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Abstract

The literature of Speed-Accuracy Trade-Off (SAT) in motor control has evidenced
individuality in the preference to trade different aspects (mean, variance) of spatial and temporal
errors. Nonetheless, to the best of our knowledge, how robust this preference is has not been
properly tested. Thirty participants performed nine conditions with different time and spatial
criteria over two days (scanning). In-between these scanning conditions, individuals performed a
practice condition that required modifications of the individuals’ preferences in SAT. Through
Bayesian analyses, we found that, despite individuals demonstrating changes during practice,
decreasing movement time, they did not modify how they performed the scanning conditions. This
is evidence for a robust SAT individual tendency. We discuss how such individuality could modify
how individuals perform within/between SAT criteria, and what this means for interpretation of
results.
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Introduction

There are, at least, two phenomena in motor control that are acknowledged by the whole
community: increasing movement speed degrades spatial movement accuracy (1-3), decreasing
movement speed degrades temporal movement accuracy (4). However, the exact relation between
movement speed and movement accuracy (the speed-accuracy trade-off [SAT]) is still elusive.
There are at least five different model accounts of SAT (e.g., (1,3,5-7)); none holds for all
variations imposed.

Collectively, the development of these accounts helped to provide important insight on the
SAT phenomena — each highlighting other models’ limitations. Hancock and Newell (6) was the
only one that encompassed both temporal and spatial error. Furthermore, these authors
demonstrated that not only variability (temporal and spatial accuracy) changed as a function of
movement speed, but also other moments of the error distribution: constant error (mean), skewness
and kurtosis. Guiard and Rioul (5) account was also the only one that understood the issue that
individuals could perform worse than their best. What this means is that, while the outcome will
be influenced by the SAT condition, participants are not necessarily performing to optimizing the
parameters of the given criteria. In more general terms, they provided the first arguments that SAT
has the potential to demonstrate large individual bias.

Interestingly, if one complements (and integrates) the aforementioned insights, we find a
direction of inquiry that, to the best of our knowledge, was not taken yet. Hancock and Newell (6)
discussed the issue of all moments of error distribution (in space and time) varying as a function
of movement speed, and posited that this implied a complementarity between space and time (i.e.,
the complementarity principle). This would mean that to fully understand mean spatial error, for
instance, one would need to be aware of all other moments of error in both space and time. This
makes sense as time and space are inherently interconnected; a phenomenon that involves speed
will influence both space and time. However, when stating their position, they provided functions
for each moment of error that would be independent of each other, contradicting the
complementarity argument (see (8)). Thus, their operationalization of the complementarity
principle failed to encompass the strength of the idea.

Recently, researchers on motor learning and motor control revisited the fact (see (9,10))
that there is individuality in strategies when performing SAT paradigms (e.g., (5)). Different than
Guiard and Rioul (5), that only considered the fact that individuals might show worse performance
than their best in these experiments, these new studies demonstrated that individuals are distinct
in their whole tendency to perform, emphasizing either spatial or temporal accuracy (11,12).

Considering the complementarity principle, these individual preferences (tendencies to
favor either space or time in SAT) would, logically, affect how the SAT relation is demonstrated
in both space and time for a given individual. For instance, if an individual decreases movement
time in a task (increasing movement speed) to decrease temporal variance, it would inevitably
increase mean temporal error (as there was a change in movement time) and decrease spatial
accuracy (as there was an increase in movement speed). Because of distinct individual preferences,
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changes in task conditions (changes in either spatial or temporal criteria) would affect individuals
uniquely. The only way to understand the individual SAT relation would be by considering also
the other moments of both spatial and temporal errors. Indeed, this was what Pacheco et al. (13)
demonstrated (see also (14)).

Thus, integrating the complementarity principle postulated by Hancock and Newell (6) and
the clear influence of individuality pointed out by Guiard and Rioul (5), we can postulate that
individuals demonstrate preferences to emphasize given moments of distribution of spatial and
temporal errors. If this preference accompanies the individual throughout the spectrum of SAT
manipulations, then this preference is a strong factor that would predict deviations from a general
SAT law — that is still to be unraveled. That is, if an individual consistently emphasizes, for
instance, spatial accuracy (variance) over all other moments of errors, then large deviations in
spatial bias as well as temporal bias and variance would be observed throughout range of SAT
conditions. This would alter how SAT is observed for this individual. Nonetheless, this tendency
to emphasize one error moment over others would need to be relatively robust (consistent) so as
to be measured and used as covariate in understanding SAT trends. To test whether such preference
is robust for each individual is the goal of the present paper. As we are aware, Pacheco et al. (13)
could only provide evidence for the complementarity principle — there was no evidence that the
same individual always emphasize a given SAT strategy through all SAT manipulations.

Previous studies demonstrated that individuals can change their way of acting in a given
condition if it is required to do so (11,12). That is, if an individual emphasized temporal accuracy
rather than spatial accuracy, one can modify the task constraints to induce changes in how this
individual performs the task (i.e., emphasize more spatial accuracy). Nonetheless, there is no
evidence that such change in preference for space or time in SAT is permanent. It could be that
individuals are able to adapt their strategies for new task requirements transiently, returning to
their original preference whenever such requirements cease to be (something that can be called as
a shift, see (15)). In fact, this is a strong possibility. In Pacheco et al. (12) (see also (16)),
participants had to decrease an error function combining spatial and temporal error in an aiming
task. Different conditions weighted more temporal than spatial errors on the performance score
(and vice-versa) requiring changes in their preference. While for some individuals the change in
preference took time but occurred, others never changed. Additionally, individuals that showed a
given preference in one condition were likely to show the same preference in another.

If there are strong individual biases on SAT, we will only understand how speed and
accuracy relate to each other after understanding the generalities that emerge from these
tendencies. Thus, the present study investigates whether preferences to favor given moments of
distribution of spatial and temporal errors are robust signatures of individuals when performing
SAT tasks. For this, we followed the same paradigm of previous studies that introduced task
constraints that would emphasize spatial and temporal relations different than the individuals’
initial tendency. On the first day of practice, we scanned individual preferences in nine SAT
conditions modifying temporal and spatial criteria and, after, asked participants to perform a task
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that would require changes in their preferences. On the second day, participants performed the
same nine SAT conditions to observe whether previous practice modified their preferences.

Methods
Participants

Thirty one healthy (ages 23.36 + 3.75, 8 females), right-handed (self-reported) individuals,
with normal (or corrected-to-normal) vision capacities, volunteered for this experiment. One
participant did not complete all conditions and, for this reason, was removed from the sample. This
experiment was approved by the ethics committee of the Fu Jen Catholic University and all
participants read and signed an informed consent form.

Task and Equipment

The task was to draw a line from a pre-specified home position to a target on a WACOM
Cintiq 27 digital tablet (Model DTK-2700/K0-CX, 130 Hz, 770mm x 465mm with active surface
area of 596.7mm x 335.6 mm) by using a handheld stylus (Pro pen, Model KP-503E) with a weight
of 18 g. The digital tablet monitor was connected to a PC computer (the pixel range was set at
1680 x1050) and angled 15° forward on the tabletop and placed in front of participants.

Participants performed two different conditions: scanning and practice. The Scanning
condition was performed in the first and second day and contained 9 movement time x distance
criteria. Each movement time x distance criterion was performed as a whole (50 trials) before
moving to the next condition and the order of conditions was randomized. A break was provided
after every two time x distance criteria blocks. The three movement time criteria were “as fast as
possible”, 550 ms, and 1000 ms. The three distance criteria were 10, 20 and 30 cm. Participants
were instructed to be as accurate as possible in both space and time. These conditions were chosen
as they encompass criteria that induce increases in either temporal or spatial errors (see (14)).

The practice condition was similar to Hsieh et al. (16). Participants performed an aiming
task, for 100 trials, in a condition with no explicit time criteria and a distance from home position
to target of 20 cm. Their goal in this condition was to achieve an error score (composed of temporal
and spatial criteria) of 1.00. The score (s) followed the equation

s = (W xpr + wg * pg) /(W * ¢ + wg * ¢5)

where s and t subscripts represent spatial and temporal parameters, w represents the weight for
space and time, p is the performed movement time or spatial error, and c represent the criteria for
both time and space. For the current study, wt was 500, ws was 1, ¢t was 0.25 s, and ¢s was 2 cm.
Given the weighing, this practice condition emphasized an increase in movement speed by
decreasing movement time. For instance, if an individual was performing the task in 500 ms and
missed the target by 4 cm (twice the criteria for both space and time), the score would be 2. An
improvement of 100 ms (decreasing the movement time to 400 ms) would lead to a score of 1.6063
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while an improvement in movement accuracy to 0.1 cm of error would only improve the score to
1.9693.

For each trial, participants would place the stylus on the home position (a small square of
2 x 2 mm) on the left of the screen. The target position was displayed as a small circle of 2 mm
diameter and would be visually available for the whole movement time x distance criteria block
or practice condition. After this, the tablet would make a beep sound indicating that the participant
could start the trial. Participants were informed that this was not a reaction time task and, thus,
they could take as long as they wanted to start the movement after the beep sound. The start of the
movement was defined by the stylus tip crossing the velocity threshold of 3 mm/s. The trials were
finished when the velocity of the cursor was less than threshold of 3 mm/s for more than 4 frames
(~ 30 ms).

Data Analysis

For the scanning condition, we measured the mean and standard deviation of spatial error
in the x-axis (horizontal) and movement time. Movement time was preferred here instead of the
temporal error since the “as fast as possible” criterion has no specific comparison to make. Thus,
it would only be possible to have an error score from two of the three ‘time’ conditions, so for
continuity in the analysis we chose to use movement time. Given the main variable of the analysis
is the standard deviation of error in space, analyzing movement time instead of temporal error does
not have any implication on our results or interpretation. For the practice condition, we measured
the mean of movement time, standard deviation of the radial axis error (the one used in the equation
of the score) and the mean score for the first and last 20 trials.

The first analysis was to demonstrate that individuals did modify their initial tendency
during the Practice condition. For this, we performed three Bayesian paired Wilcoxon tests in
terms of movement time, spatial error, and score. The second analysis was to test whether such
changes during practice modified the overall SAT tendency from the first to the second day of
practice. For this, we performed a Bayesian Repeated Measures ANOVA considering day,
movement time, and distance as independent variables and standard deviation of spatial error as
dependent variable. The Bayesian analysis was preferred to the frequentist approach to qualify the
argument on the evidence in favor (or against) of including the variable “day” to explain the data.
Evidence in favor of inclusion implies changes in the individual preferences in SAT and vice-
versa. The data demonstrated a distribution far from normal and, thus, we also performed robust
analyses (17) using Rallfun-v38 package to “confirm” whether non-significant p-values matched
those when BFnui were higher for repeated measures.

Finally, provided the argument on complementarity between error measures, we also
investigated whether the individuals’ response (average and standard deviation of spatial error,
standard deviation of movement time) would change over days. For this, we performed a
MANOVA with day, movement time, and movement distance as independent variables. We did
not include average movement time as this was not (and could not be) corrected by the movement
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time criteria (see above). The post-hoc analysis of the MANOV A were corrected with Bonferroni’s
procedure. Provided the data deviated from parametric assumptions, the post-hoc ANOVAs were
performed using robust repeated measures comparisons (17). All the p-values for the robust
analyses were corrected by Benjamini & Hochberg false discovery rate.

To understand how each type of error covaried with the other, we performed, as an
exploratory analysis, principle component analysis (PCA) and, using parallel analysis, found the
number of components that significantly explained the variance in the data. Parallel analysis
identifies how many components explain more variance than expected from shuffled data. The
data was standardized — we calculated the z-scores of each one — before running PCA. To
characterize the variables that composed each PC, we used a threshold of at least 0.40.

For all Bayesian analyses, we consider moderate evidence in favor of the alternative (or
the null) a Bayes Factor (BF) of at least 3 (18). BF reflects the amount of evidence provided by
the data (or the probability of the data given the hypothesis — e.g., alternative versus null) — or,
more generally, the strength of evidence provided by the data. When BFnun is presented, it refers
to the amount of evidence favoring the null hypothesis — when this is higher than the BFaiterative.
All analyses were performed in Matlab 2020b, SPSS 17.0, R and JASP 0.16.0.

All the data and codes can be accessed directly at https://osf.io/zwcgy/

Results
Practice Condition

Figure 1 shows the performance score, spatial and temporal measures over time (one versus
the other, and a ratio between them) from three exemplary participants. It is clear that, regardless
of the dependent variable, we see that individuals explored different combinations and improved
performance over practice. The Wilcoxon signed-rank paired analyses (2000 samples) showed that
individuals increased their spatial variability (BFaitemative = 6.28), decreased their movement time
(BFaitemative = 414.64) and, with this, improved their performance score (BFaiternative = 119.59).



223
224

225
226
227
228
229
230
231
232
233
234
235
236

4 - 20 T 0.8r T
(a) o (b) (c)
15 1 0.6 1
3t 0 s of
2 ! L}
“ 10 @ 0.4 e b e pe W
¥ chg T lh
2t - (1 N
- o°d 5 0.2
L i P @
; . S qmtonk g ,LO®.5 9_& ® e 0 | | | |
0 20 40 60 80 100 400 600 800 1000 1200 0 20 40 60 80 100
o ° 20 0.8
= @ 5 |, (e) (f)
3 4f 1 E 15 1 06 1
o 4 E .
8 5 ® S
S 3f 0 10 ° &‘30.4 2 % @0 edt
—_— [ A (1]
g © ¢ ""_“lr. h & s
2r% 1 ® 5 0.2 [ o & & 4
= L @
s o W o3 g,
o o "¢M‘uﬁ n ® o L
1 0 0
0 20 40 B0 80 100 400 600 800 1000 1200 0 20 40 60 80 100
oF : 20 0.8
(9) 8 (h) (i)
15 1 0.6 . 1
45 y Py )
10 °q 04 ° ' oq &
(6] A b
2 . ® @ 3F 0 v
NP itiinins ggmpind® 5 b 0.21'%
] P 9
0 . - - - 0 - . . - 0 - - . -
0 20 40 B0 80 100 400 600 800 1000 1200 0 20 40 60 80 100
Trials Movement Time (ms) Trials

Figure 1. Three exemplary participants (one per row) in terms of their performance score across trials ((a), (d), and
(9)), spatial error as a function of movement time ((b), (e), and (h)), and the ratio between spatial error and movement
time over trials ((c), (f), and (i)). The color of the circles in the second column represent trials (with lighter color
representing later trials). The ratio was calculated as in Pacheco et al. (12): r = log(MT)/log(S) with movement
time in ms and spatial error in dm.

Scanning Condition

Figure 2 shows the standard deviation of spatial error as a function of movement time,
distance and days. Despite a large between subject variation that seemed to have occurred for the
30 cm distance criterion on the first day, there is a tendency to decrease spatial variability with
increased time and decreased distance — a traditional speed-accuracy trade-off relation.
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Figure 2. Variable spatial error (boxplot and distribution) as a function of distance and movement time criteria.

The Bayesian Repeated Measures ANOVA showed that the best model was the model that
included only movement time and distance, with no interaction. This model had a BFaiternative Of
4,17 * 10% and had 3.83 more evidence than the second best model (that would only include
movement time). The best model including day as an independent variable was the one that
included day, movement time and distance — with no interaction as well. However, the best model
(not including day) had 7.74 more evidence than this one.

If we are to consider the inclusion of the variable day against all other models without it,
the BF for models excluding day was 18.36 — which is higher considering exclusion of “day”
interacting with any other variable (day * movement time: BFnu = 33.53; day * distance: BFnun =
72.42; day * movement time * distance: BFaui = 1404.51). Thus, we seem to have enough
evidence, given the present data, that there was no change in terms of how individuals showed
their standard deviation of spatial error across the scanning conditions after practice.

The post hoc analyses of the best model (including movement time and distance, no
interaction) showed that the differences occurred given the “as fast as possible” conditions elicited
higher standard deviation in spatial error than the other two conditions (fast vs 550 ms: BFaiternative
= 4.74 * 10'9; fast vs 1000 ms: BFaiternative = 2.45 * 10°) while the 550 ms conditions also showed
more variable spatial error than the 1000 ms conditions (BFaitemative = 37.75). Additionally, the 10
cm conditions showed less variable spatial error than both 20 cm conditions (BFaiternative = 7.90)
and 30 cm conditions (BFaitemative = 18.49).

The trimmed mean bootstrapped repeated measures robust analysis showed results in
accordance to the Bayesian Analysis. We found a non-significant effect of day (Q = 1.10; p =
.298), main effects of movement time (Q = 77.05; p <.001) and distance (Q = 9.07; p <.001), no
significant interactions with day (p’s > .642), and an interaction between movement time and
distance (Q = 1.45; p = .015).



265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280

281
282

283
284
285
286
287

288
289
290
291
292

Change of SAT Considering the Complementary Between Moments in Space and Time

From the principal component analysis and parallel analysis, two main components
explained the data more than the simulated data (variance accounted for = 74%). We found that
the first component was positively related to variability in spatial error (loading: 0.76) and average
spatial error (0.78), while negatively related to average movement time (-0.76). The second
component was positively related to variability in movement time only (0.90); no other variable
was above the 0.4 threshold. That is, those who overshot the target (spatially), increased variability
in spatial error and finished the movement faster. Variability in time seemed unrelated to these.
Figure 3 shows how four exemplary individuals varied in terms of each component for day 1. We
see that each participant combined these variables differently. For instance, one participant (red)
always showed large values of PC2 — being somewhat separated from the other exemplary
participants in the figure. One participant (gray) showed not much change over the six conditions
(a grouping around -0.5 PC2 and 0 PC1) while others showed clear groupings of three (probably
indicating similar average movement times for each time criteria).

15 -
¢
1 a
(0]
05}
a =
N, &%
0
a @ ¢ o
BRI M
' o) <§> o
1 ® ®
15 :
-2 1 0 1 2
PC1

Figure 3. Individual combination of spatial and temporal errors represented by the scores of the resultant first and
second principal components for four participants on day 1. The first component (PC1) has large loading from variable
spatial error, average spatial error and average temporal error. The second component (PC2) has large loading from
variable temporal error only. Each color represents a different participant. Circles reflect 10 cm distance, squares
represent 20 cm distance, and diamonds represent 30 cm distance. Symbols with thicker lines represent longer
movement time conditions.

Considering all measures, the MANOVA (after the false discovery rate procedure) showed
that there was a main effect of measures (Roy’s Largest Root = 7.96; p < .001; #p? = 0.89), two-
way interactions between movement time and distance (Roy’s Largest Root = 0.63; p = .011; #p?
= 0.39), measures and movement time (Roy’s Largest Root = 0.70; p = .006; 5> = 0.41) and
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measures and distance (Roy’s Largest Root = 0.83; p = .003; 7> = 0.45), and a three-way
interaction of measures, distance and movement time (Roy’s Largest Root = 1.10; p = .019; #p? =
0.53). Of relevance, provided there was no effect of day in the MANOVA, we did not perform any
extra post hoc analyses.

Discussion

The speed-accuracy trade-off is one of the most robust phenomena in the area of motor
control. Interestingly, its underlying processes and influential factors are far from being totally
unraveled. In the present manuscript, we encompassed the views from Guiard and Rioul (5) and
Hancock and Newell (6) to understand the individual intrinsic tendencies in SAT (see also (13)).
A main issue is that such tendencies would not be easy to identify if they were simply a “bias” due
to recent experiences (transient changes). Thus, we aimed to investigate whether such intrinsic
tendencies in SAT would be affected by a single session of practice that required individuals to
decrease spatial accuracy via decreasing movement time. Our results demonstrated, through
several analyses, that, despite individuals being able to shift their current spatial/temporal
speed/accuracy tendencies if a given task condition requires them to do so, they do not change
their tendencies in SAT — the same space/time criteria lead to the same outcome.

The current results, which show that individuals perform similarly after practice, are
relevant as they might contribute to understanding not only how individuals emphasize either
speed or accuracy but also to why this is the case. For instance, a common feature in aging is that
old adults become more conservative — they decrease speed to accommodate the increased
variability in their movements (9,19). Additionally, recent investigations have demonstrated that
children with developmental coordination disorder can maintain similar compensatory joints/end-
point as healthy individuals if they decrease their movement speed in reaching (20). Clearly, such
emphasis between speed and accuracy might not need to be explained in terms of capacity limits,
but also individual preferences that emerge over practice that favored more one (e.g., speed) rather
than the other (e.g., accuracy) aspect of SAT.

The question is why would individuals be so “rigid” in terms of SAT tendencies?
Considering the previous discussion, the outcome in a SAT task will depend on both individuals
physiological capacities (e.g., processing limits, inherent variability) and intrinsic preferences
(e.g., previous experience, modus operandi). Such combination of many factors leads to a sweet
spot where, potentially, variability is at the minimum. We strongly believe that pushing individuals
away from this balance between speed and accuracy might increase overall difficulty in performing
the task — something that could be grasped through the concept of sample entropy ((14,21) but see
below). Previous studies that used such concept found a specific condition on which individuals
would reach its minimum, in the average. Clearly, when analyzing each individual one would find
that, for each, the sweet spot between conditions was slightly different (between conditions) (14).
We are, however, arguing that the emergent error (variability) arising from a given condition is the
sweet spot within that given condition. Thus, it is our argument that this emergent sweet spot might

11
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be the basis of individual consistency or “rigidity” in the SAT paradigm. This argument has not
been, to the best of our knowledge, appropriately tested in the literature.

Note that such sweet spot might not be easily measured from the sample entropy applied
in Hsieh et al. (14). This is the case because they only considered variability of the data, not how
much individuals deviate from target (the average spatial and temporal errors). Despite such
variability potentially implying how individual capacities are being defied — how difficult is it for
the system to be consistent in the task — it fails to consider how individuals adjust other moments
of errors to compensate variability (13) and how much they act to correct such errors (22). Thus,
despite an interesting possibility, future research should focus on how to quantify and test the
possibility of SAT sweet spots. From the present results, we have evidence that, at least, there is
a spot to where individuals return to after adapting it for given task requirements.

Despite not being the main question of our paper, an important question is whether our
results support or challenge previous models in SAT literature. In demonstrating a large (and
robust) individuality between individuals, we can argue that all models are challenged by the
present results. This is the case provided most models assume that individuals respond similarly
to changes in SAT conditions. That is, if one requires one individual to perform with a decreased
movement time in a given condition, then all individuals would change the other moments of
spatial error similarly. The reported individuality, nonetheless, is consistent with the current state
of many other areas of motor control, as researchers are abandoning the idea that people behave
similarly and are instead being discussed as non-ergodic systems (23). Our results (see Figure 3)
show that this is not the case. Also, the fact that one needs to consider temporal accuracy (variance)
is something beyond most models. The question is which model holds after controlling for these
individual preferences — something that is still an open question.

An important final point of discussion is that changes in SAT relation given short term
practice — if they were to occur — would largely hurt the estimates of the SAT relation itself. That
is, if practicing condition x with given spatial/ temporal criteria creates a bias in the SAT relation,
the next practiced condition, let us say y, would measure the SAT relation plus the influence of x.
This would also occur for all subsequent conditions. Thus, the SAT relation at the end of the
assessment would not be the same as the SAT relation at the beginning of the assessment; an issue
of the measurement altering the measure. The present experiment provides initial evidence that
this is not the case, but future studies await for longer practice effects.

The current study, however, has some limitations or concerns that must be acknowledged.
The first is that we based ourselves in “average-based” analyses to infer whether individuals would
modify their intrinsic tendencies. As the name states, this can be problematic as intrinsic tendencies
are individual and adaptations could have occurred differently for each individual (see (23,24)).
Clearly, we based our analyses on the idea that the same task requirements were imposed in all
individuals. Thus, if the task constraints are similar and constrain individuals towards more speed
and less accuracy, we are to expect similar changes even between individuals. We acknowledge
the issue that a proper analysis of the task space was not performed and, thus, we cannot affirm
that this would be the case. The second issue is that the resultant data did not demonstrate

12
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parametric assumptions. Bayesian analyses and the MANOVA do require parametric assumptions
to be met. Yet, the Bayesian analyses were necessary to argue in favor of the null hypothesis as
this was a main aspect of this investigation. We also performed robust analyses to make sure that
if results were found through one analysis, this should be similar when performing frequentist
(robust) analyses.

In summary, we found that individuals show a robust intrinsic tendency in SAT. This is
maintained even after modifying it to attend to specific task demands. Such result allows further
research to identify how such intrinsic tendencies are demonstrated when the full spectrum of
speed-accuracy trade-off conditions are tested. It is important to highlight that there is great chance
that averaging might confound or suppress important information in how speed and accuracy relate
— something demonstrated elsewhere (24-26). We believe that, only after understanding what is
individual in SAT, can we understand what is general.
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