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ABSTRACT

The ability to adapt to changes in the environment is essential for skilled performance, especially in competitive sports
and events, where experts consistently perform at the highest level, rapidly adapting to unpredictable conditions.
Current studies have identified cortical-cortical interactions between the premotor and primary motor cortex during
expert performance; however, while these interactions are important for planning and execution, our understanding
of the mechanisms underlying learning, feedback, and adaptation remains unclear. Subcortical structures, such as
the cerebellum, have dense connections with the cerebral cortex through which they provide precise topological
constraints that could putatively play a crucial role in fast, accurate task execution. To test this hypothesis, we tracked
cortical, subcortical, and cerebellar BOLD activity during a visuomotor rotation task in which participants executed a
visual cue-driven, ballistic motor task across three conditions: at baseline; following a 45° clockwise motor rotational
perturbation; and then within a follow-up (washout) condition. We observed increased recruitment of primary visual,
basal ganglia, and cerebellar regions that robustly covaried with fast, accurate performance across all conditions
(baseline, rotation, and washout). Tracking individualised performance across participants, we observed three distinct
groups: experts (consistently fast and accurate), adapters (initially poor with improvement to expert-level), and non-
adapters (initially good but ultimately poor performance). The experts and adapter groups demonstrated perfor-
mances that were robust to changes in conditions and were more variable in their neural signatures between trials,
whereas the performance of non-adapters decreased with changes in conditions and were characterised by less
variable neural signatures. These results aligned with the tenets of the differential learning theory. To establish the
validity of our interpretation of these whole-brain signatures and behavioural patterns, the neuroimaging results were
reproduced by training recurrent neural networks representing each group and analysing their resultant activity patterns.
Together, these results provide evidence for cerebellar and basal ganglia contributions to expertise in adaptation and
suggest a possible connection between variable brain patterns and robust performance.
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1. INTRODUCTION
Schwartz, 1999; Cheung & Kulasegaram, 2022). At high

A defining characteristic of expertise is the ability to levels of sports (e.g., tennis), adaptation is crucial. For
adapt—to perform at high levels across multiple scenar- instance, an athlete (such as a tennis player) has to
ios, including surprising and novel situations (Bransford & adjust to perturbations caused by environmental factors
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(e.g., effects of wind and temperature on ball trajectories)
or from the opposing player (e.g., different types of spins
on the ball). Similarly, adaptation is important in cognitive
tasks, including tasks that require translating skills from
one situation to another (e.g., playing a game of chess
after losing a Queen). However, between individuals,
there can be differences in how fast one adapts to
changes as well as what strategies are used to adapt
(McDougle et al., 2016; Schollhorn et al., 2012; Taylor &
Ivry, 2011). Hence adaptation is a complex skill applica-
ble in both physical and mental activities, and under-
standing how to optimally adapt would lead to improved
performance and expertise.

Understanding the neural correlates of actions both
physical and cognitive is inherently difficult. Within a sin-
gle action, multiple processes are undertaken—both
sequentially and in parallel—however, to isolate specific
sub-components of actions, experimental tasks are often
designed in order to isolate a specific event. Furthermore,
with limitations in signal strength during standard neural
recordings, experimental tasks can range from being so
simple that the specific function that is isolated bears no
resemblance of the desired action; to so complex that the
new task requires the execution of an entirely new move-
ment. Motor adaptation tasks offer a work-around, in that
they accurately simplify natural behaviours through tasks
that anyone can perform, while still modifying a partici-
pant’s performance by altering specific task rules without
changing the difficulty of the task (Krakauer, 2009; Tsay
et al., 2022). There are numerous versions of motor adap-
tation tasks that evoke different sensory adaptations,
such as visuomotor rotations (Areshenkoff et al., 2022;
Krakauer, 2009; Perich et al., 2018) and force-field per-
turbations (Perich & Miller, 2017; Perich et al., 2018).
Importantly, these tasks have been performed during
simultaneous functional neuroimaging (Areshenkoff et al.,
2022; Perich & Miller, 2017; Perich et al., 2018), and can
also be decoded using neural networks (Pemberton
et al., 2022). By consolidating findings across modalities
and techniques, an understanding of how the brain
adapts to changes in the environment can be attained.
Thus begs the question, how might the brain reconfigure
its activity to mediate effective adaptation?

In the past decade, both technological and method-
ological advances have improved our understanding of
adaptation in the brain; however, a comprehensive under-
standing of how the brain as a whole learns to adapt to
perturbations remains unclear. The current motor learn-
ing literature has a strong focus towards the cerebral cor-
tex and cortical-cortical interactions, with the consensus
approach highlighting how primary motor regions change
with learning and with different inputs (Churchland et al.,
2012, 2006; Gallego et al., 2020; Perich et al., 2018). As

the relationship between primary motor regions and
movement dynamics remains unchanged during adap-
tive behaviour (Perich & Miller, 2017), connections
between primary motor regions and other cerebral corti-
cal regions (such as the premotor cortex) may serve an
important role in adaptive learning. However, these
cortical-cortical interactions are unable to capture the
complete scope of motor learning, such as how the brain
as a whole processes error feedback (Cohen et al., 2017;
Prut et al., 2001) and the decrease in cortical regions over
the duration of a task (Bassett et al., 2015; Berlot et al.,
2020). Furthermore, premotor and motor regions share
connections with numerous other subcortical structures
of the brain such as the basal ganglia, thalamus, and cer-
ebellum (Kelly & Strick, 2003; Middleton & Strick, 1994;
Shine, 2021). Perhaps most damning for cortico-centric
hypotheses is that much of the motor cortex can be sur-
gically removed in expert mice, without an observable
decline in performance (Kawai et al., 2015; Wolff et al.,
2022). Hence, a cerebral cortico-centric focus on motor
learning and adaptation does not justify the complexity of
the anatomical connections within the brain nor explain
the wide variations in behaviour.

Although the basal ganglia has long been associated
with the execution of habitual behaviours (Graybiel &
Grafton, 2015; Yin & Knowlton, 2006), there are other
subcortical structures—such as the cerebellum (Gilbert &
Thach, 1977; Rotondo et al., 2022)—that are well-suited
to facilitate adaptive behaviour, but have not received
sufficient theoretical attention. Consisting of more than
50% of the total neurons in the whole brain (Wagner
et al., 2019; Zagon et al., 1977), the cerebellum has a
repeated, modular structure that integrates the cerebellar
cortex with the cerebral cortex, both via inputs (via the
cortico-pontine-cerebellar system) and outputs (via the
cerebello-thalamo-cortical circuits) (Albus, 1971; Koziol
et al., 2014; Nashef et al., 2018), as well as with the spinal
cord (Albus, 1971; Cohen et al., 2017; Zinger et al., 2013).
The modular structure of the cerebellum allows for com-
partmentalisation of unique inputs (Hayter et al., 2007;
Kostadinov & Hausser, 2022), the learning and execution
of complex, nested sequences of input-output patterns
(Khilkevich et al., 2018), as well as more complex, multi-
domain functions like parallel processing (Muller et al.,
2023). Furthermore, the cerebellum has also been linked
to pattern separation and feed-forward predictions, akin
to a forward model for effective motor control (Bastian,
2006; Imamizu & Kawato, 2009; Ramnani, 2014; Stein,
2021; Wolpert et al., 1998). These functions play pivotal
roles in adaptation and learning, as pattern separation
allows the brain to disentangle similar actions from each
other, and feed-forward mechanisms facilitate rapid
learning; however, to date, few studies have investigated
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this systems-level perspective in adaptation tasks. Feed-
forward mechanisms or the anticipation of movement
outcomes have previously been linked with learning an
internal model of the task—where the internal model
refers to encoding the task in the brain (e.g., understand-
ing how a tennis racquet would move when your arm
moves) (Imamizu et al., 2000; Wolpert et al., 1998). In
adaptation paradigms, the cerebellum has been sug-
gested to serve a role in developing and storing internal
models through implicit learning and error feedback
(Doyon & Benali, 2005; Doyon et al., 2003; Hikosaka et al.,
2002; Imamizu et al., 2000; Mazzoni & Krakauer, 2006;
Tseng et al., 2007). Importantly, both lesioning of the cer-
ebellum (Sendhilnathan et al., 2024) and patients with cer-
ebellar ataxia (Morton & Bastian, 2006) resulted in impaired
adaptation specifically learning in-between trials (Tzvi
et al., 2022). Hence, the cerebellum facilitates learning in
adaptation by contributing important functions such as
pattern separation and feed-forward predictions.

Another key subcortical structure involved in adaptation
and learning are the basal ganglia (Foerde & Shohamy,
2011; Lanciego et al., 2012) which are a small group of
nuclei with internal inhibitory connectivity and a modula-
tory (GABAergic) role controlling thalamic firing (Nambu,
2008; Wilson, 2013). The basal ganglia are also disynap-
tically connected with the cerebellum (Bostan & Strick,
2018; Todorov et al., 2019), though the precise interplay
between these two structures remains somewhat enig-
matic. Therefore, approaching expertise and adaptation
from a systems-level perspective that involves interac-
tions between the cerebellum, basal ganglia, and cortical
regions would enable better adjustments to perturbations
and increase the speed of learning.

Here, we analyse BOLD fMRI patterns within the cere-
bral cortex, cerebellum, and basal ganglia during a sen-
sorimotor adaptation task to determine the relationship
between these structures following a perturbation to the
sensorimotor contingencies inherent within the task (i.e.,
a 45° rotation to cursor movements). We hypothesised
that increased performance in the adaptation task would
be associated with an increased response within the cer-
ebellum and basal ganglia. To tackle the inter-individual
differences during learning, we compared differences
between trials using a data-driven clustering approach.
Based on the differential learning theory (Frank et al.,
2008), we predicted that variation in strategies during
learning would drive inter-individual differences, with
individuals who had more variation during learning adapt-
ing faster to perturbations. Finally, we created a simple
recurrent neural network model to test the validity of this
predicted mechanism. Overall, our results provide import-
ant evidence to support distributed cortico-cerebellar cir-
cuits in sensorimotor adaptation.

2. METHODS

2.1. Participant demographics

Forty right-handed individuals between the ages of 18
and 35 (mean = 22.5, SD = 4.51; 13 males) participated in
the study and received financial compensation for their
time. Data from eight participants were excluded due to
either head motion in the MRI scanner (N = 4; motion
greater than 2 mm or 2° rotation within a single scan) or
their inability to learn the rotation task (N = 4). The final
dataset consisted of 32 participants. Right-handedness
was assessed with the Edinburgh handedness ques-
tionnaire (Oldfield, 1971). Participants’ written, informed
consent was obtained before commencement of the
experimental protocol. The Queen’s University Research
Ethics Board approved the study, and it was conducted
in accordance with the principles outlined in the Cana-
dian Tri-Council Policy Statement on Ethical Conduct for
Research Involving Humans and the principles of the
Declaration of Helsinki (World Medical Association, 2013).
Data were obtained from a previous study (Standage
et al., 2023) and are available on the OpenNeuro reposi-
tory (accession number ds004021).

2.2. Study design

Participants performed hand movements directed toward
a target by applying a directional force onto an MRI-
compatible force sensor (ATl technologies) using their right
index finger and thumb. Once directional force was
applied, there was no ability to adjust directions until the
next trial began. The target and cursor stimuli were
rear-projected with an LCD projector (NEC LT265 DLP
projector, 1,024 x 768 resolution, 60 Hz refresh rate) onto a
screen mounted behind the participant. The stimuli on the
screen were viewed through a mirror fixed to the MRI coil
directly above participants’ eyes, thus preventing partici-
pants from being able to see their hand. The force sensor
and associated cursor movement were sampled at 500 Hz.

This experiment used a well-established VMR task
(Krakauer, 2009) to probe sensorimotor adaptation. To
start each trial, the cursor (20-pixel radius) appeared in a
central start position (25-pixel radius). A white target circle
(30-pixel radius) appeared at one of eight locations (0°,
45°,90°, 135°, 180°, 225°, 270°, 315°) on an invisible ring
around the central position (300-pixel radius) and filled
in (white) following a 200 ms delay. Participants then
applied a directional force on the sensor resulting in the
cursor being launched towards the input direction. Once
launched, the cursor would travel the 300-pixel distance to
the invisible ring over a 750 ms period (with a bell-shaped
velocity profile) before becoming stationary at the ring
to provide participants with end-point error feedback.
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Fig. 1. Summary of methods. (A) Task design including the three conditions, timing of stimuli, and response.

(B) Thresholding of behaviour measurements. (C) Calculation of balanced integration score (BIS), and selection of
individuals that completed the task competently. (D) Matching the trial onset time convolved by the haemodynamic
response function (HRF) with the BOLD timeseries (peak BOLD). (E) General linear model (GLM) fitting BIS to peak BOLD
timeseries for each participant. K-means clustering was applied using the BIS scores. (F) Comparing the generated brain
map from the GLM with topics from the neurosynth database. (G) Analysing variance and inter-trial changes in brain

responses using correlation and energy landscape analyses.

End-point error feedback is provided by the target white
circle changing colours. If the cursor overlapped with the
target to any extent, the target would become green, signi-
fying a target “hit,” and if there was no overlap the target
would remain white. Each trial was separated by 4 s and
within this period, participants had 2.6 s from target pre-
sentation to complete the trial (including the 200 ms target
delay, participants’ own reaction time, and the 750 ms cur-
sor movement; any remaining time was allotted to provid-
ing the end-point error feedback) (Fig. 1A). At 2.6 s, the trial
was ended, the screen was blanked, the data saved, and
participants would briefly wait for the next trial to begin.
Reaction times were not stressed in this experimental pro-
cedure. On trials in which the reaction time exceeded
2.6 s, the trial would end, and the participant would wait
for the next trial to begin.

Data collection occurred across 2 days in order to
observe both the initial learning (first day) and learning
retention (second day). For each day, 120 baseline trials
(15 sets of eight trials) were completed without a rotation
of the cursor. Following these trials, 320 learning trials (40
sets of eight trials) were completed, wherein a 45° clock-
wise rotation of the cursor was applied. The baseline and
learning trials were completed during one continuous fMRI

scan. Following this scan, conditions were restored to
baseline (i.e., no rotation of cursor) in a separate scan and
participants performed 120 washout trials allowing partic-
ipants to de-adapt before relearning on the second day.
Within each set of eight trials, the white target circle can
appear in one of eight locations without replacement. In
addition to these VMR-related task components, there
were also three 6 min resting-state fMRI scans inter-
spersed prior to, between, and following VMR learning and
washout. During these resting-state scans, participants
were instructed to rest with their eyes open, while fixating
a central cross location presented on the screen. The total
testing time was 75 min on each testing day (including
setup time) with the baseline and rotation scan taking
~30 min, and the washout scan lasting ~9 min (see Sup-
plementary Materials for breakdown of this timing). For our
analyses, we only focused on the first day of testing as we
were concerned with the initial learning and adaptation.

2.3. Behavioural processing

The absolute angle error between the target and final cur-
sor position (RE), and the time taken to make a response
(RT) were measured for each trial (Fig. 1B). The angle
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error was measured as the angle between the initiated
direction and the optimal path to the target where posi-
tive values mean that the initiated direction was clock-
wise to the optimal path, and negative values mean that
the initiated direction was anticlockwise to the optimal
path. To ignore the direction of the error and only con-
sider the amplitude of the error, we took the absolute
value of the angle error. Based on the distribution of RT,
response times greater than 2 s and less than 0.3 s were
removed (the latter was removed due to not being
reproducible—could be due to anticipation) (Fig. 1B). RE
greater than 100 were removed and could be due to par-
ticipants sending the cursor in the wrong direction
(Fig. 1B). Corresponding fMRI data related to the removed
trials were also excluded. For each participant, their RT
was plotted against RE to visually demonstrate learning.

The RT and RE of each trial were z-scored and com-
bined by addition to create a Balanced Integration Score
(BIS) (Liesefeld & Janczyk, 2019; Liesefeld et al., 2015)
(Fig. 1C). Compared to the original BIS score, which mea-
sures the number of correct responses, our dataset
tracked the angle error (distance of cursor from centre of
the target). Therefore, rather than subtracting RE from RT,
we have added them together. Note that the BIS score
was flipped (multiplied by -1) to make interpretation more
intuitive, wherein higher scores are indicative of better
performance in the task (and v.v. for lower scores). The
BIS score was calculated across all trials and conditions
to retain between-condition effects. If BIS was calculated
per condition, each condition would have the same mean
value of 0, therefore eliminating any significant effects
between conditions (Liesefeld & Janczyk, 2019). In our
study, the participants learned at different rates and
reached different levels of “expertise” in the task. To con-
trol for this variation, we only included participants who
reached a final performance above a certain threshold
(BIS > 0), where the final performance was defined as the
average BIS score across the final set of eight trials
during the washout scan (Fig. 1C). Performance during
washout was used to control for participants who learned
during the rotation condition but were unable to de-adapt
when the task rules were reset. To make sure that the
thresholding captured participants who adapted to both
the rotation and washout conditions, the BIS scores
across trials for each subject were visualised. For the rest
of this article, we separated the trials by their condition;
for example, Baseline condition has no rotation on the
cursor, Rotation includes trials with the 45° rotation, and
Washout includes trials with no rotation after the learning
(Rotation) trials.

To compare differences between early and late perfor-
mance within each condition, the mean BIS score was
calculated for the first (early) and last (late) sets of each task

condition (Baseline: Sets 1 & 15; Rotation: Sets 16 & 55;
Washout: Sets 56 & 70) for each participant. For each
condition, a paired-sample t-test was used to compare
participants’ early performance against their performance
in the last set of trials (Set 1 vs. Set 15; Set 16 vs. Set 55;
Set 56 vs. Set 70). While we are using an adaptation task,
it is still important to check that task difficulty is similar
across conditions, otherwise we would be unable to rule
out differences due to cognitive load. To compare task
difficulty, a one-way ANOVA was used to compare final
performance across the three conditions (Set 15 vs. Set
55 vs. Set 70).

2.4. Imaging acquisition

Participants were scanned using a 3T Siemens TIM
MAGNETOM Trio MRI scanner located at the Centre for
Neuroscience Studies, Queen’s University (Kingston,
Ontario, Canada). For each participant on each day, a T1-
weighted ADNI MPRAGE anatomical (TR = 1,760 ms,
TE = 2.98 ms, field of view = 192 mm x 240 mm x 256 m
m, matrix size = 192 x 240 x 256, flip angle = 9°, 1 mm
isotropic voxels) was collected. fMRI volumes were
acquired using a 32-channel head coil and a T2*-weighted
single-shot gradient-echo echo-planar imaging acquisi-
tion sequence (TR = 2,000 ms, slice thickness = 4 mm,
in-plane resolution = 3 mm x 3 mm, TE = 30 ms, field of
view = 240 mm x 240 mm, matrix size = 80 x 80, flip
angle = 90°), and acceleration factor (integrated parallel
acquisition technologies) = 2 with generalised auto-
calibrating partially parallel acquisitions reconstruction.
Each volume comprised 34 contiguous (no gap) oblique
slices acquired at a 30° caudal tilt with respect to the
plane of the anterior and posterior commissure, providing
whole-brain coverage of the cerebrum and cerebellum.
For each resting-state scan, 180 imaging volumes were
collected. For the baseline and learning epochs, we col-
lected a single, continuous scan of 896 imaging volumes.
For the washout scan, we collected one scan of 256
imaging volumes. Each scan included an additional eight
imaging volumes at both the beginning and the end. All
imaging and behavioural data are publicly available in an
OpenNeuro repository (Standage et al., 2023, accession
number ds004021).

2.5. Pre-processing

Neuroimaging data were in BIDS format and were pre-
processed with fMRIprep version 21.0.2 (https://fmriprep
.org/en/stable/#), a standard pipeline that incorporates
toolboxes from the gold-standard preprocessing software
in the field. fMRIPrep involves the basic pre-processing
steps (co-registration, normalisation, unwarping, noise
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component extraction, segmentation, skull-stripping etc.)
and produces a report for quality checking at each step.
See Supplementary Materials for a full description of each
step. Regression of 12 head motion artifacts, and the
average combined whiter matter, CSF signal was con-
ducted using custom python scripts, with a high-pass fil-
ter set at 0.01. Mean BOLD signal time-series data were
extracted from the fMRI data for 400 Schaefer cortical
regions (Schaefer et al., 2018), 28 cerebellar regions (SUIT
atlas; Diedrichsen, 2006), and 26 basal ganglia regions
(Tian et al., 2020) using custom python scripts. The fol-
lowing atlases were chosen as robust parcellations that
reveal meaningful neurobiological features, with parcels
that cover regions from the cerebral cortex, subcortex,
and cerebellum which we believe to be involved in exper-
tise and adaptation (de Reus & van den Heuvel, 2013;
Diedrichsen, 2006; Khilkevich et al., 2018; Schaefer et al.,
2018; Tian et al., 2020). All code is available on https://
github.com/ShineLabUSYD.

2.6. General linear model design

Due to the thresholding of behavioural data in Methods
2.3 (0.3 s < RT < 2 s; RE < 100), we only considered
BOLD data with corresponding behavioural data that
passed this thresholding. If the behavioural data did not
pass these criteria, then the BOLD data of the trial were
removed. Due to this thresholding, there was an unequal
number of trials per participant.

For each of the remaining trials, we have the timing for
when the trial begins (onset time). Following event-related
fMRI designs, the onset time for each trial was convolved
with the hemodynamic response function (HRF) to
approximate the blood flow during a trial (Chee et al,,
2003; Friston et al., 1999). In the original dataset, there
was no jittering of onset time (consistent trial timing) and
the amount of time between trials was less than 10 s,
hence there was a consistent overlap of convolved onset
times between adjacent trials resulting in temporal blur-
ring of the BOLD activity. In order to guarantee that the
BOLD information of each trial was independent of each
other trial, we adopted a finite impulse response (FIR)
model to select non-overlapping estimates of trial-by-
trial BOLD response (Bai et al., 2007; Glover, 1999). Spe-
cifically, by taking advantage of the fact that for each trial
the behavioural data were thresholded to 2 s (see Meth-
ods 2.3 for rationale) and that the imaging sequencing
captured BOLD data every 2 s (TR = 2 s), we can select a
single imaging volume from the time-series that captured
BOLD activity during the task response. Aligning the
BOLD time-series to the convolved onset time allowed
for the selection of a single imaging volume per trial that
contained independent task-related information and took

into consideration the delay in activity response as esti-
mated by the HRF (imaging volume at the peak of the
convolved onset time) (Fig. 1D).

This collapsed time-series data consisting of peak
BOLD measurement was used for the rest of the analy-
ses. Due to the previous removal of trials, the number of
remaining trials per participant were unequal. To nor-
malise the number of trials per participant, from each set
of eight trials, four trials that met the criteria above were
randomly sampled without replacement, resulting in a
total of 280 trials per participant across baseline, rotation,
and washout. To account for variation in results due to
random sampling, we conducted 100 iterations of the
random sampling. The mean and standard deviation for
cortical, basal ganglia, cerebellar time-series, and BIS
were plotted to check for large differences between iter-
ations. The first iteration was chosen as the sample data-
set for future analyses.

A general linear model (GLM) was fitted with BIS score
as the explanatory variable, and the peak BOLD time-
series as the outcome variable. This GLM was fitted for
each ROI time-series (400 cortical, 28 cerebellar regions)
of each participant as a 1st-level analysis. For group-
level analysis (2nd level), significance testing for each
region was calculated via a one-sample t-test. Group-
level results were calculated for the BIS score and visual-
ised on the brain.

ROI timeseries ~ BIS

A similar GLM was constructed using RT and RE
instead of BIS for the explanatory variables. Group-level
analysis results were generated via a one-sample t-test
and visualised on the brain. Participant-level beta coef-
ficients for RT and RE were averaged and correlated
against the group average BIS beta coefficients. To
check whether the relationships between BIS and brain
regions changed between conditions, a GLM was fitted
with BIS divided per condition and the associated peak
BOLD time-series. The group average beta coefficients
across conditions were correlated against one another.
To see whether the BIS brain map was driven by individ-
ual participants, the dataset was split roughly in half
(n =12, n = 11). Following a hold-out approach (Dear
et al., 2024), by splitting the initial data into smaller sub-
datasets (groups) we can evaluate the robustness of the
results by seeing how similar the results are across the
two groups. Each group had the BIS beta coefficients
generated by fitting a GLM with BIS against the peak
BOLD time-series (as done above), and the group-level
significant testing for each region conducted via a one-
sample t-test. The similarity of the thresholded brain
map for each group was compared against one another
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using Pearson’s correlation. To check whether these
results are consistent across scales, these analyses
were also reproduced in a finer parcellation which con-
sists of the 1,000 Schaefer cortical regions, 28 cerebellar
regions, and 26 basal ganglia regions. All comparisons
were calculated using Pearson’s correlation, and signifi-
cance of all correlations was evaluated through spin-
permutation testing for cerebral cortical regions.

ROI timeseries ~ RT + RE

2.7. Comparison with Neurosynth database

The initial GLM results were surprising as we did not
expect primary motor regions to decrease in BOLD activ-
ity with performance. As an exploratory analysis and to
check whether the BIS brain map was similar to what has
been reported in the literature, we compared the BIS
brain map against probabilistic fMRI atlases from the
neurosynth database version 7 (https://github.com
/neurosynth/neurosynth-data). Neurosynth is a meta-
analytic tool that synthesises results from more than
15,000 published fMRI studies and generates brain maps
where for each voxel, there is an estimated probability
that a given cognitive process is associated with activa-
tion at that voxel across the studies. The Neuroimaging
Meta-Analysis Research Environment (NiIMARE; Salo
et al., 2022) was accessed, and whole-brain probabilistic
maps for 400 neurosynth topics containing terms clus-
tered via a latent Dirichlet allocation (LDA) topic model
were downloaded and extracted using custom python
scripts. The Pearson’s correlation was used to measure
the similarity of the BIS brain map with each of the 400
neurosynth topics. Each topic was then ranked based off
how similar or dissimilar they were to the BIS brain map.
It is important to note that while the neurosynth database
can reproduce robust meta-analytical maps, the selec-
tion criteria of studies using topics/terms results in a
broad collection of studies which may or may not be
comparable with the specific task analysed in this study.

2.8. K-means clustering and inter-trial correlations

Individual performance and learning were heterogenous
across participants. K-means clustering—a non-supervised
clustering algorithm (Hartigan & Wong, 1979)—was used
to cluster the participants into distinct sub-groups based
off their BIS scores across all conditions. Using BIS
scores across all conditions allowed us to group partici-
pants by overall trends in performance and not be driven
by standout performance in a specific condition. We ran
k-means clustering from k = 2-22 for 100 iterations per
level, k. To check for cluster similarity across iterations,

the adjusted mutual information (AMI; Vinh & Epps, 2009;
Vinh et al., 2009, 2010) was calculated at each k. The
smallest number of clusters that had the highest AMI
across iterations was used for further analyses (k = 3).
From differential learning literature, participants who
attempt different strategies during learning demonstrate
better performance (Schollhorn et al., 2012). In our data-
set, for each trial we have a static snapshot of the peak
BOLD response in the brain for each trial. Using these
data, the average BOLD response was calculated for
each cluster. To check whether participants were repeat-
ing the same action or trying different strategies, we cor-
related the average BOLD response for each individual
trial with every other trial for the baseline and rotation
conditions. To compare strategies between clusters, a
two-sample Kolmogorov-Smirnov test was used to
determine whether the distribution of correlation values
between the clusters came from the same sample.

2.9. Brain-state displacement and the
energy landscape

In order to evaluate inter-trial changes in BOLD activity,
we utilised an approach introduced in Munn et al. (2021)
(code for this analysis available https://github.com
/ShineLabUSYD/Brainstem_DTI_Attractor_Paper). The
energy landscape analysis estimates the likelihood that
a given brain state will change to another distinct brain
state within a given time window. Changes between
brain states are calculated using the mean-squared dis-
placement (MSD; the mean squared difference between
2 periods of time), with greater differences between
brain states resulting in a higher MSD value. We then
estimate the probability distribution of MSD values and
invert this value to estimate the energy required to
change from one brain state to another.

In our study, we calculated the energy landscape
during the rotation condition for each group cluster
separately. For each cluster, we calculated the energy
landscape during the first half of the rotation trials and
the second half of the rotation trials. The squared dis-
placement of BOLD activity was calculated across all
regions between all trials (t, to t, + t) within a given win-
dow (first half, second half). We then averaged across
regions resulting in a single MSD value per trial in the
window, < > is the mean across regions. To control for
bias towards specific trials, we calculate the MSD of
BOLD activity at one trial against all other trials within
the window. As our dataset involves learning, to control
for temporal structure and learning effects we randomly
shuffle the order of trials within a window 100 times
(100 permutations) and combine the MSD calculations
for all permutations together.
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We then estimated the probability distribution of MSD
values, P(MSD)), between 0 and 10 within the given win-
dow using a Gaussian kernel density estimation.

1 i MSDt,I’ (i
PMSD)= 61 Z;K( 01
j=

This probability distribution was then converted to
energy, E, by taking the negative natural logarithm.

E =—In(P(MSD))

From this approach, we can describe the likelihood
of changes in BOLD activity through the intuition of
energy requirements. Highly probable relative changes
in BOLD (calculated by MSD) corresponds to a low
energy requirement (i.e., small E), and an unlikely change
in BOLD has higher energy requirements (i.e., large E)
(Munn et al., 2021).

2.10. Recurrent neural network modelling

For the first 10 timesteps of the task (corresponding to
100 ms), the direction-selective input neurons are active,
providing the network with information of the start direc-
tion. Throughout the first 10 timesteps, and also the sub-
sequent 60-timestep delay period, a “task context” input
is either active (equal to 1) or inactive (equal to 0), signal-
ling to the network that the context is to rotate or not
rotate the input, respectively. After the first 70 timesteps,
all inputs turn off, and instead a “go cue” input turns on
(equals to 1), signalling to the network that it is time to
output the direction. This go cue period persists for 100
timesteps, after which the trial is finished.

Target outputs: in the no rotation context, simply
reproduce the input direction. In the rotation context,
reproduce the input direction +90°. For training, only the
output of the network during the last 100 timesteps (when
the go cue comes on) is used in the loss function.

The dynamics of simulated neurons for the recurrent
neural network were governed by the standard continuous-
time RNN equation and discretised using the Euler method.

1% =—x+W"™F(x)+W"l +b

In this study, tau was set at 100 ms. The firing rate of
each neuron, f(x), was related to its total input x through a
rectified tanh nonlinearity, f(x) = max(0, tanh(x)). All RNNs

in this paper contained 100 recurrent units, with the
results being largely insensitive to network size. Each of
the 100 neurons in the RNN received input from all other
neurons through the recurrent weight matrix Wrc and
also received external input, I(t), through the weight
matrix W, Firing rates were linearly combined to pro-
duce the output y(t) according to y = Weut * f(x). The task
input and distractor (Fig. 6) were modelled with 100
direction-selective neurons, as described by Teich and
Qian (2003); the outputs were modelled with sin and cos
functions. During training, all directions (0-360°) were
used for the input and distractor.

With the following architecture, three networks were
trained with backpropagation initialised from a random
initialisation and optimised for 3,000 training steps with
Adam in Pytorch, with a learning rate of 0.0001. Networks
were trained with square loss.

N(0,1) N(0,1)

' Nneur ons Y Nneur ons

Two of the networks were trained either on a baseline
condition (no rotation) or rotated condition (90° rotation).
The third network was trained equally on both the base-
line and rotation conditions, with the designated condi-
tion randomly sorted during training. Task condition was
controlled by the “task context”.

The energy landscape was calculated from the out-
puts of the networks, considering all timesteps leading to
the go cue (first 70 timesteps of the task—direction input
and first delay). The output signal was two-dimensional
(sin and cos). MSD was calculated at adjacent timesteps.
The MSD of all trials in a given task condition was con-
catenated to obtain the final probability mass function.
This probability was converted to energy by taking the
natural logarithm of the inverse probability.

Win — ,Wrec — , Wout =0

3. RESULTS

3.1. Behavioural data

To check whether the thresholding of our cohort appro-
priately selected participants who improved during the
task, we compared performance both within and across
the three task conditions (baseline, rotation, and washout).
There was no significant difference between final per-
formance across conditions from the one-way ANOVA
(F = 2.39; p = 0.099; Fig. 2B). Using paired-sample
t-tests, we then compared changes in performance from
the first and last set of each condition (Baseline = Set 1
vs. Set 15; Rotation = Set 16 vs. Set 55; Washout = Set
56 vs. Set 70). During all conditions, the participants
demonstrated significant improvement in performance.
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Fig. 2. Comparison of behavioural scores within and
across conditions. (A) Mean balanced integration score (BIS)
across 100 random samples of the data. Standard deviation
is plotted as the shaded error bar. Dotted red lines indicate
the start of a new condition (16 = rotation, 56 = washout).
Base = Baseline, Rot = Rotation, Wash = Washout.

(B) Boxplots of BIS scores for participants during the final
set of trials (n = 4) for each condition. (C) Boxplots of BIS
scores for participants during the first and final set of

trials for each condition. Blue boxplots are for the first set,
and orange boxplots are the final set. *Notes a significant
different p < 0.05, **Notes a significant difference p < 0.01.

In baseline, there was an average increase of 0.755 in
BIS score (t = -4.366; p = 0.002; Fig. 2C). During the
rotation condition, participants demonstrated the most
improvement with an average increase of 2.147 in BIS
score (t =-10.956; p < 0.001; Fig. 2D), and during wash-
out there was a significant increase of 0.963 in BIS score
(t = -6.342; p < 0.001; Fig. 2E). These results demon-
strate that any differences in neural correlates related to
performance were due to learning and not differences in
task difficulty.

3.2. Improved performance is associated with
recruitment of cerebellar and basal ganglia regions

A group average was calculated from the peak BOLD
response for all participants (n = 23) across all trials
(n = 280) and visualised on a 3D surface (Fig. 3A). During
the task, regions that produced a positive BOLD response
included sensory areas such as the primary motor,
somatosensory, and extrastriate cortices. Control regions
such as the medial frontal lobe, temporoparietal junction,
inferior temporal lobe, and posterior cingulate cortices,

as well as regions from the right Crus | and Il, and left
semilunar lobule from the cerebellum (Fig. 3). Regions
that had a negative BOLD response included sensory
regions from the primary visual, lateral motor, and lateral
somatosensory cortices. Other regions that produced a
negative BOLD response included the inferior frontal lobe
and medial prefrontal cortex. There was also a negative
BOLD response in lobules |-V of the cerebellum, as well
as the head of the caudate nuclei and nucleus accumbens
in the basal ganglia.

After fitting the peak BOLD response to BIS in a general
linear model (GLM), a one-sample t-test was used to create
a thresholded group map (Fig. 3B, bottom panel; p < 0.05).
Regions that increased in BOLD with improved perfor-
mance included the primary visual cortex, right Crus | of the
cerebellum, and the right putamen. Regions that were
associated with worse performance included regions from
premotor, primary motor, and somatosensory cortices, the
superior parietal lobe, ventrolateral prefrontal cortex, head
of the caudate nuclei, and lobule V on the right hemisphere
of the cerebellum. The following results suggest that bet-
ter performance was mainly driven by increased BOLD in
basal ganglia and cerebellar regions, accompanied by a
decreased dependence on primary motor and somatosen-
sory regions. Refer to Table 1 in the Supplementary Mate-
rials for a detailed breakdown of the significant regions
and their coefficient estimates from the GLM model.

3.3. Balanced integration score retains features
of both response time and response error

The BIS group map was compared to group maps fitted
with RT and RE in the GLM. From these maps, the
regions that were associated with worse performance in
the BIS map were due to participants taking longer to
respond (Fig. 3B, top panel), and regions that were asso-
ciated with better performance were mainly driven by
participants becoming more accurate with the task
(Fig. 3B, middle panel). Furthermore, calculating the
correlation between beta coefficients for RT and RE
against BIS, there were strong anticorrelations between
the beta coefficients (Fig. 3C; r = -0.78, p < 107
r=-0.74, p < 10", respectively). These results demon-
strate that the BIS score successfully captured the key
aspects from RT and RE and is a useful measure of
expertise. The BIS scores and BOLD responses were
divided into four conditions (baseline, early rotation, late
rotation, and washout). Each condition was fit to the
peak BOLD response in a GLM. The beta coefficients for
each condition were then correlated against the other
conditions. All conditions were strongly correlated to
each other, with the correlation between baseline and
late rotation having the strongest correlation (Fig. 3D;
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Fig. 3. Summary of findings and validation of brain maps from general linear modelling. (A) Average BOLD activity across
all participants. (B) Thresholded 2nd-level group beta maps from general linear models for response time (RT), responses
error (RE), and the balanced integration score (BIS). (C) Pearson’s correlation comparing the beta coefficients of BIS
against RT and RE separately. (D) Pearson’s correlation of BIS beta coefficients across conditions, where rotation has
been separated in half into two sub-conditions (baseline, early rotation, late rotation, washout). (E) Validation of individual
bias by splitting the dataset into two groups and correlating the beta coefficients for BIS of each group. (F) Top 5 positive
and negative correlations of the BIS brain map with the Neurosynth LDA-400 topics.

r=0.7, p < 1079. All brain map correlations underwent
spin-permutation testing for the cortical regions, and all
comparisons were significantly different (pspin <2x10%).

3.4. Expertise brain maps are robust to individuals
and parcellation effects

After dividing the dataset in half and fitting each group to
their expertise scores in two separate GLMs, the average
beta coefficients were compared between the two
groups. The beta coefficients of the two groups were
strongly correlated (Fig. 3E; r = 0.67, p < 1019, providing
evidence that these results were not driven by individual
participants. To control for parcellation effects (Arslan
et al., 2018), we reproduced the above analyses using a
finer parcellation that consisted of 1,000 Schaefer corti-
cal nodes, 28 SUIT cerebellar regions, and 26 basal gan-
glia regions. From these analyses, the results were similar
to the current results. For more details on these analyses,
refer to the Supplementary Materials.

3.5. Expertise brain maps are anticorrelated with
motor maps derived from meta-analyses

We generated an expertise (i.e., BIS) brain map from per-
formance in a visuomotor rotation task and compared
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this brain map against 400 topics from the Neurosynth
database (Salo et al., 2022; Yarkoni et al., 2011). From
these comparisons, the top 5 strongest correlated topics
were the “substantia nigra” (218), “loss/gain” (151),
“scenes/places” (68), “temporal” (293), and “voices/vocal”
(801). While these topics were the strongest positive cor-
relations, they were relatively weakly correlated (r < 0.2;
Fig. 3F, top panel). The top 5 anti-correlated topics were
“finger tapping” (140), “hands/foot” (232), “movement/
motor” (176), “motor cortex/sensorimotor” (116), and
“tool/objects” (168). In contrast to the positive weights,
these topics were strongly anti-correlated (r > 0.5; Fig. 3F,
bottom panel). Overall, the Neurosynth comparisons sug-
gest that the BIS map generated is not similar to regions
mentioned in the literature and is, in fact, opposite to
regions described in the majority of motor task studies.

3.6. K-means clustering on performance reveals
three distinct performance groups

As an overview for how performance as a whole changed
throughout the task, we correlated the group average BIS
scores across sets (Fig. 4A). From these correlations, it
was apparent that performance in baseline could predict
performance during rotation; however, it did not predict
performance during washout. To better understand these
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Fig. 4. K-means clustering generated three distinct groups. (A) Correlation of the group average balanced integration
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results, we applied k-means clustering on the BIS scores
to check for any distinct sub-groups and calculated the
adjusted mutual information (AMI) to select an appropri-
ate number of clusters. From checking the AMI between
iterations for each cluster size, k = 3 (Fig. 4B) was the
smallest number of clusters that were robust across iter-
ations. Our dataset can then be characterised by three
clusters (Fig. 4C): a major cluster (experts; n = 16) char-
acterised by high performance across all conditions and
two minor clusters, one consisting of participants who
had worse performance with each change in task condi-
tion (non-adapters; n = 3) and one consisting of partici-
pants who started out the worst but improved and
demonstrated similar performance to the expert cluster
during washout (adapters; n = 4). While there were a
small number of participants in the two minor clusters,
the number of clusters (k = 3) has been chosen after gen-
erating 100 iterations for values of from k = 2 to k = 22
and finding the cluster size with the highest similarity
across iterations (AMI). These results suggest that the
two minor clusters drive the anticorrelated performance
between trials for baseline and washout, as these two
groups demonstrated opposite trajectories in perfor-
mance across task conditions.

3.7. Expert adaptation is driven by variation
in BOLD activity

A possible explanation for the experts and adapters
performing well during washout, that is, returning to
non-rotated/baseline trials, is that their understanding
of the task is comprehensive and robust to small pertur-
bations. To achieve this performance, we suggest that
during task learning these groups attempt various dis-
tinct actions. This variation would then result in a more
flexible, comprehensive understanding of the task. To
test this idea, we calculated the correlation between
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brain patterns across trials during the first and second
half of rotation trials (Fig. 5A, B). During the first half, the
distribution of correlations for the expert had a higher
peak at the zero-correlation, meaning that they produced
more unique brain patterns for each trial compared to
the other two groups (D,, = 0.0494, p,, = 0.0009;
D, = 0.0484; p, , = 0.0001, respectively). When com-
paring the distributions of adapters and non-adapters,
there was no significant difference in their distributions
across the first half of rotation trials (D 0.0247;
p = 0.287). During the second half, the distribution of
inter-trial brain map correlations had a higher peak at the
zero-lag correlation, similar to the experts (D = 0.0285;
p = 0.151), and the distribution of the adapters was also
significantly different from the non-adapters (D = 0.0636;
p < 0.0001).

Another perspective on flexibility of brain states is
attained through energy landscape analysis. In this frame-
work, we ask how much energy is required (inverse of
likelihood) for an event to occur. For this study, we calcu-
late how much energy is required to make changes in
brain states for each cluster separately. During the first
half of rotation trials, all groups demonstrated low energy
requirements across brain state changes (Fig. 5C). During
the second half, the experts and adapters stayed with
this flexible mindset with low energy requirements for
both small and large brain state changes (Fig. 5D). How-
ever, the non-adapters had large energy requirements for
large changes in brains states—they were less likely to
make large changes between trials, suggesting a more
rigid performance (Fig. 5D). To account for possible
temporal and learning biases and the small number of
participants in the minor clusters, 100 iterations of the
data were generated by randomly shuffling the trials 100
times. Together, these results suggest that expert adap-
tation is attained by having greater diversity in actions
and a willingness to change during learning.
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Inter-trial variability analyses for early and late rotation trials. Top panel (A, B) are raincloud plots of inter-trial

correlations within the early and late rotation conditions for each group cluster. Bottom panel (C, D) are plots of the energy
landscape analyses for each group cluster. Mean-squared displacement (MSD) is calculated between all trials within a
condition (early or late rotation). The MSD is converted to Energy by taking the natural logarithm of the inverse probability

distribution of MSD.

3.8. Neural networks trained under multiple
conditions develop generalised task performance

Recurrent neural networks (RNN) offer a unique means
to explore computational strategies employed by an
organism to solve a given behavioural task whereby the
complete space of algorithmic solutions can be con-
strained by the investigator to assess biological validity
of implementation within a particular organism, but also
the versatility of solutions as a function of environmental
variables. Here, we exploit this degrees-of-freedom control
to demonstrate potential computation strategies being
employed in an RNN trained on a simplified rotation
paradigm analogous to the visuomotor rotation task.
We train three separate RNNs under unique conditions,
compare their performance as a function of changes to
input/environmental variables to determine each solution’s
flexibility, and demonstrate network features comparable
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to those seen in the imaging data during the visuomotor
rotation task.

Two of the networks were trained on only one task
condition (baseline or rotation) and developed a rigid
solution to the task, specific to only those task conditions
seen during training (Fig. 6A, B). The first network was
trained similar to the baseline condition, outputting the
input angle for all angles of rotation (0°-90°). The second
network trained only on the rotation condition, output the
90° rotated input for all angles of rotation. Next, a third
network was trained on both the baseline and rotation
conditions. This network developed a more flexible and
generalised solution to the task, performing accurately
across all angles of rotation between 0° and 90° (Fig. 6C).
That is, despite only learning on two environmental con-
ditions, namely non-rotated and 90° rotated conditions,
the network learned a more general solution capable of
handling any specified rotation angle between 0° and 90°
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rotation performed well under both conditions as well as for all angles of rotation between 0 and 90° (flexible network).

(F, G) For each of the three original networks, 20 additional networks were trained under the same conditions with random
seeds. After training, for each network the MSD was calculated across adjacent trials and the probability distribution

was estimated and converted into energy. For both the No Rotation and Rotation conditions, the networks trained on

both conditions (flexible networks) had lower energy requirements than the networks only trained on one condition (rigid

networks) across higher MSD values.

which included environmental conditions the network
has not seen.

Finally, we calculated the attractor landscape for each
of the networks and, thus, the likelihood of their corre-
sponding activity changes. The third, flexible, network
was more likely to change in activity across all MSD val-
ues. The energy required to change was lower across all
MSD values for the flexible network compared to the rigid
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networks, which matched with the networks’ variable
outputs (Fig. 6D).

4. DISCUSSION

In this study, we used a unique measurement of skill
expertise to determine the neural signatures of experts in
a sensorimotor adaptation task. We demonstrate a novel
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application of the balanced integration score (BIS) for
fMRI studies, providing an alternative perspective on neu-
ral signatures of expertise. Expertise in adaptation was
associated with decreased recruitment of the primary
motor cortex, and increased dependence on cerebellar
and subcortical regions. Furthermore, by exploring sub-
groups within the dataset, we found evidence that flexibil-
ity in the BOLD response was key for rapid adaptation
and robustness to perturbations. During the rotation task,
participants who learned to adapt were more likely to
have large inter-trial differences in brain maps, consistent
with behaviour observed in expert individuals. These
results contrasted with participants who failed to adapt
and were not as robust to perturbations. To complement
the fMRI analyses, we trained RNNs to perform a similar
task and demonstrated that a network only trained on the
baseline condition was unable to adapt to rotation pertur-
bation; however, a network trained on both the baseline
and a 90° rotation was competent across all angles of
rotation between 0° and 90°. Overall, these results sug-
gest that expertise in adaptation is facilitated by flexible
brain patterns that are also dependent on increased BOLD
responses from subcortical and cerebellar regions.

The balanced integration score (i.e., BIS) captures the
key aspects of both speed and accuracy, serving as an
operationalisation for expertise in the sensorimotor adap-
tation task. There is a well-known trade-off between
speed and accuracy, wherein accuracy is improved by
being careful and taking more time, whereas working
quickly results in more reckless and inaccurate responses
(Heitz, 2014). Importantly, we define expertise as having
the capability to customise the speed-accuracy trade-
off, resulting in performances which are both fast and
accurate (Debarnot et al., 2014). While the BIS has previ-
ously been applied in mental rotation tasks (Liesefeld
et al., 2015), typically neuroimaging studies would either
analyse speed and accuracy separately, or estimate a
speed-accuracy trade-off function (Heitz, 2014). A key
difference between the BIS and the typical speed-
accuracy curve estimates is that the BIS retains the raw
values whereas speed-accuracy estimates fit a curve to
summarise the data, potentially applying a smoothing
effect (Heitz, 2014; Liesefeld & Janczyk, 2019). In this
study, combining the BIS with fMRI BOLD measurements
successfully summarised speed and accuracy with a
comprehensive brain map in a sensorimotor adaptation
task. Furthermore, these results matched findings from
analysing speed and accuracy separately. The compre-
hensive brain map generated from the BIS scores was
also anticorrelated to meta-analytical motor brain maps,
supporting studies that suggest expertise in a task is
different to the general brain activity required to complete
a task (Bassett et al., 2015; Yang, 2015). Therefore, our
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study provides evidence for the utility of the BIS in neuro-
imaging studies, generating novel insights of expertise.

Expert performance during adaptation is dependent
on the recruitment of subcortical regions, such as the
cerebellum and basal ganglia, which is a conclusion that
has been underappreciated in existing task-based
imaging studies. There are numerous reasons for this,
ranging from statistical constraints (e.g., induced head
motion while completing a task), to hardware choices
(e.g., designing coils that augment signal-to-noise ratios
near the cortical surface) and even scanning procedures
themselves (e.g., the harrowing choice in many prior
studies to completely remove large portions of the
cerebellum from the field-of-view). These studies inher-
ently limit their scope to the cerebral cortex, ignoring
the extensive brain-wide connections between the cor-
tex, subcortex, and cerebellum (Kelly & Strick, 2003;
Middleton & Strick, 1994; Shine, 2021, 2022). Our study
builds upon this literature by trying to understand how
interactions between the cortex, subcortex, and cerebel-
lum facilitate skilled performance in a task. Adapting to
the final position of the target and not focusing on the
trajectory taken has previously been associated with
driving learning in visuomotor adaptation paradigms
(Anguera et al., 2007). Our results agree with this notion,
as better performance was driven by minimising error in
the task and this minimisation involved cortical and cere-
bellar regions. Furthermore, our results found that motor
regions in the cerebral cortex and cerebellum were asso-
ciated with slower responses, providing evidence that
decreased dependence on cortical regions is related to
higher efficiency in the task (Bassett et al., 2015). By con-
straining behaviour by both the task and performance,
our study demonstrated that expertise in adaptation was
driven by both an increased recruitment of subcortical
and cerebellar regions and a decreased dependence on
motor cortical regions.

The involvement of the cerebellum in adaptation learn-
ing aligns with previous ideas, suggesting that the cere-
bellum provides functions for feed-forward processing
(Ramnani & Miall, 2004; Wolpert & Flanagan, 2001) and
pattern separation (Cayco Gajic & Silver, 2019). These
functions could help disentangle the different interactions
between inputs and outputs to the motor cortex, devel-
oping an internal model that provides a basis set of prin-
ciples of possible ways to complete an action (Doyon &
Benali, 2005; Egger et al., 2019; Imamizu et al., 2000;
Wolpert et al.,, 1998). These actions would account for
changes in the environment, allowing individuals to rap-
idly adapt to any changes in the task, a key aspect of
expert behaviour (Debarnot et al., 2014; Imamizu et al.,
2000). An important aspect is the specificity of the task
design and how this specificity influences the current



J.B. Tan, E. Miiller, A. Zahorodnii et al.

Imaging Neuroscience, Volume 2, 2024

results. For example, the current visuomotor paradigm is
biased towards visual sensory processes and right-hand
activation. Our results reflect this task specificity with lat-
eralisation of cerebellar activity in the right cerebellar
hemisphere and recruitment of regions from the visual
cortex. The involvement of right cerebellar activity aligns
with the general notion that cerebellar regions map con-
tralateral with the cerebrum (Xue et al., 2021). In this
case, right-hand actions map to the left cerebral hemi-
sphere which maps to the right cerebellar hemisphere.
Primary visual regions are typically recruited during
visuomotor tasks (Anguera et al., 2007; Sendhilnathan
et al., 2024; Tzvi et al., 2022); however, they are usually
not associated with learning (Striemer et al., 2019). In
fact, the reliance on visual feedback and explicit strate-
gies has been deemed less efficient compared to implicit
learning processes (Mazzoni & Krakauer, 2006). While there
are very few visual inputs directly from the primary visual
cortex to the cerebellum (Glickstein, 2000; Glickstein &
Doron, 2008; Glickstein et al., 1980), it is possible that
primary visual activity can interact with cerebellar activity
via the pontine nuclei or higher order visual regions
(Glickstein, 2000; Tzvi et al., 2020). Finally, the associa-
tion between the right putamen and higher performance
in visuomotor adaptation is possibly related to functional
lateralisation in the basal ganglia (Scholz et al., 2000;
Vifas-Guasch & Wu, 2017). While it is more common to
think about dividing the putamen functionally into ante-
rior and posterior zones (Milardi et al., 2019; Oberhuber
et al., 2013), it has been suggested that lateralisation is
also a key feature of the putamen with the right putamen
serving a role in visual and orthographic processing and
the left putamen serving a role in language processing
(Vinas-Guasch & Wu, 2017). While the micro-details behind
cortical, cerebellar, and subcortical interactions are still
not clear, these results highlight the importance of the
cerebellum and subcortex in expertise and adaptation.
Adaptation is facilitated by a flexible mindset and a
willingness to explore the boundaries of the task (Frank
et al., 2008; Henz & Schollhorn, 2016; Santos et al.,
2018). Traditional training plans that focus on repeating
the same action “10,000 times” overfit learning to the
context of the action, resulting in diminished ability to
adapt to changes in the environment. For example, a ten-
nis player who practises serving close to the mid-line (as
you do in singles) may struggle to translate this skill to
serving in doubles, where they are required to stand
closer towards the sidelines. A framework of learning that
potentially overcomes this overfitting and facilitates
adaptation is differential learning (Schollhorn et al., 2012).
Studies that have trained athletes using differential learning
demonstrated increased performance in various sports
compared to athletes who follow more traditional training
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regimes (Beckmann & Schdllhorn, 2003; Coutinho et al.,
2018; Henz & Schollhorn, 2016). We suggest that differ-
ential learning improves final performance by allowing
individuals to explore the boundaries of the action and
perform at a high level independent of the context. In our
study, while the participants were not instructed specifi-
cally on learning strategies, we found that participants
who had more variable brain patterns performed better
in the final condition. We suggest that variation in brain
patterns across trials is due to participants attempting
different actions/strategies allowing them to develop a
comprehensive understanding of the task. While steps
have been taken to account for the low number of partic-
ipants in the sub-groups, replication of these results in
larger sample sizes could further cement the relationship
between variation during learning and generalisation
across tasks. In addition, when training recurrent neural
networks on the same task, the network that learned
both the baseline and rotation conditions was able to
adapt to intermediate amplitudes of rotation that lie
between the baseline and rotation conditions, suggesting
a generalisation of skill between the boundaries of the
task. Variation in strategies and actions develops flexible
learning of a task and generalises performance across
different scenarios.

The current study focused on expertise in sensorimotor
adaptation, specifically visuomotor rotations and how
cortico-cerebellar circuits change throughout learning.
However, cortico-cerebellar interactions also exist outside
motor regions, specifically connections with granular
regions in the frontal lobes of the cerebral cortex (Kelly &
Strick, 2003; Ramnani, 2012; Ramnani et al., 2006). With
the relatively homogenous cytoarchitecture of the cerebel-
lum (Diedrichsen et al., 2019; Schmahmann & Pandya,
1997) and connections with non-motor regions (Kelly &
Strick, 2003; Ramnani, 2012; Ramnani et al., 2006), we
anticipate that the cerebellum will undoubtedly play an
important role in pattern separation during cognitive tasks.
As it stands, apart from motor learning and coordination,
cerebellar activity has been found to be integral to a num-
ber of higher order functions such as working memory
(Baier et al., 2014; Brissenden & Somers, 2019; D’Esposito
et al., 1999) and parallel processing (Mdller et al., 2023).
Future research is required to understand cerebellar con-
tributions to these various behaviours and could provide a
parsimonious view on expertise and skilled performance
across both motor and cognitive aspects.

This study revealed cortico-cerebellar patterns related
to expertise in a sensorimotor adaptation task. Depen-
dence on subcortical and cerebellar regions increased
with performance and was accompanied by decreased
recruitment of primary motor regions, suggesting a
subcortical-cerebellar drive on expertise in adaptation.
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We also found that variable brain patterns and the willing-
ness to change strategies between trials during learning
resulted in improved performance in the final task. By
focusing analyses on whole-brain interactions that
include subcortical and cerebellar regions, a comprehen-
sive understanding of adaptation across tasks and
modalities can be attained.
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