSec) yielded significant main ef-
fects of vision condition [F(1, 9) = 7.99, p = .020, ηG

2 = .007]
and frequency [F(1.6, 14.3) = 23.76, p < .001, ηG

2 = .606].
Additionally, we observed a significant three-way interaction
between vision condition, target amplitude, and frequency
[F(3.9, 34.7) = 3.70, p = .014, ηG

2 = .018]. This three-way
interaction was first assessed by completing a series of 2
Vision Condition × 7 Frequency repeated measures
ANOVAs—that is, one for each of the three target amplitudes.

First, regarding the 27-cm target amplitude, significant
main effects were found for vision condition [F(1, 9) = 6.50,

p < .031, ηG
2 = .011] and frequency [F(1.5, 13.2) = 18.99, p <

.001, ηG
2 = .612]. In the presence of vision, the proportional

power across the range of frequencies examined was signifi-
cantly greater (i.e.,M = 7.6%, SD = 1.3) than when vision was
unavailable during action (i.e.,M = 6.9 %, SD = 1.4). Second,
regarding the 30-cm target amplitude, significant effects were
found for the main effect of frequency [F(1.8, 16.1) = 23.14,
p < .001, ηG

2 = .620] and the interaction between vision con-
dition and frequency [F(2.0, 18.4) = 8.07, p = .003, ηG

2 =
.050]. Post-hoc comparisons between vision conditions across
levels of frequency indicated nonsignificant differences, al-
though the comparisons made at 4.68 Hz (FV: 10.6 %, SD =
4.7; NV: 8.1 %, SD = 3.9) and 6.25 Hz (FV: 14.5 %, SD = 4.6;
NV: 11.8 %, SD = 3.3) neared statistical significance (i.e., ps
of .07 and .056, respectively). Finally, regarding the 33-cm
target amplitude, a main effect of frequency was found
[F(2.0, 18.1) = 20.61, p < .001, ηG

2 = .591]. The main effect
of vision condition also neared statistical significance
[F(1, 9) = 4.90, p = .054, ηG

2 = .008].

Discussion

One goal of the present study was to evaluate the ability of
frequency analyses to identify changes in performance attrib-
utable to online visual feedback utilization during discrete
reaching movements. This goal was achieved by comparing
participants’ reaching performance under conditions wherein
online visual information was either available or not
available. Differences between vision conditions were
observed in both the primary and secondary movement
axes. In the primary movement axis, increases in
pPower were observed at the 4.68-Hz frequency. In
the secondary axis, no specific frequency was identified;
however, pPower increased in general in the FV condi-
tion relative to the NV condition. Such effects in
pPower potentially represented differences in online vi-
sual feedback utilization. These differences were corrob-
orated by FV-versus-NV differences with conventional
measures of online control.

The secondary goal of the present study was to compare
existing measures of online control in terms of their sensitiv-
ities to changes in feedback utilization brought about by ma-
nipulations of vision (i.e., FV vs. NV condition.). To this end,
an analysis was undertaken of the effect sizes involving the
Vision Condition factor. Additionally, the effect sizes associ-
ated with theoretically driven individual comparisons were
also examined to identify the most sensitive individual mea-
sures. Ultimately, correlation-based measures such as R2 and
Fisher2 yielded the highest individual effect sizes. The pPower
analyses resulted in the highest within-trial effect sizes and
represented a viable alternative.

Fig. 2 Proportional power across frequencies for the two vision
conditions in the primary movement axis. The FV condition exhibited
significantly greater proportional power in the 4.68-Hz frequency. Error
bars represent one between-subjects SEM
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Conventional measures of online feedback utilization

Overall, the analysis of conventional measures of online con-
trol resulted in significant FV-versus-NV differences. These
findings therefore helped to corroborate any differences found
in the frequency analyses. First, considering the movement
end temporal variables, a significant main effect of vision
condition was found for MT. Longer MTs were observed for
movements with as compared to without online visual feed-
back (e.g., Carson, Chua, Elliott, & Goodman, 1990). Such an
effect can theoretically be attributed in part to the temporal
costs associated with the use of feedback (see Fitts, 1954).
Indeed, when utilizing targets with relatively high indices of
difficulty (i.e., indices of difficulty above 3.58 bits; see
Wallace & Newell, 1983), FV-versus-NV performance differ-
ences may be more confidently associated with visual feed-
back utilization. As such, in the present study we employed
targets approximately 1 cm in width at distances ranging from
27 to 33 cm, yielding indices of difficulty from 5.75 to 6.04
bits. As a result, we have a reasonable level of confidence that
the presence of vision during the movement (i.e., online feed-
back use) explains the observed differences in the investigated
measures of online control. Unlike previous research, howev-
er, we found no significant differences for TAPV or pTAPV
(cf. Elliott et al., 1991), although the mean difference between
vision conditions was in the expected direction for TAPV (i.e.,
FV = 251 ms vs. NV = 243 ms). Notably, other studies have
also failed to detect TAPV differences between FV and NV
conditions (e.g., Heath et al., 2004).

Second, considering the movement end spatial variables,
significant effects involving vision condition were found for
CEPrim, CESec, and VEPrim. The analysis of CEPrim resulted in
significant undershooting in the NV condition relative to the
FV condition. Additionally, reaching movements were signif-
icantly more accurate in the secondary movement axis (i.e.,
CESec) in the FV than in the NV condition. Also, significantly
smaller VEPrim was observed in the FV than in the NV condi-
tion. Each of these patterns of data have been reported previously
for comparable reaching conditions (e.g., Heath, 2005).

Third, the analysis of the trajectory-based measures
resulted in significant effects involving vision condition for
the R2

Prim, Fisher
2
Prim, and VariabilityPrim variables. Overall,

performance in the presence of online visual feedback (i.e., the
FV condition) resulted in lower R2Prim and Fisher2Prim values
than when online visual feedbackwas not available (i.e., in the
NV condition). These main effects were in line with previous
findings differentiating FV from NV conditions (e.g., Heath,
2005; Khan, Lawrence, Franks, & Buckolz, 2004; Tremblay,
Hansen, Kennedy, & Cheng, 2013; cf. Bernier et al., 2006).
As such, these analyses of R2

Prim and Fisher2Prim have
provided evidence of greater alterations of ongoing trajecto-
ries in the presence of online visual feedback than during
performance in the absence of online visual feedback.

Ultimately, these analyses of conventional measures of
feedback-related processes (i.e., online control) in the present
study have provided converging evidence that participants
made use of the visual information available for feedback-
related processes during reaches. Therefore, significant FV-
versus-NV differences in the conventional measures of online
control could be confidently associated with differential use of
feedback processes.

Frequency-based measurement of online feedback
utilization

Through our analysis of contemporary measures of online
feedback utilization, it appeared that participants were indeed
making use of online visual information in the FV condition
relative to the NV condition. Thus, a closer look at the differ-
ences in the pPower spectra from the frequency analysis was
warranted. Vision condition significantly influenced the
pPower spectra for both the primary and secondary movement
axes. In the primary axis, significantly greater pPower was
observed at the 4.68-Hz frequency in the presence of online
visual feedback (i.e., the FV condition), as compared to per-
formance without feedback available (i.e., the NV condition).
Likewise, the secondary movement axis yielded a similar FV-
versus-NV difference, although a specific frequency of influ-
ence could not be identified. Because the FV-versus-NV dif-
ferences in performance were associatedwith specific changes
in the pPower spectra in the primary movement axis, it is
possible that these changes could be associated with differen-
tial use of online visual feedback. Thus, analysis in the fre-
quency domain appears to be sensitive to changes in perfor-
mance brought about by differences in online feedback utili-
zation in discrete aiming movements.

The critical frequency of 4.68 Hz can be associated as first
glance with a feedback iteration time of 214 ms. That is, be-
cause the changes in performance brought about through
changes in online feedback utilization were found to be related
through a specific common frequency (i.e., 4.68 Hz), the use
of feedback may exert its influence at the associated time-
based rate. This frequency of 4.68 Hz and its associated iter-
ation rate (i.e., 214 ms per cycle) are actually congruent with
the hypothesized influence of feedback at 10 Hz (i.e., 100 ms
per cycle; e.g., Saunders & Knill, 2005). The apparent dis-
crepancy can be alleviated if one acknowledges the possibility
that in the absence of discrete secondary accelerations, correc-
tive processes may be characterized by graded accelerations or
decelerations rather than discrete acceleration–deceleration
pairs (see Wisleder & Dounskaia, 2007). Also, because
pPower represents trajectories in terms of sine and cosine
waveforms, the 4.68-Hz frequency represents the rate of ac-
celeration–deceleration pairs. Therefore, the difference in
pPower at 4.68 Hz can be taken as evidence for the presence
of graded adjustments of acceleration or deceleration that
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could be occurring at twice this rate (i.e., 9.36 Hz). This higher
frequency estimate of the latency of online feedback utiliza-
tion results in an iteration time of approximately 107 ms. Such
a value is consistent with currently accepted corrective reac-
tion times to visual perturbations (i.e., 100 ms; see Brenner &
Smeets, 1997; Carlton, 1992; Saunders & Knill, 2005;
Zelaznik, Hawkins, & Kisselburgh, 1983). Therefore, the lev-
el of frequency that was associated with performance differ-
ences was consistent with online visual feedback utilization
latencies.

Although it may have also appeared that pPower scaled
proportionally with movement amplitude, a strict association
between movement amplitude and pPower was not universal-
ly found. That is, despite the fact that the NV condition un-
dershot the FV condition in the primary movement axis and
overshot the FV condition in the secondary movement axis,
significant differences between the FVas compared to the NV
condition were observed in the analyses of both axes.1

Nonetheless, the specificity of the frequencies responsible
for differentiating between the vision conditions was more
clearly defined for the primary movement axis (i.e., FV >
NV at 4.68 Hz only) than for the secondary movement axis
(i.e., FV > NV main effect).

Whereas in the present study we manipulated target ampli-
tude, the target width remained constant across targets. The
absence of significant interactions between target amplitude
and vision condition, at least for the primary movement axis,
indicated a relatively robust pattern across the range of target
amplitudes examined. Thus, further work explicitly manipu-
lating accuracy demands (i.e., target widths) or employing a
greater range of amplitudes and different movement directions

could prove useful to provide support for this association be-
tween pPower and feedback utilization with greater confi-
dence. That is, in the present study we could not explicitly
evaluate the influence of large changes in MT, accuracy de-
mands, movement amplitude, or direction on pPower, which
should be addressed in future investigations. Furthermore, be-
cause the frequencies evaluated in the analysis of pPower
were dependent on the collection rate and the MTs (i.e.,
200 Hz/128 samples = 1.56-Hz increments), the preciseness
of the estimates of iteration times should be taken with a
certain degree of caution (see Warner, 1998). Ultimately, this
frequency-based analysis remains subject to the same criti-
cism as conventional measures of online control, because they
are all indirect or implied measure of online control. It must be
recognized that a direct evaluation of the underlying nature of
online feedback utilization would require additional neuro-
physiological measurements, which is beyond the scope of
the present study. Nevertheless, frequency-based analyses
were found to be sensitive to changes in performance associ-
ated with online feedback utilization (i.e., performance differ-
ences across FV vs. NV) in a manner that may also identify
the latency at which online visual feedback has been utilized.

A comparison of methods: Effect sizes

The secondary goal of the present study was undertaken
through an analysis of the effect sizes associated with the
significant effects across all measures differentiating the FV
from the NV condition. Although it is generally good practice
to run power analyses in order to set appropriate sample sizes
for investigations, the exploratory nature of the present study
did not afford a predicted relevant effect size on which to base
such an analysis. Instead, a post-hoc review of the achieved
effect sizes across all variables was undertaken. Specifically, a
comparison across the measures’ effect sizes was used to eval-
uate their relative sensitivities to changes in online feedback
utilization. Regarding all significant effects able to differenti-
ate between the levels of the Vision Condition factor (i.e., FV,
NV), VEPrim, R

2
Prim, and Fisher

2
Prim yielded in the highest ηG

2

values (i.e., .097, .067, and .047, respectively; see Tables 1
and 2). The significant effects in the pPower analysis resulted
in ηG

2 values that were in the same range (i.e., .014 and .018,

1 Although pPower was found to be a sensitive measure for dissociating
performance across the FV and NV conditions, it was theoretically pos-
sible that changes inMTwere driving the observed effects. In order to test
this possibility, a supplementary analysis was completed wherein be-
tween vision condition t tests for MT and pPowerPrim at 4.68Hz were
completed for each target. If the MT differences were indeed driving
the pPower effects, then a comparable pattern of differences between
vision conditions would be expected. Regarding the MT data, a signifi-
cant FV-versus-NV difference was observed for the 30-cm target only
(i.e., p = .009). Conversely, significant FV-versus-NV differences in
pPowerPrim at 4.68 Hz were observed for both the 27-cm and 30-cm
targets (i.e., ps < .015). Thus, although MT and pPower may be related
measures, they are distinct indicators of online control.

Table 1 Effect sizes associated with significant effects for measures not including the Movement Proportion factor

Effect Dependent Variable

MT TTPV TAPV pTAPV CEPrim CESec VEPrim VESec JScorePrim JScoreSec

Vision Condition .009* – – – .246*** .104*** .097* – – –

Target Amplitude .117*** .056** .120*** – – .177* – – .152*** .161***

Vision Condition × Target Amplitude – – – – – – – – – –

Effect size reported = generalized eta squared (i.e., ηG
2 ); B–^ indicates p ≥ .05. * p < .05. ** p < .01. *** p < .001
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respectively; see Table 3) as that of FisherPrim (i.e., .010), and
greater than that of MT (i.e., .009). Although the effect sizes
associated with pPower were not the largest effect sizes attained,
they were certainly in the range of currently utilized measures.

The observed pattern of greater effect sizes for CE and VE
relative to pTAPV and trajectory-based variability measures
(see Tables 1 and 2) has been previously reported by Elliott
and Hansen (2010). Elliott and Hansen did not, however, re-
port equivalently high effect sizes for the R2 analysis. Indeed,
they did not report a significant effect involving vision condi-
tion for the analysis of R2. The key difference between the
work of Elliott and Hansen and the present study could have
stemmed from differences in offline (i.e., trial-to-trial) changes
in performance. That is, because Elliott and Hansen utilized
only one target (cf. the three target amplitudes in the present
study) and Bblocked^ their vision conditions (cf. the random-
ized vision conditions in the present study), participants may
have planned their movements differently across conditions.
Additionally, Elliott and Hansen computed their R2-type anal-
yses from fewer trials per condition (i.e., 20) and through
correlations at the occurrences of kinematic markers in the
primary movement axis (i.e., peak acceleration, peak velocity,
and peak deceleration; see also Heath, 2005). In contrast, in

the present study we utilized a greater number of trials (i.e.,
30) and normalized MT proportions (i.e., 25 %MT, 50 %MT,
and 75 %MT; see also Tremblay et al., 2013). Thus, it may be
that such analyses are more sensitive regarding assessments of
the percentage of MT (cf. Heath, 2005) or that a greater num-
ber of trials should be utilized (i.e., 30; see also Heath, 2005).

In addition to the general comparison of the effect sizes of
the significant effects involving vision condition, the effect
sizes associated with the most theoretically driven specific
comparisons were assessed separately (see Table 4). This anal-
ysis was completed to determine the measure that was most
sensitive to vision manipulations, and which specific compar-
ison could be most informative regarding evidence for the
presence of online control. The comparisons considered in-
cluded VEPrim, MT, pTAPV, R2

Prim, Fisher
2
Prim, R

2
Prim @

75 %MT, Fisher
2
Prim @ 75 %MT, and pPower @ 4.68 Hz for

both the primary and secondary movement axes. On the basis
of a direct comparison of the effect sizes associated with these
variables, the largest effect size was associated with
Fisher2Prim @ 75 %MT, followed by R2

Prim @ 75 %MT and
VEPrim. The effect sizes associated pPower in the primary
and secondary movement axes resulted in intermediate effect
sizes that were, however, larger than the effect sizes associated

Table 3 Effect sizes for the significant effects associated with the frequency-based dependent variables

Effect Dependent Variable

pPowerPrim pPowerSec

Vision Condition – .007*

Target Amplitude .009* –

Frequency .630*** .606***

Vision Condition × Target Amplitude – –

Vision Condition × Frequency .014* –

Target Amplitude × Frequency – –

Vision Condition × Target Amplitude × Frequency – .018*

Effect size reported = generalized eta squared (i.e., ηG
2 ). B–^ indicates p ≥ .05. * p < .05. *** p < .001

Table 2 Effect sizes for the significant effects associated with measures that include the Movement Proportion factor

Effect Dependent Variable

R2
Prim R2Sec FisherPrim FisherSec Fisher2Prim Fisher2Sec VariabilityPrim VariabilitySec

Vision Condition .067* – – – .047** – – –

Target Amplitude – – – – – – .044*** .048**

Movement Proportion .408*** .605*** .418*** .583*** .309*** .521*** .521*** .273***

Vision Condition × Target Amplitude – – – – – – – –

Vision Condition × Movement Proportion – – – – – – – –

Target Amplitude × Movement Proportion – – – – – – – –

Vision Condition × Target Amplitude × Movement
Proportion

– – .010* – – – – –

Effect size reported = generalized eta squared (i.e., ηG
2 ); B–^ indicates p ≥ .05. * p < .05. ** p < .01. *** p < .001

Behav Res (2016) 48:1653–1666 1663



with the other within-trial measures—namely, MT, TAPV, and
pTAPV. Ultimately, these findings indicate that the most sen-
sitive current measure of online visuomotor control, as evi-
denced by the present assessment of effect sizes, is Fisher2Prim
@ 75 %MT. However, the trial-by-trial nature of Fisher

2
Prim is

also sensitive to offline changes in performance, which are not
necessarily attributable to changes in online feedback utiliza-
tion. For example, an individual may choose to change the
prioritization of speed versus accuracy based on performance
on a trial-to-trial basis (e.g., de Grosbois, Heath, & Tremblay,
2015). That is, individuals may move their finger into the
vicinity of the target at different rates across trials. As such,
the form of the movement trajectory could vary significantly
from trial to trial, irrespective of changes in online feedback
utilization. Such changes in performance could come about as
a function of practice. That is, the relative symmetry of
reaching movements to a target can change over a series of
trials with the concurrent visual information that is available
(e.g., Khan et al., 1998). Overall, this type of between-trial
variability could theoretically induce false positives in the R2

and Fisher2 measures by lowering the predictability across
trials of the relation between the distance traveled at earlier
movement proportions and the distance traveled at movement
end. The within-trial nature of the removal of the unique 5th-
order polynomial trend from each of the acceleration profiles,
followed by the frequency analyses forwarded in the present
study, could theoretically circumvent the above-mentioned
potential contamination of offline processing in measures of
online feedback utilization. That is, the specificity of the dif-
ferences in the frequency domain could theoretically identify
changes in feedback utilization irrespective of offline, trial-by-
trial changes in performance.

Conclusion

Overall, we found the evaluation of Fisher2Prim at 75 % of the
movement time to be the best measure for dissociating perfor-
mance between conditions wherein online visual feedback
was either available or withheld. However, the between-trial
nature of the measure could have increased the susceptibility
of the measure to offline changes in performance. In contrast,

analyses in the frequency domain at 4.68 Hz for the accelera-
tion trajectories could be a more sensitive within-trial measure
of online control and may be more robust to trial-by-trial
changes in performance.

Although the use of sensory feedback during goal-directed
actions is ubiquitous, the measurement of online feedback
utilization has proven challenging. In the present study, we
applied analyses in the frequency domain, through proportion-
al power spectra, to identify the presence of feedback process-
es and the latency at which they were taking place during
discrete reaching movements. These analyses were successful
in differentiating performance in the presence versus absence
of online visual feedback, while also confirming a potential
minimum iterative rate of approximately 107 ms. Ultimately,
the application of this frequency-based analysis to reaching
trajectories provides an additional avenue to identifying and
quantifying online feedback utilization.

Author note This research was supported by the Natural Sciences and
Engineering Research Council of Canada, the Canada Foundation for
Innovation, and the Ontario Research Fund.
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