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Sensorimotor adaptation is essential for keeping our movements well
calibrated in response to changes in the body and environment. For over a

century, researchers have studied sensorimotor adaptationinlaboratory
settings that typically involve small sample sizes. While this approach has
proved useful for characterizing different learning processes, laboratory
studies are not well suited for exploring the myriad of factors that may
modulate human performance. Here, using a citizen science website,

we collected over 2,000 sessions of data on a visuomotor rotation task.
This unique dataset has allowed us to replicate, reconcile and challenge
classic findings in the learning and memory literature, as well as discover
unappreciated demographic constraints associated with implicit and
explicit processes that support sensorimotor adaptation. More generally,
this study exemplifies how alarge-scale exploratory approach can
complement traditional hypothesis-drivenlaboratory researchin advancing
sensorimotor neuroscience.

Multiple learning processes contribute to successful goal-directed
actions'. Among these processes, sensorimotor adaptation is of pri-
mary importance, helping ensure that our movements remain well
calibratedinresponse to changesinbodily states and the environment.
For example, sensorimotor adaptation can help a basketball player
compensate for muscle fatigue or abent rim'™>.

The study of sensorimotor adaptation traces back to the early
days of experimental psychology*°. George Stratton published his
classic self-experiment in 1897, describing the behavioural and psy-
chological changes he experienced when wearing mirror-inverting
glasses for eight consecutive days. In the twenty-first century, these
questions are typically addressed by using environments and virtual
reality systems that allow the experimenter to perturb the movement
feedback®”. For example,avisuomotor perturbation canbeintroduced
by rotating the position of the cursor from the actual hand position.
The mismatch between the expected and actual positions of the visual
feedbackelicits adaptation—thatis, movementsin the opposite direc-
tion of the rotation that reduce and eventually nullify the visuomotor

error. If the perturbation is small, this change in hand angle emerges
gradually and occurs outside the participant’s awareness, a phenom-
enonknown as implicitrecalibration'. If the perturbation s large, the
adaptive response may be accompanied by more explicit adjustments
inaiming" ¢ (seeref. 17 for areview).

Studies of sensorimotor adaptation are typically conducted with
specially designed apparatuses in controlled laboratory settings.
Thisapproach hasbeen extremely successful in revealing critical spa-
tial’®**' and temporal®*® constraints on adaptation, as well as exam-
ining the contributions of different neural systems to this form of
learning"*'>*~3 In-personresearch typically involves small samples™,
increasing thelikelihood that findings will fail to generalize outside the
experimental context® . Moreover, studies of sensorimotor adapta-
tion typically involve homogenous WEIRD samples (that is, Western,
educated, industrialized, richand democratic)*, with the expectation
that motor learning would exhibit little variation across the human
spectrum. This assumption, however, is challenged by recent stud-
ies revealing large individual differences in almost all psychological
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Table 1| Summary of demographic and task features

Table 1 (continued) | Summary of demographic and task
features

Feature Category Data Feature Category Data
Age (yr) - 26.3 (9-96) Highest level of education Primary 21
Rating of clumsiness - 0.0(1.1) Middle 286
Rating of enjoyment - 0.3(11) Secondary 358
Rating of video game - -0.2(1.4) Some college 388
frequency -

Technical school 54
Amount of daily computeruse - 6.9(3.2)
(hours) Bachelor 313
Amount of daily sleep = 71(1.4) Graduate 262
(hours) Rather not say 54
Baseline variability (°) - 41(2.0) The mean age (minimum to maximum) is provided. The means and standard deviations
Baseline reaction time (ms) _ 289.8 (76.9) are provided for self-reported Likert ratings of clumsiness ('l am clumsy’), self-reported

. i Likert ratings of overall experience completing the experiment (‘I enjoyed the experiment’)

Baseline movement time (ms) - 182.4(127.2) and self-reported Likert ratings of video gaming frequency (| play a lot of video games’).

K K A rating of -2 or 2 signified that the participant strongly disagreed or strongly agreed with
Baseline search time (ms) B 1,640.4 (338.6) the statement, respectively. The means and standard deviations are provided for baseline
Screen size (pixels) Height 787.3 (160.7) movement variability, reaction time, movement time, search time and screen size. The counts

(that is, the number of participants) for each category are provided for the participants’ sex,
Width 1,525.8 (319.1) handedness, device used, racial origin, visual ability, neurological disorder, browser
used, target location, undergraduate major and highest level of education achieved.
Sex Female 855 ms, milliseconds.
Male 839
Other 53 X . . g . .
- processes, ranging from visual perception’® to spatial reasoning™. If
Handedness Right U3 the goal of sensorimotor neuroscience centres on revealing human
Left 150 universals and understanding how individual experience gives rise to
P — 50 behavioural variability*°~*, the time is ripe for alarge-scale investiga-
Device Mouse 764 tion ask!ng how task and demographic features impact sensorimotor
adaptation.
Trackpad 942 Toaddress theseissues, we designed aweb-based visuomotor rota-
Trackball 18 tiontask**¢and collected more than 2,000 sessions of data through a
Other 23 citizenscience website (www.testmybrain.org)*’*°, This crowdsourcing
— — approach enabled us to recruit a large, heterogenous cohort of par-
Racial origin Multi-racial 79 .. . . . 51 . .
ticipants. Leveraging this unique dataset’’, we built a cross-validated
White 833 predictive model to identify core features of successful motor adap-
Asian 431 tation. The model not only identifies features that hold across the
Latine 16 broader population but also highlights unappreciated features that
. . modulate individual differences in motor learning. Gaining a deeper
African American 55 understanding of these individual differences could help instructors
Native American 22 and clinicians tailor their interventions more effectively and inspire
Other 93 future hypothesis-driven laboratory studies to specify the computa-
tional mechanisms underlying this variability.
Rather not say 13
Vision intact Yes 1,584 Results
No 163 The viability of studying motor adaptation outside thelab
Neurological disorder No 1434 We collected 2,121 sessions of data through the testmybrain.org
website. The dataset included behavioural results from a web-based
Yes s13 visuomotor rotation task along with answers to ademographic sur-
Browser Chrome 1,375 vey. Participants completed different numbers of sessions, and we
Fiafter 142 employed a few variants of the task (Table 1, Supplementary Table 1
and Methods).
Opera 42 . . . . .
We first focused on naive participants who completed a task in
Safari 177 which allreaches were to asingle target (no. of sessions, 1,747). After a
Target location Cardinal 835 familiarization block with veridical feedback, a45° visuomotor rotation
Diagonal 912 was imposed between the participant’s movement and visual cursor
ond I STEM e feedback (Fig. 1a). To compensate for this rotation, the participants
ndergraduate major exhibited significant changes in endpoint hand angle in the opposite
Psychology 208 direction of the rotation, gradually drawing the cursor closer to the
Social science 108 target (Fig. 1b). Individuals exhibited changes in hand angle during
. both early (mean + s.e.m., 22.3° + 0.3°) and late phases of adaptation
Business 162 . .
— (mean £ s.e.m., 34.5° + 0.3°) (Fig. 1d). When instructed to forgo the
Arts/humanities 201 use of any strategy-based change in behaviour (for example, volition-
Other 373 ally aiming away from the displayed target to offset the rotation) and

reach directly to the target without visual feedback, the participants
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exhibited robust aftereffects—a signature of implicit recalibration
(mean *s.e.m.,12.6° + 0.2°). Together, these datareveal a strong quali-
tative resemblance to those collected in person**? (also see refs. 53,54).

A finer examination of the data from the early and late phases of
the adaptationblock revealed two subgroups of participants (Fig. 1d).
Earlyinlearning, asubset of the participants exhibited arapid and large
changein hand angle, whereas the other participants showed agradual
and modest change inhand angle (31.5° versus 10.0°; one-peak Bayesian
information criterion (BIC), -342.3; two-peak, —=523.1). These groups
may reflect variation in how people learn. Participants in the second
group may rely primarily onimplicitrecalibration, whereas those in the
firstgroup complement this process with an explicit aiming strategy to
rapidly offset the effect of the large perturbation. This difference was
also present lateinlearning, with some participants continuing to show
only amodest change in hand angle (40.1° versus 14.3°; one-peak BIC,
-177.7; two-peak, —781.6). Contrary to the early and late phases, there
was only one subgroup in the aftereffect phase (12.6°; one-peak BIC,
-1,422.7; two-peak, —1,298.2).

While the general features of the learning functions in our large
online dataset are very similar to those found in data collected in the
lab setting, early and late adaptation were lower’>*. As described in
reviews of online studies, the dataset s likely toinclude individuals who
are not attentive or fail to follow instructions®®. With our dependent
variables, reaching to the target rather than trying to make the cursor
hit the target would result in attenuated learning. Differences in par-
ticipant characteristics may also be relevant: unlike the typical WEIRD
demographyrecruited inmost laboratory experiments, our participant
poolisnotably heterogeneous, encompassing individuals with diverse
characteristics such as advanced age and visual impairment. These
features may have an attenuating effect on learning.

Baseline kinematic data were similar to those obtained in the
lab (Fig. 1f-h)'®1%%2, Reaction time, defined as the interval from target
onset to when the cursor had moved 1 cm from the start position, was
282.8 £ 93.7 ms online (median + semi-interquartile range (semi-IQR)).
Movement time, defined as the interval from movement initiation
(1cm) to when the cursor reached the target amplitude (6 cm), was
142.8 +125.6 ms (median + semi-IQR). Search time, the interval between
movement termination and when the hand returned to the start posi-
tion, was 1,591.4 + 401.6 ms (median * semi-IQR).

Substantial individual differences throughout adaptation
There were substantial individual differences in hand angle across
the three phases (Fig. 1d). Given the limited time available for each
participant, we compared odd and even trials as an assessment of
reliability. Split-half reliability was moderate to high across all three
phases (Fig. 1e; correlation and two-tailed t-test: early, R? = 0.58; 95%
confidenceinterval (Cl), (0.54, 0.60); Intraclass correlation coefficient,
orlCC =0.72; t,5,s=48.6; P< 0.001; late, R* = 0.86; 95% CI, (0.85,0.88);
ICC=0.93; t,,,s=103.6; P < 0.001; aftereffect, R>= 0.59; 95% ClI, (0.56,
0.62); ICC=0.77; t;4, = 50.4; P< 0.001). These relatively strong effect
sizes for thereliability measures are especially encouraging given that
the participants performed the task without any supervision.

Our split-half approach, which involves comparing odd versus
eventrials, effectively measuresinternal reliability (for example, deter-
mining whether our sensorimotor learning task is unduly influenced
by motor noise; Supplementary Fig. 1). This approach assumes that
the two halves have similar variances but not that the two halves are
temporally independent®”®. As such, this approach does not assess
whether individual sensorimotor differences remain stable over time
oracross states (forexample, it does not assess how performance might
be influenced by changes in attentiveness). To address this, future
research should adopt a test-retest approach by comparing learning
performances across sessions. This approach can ascertain external
reliability, ensuring that the observed sensorimotor differences are
not merely artefacts of asingle testing session. Nonetheless, itis crucial

to recognize that test-retest measures of reliability have their own
limitations. Variation between sessions may not signal a lack of reli-
ability in the selected task but could arise from individual differences
intask-relevant featuresrelated to motor memory such assavingsand
interference® (for example, Fig. 2).

We next examined correlations in performance across the three
phases (Extended Data Fig.1). There was a moderate positive correla-
tionin hand angle between the early and late phases (correlation and
two-tailed ¢-test: R=0.59; 95% Cl, (0.55, 0.62); t,74s = 30.2; P, < 0.001;
Bonferroni-corrected for three comparisons). The correlation may
reflect individual differences in the learning rates associated with
implicit and explicit processes® (also see Supplementary Fig. 2).
Another source of this correlation comes from the bimodal nature
of performance (Fig. 1d): due to their failure to employ a strategy,
non-learners would have low values for both phases, and, assuming
some of the learners derive their strategy early on, these participants
would have high values for both phases. Interestingly, there was no
correlation between the early and aftereffect phases (correlation and
two-tailed t-test: R=-0.01; 95% ClI, (-0.01, 0.04); ;744 =—0.4; P =1;
Bonferroni-corrected for three comparisons) and only a weak cor-
relation between the late and aftereffect phases (correlation and
two-tailed ¢-test: R=0.13; 95% ClI, (0.09, 0.18); t,4, =5.7; P,;< 0.001;
Bonferroni-corrected for three comparisons). This pattern would
be expected given that the aftereffect is dominated by the implicit
component of learning whereas the early and late phases include for
many participants a contribution from explicit strategy use. The degree
of implicit recalibration will grow over the course of learning and, if
approaching asymptote in the late phase, will dictate the level of the
aftereffect.

Re-examining classic findings in the sensorimotor literature
Prior studies have revealed an interesting dissociation for sensori-
motor adaptation when participants repeat the task. Exposure to the
same, large visuomotor rotation enhances the rate of adaptation, the
classic signature of savings, but also results in an attenuation of the
aftereffect™ **. The former is attributed to the recall of a successful
re-aiming strategy®, whereas the mechanism for the latter remains
an open question.

To quantify these effects in our data, we compared the learning
functions between sessions for the participants who repeated the task
on different days (Supplementary Table 1). Since our web-based
approach makes it challenging to track which specific participants
completed the experiment multiple times, we calculated savings in a
between-participant manner. There was a significant phase x session
interaction (analysis of covariance: F ss5, = 26.6, P< 0.001, rzf) =0.009)
(Figs.1band 2a): early adaptation and late adaptationincreased across
sessions (two-tailed t-test: slope of early adaptation, 5.2° per session;
95% Cl, (4.0, 6.5); tss5, = 8.0; P< 0.001; slope of late adaptation: 2.3°
persession; 95%Cl, (0.98, 3.5); tsss, = 3.5; P < 0.001). However, the after-
effect was reduced (two-tailed t-test: slope of aftereffect, —1.5° per ses-
sion; 95% Cl, (-2.7, —0.2); tss5, = 2.2; P=0.024). Together, these data
corroboraterecent literature demonstrating the differential effects of
repeated exposure on different learning processes®” and expand on
these findings by having some participants repeat the task up to four
times.

This large dataset provides a unique opportunity to re-examine
the influence of target quantity on motor adaptation®**>°®, Bond and
Taylor* reported that reducing the number of targets amplified early
adaptation and the size of the aftereffect. We failed to replicate this
finding in our large dataset (Fig. 1c). In a comparison limited to naive
participants (first session, Supplementary Table 1), we found a signifi-
cant phase x number of targets interaction (analysis of variance:
F,s;77=23.5,P<0.001, rzf, = 0.008). Compared with the one-target
version, early and late adaptation were attenuated when there were
twotargets (post-hoc two-tailed t-test between versions: early, 95% Cl,
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Fig.1| Web-based sensorimotor adaptation task and behaviour. a, Schematic
of the sensorimotor adaptation task. The cursor feedback (white circle) was
rotated 45° with respect to the movement direction of the hand. The participants
were instructed to move such that the cursor would intersect the target (blue
circle). The left, middle and right panels display hand and cursor positions
during the early, late and aftereffect phases of learning, respectively. b, Learning
functions from naive participants who completed the one-target version of the
task for the first time (black; no. of sessions, 1,747) versus non-naive participants
completing the one-target version subsequent times (grey; no. of sessions, 157).
The dataare presented as median values + SEM. A hand angle of 0° denotes a
movement directed to the target. FB, feedback. ¢, Learning functions for naive
participants who completed the one-target (black; n =1,747) or two-target

Move time (ms)

Search time (ms)

version (grey; n=181) of the task. The data are presented as median values + SEM.
d, Distributions of the participants’ mean hand angles during the early, late

and aftereffect phases. The dashed lines denote the median (IQR). e, Split-half
reliability correlating hand angles on even and odd trials across all three phases
(no. of sessions, 1,747; correlation and two-tailed ¢-test: early, R* = 0.58; 95% ClI,
(0.54,0.60); 1CC = 0.72; t;745 = 48.6; P < 0.001; late, R*= 0.86; 95% Cl, (0.85, 0.88);
ICC=0.93; t,,,5=103.6; P < 0.001; aftereffect, R = 0.59; 95% Cl, (0.56, 0.62);
ICC=0.77; 24, = 50.4; P< 0.001). The grey dots denote individual participants;
the grey lines represent the identity line. f-h, Distributions of the participants’
mean baseline reaction times (f), baseline movement times (g) and baseline
searchtimes (h). The dashed lines denote the median (IQR).
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Fig. 2| The effects of session and age on sensorimotor adaptation. a, With
re-exposure to the same visuomotor rotation across sessions (no. of sessions,
1,863; Supplementary Table 1), participants exhibit increased early and late
adaptation across sessions but an attenuated aftereffect. b, Theinverted-U effect
of age (no. of sessions, 1,742). For ease of visualization, the participants’ ages
were binned on the basis of increments of 10: 107 individuals are closest to age 10,
1,068toage 20,269 to age 30,126 to age 40, 61to age 50, 59 to age 60, 24 to age
70 and 28 to age 80. In both panels, the width of each violin plot represents the
datadensity, the dots indicate the median values and the vertical lines represent
thelQR.

(-7.3, -3.8); d = 0.13; t5,,, = 6.0; P< 0.001; late, 95% CI, (-3.7, -0.1);
d=0.05; t;;;;=2.1;P< 0.001), but the aftereffect was enhanced (95% ClI,
(1.5,5.1); d=0.08; t5;7; = 3.6; P< 0.001). This effect can be modelled by
positing that implicit recalibration is composed of processes that
operate at different timescales®>*"*’: With one target, a process that
learns and forgets quickly will accelerate learning but at a cost of overall
retention. Alternatively, when reaches are limited to a single target,
the discovery of an appropriate re-aiming strategy is probably facili-
tated. Ifexplicitand implicit processes compete®>’°, a corollary of this
hypothesis is that implicit recalibration would be weakened.

This datasetalso allows us tore-examine the effect of age on motor
adaptation. Several studies have reported no effect of age” 7. Others
have found that ageing impairs performance, especially late adapta-
tion™’8, with the attenuation attributed to an age-related decline in
strategy use. However, these studies have recruited modest sample
sizes drawn from a limited age range””° (except for refs. 74,80).

Here werevisited this ‘age-old’ question given that we tested par-
ticipants ranging from 9 to 96 years old (Supplementary Table 1and

Extended Data Fig. 2). Our analyses accounted for the influence of
confounding variables, regressing out the influence of demographic
variables correlated with age (Extended Data Fig. 3; |r| > 0.2: years of
education, r=0.46; 95% ClI, (0.42, 0.50); t,7,s = 21.7; P< 0.001; video
gaming experience, r =—-0.28; 95% ClI, (-0.32, 0.24); t;;,s=-12.4;
P<0.001)). Age had asignificantinverted-U effect on early adaptation
(quadratic less than linear Akaike information criterion (AIC), -2.2;
main effect of age in quadratic model: F,,,,=4.2, P=0.040,
rzf, = 0.004;Fig.2b) and late adaptation (quadraticless thanlinear AIC,
-11.0; main effect of age in quadratic model: F, ;5,,=13.0, P< 0.001,
rzf, = 0.01)—apattern we attribute to changes in strategy use over the
lifespan. Previous studies may have missed this pattern by sampling at
different points along the inverted-U curve. Despite the drop in the
magnitude of the aftereffect for the oldest group, the statistical analysis
indicated thatalinear model provided a better account of the effect of
ageonthe aftereffect (linear less than quadratic AIC, -0.77; main effect
of age in linear model: F,,,,=5.3, P=0.021, qf) = 0.01), implying
that the capacity for implicit recalibration may increase across the
lifespan (also seeref. 81).

This pattern resembles that observed in Ruitenberg et al.*°,
in which the inverted-U effect was discernible during early and late
adaptation. However, the two studies diverge in terms of the effect of
age on the aftereffect. We attribute this to differences in the learning
process indexed during the aftereffect phase: whereas visual feed-
back was provided in Ruitenberg et al’s aftereffect phase (amanipula-
tion that enables participants to de-adapt via strategic re-aiming®),
no visual feedback was provided during the aftereffect phase in our
study (amanipulation that allows us to index implicit recalibration in
apure manner).

However, our results should be treated with caution for several
reasons. First, the distribution of age groups was not balanced, with
fewer participants at the extreme ends of the spectrum (Extended Data
Fig.2).Second, even though our study involved a highly heterogene-
ous sample, there may still exist some sample biases. For instance,
our cohort may be more technologically proficient than the broader
population, not to mention the limitation of participants primarily
coming from English-speaking countries. To address these concerns,
future studies are needed not only to recruit participants across age
groups in a more balanced and uniform manner but also to strive for
amore diverse sample.

Identifying predictors of adaptation with machine learning

By collecting a range of demographic and kinematic variablesin a
large sample, we are positioned to identify predictors of sensorimo-
tor adaptation and forecast sensorimotor behaviour that has not yet
been observed®. To this end, we adopted amachine learning approach
that segregated our sample of naive participants who completed the
one-target version on their first session (n =1,747) into independent
model training and testing subsets. A priori, we decided to build the
model on 80% of the dataand validate our model on the remaining 20%.
We avoided overfitting by using a tenfold cross-validated approach
with none of the data used for model training being used for model
evaluation®, This conservative approach ensures that only variables
that demonstrate predictive power are included in the model.

The best model accounted for 9.2% (3-17%), 7.8% (3-12%) and
11.6% (6-16%) of the variance in the early, late and aftereffect data,
respectively (Extended Data Fig. 4). This model outperformed mod-
els built on randomly shuffled features (all P, < 0.001) and varied
minimally across different lasso hyperparameter settings (that s, the
percentage of data used for training x number of folds). These results
notonly highlight the robustness of our findings but also enable us to
discover unappreciated features of motor adaptation in a powerful,
exploratory fashion (Fig. 3).

We interpret the contributions of different features (Fig. 3)
through the lens of the competition theory of adaptation (Fig. 4)%. This
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theory states that total learning arises from the interplay of implicit  features could impact the explicit learning rate, the implicit learning
and explicit processes. These two processes compete to reduce task  rateorboth processes. Depending on whatlearning processis altered
error, the mismatchbetween the cursor and the target (see formaliza-  byanindividual’s characteristics, five qualitatively distinct patterns of
tions of the theoryin Methods). Here we postulate thatanindividual’'s  performance canoccur.
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vertical lines represent the IQR. r,denotes Spearman’s correlation; the Pvalues
were obtained from two-tailed ¢-tests. We used data from 1,747 sessions (naive
participants who completed the one-target version of the task).

Pattern 1 considers individual features that might enhance only
the explicit learning rate but not the implicit learning rate. Anincrease
in strategy use will accelerate learning (which involves the combined
influence of explicit and implicit processes), leaving less of the error
to be compensated for by implicit recalibration and thus resulting in
an attenuated aftereffect (Fig. 4b). Features of the model that may be
associated with the conjunction of higher adaptation and alower after-
effect are sex, video gaming frequency and baseline movement time
(Fig.5). Whereas prior small-nstudies have yielded inconsistent results
concerning the effect of sex on adaptation®*®, our dataset indicates
that, compared with women, men adapt faster but exhibit a reduced
aftereffect. Faster baseline movement times were also associated with
faster adaptation but alower aftereffect (the Spearman correlation is
provided for all continuous features, as it is ameasure relatively more
robust to outliers®). It may be that participants who moved faster were
more motivated to strategize®; alternatively, the strength of the error
signal may weaken with movement time—anintriguing hypothesis that
can be rigorously evaluated in the lab. Together, these features—in
additiontorepeated exposure to the perturbation (Fig. 1b) and target
quantity (Fig. Ic)—appear to increase the propensity to use strategy,
whichindirectly reduces implicit recalibration via competition (even
though implicit learning rates themselves are unaltered).

Pattern 2 considers individual features that might enhance only
the implicit learning rate but not the explicit learning rate (Fig. 4c).
Anincrease in implicit recalibration will enhance learning and the
magnitude of the aftereffect. Interestingly, none of the featuresin the
model modulate behaviourinamanner consistent with Pattern 2. Thus,
none of the features selectively modulate the implicit learning process.

Pattern 3 considers individual features that might enhance both
implicit and explicit learning rates at the same time. Concurrent
increases in implicit and explicit learning rates can enhance overall
learning; however, if the relative contribution of implicit learning
remains constant, the aftereffect will remain invariant (Fig. 4d). Asur-
prisingly large set of model features were associated with this pattern:
visual ability, handedness, racial origin, ratings of enjoyment, baseline
reaction time, average amount of sleep and screen size (Fig. 6 and
Extended DataFig. 5). Participants without visualimpairment exhibited
greater adaptation but had asimilar aftereffect compared to those with
visualimpairment. This finding suggests that both strategic re-aiming
and implicit recalibration may require high-fidelity visual input'$58-%°,
Moreover, participants who enjoyed the experiment exhibited greater
performance. It may be that the reduced target error associated with
greater adaptation caused the greater enjoyment. Alternatively, those
who enjoyed doing the task may have been more willing to expend
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indicate the median values and the vertical lines represent the IQR. We used data
from 1,747 sessions (naive participants who completed the one-target version of
the task).

effort toimprove performance. Regarding the performance variables,
strategy use is associated with longer reaction times®>. This may
account for the fact that slower baseline reaction times were associated
with greater adaptation.

Pattern4 considersindividual features that might simultaneously
enhance the implicit learning rate but attenuate the explicit learning
rate. Opposing changes inimplicit recalibration and explicit re-aiming
canresult in invariant overall learning. However, given that implicit

recalibrationis enhanced, the magnitude of the aftereffect willincrease
(Fig.4e). Features ofthe model associated with Pattern4 are target loca-
tion, baseline search times, baseline movement variability and level of
education (Fig. 7). Participants reaching to diagonal target locations
had an aftereffect that was almost twice as large as that observed for
participants who reached towards cardinal targets. This resultis espe-
cially noteworthy in that movement biases are known to vary across
the workspace®* yet are usually ignored in studies of sensorimotor
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version of the task). For the highest level of education, 1indicates primary school,
2indicates middle school, 3 indicates secondary school, 4 indicates technical
school, 5indicates undergraduate university and 6 indicates graduate school.

adaptation. Moreover, these results suggest that diagonal targets
enhance implicit recalibration but attenuate strategy use compared
with cardinal target locations.

Greater education was also associated with larger aftereffects.
Apriori,weexpectedthateducationwould be associated with enhanced
strategy use and thus impact early and perhaps late performance; we
did not expect this variable to related to implicit recalibration. How-
ever, years of education is collinear with age (r=0.53, P< 0.001), a
feature observed to modulate the aftereffect. We hypothesize that it

isage and not education thatis driving theincrease inimplicit adapta-
tion (Fig. 2b)"*7*895%7 Future in-lab studies are required to tease these
variables apartin amore controlled manner (for example, ref. 74).
Therelationship of motor variability withimplicit recalibration has
been the subject of debate’®®’, One perspective suggests that a more
variable motor systemis sensitized to correct for motor errors'**'* and
thus would be associated with greater motor adaptation. Alternatively,
high variability may be considered aform of volatility, and this has been
showntodrive down learning rates, at leastin studies of reinforcement
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learning’'®. It has also been reported that movement variability has no
effect onrecalibration”. Our results indicate that increases in baseline
variability not only enhance the rate of implicit recalibration but also
attenuate strategy use. It may be thatincreasesin motor noise make it
harder to evaluate aselected strategy.

Increasesin the timerequired toreturnto the start position (that
is, baseline search times) were also associated with larger aftereffects.
Participants who are slow to find the start position may be those who
are less kinaesthetically aware. Higher kinaesthetic variability has
been shown to be associated with greater implicit recalibration®*'*,
Alternatively, longer search times may provide sufficient time for
learning to consolidate'** and therefore increase the extent of implicit
recalibration. The longer search times would also afford participants
more time to evaluate the effectiveness of a selected strategy.

Pattern 5 considers individual features that have no effect on
implicitand explicit learning rates (Fig. 4f). Features in the model that
modulate behaviour in a manner consistent with Pattern 5 include
perturbation direction, device usage, self-reported neurological dis-
ease (Extended Data Figs. 6-8), browser type, undergraduate major,
ratings of clumsiness and amount of daily computer usage. These
results underscore how the extent of sensorimotor adaptation cannot
beeasily predicted by certain kinematic differences (for example, the
use of trackpad or amouse) or intellectual/sensorimotor experiences
(forexample, computer use).

We have highlighted how a large dataset not only is useful for
establishing robust measures of sensorimotor learning but can also be
used to explore a broad range of variables that impact performance.
Itisimportant to flag four major issues that qualify the inferences we
can draw from this work. First, we opted to use competition theory
as a framework to interpret the data. However, other theories offer
different explanations for the observed patterns. One alternative is
the independence theory'>**'%, positing that implicit and explicit
processes are driven by distinct error signals: explicit strategy mini-
mizes task error, while implicit recalibration reduces sensory pre-
diction error (the difference between predicted and actual sensory
feedback). Theindependencetheory can provide an alternative inter-
pretation of the observed patterns. Consider Pattern1,in which there
isanincrease in the explicit learning rate only. Whereas the competi-
tion theory postulates that an explicit process siphons error away
from an implicit process, independence theory attributes the atten-
uated aftereffect for high strategy users to variation in plan-based
generalization®: Aiming further from the original target location
will reduce the estimate of the aftereffect when measured at the
targetlocation.

Second, werecognize that the model’s predictive capacity is mod-
est, accounting for around 10% of the variance in the data. Moreover,
themodelincorporates correlated variables that pose statistical chal-
lengesin disentangling their interacting effects (Extended Data Fig. 3
andref.106). Despite these limitations, itis noteworthy that our model
successfully captures some of the variance, including features that are
typicallyignoredinstudies of sensorimotor learning (for example, sex,
target location and ratings of enjoyment).

Third, andrelatedly, our findings indicate that most variables have
relatively small effects on sensorimotor learning, collectively predict-
ing a modest amount of variance in our held-out dataset. This result
may be taken to indicate that none of the variables have a significant
impact on sensorimotor learning. However, we hold a more optimis-
tic perspective. This study provides one of the first big datasets for
exploring the influence of multiple task and demographic variables on
individual differencesin sensorimotor learning; as such, the variables
that survive cross-validation can be viewed as working hypotheses to
help motivate future studies. Moreover, the small effects observed in
simple visuomotor tasks (where individual differences may be limited)
may compound to larger effects in complex motor learning settings
(whereindividual differences are probably more pronounced).

Fourth, the model serves as animportant benchmark in predict-
ing, not simply explaining, individual differences in sensorimotor
learning. Future studies can build on this approach, assaying a wider
range of features, including those we might expect to be predictive
of motor performance (for example, athleticism, musicality'”’, ana-
tomical and functional variability in sensorimotor brain areas®*™",
and gene expression'?) as well as others we expect to be less predictive
(forexample, geographiclocation and socio-economic background).
These additions would take us closer to amore accurate understanding
of sensorimotor learning.

Discussion

Our data-driven web-based approach offers a powerful method to study
sensorimotor learning outside the traditional laboratory setting'**">"'%,
We have shown that these data are reliable and valid, reproducing as
wellas challenging classic findings in the literature. On thereplication
side, re-exposure to the same visuomotor rotationincreased early and
late adaptation®>®*¢7126127 yet resulted in an attenuated aftereffect’’.
In contrast to previous findings®, increasing the number of targets
attenuated late adaptation but, paradoxically, resulted inan enhanced
aftereffect.

The large sample sizes possible in web-based studies offer a way
to examine inconsistencies in the sensorimotor learning literature.
For example, we expect it would be difficult to detect the effects of
age in lab-based studies with small sample sizes. Our results point to
asubtle inverted-U effect of age, with early/late adaptation peaking
between 35 and 45 years old. Future in-lab studies can home in on the
mechanisms underlying this non-monotonic function, asking how
age-related cognitive decline may disrupt strategic re-aiming and how
age-related neural degeneration may impactimplicit recalibration.

Our web-based approach allowed us to tackle questions typically
inaccessible to the lab and discover new predictors of sensorimo-
tor adaptation. Leveraging this large dataset and a machine learning
approach, we found that sex and movement time had selective effects
on strategic re-aiming (Pattern 1). Interestingly, none of the features
evaluated had a selective effect on implicit recalibration (Pattern 2).
Other features impacted both processes. Impairments in vision,
handedness, racial origin, ratings of enjoyment, baseline reaction
time, average amount of sleep and screen size exerted unidirectional
influences on implicit/explicit processes (Pattern 3), whereas target
location, baseline search times, baseline movement variability and
level of education modulated these processes in opposite directions
(Pattern 4). Future studies can ask whether similar patterns are
observed when tested with psychophysical methods that isolate
implicit and explicit learning process®'*%'%,

There are notable limitations with this data-driven approach.
Our predictive model explained only a modest amount of variance
in the data. This may be due to the noisiness inherent in online data
collection. In the future, we propose a few ways to reduce noise. First,
studies could include more attention/comprehension checks to ensure
that the participants fully understand the task instructions. There are
also efforts to gamify web-based sensorimotor tasks, an approach
that should enhance participants’ attention and yield higher-quality
data (for example, refs. 113,130,131). Second, studies could use a
semi-supervised approach (such as video conferencing) to ensure
that participants remain attentive throughout the experiment (for
example, refs.30,132,133).

Importantly, our predictive model is grounded in observational,
correlational and often collinear data, making it difficult to make
strong inferences about causality. In addition, there may be unmeas-
ured confounds, many of which could affect our interpretation of the
data (for example, internet speed, socio-economic status and type of
occupation may modulate learning instead of racial origin, per se).
Nonetheless, this exploratory approach provides ablueprint for future
hypothesis-driven research aimed to meticulously tease apart different
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theoretical accounts and effectively control for potential confound-
ing variables. Exploratory and hypothesis-driven approaches can be
used in a complementary manner to advance our understanding of
sensorimotor neuroscience.

Methods

Inclusions and ethics

All participants provided their informed consent in accordance with
policies approved by the Institutional Review Board at the University
of California, Berkeley (Committee for Protection of Human Subjects:
2016-02-8439). Our participants were volunteers who visited testmy-
brain.org, a citizen science website that allows people to participate
in research studies in exchange for individualized feedback on their
performance after each study.

Statistics and reproducibility

Participants were recruited between 2019 and 2022 on a citizen science
website (testmybrain.org) that provides personalized performance
feedback in exchange for study participation. A total of 2,289 experi-
mental sessions were collected. We excluded 168 sessions with erratic
movements (that is, the standard deviation of hand angle exceeded
25°, or more than 20% of outlier data points were removed; see ‘Data
analysis’) or systematic movements in the wrong direction (that is,
mean heading angle was less than 0° or exceeded 75°), leaving 2,121
eligible sessions. Note that no statistical method was used to predeter-
mine sample size. The participants were unaware of the experiment’s
objectives, and no blinding procedures were implemented for the
experimenters.

For the model-based analysis, we limited the data to participants
who completed the one-target version of the task on their first ses-
sion (n=1,747). This criterion excluded 374 sessions (Supplemen-
tary Table 1) in which there may have been confounds (for example,
the two-target version impacted learning at all phases) and possible
within-participant effects on behaviour (for example, savings or inter-
ference’’). Asummary of demographic and task features is provided in
Table1. A cross-correlation matrix of featuresis provided in Extended
DataFig. 3.

Web-based sensorimotor adaptation task

All participants used their own laptop or desktop computer to access
the testmybrain.org webpage that hosted the experiment (see ademo
ofthetaskat https://multiclamp-c2.web.app/). The participants made
reaching movements by moving the computer cursor with their mouse
or trackpad. The size and position of stimuli were scaled on the basis
of each participant’s screen size. For ease of exposition, the stimulus
parameters reported below are for a typical monitor size of 13 inches
(1,366 x 768 pixels), and the procedure reported below is for the
one-target version of the task.

Oneachtrial, the participants made acentre-out planar movement
from the centre of the workspace to a peripheral target. The centre
position was indicated by a white annulus 0.5 cmin diameter, and the
target location was indicated by a blue circle that was also 0.5 cm in
diameter. The radial distance of the target from the start location was
6 cm. For each participant, the target always appeared at the same
location onevery trial. Eachindividual was randomly assigned asingle
target location selected from a set of eight possible locations (cardi-
nal targets: 0°, 90°,180° and 270°; diagonal targets: 45°, 135°, 225°
and 315°).

To initiate each trial, the participant moved the cursor, repre-
sented by a white dot on their screen, into the start location. During
anintroductory phase, feedback was provided only when the cursor
was within 2 cm of the start circle. Once the participant maintained
the cursor in the start position for 500 ms, the target appeared. The
participant wasinstructed to reach to the target using the cursor. If the
movement was not completed within 500 ms, the message ‘too slow’

was displayed in red 20-point Times New Roman font at the centre of
the screen for 750 ms.

During the experimental phase, visual feedback could take one
of the following forms: veridical feedback, rotated feedback and no
feedback. During veridical-feedback trials, the movement direction
of the cursor was veridical with respect to the movement direction
of the hand up to the target distance (6 cm). Once this distance was
reached, the cursor position was frozen for 50 ms, and then the cursor
disappeared. During rotated-feedback trials, the cursor moved at a
45° angular offset relative to the position of the hand up to the target
distance (6 cm) before freezing for 50 ms. During no-feedback trials,
the feedback cursor was extinguished as soon as the hand left the start
circle and remained off for the entire movement. During the search
phase after each movement, the veridical cursor was visible upon
moving within 2 cm of the start circle.

Given the access demands for the testmybrain.org website, we
were limited to only about 10 min of data collection. The participants
therefore completed three blocks of trials (90 total trials): a baseline
veridical-feedback block (30 trials), a rotated-feedback block (54 tri-
als) and a no-feedback block (6 trials). During the rotation block, the
direction of rotation (thatis, clockwise or counterclockwise) was coun-
terbalanced across participants.

Attention and instruction checks

Itis difficult in online studies to verify that participants fully attend
to the task. To address this issue, we sporadically instructed the par-
ticipants to make specific key presses: ‘Press the letter ‘b’ to proceed.
If participants did not press the correct key, the experiment was ter-
minated. These attention checks were randomly introduced within
the first 20 trials of the experiment. We also wanted to verify that the
participants understood the goal of the task. To this end, we included
one instruction check: ‘Identify the correct statement. Press ‘a’: 1 will
identify the movement that brings the white dot to the target. Press ‘b’
I will keep reaching directly towards the target location. The experi-
ment was terminated if participants did not press the correct key
(thatis, press ‘a’).

Data analysis

The primary dependentvariable was hand angle, defined as the angle
ofthe handrelative to the target when the amplitude of the movement
reached the target radius (6 cm). Positive hand angle values correspond
to the direction opposite the rotated feedback (that is, we flipped all
hand angle values where a counterclockwise rotation was provided).
Reaction time was defined as the time to move 1 cm. Movement time
was defined as the time between movement initiation and termination
(whenthe cursorreached the 6 cmtarget). Search time was defined as
the time between movement termination and returning the cursor to
the start position.

The hand angle data were baseline subtracted. The baseline was
defined as the mean hand angle over all trials in the baseline block.
Outlier trials were defined as trialsinwhich the hand angle deviated by
more thanthree standard deviations from amoving five-trial window,
or in which the hand angle on a single trial was greater than 90° from
the target, or in which participants moved unusually long (movement
time greater than1,000 ms). These trials were discarded since behav-
iour on these trials probably reflects attentional lapses and potential
online corrections (average percentage of trials removed, 1.6 + 2.1%).

The degree of adaptation was quantified as the change in hand
angle in the opposite direction of the rotation. We calculated hand
angle during early adaptation, late adaption and the aftereffect phase.
Early adaptation was defined as the mean hand angle over the first
ten trials during the rotation block. Late adaptation was defined as
the mean hand angle over the last ten trials during the rotation block.
Aftereffect was operationalized as the mean hand angle during the
no-feedback block.
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The hand angle data during the early, late and aftereffect phases
were entered into acircular Gaussian mixture model to identify poten-
tial subgroups (R package BAMBI**v.2.3.5). The best model was deter-
mined on the basis of BIC. The hand angle data were then entered
into a group lasso regression as dependent variables (R function
cv.glmnet™), and all the features in Table 1 were entered asindepend-
entpredictors. Categorical variables were assigned dummy variables®;
continuous variables were z-scored'”. We conducted a group lasso
regression because it penalizes unimportant independent variables
(thatis, sets them to zero) and therefore is very conservative in terms
of identifying predictors. Group lasso also forces the model to keep
or discard pre-defined sets of grouped variables (for example, under-
graduate major).

A priori, we used tenfold cross-validation on 80% of the sessions
to select the model with the minimum mean cross-validation error. We
fixed the best-performing model’s S values and evaluated the degree
to which this model predicted held-out data (the remaining 20% of
sessions). We used the coefficient of determination (R% ) between the
predicted and the actual held-out data as our key metric of model
performance. Post hoc, we evaluated R2, across combinations of folds
(4-15folds) and percentages of held-out data (50-90%). This sensitivity
analysis allowed us to evaluate how our results compare to those
obtained with different hyperparameter settings. In addition, we
obtained S Cls by entering bootstrap-resampled data1,000 times with
replacement (using the same training data) into the group lasso regres-
sion. Note that cross-validated lasso regression is fairly robust to
multi-collinearity'°.

Model-based simulations

We simulated the data for the competition theory®* and the independ-
ence theory"® (see the open-sourced code for more details on the
various parameter settings). Both theories posit that overall perfor-
mance (y,) reflects the joint contribution of implicit (x) and explicit
processes (x¢):

Yn = NOG, + X5, 0y) o)

where nis trial number and oy, is motor noise (equation (1)). However,
the two theories divergein terms of the learning signal that drives each
process. The competition theory postulates that task error (e; equa-
tion (2), whereris the rotation size)—the difference between the cursor
and the goal—drives both implicit and explicit processes (equations
(3)and (4), where Afisthe implicitretentionrate, B'is the implicitlearn-
ing rate, A¢is the explicit retention rate and B¢ is the explicit learning
rate):

e;z =Ir—Y, 2)
Xin+1 =Alxl + Bie!, 3)
X8, = A, + Boe, (C)

The independence theory posits that task error drives explicit
re-aiming (equation (2)), and sensory prediction error (e; equation
(5))—the mismatch between the predicted position (the aiming posi-
tion) and the actual cursor position—drives implicit recalibration
(equation (7)):

e =r—x (€]
X, = AX;, + Boe;, (6)
x, =A, +Bé, 7)

Furthermore, theindependence theory oftenincludes plan-based
generalization, the phenomenon where the peak of implicit recalibra-
tion centres on the predicted (aiming) cursor position (x¢)*’. As such,
the aftereffect measured at the target (x™) is determined by equation
(8), where g is the width of generalization:

zaé ( 8)

Reporting summary
Furtherinformation onresearch designis availablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The dataare available at https://osf.io/5n7jf/.

Code availability
The analysis code is available at https://osf.io/5n7jf].
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adaptation (b), and aftereffect and late adaptation (c). r, denotes Pearson’s correlation (# of sessions =1,747); p,,denotes the p-value for a two-tailed t-test

(Bonferroni-corrected for three comparisons).
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Ethics oversight
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personalized performance feedback in exchange for study participation. However, our results should be treated with caution
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the spectrum. Second, even though our study involved a highly heterogeneous sample, there may still exist some sample
biases. For instance, our cohort may be more technologically proficient compared to the broader population, not to mention
the limitation of participants primarily coming from English-speaking countries. To address these concerns, future studies are
needed to not only recruit participants across age groups in a more balanced and uniform manner but also strive for a more
diverse sample.

All participants provided their informed consent in accordance with policies approved by UC Berkeley’s Institutional Review
Board (Committee for Protection of Human Subjects: 2016-02-8439).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Behavioural & social sciences study design

All studies must disclose on

Study description

Research sample

Sampling strategy

Data collection

Timing

Data exclusions

Non-participation

Randomization

these points even when the disclosure is negative.

The data are quantitative and cross-sectional. Participants were recruited between 2019 and 2022 on a citizen science website
(TestMyBrain.org) that provides personalized performance feedback in exchange for study participation. A total of 2,289
experimental sessions were collected. These data were used to examine the following questions 1) what is the effect of age on motor
adaptation? 2) what is the effect of re-exposure the same motor learning environment? 3) how are baseline kinematics distributed
across the population? 4) what are the predictors of successful implicit and explicit motor adaptation?

This study involves a diverse demography, consisting of computer users who conducted the experiment over a citizen science
website. The relevant demographic information is provided in Table 1. We believe that the sample is relatively more representative
than the college-age sample (given the relatively wide age range) and more heterogeneous than the typical WEIRD sample (given the
level of diversity in racial origin and levels of education).

No a priori method was used to determine the sample size. The experiment was placed on the citizen science website for a
predetermined two year period (time-frame sampling), and all the data were analyzed.

All participants used their own laptop or desktop computer to access TestMyBrain.org that hosted the experiment (see a demo of
the task at: https://multiclamp-c2.web.app/). Participants made reaching movements by moving the computer cursor with their
mouse or trackpad. The participants were unaware of the experiment's objectives, and no blinding procedures were implemented for
the experimenters.

Data were collected between January 2019 to December 2022.
A total of 2,289 experimental sessions were collected. We excluded 168 sessions with erratic movements (i.e., the standard deviation
of hand angle exceeded 25deg, or more than 20% of outlier datapoints were removed; see Data Analysis) or systematic movements

to the wrong direction (i.e., mean heading angle less than Odeg or exceeded 75deg), leaving 2,121 eligible sessions.

No participants explicitly dropped-out or declined participation in our study.

Participants were volunteered (self-selected) to participate for our study. Each individual was randomly assigned a single target
location selected from a set of eight possible locations (cardinal targets: 0°, 90°, 180°, 270°; diagonal targets: 45°, 135°, 225°, 315°).
Each individual was also randomly assigned a rotation/perturbation direction (45° clockwise or 45° counterclockwise).
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
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Materials & experimental systems Methods
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