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Abstract

Sensorimotor adaptation is essential for keeping our movements well-calibrated in response to changes in
the body and environment. For over a century, we have studied sensorimotor adaptation in highly controlled
laboratory settings that typically involve small sample sizes. While this approach has proven useful to
characterize different learning processes, laboratory studies are typically very underpowered to generate
data suited for exploring the myriad of factors that may modulate motor performance. Here, using a citizen
science website (testmybrain.org), we collected over 2000 sessions on a visuomotor rotation task. This
unique dataset has allowed us to replicate classic motor findings, reconcile controversial findings in the
learning and memory literature, and discover novel constraints underlying dissociable implicit and explicit
learning processes supporting sensorimotor adaptation. Taken together, this study suggests that large-scale
motor learning studies hold enormous potential to advance sensorimotor neuroscience.
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Introduction

Sensorimotor adaptation keeps our movements well-calibrated in response to changes in the body and
environment. For example, sensorimotor adaptation can help a tired basketball player compensate for their
muscle fatigue and accelerate recovery in patients undergoing neurorchabilitation (1-3).

The study of sensorimotor adaptation traces back to the early days of experimental psychology (4,5): For
example, in 1897, George Stratton published his classic self-experiment, describing the behavioral and
psychological changes he experienced when wearing mirror-inverting glasses for eight consecutive days.
In the 21% century, these questions are typically addressed by using environments and virtual reality systems
that allow the experimenter to perturb the movement feedback (6-9). For example, a visuomotor
perturbation can be introduced by rotating the position of the cursor from the actual hand position. The
mismatch between the expected and actual position of the visual feedback elicits adaptation, that is,
movements in the opposite direction 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 phenomenon known as implicit recalibration (10). If the perturbation is large, the adaptive
response may be accompanied by more explicit adjustments in aiming (11-16).

Studies of sensorimotor adaptation are typically conducted with specially designed apparatuses in
controlled laboratory settings. This approach has been extremely successful in revealing critical spatial (17—
20) and temporal (21-25) constraints on adaptation, as well as examining the contributions of different
neural systems to this form of learning (1,2,12,26-32). However, in-person research typically involves
small, homogenous samples (33), making certain research questions impractical and difficult to answer
(e.g., exploring how different demographic factors modulate motor behavior). Moreover, analyses that
identify potential causal underpinnings using small datasets are susceptible to overfitting, which increases
the likelihood that findings fail to generalize outside the experimental context and to different populations
(34).

To address these issues, we designed a web-based visuomotor rotation task (35,36) and collected more than
2000 sessions of data through a citizen science website (www.testmybrain.org) (37—40). Leveraging this
unique dataset (41), we built a cross-validated, predictive model to identify factors that support successful
motor adaptation. The results from this study not only replicate classic findings in the literature but also
highlight novel, widely generalizable constraints underlying sensorimotor learning.
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Results and Discussion
The viability of studying sensorimotor adaptation outside the traditional laboratory

We collected 2,121 sessions of data through the testmybrain.org website. The data included results from a
demographic survey and behavior from a web-based visuomotor rotation task. Participants completed
different numbers of sessions and we employed a few variants of the task (Methods: Table 1-2).

We first focused on naive participants who completed a task in which all reaches were to a single target (#
of sessions = 1,747): After a familiarization block with veridical feedback, a 45° visuomotor rotation was
imposed between the participant’s movement and visual cursor feedback (Figure 1a). To compensate for
this rotation, participants exhibited significant changes in hand angle in the opposite direction of the
rotation, gradually drawing the cursor closer to the target (Figure 1b). Individuals exhibited changes in hand
angle during both early (Mean £ SEM: 22.3° £ 0.3°) and late phases of adaptation (Mean £ SEM: 34.5° £
0.3°) (Figure 1d). When asked to forgo the use of any strategy-based change in behavior and reach directly
to the target without visual feedback, participants exhibited robust aftereffects — a signature of implicit
recalibration (Mean = SEM: 12.6° + 0.2°). Together, these data show a striking resemblance with those
collected in the lab (35) (also see (42,43)).

There were substantial individual differences in hand angle across the three phases (Figure 1d). Given the
limited time available for each participant, we compared odd and even trials as an assessment of reliability.
The split-half reliability was moderate to high across all three phases (Figure 1e; Early: R? = 0.58,1CC =
0.72,p < 0.001; Late: R? =0.86,ICC = 0.93,p < 0.001; Aftereffect: R?> = 0.59,ICC = 0.77,p <
0.001). These results are especially noteworthy given that participants performed the task without any
supervision.

We next examined how individual differences in hand angle correlated across the three phases (Figure 2).
The change in hand angle during early and late phases of adaptation were highly correlated (Early vs Late:
R =0.59,p < 0.001), whereas both measures were weakly correlated with that of the aftereffect phase
(Early vs Aftereffect: R = —0.05,p = 0.04; Late vs Aftereffect: R = —0.03, p = 0.25). These results are
consistent with the classic idea that adaptation and aftereffect phases tap into dissociable learning processes,
with the former including a substantial contribution from explicit strategic use (i.e., re-aiming) and the latter
primarily reflective of implicit recalibration (44).

The data also replicate two classic effects in the sensorimotor adaptation literature. First, repeated exposure
to the same, large visuomotor rotation has been shown to enhance the rate of adaptation but attenuate the
size of the aftereffect (45-50). The former is attributed to the recall of a successful re-aiming strategy (49),
whereas the mechanism for the latter remains an open question (45). To quantify these effects in our data,
we compared the learning functions between participant’s first session (# of sessions = 1,747) and
subsequent sessions (i.e., # of sessions = 157) (Table 1). There was a significant phase x session interaction
(F(2,5582) = 26.6,p < 0.001) (Figure 1b): In subsequent sessions, an increase was observed for both
early adaptation (t(5582) = 8.0,p < 0.001) and late adaptation (t(5582) = 3.5,p < 0.001). However,
the aftereffect was reduced (¢t(5582) = 2.2,p = 0.02) (Figure 3a).

Second, the data replicate classic contextual interference effects in the learning and memory literature
(Figure 1c) (25,51-55). Specifically, contextual interference is a phenomenon where learning is slower but
better retained in a random practice schedule compared to a blocked practice schedule (25,56). The constant
switching between contexts in random practice is thought to create more elaborate and better retained motor
memories (51,54,57). To evaluate this phenomenon in our data, we compared the learning functions of
naive participants (i.e., 1* session) who were tested on either a one-target (# of sessions = 1,747) or two-
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target (# of sessions = 181) version of our task (Figure 1c and see also Table 1). Note that the former is, by
definition, blocked (i.e., there is only one target), whereas in the latter, the two targets are interleaved. There
was a significant phase x version interaction (F(2,5777) = 23.5,p < 0.001): For the two target version,
early adaptation (t(5777) = 6.0,p < 0.001) and late adaptation (t(5777) = 2.1,p < 0.001) were
attenuated, but the aftereffect was larger (t(5777) = 3.6,p < 0.001), reproducing the canonical signature
of contextual interference.

These data also bear on a controversy in the motor learning literature concerning the effect of aging on
sensorimotor learning. Several studies have reported no effect of age on motor adaptation (58—60). Others
have found that aging impairs late adaptation (61-65), with this attenuation attributed to an age-related
decline in strategy use. However, these previous studies have recruited modest sample sizes drawn from a
limited age range (58,60). Leveraging our large dataset that spans a wide age range, we discovered a
striking, inverted-U effect of age on all phases (quadratic AIC — linear AIC: early, AAIC = —5.2; late,
AAIC = —17.2; aftereffects, AAIC = —1.1;all p<0.05) (Figure 3b). Interestingly, late adaptation reached
a peak at around 20 and dropped off at 60 years old; in contrast, the size of the aftereffect reached a peak
around 50 and dropped off at 70 years old. The mixed results in the literature may be due to different studies
sampling different points on the inverted-U curve (also see: (67)).

Taken together, the data indicate that our web-based visuomotor task yields data that are valid and reliable,
replicate classic effects in the motor learning literature, and can elucidate unappreciated constraints on
sensorimotor adaptation.
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Figure 1. Web-based sensorimotor adaptation task and behavior. (a) Schematic of the sensorimotor adaptation
task. The cursor feedback (white dot) was rotated 45° with respect to the movement direction of the hand. Participants
were instructed to move such that the cursor would intersect the target (blue circle). Left, middle, and right panels
display hand and cursor positions during the early, late, and aftereffect phases of learning, respectively. (b) Mean
learning functions from naive participants who completed the one-target version of the task for the first time (black;
# of sessions = 1,747) vs. non-naive participants completing the one-target version subsequent times (grey; # of
sessions = 157). Shaded region represents SEM. (¢) Mean time courses of hand angle for naive participants who
completed the one-target (black; n = 1,747) or two-target version (grey; n = 181) of the task. A hand angle of 0°
denotes a movement directed to the target. (d) Distribution of participants’ mean hand angles during early, late, and
aftereffect phases. (e) Split-half reliability correlating hand angles on even and odd trials across all three phases. Grey
dots denote individual participants; grey lines represent the identity line.
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Figure 3. The effect of session and age on sensorimotor adaptation. (a) With exposure to the same visuomotor

rotation across sessions (# of sessions = 1,863; Table 1), participants exhibit increased early and late adaptation across

sessions but an attenuated aftereffect. (b) The inverted-U effect of age. For ease of visualization, participants’ age was
binned based on increments of 10. Error bars denote SEM.
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Identifying predictors of explicit strategic re-aiming

By collecting a range of demographic and kinematic variables in a large sample, we are positioned to
identify predictors of sensorimotor adaptation and forecast sensorimotor behavior that has not yet been
observed (34). To this end, we adopted a machine learning approach that segregated our large sample of
naive participants who completed the one-target version on their first session (n = 1,747) into independent
model development and testing subsets. Our cross-validated group lasso procedure not only avoids
overfitting the data, but also enables us to discover novel features of motor adaptation in a powerful,
exploratory fashion.

The best model predicted (R%,) 12.2%, 4.8%, and 18.6% of early, late, and aftereffect data, respectively.
Our best model outperformed models built on randomly shuffled features (all pperm < 0.001), underscoring
its ability to predict motor behavior better than chance. However, the predictive capacity of a model based
on individual differences was not extremely high; indeed, the variability in our dataset made it difficult to
draw strong inferences on an individual level. As such, we focused on how learning functions differed on
a cruder, categorical level. When the predictor was continuous (e.g., movement time), the learning functions
were plotted based on a median split, binning participants into binary categories (e.g., high vs low
movement times) (Table 2).

We start by focusing on features that predict early and late adaptation but are not predictive of the aftereffect
(Figure 4a; a beta coefficient of 0 = not predictive). These features may be related to the participants’
efficiency in using strategic processes to counter the perturbation (e.g., re-aiming). First, the participant’s
overall enjoyment rating of the experiment predicted early and late adaptation (Figure 4b). Whether
adapting more causes greater enjoyment (i.e., more task success) or greater enjoyment elicits greater
adaptation remains to be seen. Second, movement time predicted early and late adaptation, with faster
movements times associated with greater adaptation (Figure 4c). Participants who moved faster may be
those who were motivated to perform well (68). Alternatively, the strength of the error signal may weaken
with movement time — an intriguing hypothesis that can be rigorously evaluated in the lab.

Third, the participant’s sex (Figure 4¢) predicted early and late adaptation. Compared to women, men were
faster at counteracting the perturbation and reached a higher level of performance, consistent with what has
been observed in in-person studies (69) (but see (67)). This result suggests that men are more likely to
engage strategic processes to compensate for the visuomotor rotation. Fourth, participants who reported
visual impairments adapted less than those who reported no visual impairments (Figure 4d). This finding
suggests that successful strategic re-aiming may require high-fidelity visual input (also see Figure S1 for
learning functions from other predictors).

Identifying predictors of implicit recalibration

Next, we describe features that selectively predict variation in the size of the aftereffect (Figure 5a), our
proxy of implicit recalibration. The effect of baseline motor variability on implicit recalibration has been a
controversial topic (70,71). One perspective suggests that a more variable motor system may be sensitized
to correct motor errors (72,73), and thus, would be associated with stronger implicit recalibration.
Alternatively, it has been argued that large intrinsic noise reduces sensitivity to external perturbation by
amplifying a “credit-assignment” problem (74-76). By this view, greater baseline variability would be
associated with weaker implicit recalibration. Our results are consistent with the latter perspective: Higher
baseline variability was associated with a lower asymptote (Figure 5b).

Second, the participant’s level of education predicted the extent of the aftereftect (Figure 5c¢), with greater
education associated with a larger aftereffect. This result may seem counterintuitive given that, a priori, we
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would expect education to be linked with cognitive variables such as strategy use. However, years of
education is collinear with age (r = 0.53,p < 0.001), a feature observed to modulate aftereffects (Figure
2b). As such, we suspect that those with more education may have been older, and thus exhibited slightly
greater implicit recalibration (61,66,77-79).

Third, participant’s return time predicted the extent of aftereffects (Figure 5d), with longer baseline return
times associated with a larger aftereffect. Participants who were slower to return their (hidden) cursor to
the start position may be those who were less kinesthetically aware (i.e., less aware of where they had
moved), a factor shown to correlate with the extent of implicit recalibration (46,80) (but see: (81,82)).
Alternatively, longer return times may provide sufficient time for learning to consolidate (83), and as such,
increase the extent of implicit recalibration.

Fourth, we observed an unexpected effect of target location on implicit recalibration. Participants who
reached to diagonal target locations had an aftereffect that was almost twice as large as that observed for
participants who reached towards cardinal targets. This result is especially noteworthy in that target location
— being a variable of interest for motor control (i.e., different baseline movement biases) (84—86) — is often
considered an nuisance variable for sensorimotor adaptation (with some exceptions, e.g., (87)). Future
studies are required to evaluate the underlying mechanisms that give rise to these effects.

Summary and Conclusions

Our data-driven web-based approach offers a powerful method to study sensorimotor learning outside the
traditional laboratory (also see: (83,88-99)). First, we have shown that these data are reliable and valid,
reproducing classic findings in the literature. For example, re-exposure to the same visuomotor rotation not
only increased early and late adaptation (48,49,100—102) but also attenuated the aftereffect (45). Moreover,
we observed the signature of contextual interference, in which blocked training (fixed target location)
accelerated learning but weakened retention in comparison to training with multiple, interleaved targets.

Second, the large sample sizes possible in web-based studies offer a novel means to examine controversies
in the sensorimotor learning literature. For example, we expect it may be difficult to detect the effects of
age in lab-based studies with small sample sizes. Our results highlight a subtle, but striking, inverted-U
effect of age, with late adaptation peaking between 20-50 years old and aftereffects peaking around 50-60
years old (also see: (67)). Future in-lab studies can home in on the mechanisms underlying these non-
monotonic functions, asking how age-related cognitive decline may disrupt strategic re-aiming, and how
age-related neural degeneration may impact implicit recalibration.

Third, our web-based approach allows us to tackle questions typically inaccessible to the lab and discover
new predictors of sensorimotor adaptation. Leveraging this large dataset and a machine learning approach,
we discovered that the participant’s sex, movement speed, and overall enjoyment of the experiment
predicted the extent of strategic re-aiming. Age, level of education, return time, target location, and
movement variability predicted the extent of implicit recalibration. Elucidating why these new,
unappreciated features modulate different learning processes underlying sensorimotor adaptation will be an
exciting area for future research.

There are notable limitations with this data-driven approach. Our predictive model only explained between
5% - 20% of the variance in the data. This may be because of the noisiness inherent in on-line data
collection. One way to reduce this noise is to collect more data; doubling the number of trials would only
add an additional 10 minutes to the current procedure. Our model is, of course, limited by our choice of
measures. Future studies can build on the current model by assaying a wider range of features, including
those we might expect to be predictive of motor performance (e.g., athleticism, musicality) as well as others
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we expect to be less predictive (e.g., geographic location, socio-economical background). These additions
would take us closer to a more holistic model and understanding of sensorimotor learning.
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Figure 4. Predictors of early and late adaptation. (a) Beta coefficients indicate whether a feature positively (circle)
or negatively (crosshairs) correlates with hand angle data. (b-e) Representative features that predict early and late
adaptation: Rating of overall enjoyment, baseline movement time (median split), visual status, and sex. Shaded region
denotes SEM.
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Methods
Ethics statement

All participants gave written informed consent in accordance with policies approved by the UC Berkeley’s
Institutional Review Board.

Participants and Sessions

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. For the visualization (Figure 1b-c), we excluded 168 sessions with
erratic movements (i.e., the standard deviation of hand angle exceeded 25°, 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 0° or exceeded 75°), leaving 2,121 eligible sessions.

For the model-based analysis, we limited the data to participants who completed the one-target version of
the task on their first session (n = 1,747). This criterion excluded 374 sessions (see Table 1) in which there
may have been confounds (e.g., the two-target version impacted learning at all phases) and possible within-
participant effects on behavior (e.g., savings or interference (45)). A summary of demographic and task
features are provided in Table 2.

Target # / Session # = 1%t-session = 2"-session = 3"d-session 4t-session = Not identified Total

1-target 1,747 80 13 23 41 1,904
2-target 181 7 2 2 3 195
4-target 10 1 0 1 0 12
8-target 10 0 0 0 0 10
Total 1948 88 59 25 44 2,121

Table 1. 2,121 total experimental sessions broken down by session number and target version. 44 sessions
were not identified due to an error in our survey configuration.

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 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 size and position
of stimuli were scaled based on each participant’s screen size. For ease of exposition, the stimuli parameters
reported below are for a typical monitor size of 13” (1366 x 768 pixels), and the procedure reported below
is for the one-target version of the task.

On each trial, the participants made a center-out planar movement from the center of the workspace to a
peripheral target. The center position was indicated by a white annulus 0.5 cm in 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 on
every trial. 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°).
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Total n =1, 747 (first experimenta

Female 855
Age 26.3(9-96) | Sex Male 839
Other 53
Rating of clumsiness 3.0(1.1) Vision intact IS\{I?)S 12:?4
Rating of enjoyment 33 (1.1 Screen size %ldgt}ﬁt 123538(1(?1)97)1)
Chrome 1375
Hours of computer use 6.93.2) Firefox 142
Edge 3
Browser Opira 0
Hours of sleep per night 7.1(1.4) Safari 177
Not detected 8
Right 1547 .
Handedness Left 150 Target location g?;dg:i:l gg
Ambidextrous 50 &
STEM 695
Mouse 764 Psychology 208
Device Trackpad 942 Undergraduate = Social Science 108
Trackball 18 Major Business 162
Other 23 Arts/Humanities | 201
Other 373
Multi-racial 79 Primary 21
White 833 Middle 286
Asian 431 Secondary 358
. Latinx 116 . Some college 388
Rz}cl'al African American | 55 Highest lgvel Technical s%hool 54
origin Native American | 22 of education Bachelor 313
Pacific Islander 5 Graduate 262
Other 93 Other 11
Rather not say 113 Rather not say 54
Baseline High 54(2.1) Movement Fast 97.4 (27.6)
variability Low 2.8(0.7) Time Slow 267.7 (130.8)
Reaction Fast 231.2(37.0) | Search Fast 1384.5 (151.5)
Time Slow 348.5(59.8) | Time Slow 1897.2 (273.4)

Table 2: Summary of demographic and task features. The mean age (min — max) is provided. The mean and SDs
are provided for self-reported Likert ratings of clumsiness (“I am clumsy”) and self-reported Likert ratings of overall
experience completing the experiment (“I enjoyed the experiment”). A rating of 1 and 5 signified that the participant
strongly disagreed or strongly agreed with the statement, respectively. Median splits for baseline variability (°),
reaction time (ms), movement time (ms), and search time (ms) are provided.

To initiate each trial, the participant moved the cursor, represented by a white dot on their screen into the
start location. During an introductory phase, feedback was only provided 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 was instructed 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 pt. Times New Roman font at
the center 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
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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
return 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 website, we were limited to only about 10 min of data
collection. The study was designed to completed in under 10 minutes. As such, participants completed three
blocks of trials (90 total trials): Baseline veridical-feedback block (30 trials), rotated-feedback block (54
trials), and a no-feedback block (6 trials). During the rotation block, the direction of rotation (i.e., clockwise,
or counterclockwise) was counterbalanced across participants.

Data analysis

The primary dependent variable was hand angle, defined as the angle of the hand relative 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 (i.e., we flipped all hand angle values at targets where a
counterclockwise rotation was provided).

The data were baseline subtracted. Baseline was defined as mean hand angle over all trials in the baseline
block. Outlier trials were defined as trials in which the hand angle deviated by more than three standard
deviations from a moving 5-trial window, or if the hand angle on a single trial was greater than 90° from
the target. These trials were discarded since behavior on these trials likely reflects attentional lapses
(average percent 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 10 trials during the rotation block. Late adaptation was
defined as the mean hand angle over the last 10 trials during the rotation block. Aftereffect was
operationalized as the mean hand angle during the no-feedback block.

The hand angle data during early, late, aftereffect phases were entered into a group lasso regression as
dependent variables (R function: cv.glmnet; (103)), and all the features in Table 2 were entered in as
independent predictors. Categorical variables were assigned dummy variables (104); continuous variables
were z-scored (105). We have opted to highlight results from group lasso regression since this procedure
penalizes unimportant independent variables (i.e., sets them to zero). As such, the method is conservative
in terms of identifying predictors. Group lasso also forces the model to keep or discard a pre-defined set of
grouped variables (e.g., undergraduate major).

We used 10-fold 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 beta coefficients and evaluated the degree to which
this model predicted held out data (the remaining 20% of sessions). The absolute value of the beta-
coefficient represents the importance of this feature in the model. We used the coefficient of determination
(RZ,) between the predicted and the actual held-out data as our key metric of model performance.

Data availability statement

Data and code will be available upon publication at: https://github.com/itsalwaysnow/Identifying-
predictors-of-sensorimotor-adaption-with-180-000-reaches.git.
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Figure S1. Other predictors of sensorimotor adaptation. Shaded region denotes SEM.


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

References

1. Krakauer J, Hadjiosif AM, Xu J, Wong AL, Haith AM. Motor Learning. Compr Physiol. 2019 Mar
14;9(2):613-63.

2. Roemmich RT, Bastian AJ. Closing the Loop: From Motor Neuroscience to Neurorehabilitation.
Annu Rev Neurosci. 2018 Jul 8;41:415-29.

3. Tsay JS, Winstein CJ. Five Features to Look for in Early-Phase Clinical Intervention Studies.
Neurorehabil Neural Repair. 2020 Nov 26;1545968320975439.

4.  Helmholtz HLFV. Treatise on physiological optics. New York, NY: Dover Publications; 1924. 1749
p.

5. Stratton GM. Some preliminary experiments on vision without inversion of the retinal image.
Psychol Rev. 1896 Nov;3(6):611-7.

6. Ghilardi M, Ghez C, Dhawan V, Moeller J, Mentis M, Nakamura T, et al. Patterns of regional brain
activation associated with different forms of motor learning. Brain Res. 2000 Jul 14;871(1):127-45.

7. Krakauer J, Pine ZM, Ghilardi MF, Ghez C. Learning of visuomotor transformations for vectorial
planning of reaching trajectories. J Neurosci. 2000 Dec 1;20(23):8916-24.

8. Krakauer J, Ghez C, Ghilardi MF. Adaptation to visuomotor transformations: consolidation,
interference, and forgetting. J Neurosci. 2005 Jan 12;25(2):473-8.

9. Ferrea E, Morel P, Franke J, Gail A. Statistical determinants of visuomotor adaptation in a virtual
reality three-dimensional environment [Internet]. Cold Spring Harbor Laboratory. 2021 [cited 2021
Feb 22]. p. 2021.02.16.431440. Available from:
https://www.biorxiv.org/content/10.1101/2021.02.16.431440v1

10. Kagerer FA, Contreras-Vidal JL, Stelmach GE. Adaptation to gradual as compared with sudden
visuo-motor distortions. Exp Brain Res. 1997 Jul;115(3):557-61.

11.  Shadmehr R, Smith MA, Krakauer J. Error correction, sensory prediction, and adaptation in motor
control. Annu Rev Neurosci. 2010;33:89-108.

12. Kim HE, Avraham G, Ivry RB. The Psychology of Reaching: Action Selection, Movement
Implementation, and Sensorimotor Learning. Annu Rev Psychol [Internet]. 2020 Sep 25; Available
from: http://dx.doi.org/10.1146/annurev-psych-010419-051053

13. McDougle SD, Ivry RB, Taylor JA. Taking Aim at the Cognitive Side of Learning in Sensorimotor
Adaptation Tasks. Trends Cogn Sci. 2016 Jul;20(7):535-44.

14. Hegele M, Heuer H. Implicit and explicit components of dual adaptation to visuomotor rotations.
Conscious Cogn. 2010 Dec;19(4):906-17.

15. Benson BL, Anguera JA, Seidler RD. A spatial explicit strategy reduces error but interferes with
sensorimotor adaptation. J Neurophysiol. 2011 Jun;105(6):2843-51.


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

16. Redding GM, Wallace B. Adaptive spatial alignment and strategic perceptual-motor control. J Exp
Psychol Hum Percept Perform. 1996 Apr;22(2):379-94.

17. Tsay JS, Avraham G, Kim HE, Parvin DE, Wang Z, Ivry RB. The Effect of Visual Uncertainty on
Implicit Motor Adaptation. J Neurophysiol [Internet]. 2021; Available from:
https://journals.physiology.org/doi/abs/10.1152/jn.00493.2020

18. Kim HE, Morehead R, Parvin DE, Moazzezi R, Ivry RB. Invariant errors reveal limitations in motor
correction rather than constraints on error sensitivity. Commun Biol. 2018 Mar 22;1:19.

19. Herzfeld DJ, Vaswani PA, Marko MK, Shadmehr R. A memory of errors in sensorimotor learning.
Science. 2014 Sep 12;345(6202):1349-53.

20. Albert ST, Jang J, Sheahan HR, Teunissen L, Vandevoorde K, Herzfeld DJ, et al. An implicit
memory of errors limits human sensorimotor adaptation. Nat Hum Behav [Internet]. 2021 Feb 4;
Available from: http://dx.doi.org/10.1038/s41562-020-01036-x

21. Redding GM, Wallace B. Effects on prism adaptation of duration and timing of visual feedback
during pointing. J] Mot Behav. 1990 Jun;22(2):209-24.

22. Held R, Efstathiou A, Greene M. Adaptation to displaced and delayed visual feedback from the
hand. J Exp Psychol. 1966;72(6):887-91.

23. Kitazawa S, Kohno T, Uka T. Effects of delayed visual information on the rate and amount of prism
adaptation in the human. J Neurosci. 1995 Nov;15(11):7644-52.

24. Brudner SN, Kethidi N, Graeupner D, Ivry RB, Taylor JA. Delayed feedback during sensorimotor
learning selectively disrupts adaptation but not strategy use. J Neurophysiol. 2016
Mar;115(3):1499-511.

25. Tsay JS, Irving C, Ivry RB. Signatures of contextual interference in implicit sensorimotor adaptation
[Internet]. bioRxiv. 2022 [cited 2022 Jul 4]. p. 2022.07.03.498608. Available from:
https://www.biorxiv.org/content/10.1101/2022.07.03.498608v 1

26. Tsay JS, Kim HE, Haith AM, Ivry RB. Understanding implicit sensorimotor adaptation as a process
of proprioceptive re-alignment [Internet]. bioRxiv. 2022 [cited 2022 Jul 14]. p. 2021.12.21.473747.
Available from: https://www.biorxiv.org/content/10.1101/2021.12.21.473747v2

27. Martin TA, Keating JG, Goodkin HP, Bastian AJ, Thach WT. Throwing while looking through
prisms: I. Focal olivocerebellar lesions impair adaptation [Internet]. Vol. 119, Brain. 1996. p. 1183—
98. Available from: http://dx.doi.org/10.1093/brain/119.4.1183

28. TzviE, Loens S, Donchin O. Mini-review: The Role of the Cerebellum in Visuomotor Adaptation.
Cerebellum [Internet]. 2021 Jun 2; Available from: http://dx.doi.org/10.1007/s12311-021-01281-4

29. Tsay JS, Najafi T, Schuck L, Wang T, Ivry RB. Implicit sensorimotor adaptation is preserved in
Parkinson’s Disease [Internet]. bioRxiv. 2022 [cited 2022 Apr 6]. p. 2022.03.11.484047. Available
from: https://www.biorxiv.org/content/10.1101/2022.03.11.484047v1

30. Tsay JS, Schuck L, Ivry RB. Cerebellar degeneration impairs strategy discovery but not strategy
recall [Internet]. bioRxiv. 2022. Available from: http://dx.doi.org/10.1101/2022.10.07.511309


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

31. Mutha PK, Sainburg RL, Haaland KY. Left parietal regions are critical for adaptive visuomotor
control. J Neurosci. 2011 May 11;31(19):6972—81.

32. Smith MA, Shadmehr R. Intact ability to learn internal models of arm dynamics in Huntington’s
disease but not cerebellar degeneration. J Neurophysiol. 2005 May;93(5):2809-21.

33. Henrich J, Heine SJ, Norenzayan A. The weirdest people in the world? Behav Brain Sci. 2010
Jun;33(2-3):61-83; discussion 83-135.

34. Yarkoni T, Westfall J. Choosing Prediction Over Explanation in Psychology: Lessons From
Machine Learning. Perspect Psychol Sci. 2017 Nov;12(6):1100-22.

35. Tsay JS, Lee A, Ivry RB, Avraham G. Moving outside the lab: The viability of conducting
sensorimotor learning studies online [Internet]. arXiv [q-bio.NC]. 2021. Available from:
http://arxiv.org/abs/2107.13408

36. Tsay JS, Lee AS, Avraham G, Parvin DE, Ho J, Boggess M, et al. OnPoint: A package for online
experiments in motor control and motor learning [Internet]. PsyArXiv. 2020. Available from:
http://dx.doi.org/10.31234/osf.io/hwmpy

37. Germine L, Nakayama K, Duchaine BC, Chabris CF, Chatterjee G, Wilmer JB. Is the Web as good
as the lab? Comparable performance from Web and lab in cognitive/perceptual experiments.
Psychon Bull Rev. 2012 Oct;19(5):847-57.

38. Germine LT, Duchaine B, Nakayama K. Where cognitive development and aging meet: face
learning ability peaks after age 30. Cognition. 2011 Feb;118(2):201-10.

39. Wilmer JB, Germine L, Chabris CF, Chatterjee G, Gerbasi M, Nakayama K. Capturing specific
abilities as a window into human individuality: the example of face recognition. Cogn
Neuropsychol. 2012;29(5-6):360-92.

40. Kim H, Kaduthodil J, Strong RW, Germine L, Cohan S, Wilmer JB. Multiracial Reading the Mind
in the Eyes Test (MRMET): an inclusive version of an influential measure [Internet]. 2022.
Available from: http://dx.doi.org/10.31219/0sf.io/y8djm

41. Wilmer JB. How to use individual differences to isolate functional organization, biology, and utility
of visual functions; with illustrative proposals for stereopsis. Spat Vis. 2008;21(6):561-79.

42. Shyr MC, Joshi SS. Validation of the Bayesian sensory uncertainty model of motor adaptation with
a remote experimental paradigm. In: 2021 IEEE 2nd International Conference on Human-Machine
Systems (ICHMS). 2021. p. 1-6.

43. Kim OA, Forrence AD, McDougle SD. Motor learning without movement. Proc Natl Acad Sci U S
A. 2022 Jul 26;119(30):€2204379119.

44. Taylor JA, Krakauer JW, Ivry RB. Explicit and implicit contributions to learning in a sensorimotor
adaptation task. J Neurosci. 2014 Feb 19;34(8):3023-32.

45. Avraham G, Morehead R, Kim HE, Ivry RB. Reexposure to a sensorimotor perturbation produces
opposite effects on explicit and implicit learning processes. PLoS Biol. 2021 Mar 5;19(3):e3001147.


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

46. Tsay JS, Kim HE, Parvin DE, Stover AR, Ivry RB. Individual differences in proprioception predict
the extent of implicit sensorimotor adaptation. J Neurophysiol [Internet]. 2021 Mar 3; Available
from: http://dx.doi.org/10.1152/jn.00585.2020

47. Huberdeau DM, Krakauer JW, Haith AM. Practice induces a qualitative change in the memory
representation for visuomotor learning [Internet]. J. Neurophysiol. 2019 [cited 2019 Feb 25]. p.
1050-9. Available from: http://dx.doi.org/10.1152/jn.00830.2018

48. Haith AM, Huberdeau DM, Krakauer JW. The influence of movement preparation time on the
expression of visuomotor learning and savings. J Neurosci. 2015 Apr 1;35(13):5109-17.

49. Morehead R, Qasim SE, Crossley MJ, Ivry R. Savings upon Re-Aiming in Visuomotor Adaptation.
J Neurosci. 2015 Oct 21;35(42):14386-96.

50. Schmitz G. Enhanced cognitive performance after multiple adaptations to visuomotor
transformations. PLoS One. 2022 Sep 21;17(9):e0274759.

51. Shea JB, Morgan RL. Contextual interference effects on the acquisition, retention, and transfer of a
motor skill. J Exp Psychol Hum Learn. 1979 Mar;5(2):179-87.

52. Goode S, Magill RA. Contextual interference effects in learning three badminton serves. Res Q
Exerc Sport. 1986 Dec;57(4):308-14.

53. Thiirer B, Gedemer S, Focke A, Stein T. Contextual Interference Effect Is Independent of
Retroactive Inhibition but Variable Practice Is Not Always Beneficial. Front Hum Neurosci. 2019
May 31;13:165.

54. Lee TD, Magill RA. The locus of contextual interference in motor-skill acquisition. J Exp Psychol
Learn Mem Cogn. 1983;9(4):730-46.

55. Collins AGE. The tortoise and the hare: Interactions between reinforcement learning and working
memory. J Cogn Neurosci. 2018 Oct;30(10):1422-32.

56. Dang KV, Parvin DE, Ivry RB. Exploring Contextual Interference in Implicit and Explicit Motor
Learning [Internet]. 2019 [cited 2020 Aug 14]. p. 644211. Available from:
https://www.biorxiv.org/content/10.1101/644211v1.abstract

57. Tsutsui S, Lee TD, Hodges NJ. Contextual interference in learning new patterns of bimanual
coordination. J Mot Behav. 1998 Jun;30(2):151-7.

58. Roller CA, Cohen HS, Kimball KT, Bloomberg JJ. Effects of normal aging on visuo-motor
plasticity. Neurobiol Aging. 2002 Jan;23(1):117-23.

59. Buch ER, Young S, Contreras-Vidal JL. Visuomotor adaptation in normal aging. Learn Mem. 2003
Jan;10(1):55-63.

60. Vachon CM, Modchalingam S, ’t Hart BM, Henriques DYP. The effect of age on visuomotor
learning processes. PLoS One. 2020 Sep 14;15(9):¢0239032.

61. Wolpe N, Ingram JN, Tsvetanov KA, Henson RN, Wolpert DM, Cam-CAN, et al. Age-related
reduction in motor adaptation: brain structural correlates and the role of explicit memory. Neurobiol


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Aging [Internet]. 2020 Feb 20; Available from:
http://dx.doi.org/10.1016/j.neurobiolaging.2020.02.016

62. Wang TSL, Martinez M, Festa EK, Heindel WC, Song J-H. Age-related enhancement in visuomotor
learning by a dual-task. Sci Rep. 2022 Apr 5;12(1):5679.

63. Cressman EK, Salomonczyk D, Henriques DYP. Visuomotor adaptation and proprioceptive
recalibration in older adults. Exp Brain Res. 2010 Sep;205(4):533—44.

64. Vandevoorde K, Orban de Xivry J-J. Why is the explicit component of motor adaptation limited in
elderly adults? J Neurophysiol. 2020 Jul 1;124(1):152-67.

65. Wong AL, Marvel CL, Taylor JA, Krakauer JW. Can patients with cerebellar disease switch
learning mechanisms to reduce their adaptation deficits? Brain [Internet]. 2019 Jan 28; Available
from: http://dx.doi.org/10.1093/brain/awy334

66. Seidler RD. Differential effects of age on sequence learning and sensorimotor adaptation. Brain Res
Bull. 2006 Oct 16;70(4-6):337-46.

67. Ruitenberg MFL, Koppelmans V, Seidler RD, Schomaker J. Developmental and age differences in
visuomotor adaptation across the lifespan. Psychol Res [Internet]. 2023 Jan 9; Available from:
http://dx.doi.org/10.1007/s00426-022-01784-7

68. Gajda K, Siilzenbriick S, Heuer H. Financial incentives enhance adaptation to a sensorimotor
transformation. Exp Brain Res. 2016 Oct;234(10):2859-68.

69. Tottenham LS, Saucier DM. Throwing accuracy during prism adaptation: male advantage for
throwing accuracy is independent of prism adaptation rate. Percept Mot Skills. 2004 Jun;98(3 Pt
2):1449-55.

70. Dhawale AK, Smith MA, Olveczky BP. The role of variability in motor learning. Annu Rev
Neurosci. 2017 Jul 25;40:479-98.

71. He K, Liang Y, Abdollahi F, Fisher Bittmann M, Kording K, Wei K. The statistical determinants of
the speed of motor learning. PLoS Comput Biol. 2016 Sep;12(9):e1005023.

72.  Wu HG, Miyamoto YR, Castro LNG, Olveczky BP, Smith MA. Temporal structure of motor
variability is dynamically regulated and predicts motor learning ability. Nat Neurosci. 2014
Feb;17(2):312-21.

73. Singh P, Jana S, Ghosal A, Murthy A. Exploration of joint redundancy but not task space variability
facilitates supervised motor learning. Proc Natl Acad Sci U S A. 2016 Dec 13;113(50):14414-9.

74. Stark-Inbar A, Raza M, Taylor JA, Ivry RB. Individual differences in implicit motor learning: task
specificity in sensorimotor adaptation and sequence learning. J Neurophysiol. 2017 Jan
1;117(1):412-28.

75. Schlerf JE, Xu J, Klemfuss NM, Griffiths TL, Ivry RB. Individuals with cerebellar degeneration
show similar adaptation deficits with large and small visuomotor errors. J Neurophysiol. 2013
Feb;109(4):1164-73.


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

76. Butcher PA, Ivry RB, Kuo S-H, Rydz D, Krakauer JW, Taylor JA. The cerebellum does more than
sensory prediction error-based learning in sensorimotor adaptation tasks. J Neurophysiol. 2017 Sep
1;118(3):1622-36.

77. Vandevoorde K, Orban de Xivry J-J. Internal model recalibration does not deteriorate with age
while motor adaptation does. Neurobiol Aging. 2019 Aug;80:138-53.

78. McNay EC, Willingham DB. Deficit in learning of a motor skill requiring strategy, but not of
perceptuomotor recalibration, with aging. Learn Mem. 1998 Jan;4(5):411-20.

79. Fernandez-Ruiz J, Hall C, Vergara P, Diiaz R. Prism adaptation in normal aging: slower adaptation
rate and larger aftereffect. Brain Res Cogn Brain Res. 2000 Jun;9(3):223—-6.

80. Tsay JS, Kim H, Haith AM, Ivry RB. Understanding implicit sensorimotor adaptation as a process
of proprioceptive re-alignment. Elife [Internet]. 2022 Aug 15;11. Available from:
http://dx.doi.org/10.7554/eLife.76639

81. Decarie A, Moghaddam SH, Cressman EK. Proprioceptive training improves sense of felt hand
position but does not influence implicit visuomotor adaptation. J Exerc Movement Sport [Internet].
2021 [cited 2021 Oct 22];52(1). Available from:
https://www.scapps.org/jems/index.php/1/article/view/2511

82. Vandevoorde K, Orban de Xivry J-J. Does proprioceptive acuity influence the extent of implicit
sensorimotor adaptation in young and older adults? J Neurophysiol [Internet]. 2021 Aug 4;
Available from: http://dx.doi.org/10.1152/jn.00636.2020

83. Bonstrup M, Iturrate I, Hebart MN, Censor N, Cohen LG. Mechanisms of offline motor learning at a
microscale of seconds in large-scale crowdsourced data. NPJ Sci Learn. 2020 Jun 4;5:7.

84. Morehead JR, Ivry R. Intrinsic biases systematically affect visuomotor adaptation experiments.
Society for Neural Control of Movement [Internet]. 2015; Available from:
http://ivrylab.berkeley.edu/uploads/4/1/1/5/41152143/morehead ncm2015.pdf

85. Vindras P, Desmurget M, Prablanc C, Viviani P. Pointing errors reflect biases in the perception of
the initial hand position. J Neurophysiol. 1998 Jun;79(6):3290—4.

86. Wilson ET, Wong J, Gribble PL. Mapping proprioception across a 2D horizontal workspace. PLoS
One. 2010 Jul 29;5(7):e11851.

87. YinC,BiY, YuC, Wei K. Eliminating Direction Specificity in Visuomotor Learning. J Neurosci.
2016 Mar 30;36(13):3839-47.

88. Listman JB, Tsay JS, Kim HE, Mackey WE, Heeger DJ. Long-Term Motor Learning in the “Wild”
With High Volume Video Game Data. Front Hum Neurosci. 2021 Dec 20;15:777779.

89. Aung M, Bonometti V, Drachen A, Cowling P, Kokkinakis AV, Yoder C, et al. Predicting skill
learning in a large, longitudinal moba dataset. In: 2018 IEEE conference on computational
intelligence and games (CIG). IEEE; 2018. p. 1-7.


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

90. Brookes J, Warburton M, Alghadier M, Mon-Williams M, Mushtaq F. Studying human behavior
with virtual reality: The Unity Experiment Framework. Behav Res Methods. 2020 Apr;52(2):455—
63.

91. Chen X, Rutledge RB, Brown HR, Dolan RJ, Bestmann S, Galea JM. Age-dependent Pavlovian
biases influence motor decision-making. PLoS Comput Biol. 2018 Jul;14(7):e1006304.

92. Donovan I, Saul MA, DeSimone K, Listman JB, Mackey WE, Heeger DJ. Assessment of Human
Expertise in First-Person Shooter Games [Internet]. bioRxiv. 2022 [cited 2022 Jul 6]. p.
2022.06.30.498231. Available from: https://www.biorxiv.org/content/10.1101/2022.06.30.498231v1

93. Stafford T, Dewar M. Tracing the trajectory of skill learning with a very large sample of online
game players. Psychol Sci. 2014 Feb;25(2):511-8.

94. Stafford T, Vaci N. Digital games as a platform for understanding skill acquisition from novice to
expert [Internet]. 2021. Available from: psyarxiv.com/hd5ck

95. Balestrucci P, Wiebusch D, Ernst MO. ReActLab: A Custom Framework for Sensorimotor
Experiments “in-the-wild.” Front Psychol [Internet]. 2022;13. Available from:
https://www.frontiersin.org/article/10.3389/fpsyg.2022.906643

96. Kaur J, Balasubramaniam R. Sequence learning in an online serial reaction time task: The effect of
task instructions. J Mot Learn Dev. 2022;1-17.

97. Brantley JA, Kording KP. Bayesball: Bayesian integration in professional baseball batters [Internet].
bioRxiv. 2022. Available from: http://dx.doi.org/10.1101/2022.10.12.511934

98. Drazan JF, Phillips WT, Seethapathi N, Hullfish TJ, Baxter JR. Moving outside the lab: Markerless
motion capture accurately quantifies sagittal plane kinematics during the vertical jump. J Biomech.
2021 Jun 13;125:110547.

99. Hausmann SB, Vargas AM, Mathis A, Mathis MW. Measuring and modeling the motor system with
machine learning [Internet]. arXiv [q-bio.QM]. 2021. Available from:
http://arxiv.org/abs/2103.11775

100. Yin C, Wei K. Savings in sensorimotor adaptation without explicit strategy. J Neurophysiol
[Internet]. 2020 Feb 26; Available from: http://dx.doi.org/10.1152/jn.00524.2019

101. Hadjiosif AM, Smith MA. Savings is restricted to the temporally labile component of motor
adaptation. In: Advances in Motor Control and Motor Learning [Internet]. 2013. Available from:
https://groups.seas.harvard.edu/motorlab/TCMC2013/89.pdf

102. Coltman SK, Cashaback JGA, Gribble PL. Both fast and slow learning processes contribute to
savings following sensorimotor adaptation. J Neurophysiol. 2019 Apr 1;121(4):1575-83.

103. Friedman J, Hastie T, Tibshirani R. Regularization Paths for Generalized Linear Models via
Coordinate Descent. J Stat Softw. 2010;33(1):1-22.

104. Choi Y, Park R, Seo M. Lasso on Categorical Data. 2012 [cited 2022 Aug 13]; Available from:
https://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.278.5439


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.18.524634; this version posted January 20, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

105. Tibshirani R. Regression Shrinkage and Selection via the Lasso. J R Stat Soc Series B Stat
Methodol. 1996;58(1):267-88.


https://doi.org/10.1101/2023.01.18.524634
http://creativecommons.org/licenses/by-nc/4.0/

