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Summary
Interacting with our ever-changing physical environment requires continual recalibration of
the motor system. One mechanism by which this occurs is motor adaptation. Understanding
how motor adaptation is implemented by the human brain, how different regions work in
concert to retain adaptive movement accuracy, and how this function is linked to metabolic
use of neurochemicals poses an important challenge in neuroscience. In humans, motor
sequence learning is related to concentration of γ-aminobutyric acid (GABA) in the primary
motor cortex (M1). However, the role of M1 GABA in adaptation - where behaviour is
acquired outside M1 but retained within M1 - is unclear. Here, we used an ultra-high field MR
multimodal acquisition to address the hypothesis that M1 GABA and M1-Cerebellar functional
connectivity would relate to retention of adaptation, but not acquisition of adaptation. As
such, we demonstrate higher baseline M1 [GABA] relates to greater retention but does not
relate to adaptation-acquisition. This relationship is mediated by change in M1-Cerebellar
functional connectivity: higher M1 [GABA] relates to a decreased M1-Cerebellar connectivity,
resulting in greater retention. These findings showed anatomical, neurochemical and
behavioural specificity: As expected, no relationship was found between retention and a
control metabolite, M1 [Glutamate], as well as retention and connectivity change between
control regions and no relationship was found between M1 [GABA] and behaviour in a control
condition. The implication of a mechanistic link from neurochemistry to retention significantly
advances our understanding of population variability in retention behaviour and provides a
crucial step towards developing therapeutic interventions to restore motor abilities.

Results
Transcranial direct current stimulation (tDCS) data has suggested that acquisition of motor
adaptation is reliant on the cerebellum but not M1, while storage of the adapted state
(retention) may depend on M1 {Galea2011} (but see {Oldrati2018}{Jalali2018}). Magnetic
Resonance Spectroscopy (MRS) data has shown that M1 GABA concentration predicts
behaviour that depends on M1 {Kolasinski2019}, therefore we hypothesised that GABAergic
tone in M1 would correlate with retention but show no relationship with acquisition of
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adaptation. Further, adaptation has been shown to change connectivity between the
cerebellum and M1 {Mawase2017}. We therefore hypothesised that the link between M1
GABA and retention would be mediated by a change in connectivity between M1 and
cerebellum. To test these hypotheses, we quantified [GABA] and [Glutamate] from the hand
region of the left human primary motor cortex (M1) using ultra-high-field magnetic resonance
spectroscopy (7T-MRS) while participants (n=15; mean age 26 ± 3 years, range 22-32 years)
performed a visuomotor task with or without an adaptation component (cursor rotation
condition vs. control condition) in a within-subject, crossover study. To assess connectivity
change, we collected resting-state fMRI data immediately before and after the task. To probe
retention participants performed a washout behavioural task after each MR session (figure
1A).
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Figure 1. Experiment.
A. Experiment Protocol and Behaviour. Upper panel. Scanning Protocol. T1-weighted structural image was acquired at the begin of the MRI scan. Resting-state fMRI
data was acquired before and after the task. Magnetic Resonance Spectroscopy (MRS) data was acquired during the task. Each MRS-block consisted of 53 individual
spectra (MRS-blocks shown in green), which were averaged. This resulted in seven MRS-blocks. Middle Panel. Task Protocol. In the rotation condition (red blocks),
stepwise increasing rotated visual feedback required participants to adapt movements to reduce errors. One block at each angle and each block consisted of 40 trials
of 4 seconds duration each. The numbers in the red and blue boxes indicate the degree to which the visual feedback was rotated, with 0° indicating no rotation. In the
control session (blue blocks), participants performed the task without any rotation imposed, but for the same length (560 trials in total for the main task). The rotation
was washed out after task (144 trials, no rotation). The task was practised before the main task outside of the scanner and inside of the scanner (32 trials each, no
rotation; not depicted in this figure but see supplementary figure 1.). Lower panel. Behavioural data. Shown is angular error at each trial averaged across participants.
Shaded area represents standard error of the mean. Rotation condition error is shown in red. Control condition error is shown in blue. B. Task Schematic. Left. MRcompatible Joystick used to record participant responses. Middle. Eight possible target locations (yellow) centred radially around the cursor (red) at its starting position.
Right. Schematic of a rotation trial. Cursor (red) is first presented at the centre starting position. Target (yellow) appears at one of the eight possible target locations.
Participant makes a centre-out movement towards the target but sees clockwise rotated visual feedback.

Participants were able both to adapt to the perturbation and to retain the adapted
state
In the rotation condition, participants were required to adapt their centrifugal shooting
movements to a rotation of the visual feedback which increased stepwise by 10 degrees after
every block of 40 trials in order to maximally drive adaptation throughout the duration of the
4

scanning session. Trials were grouped into epochs, with one epoch containing eight
consecutive trials and all blocks containing five epochs. All participants were able to learn the
task: we observed a significant reduction of error within the adaptation blocks from the first
to the last epoch, indicating that participants adapted (Fig.1A, left panel). This finding was
confirmed by a significant effect of epoch (χ2(1) = 55.597, p < 0.0001) in a linear mixed effect
model of error in the first and last epoch across all blocks. There was no such change in error
in the control condition (χ2(1) = 0.7, p = 0.4), suggesting that, as hypothesised, participants
adapted their movements only in the rotation condition. This was confirmed by a direct
comparison between error reduction in the rotation condition and error reduction in the
control condition, showing that participants adapted significantly more than in the rotation
condition (paired t-test between error reduction in rotation condition and in control
condition, with error reduction calculated as the mean difference between error in first epoch
and last epoch of all blocks after baseline: t(11) = 3.69, p < 0.05). Post-hoc t-tests on each
separate block of the rotation condition showed that participants were able to adapt to
rotations up to 70° (paired t-test of first and last epoch: t(12) > 3.58, p < 0.05, Bonferroni
adjusted), but not above 70° (Five t-tests, one for each block with a rotation greater than 70°,
all t(12)< 0.62, p > 0.5). We therefore excluded blocks with a rotation of 80° or more when
calculating our adaption measure. The adaptation measure was therefore quantified as the
mean angular error during the rotation condition across rotation blocks up to 70°. We also
excluded the final two MRS-blocks from further analysis for the same reason.
Participants retained the previously learned adaptive movement in the first block of the
washout (one-sample t-test of error in first block of washout in rotation condition: t(12) = 9.635, p < 0.00001; red line in Fig.1A right panel), with retention assessed approximately 22
minutes after adaptation acquisition (mean time gap of 22.43 ± 6.56 minutes). Participants
also retained a fraction of the compensatory movement in the second and third block of the
washout (Second: t(12) > -4.108, p < 0.01; Third: t(12) > -9.63, p < 0.05, Bonferroni adjusted).
A per-subject measure of retention was quantified from the angular error in the first block of
the washout after adaptation, since participants showed the most retention in this first block
(mean angular error of -13.68 ± 5.12). We calculated retention as mean angular error across
all trials in the first washout block. We found no correlation between adaptation and
retention on a subject-by-subject basis (r = -0.01, p = 0.75), even when controlling for any
5

differences in the time elapsed (r = -0.13, p = 0.67). In the control condition, participants also
showed a positive mean angular error during the first block of the washout (one-sample ttest: t(12) = 7.82, p < 0.01; blue line in Fig.1A right panel). Visual inspection of the 32 practice
trials performed inside the scanner before the main task revealed that this positive error in
the control condition was likely driven by an unspecific movement bias due to the participants
position inside the scanner (Supplementary Fig. 1).
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Figure 2. Adaptation increased functional connectivity in cerebellar network in a highly specific and performance-relevant manner.
A. Functional connectivity increases in cerebellar network after adaptation. Cerebellar network is shown in pink. Voxels that show increased functional connectivity
after performance of the rotation task compared toafter performance of the control task are shown in red-yellow (Rotation vs. Control in post network). Colour bar
indicates range of t-values in those voxels that are significant (family-wise error controlled, thresholded at p < 0.05). Brain slices are shown according to radiology
convention, so left hemisphere is shown on the right (indicated by R and L surrounding the coronal slice).
B. No change in functional connectivity of Default Mode Network. The Default Mode Network (DMN) was chosen as a control network and is shown in green. As
expected, adaptation did not affect functional connectivity in the DMN (all p > 0.24).
C. Change in cerebellar network strength correlates with adaptation performance. Participants who adapted better to the rotation, show an increase in network
strength from before the rotation task performance to after (r = -0.648, p = 0.016). Participants who adapted less, as shown by a larger adaptation error, show a
decrease in network strength from pre to post, as shown by negative values. Datapoints are individual participants. Plot shows line of best fit for correlation and 95%
confidence interval.
D. Change in Default Mode Network strength does not correlate with adaptation performance. No relationship between change in DMN network strength from before
to after rotation task performance and adaptation error (r = 0.34, p = 0.28). Datapoints are individual participants. Line of best fit is not plotted for this correlation,
because the correlation is not significant.
* Indicates significant difference between correlations shown in C and in D: The correlation coefficient of Cerebellar network change and adaptation error was
significantly different from the correlation coefficient of DMN change and adaptation error (zdiff = -2.61, p = 0.0045)
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Adaptation led to an increase in connectivity in the cerebellar network
We designed the adaptation task used in this study to maximise the amount of time that
cerebellar-dependent mechanisms of adaptation could be driven, by imposing a rotation of
the visual feedback that increased by 10 degrees every 40 trials. However, this meant the
adaptation paradigm was unusual in its use of a stepwise increasing rotation. To ensure this
particular adaptation paradigm drove plastic changes known to occur in response to
adaptation, we specifically set out to replicate the finding that adaptation modulates
connectivity of a cerebellar resting-state network, compared to simple movement execution
{Albert2009}. As expected, the cerebellar network significantly increased in strength after
performing the adaptation task (cerebellar regions that increased in network connectivity
shown in red-yellow in Figure 2A). Moreover, we hypothesised that in the rotation condition,
change in strength of functional connectivity within the cerebellar network correlates with
adaptation, such that participants who show an increase in cerebellar network strength would
adapt better, which goes beyond the findings of Albert and colleagues. To test this, we
calculated change in strength of cerebellar network for each subject in the rotation condition
by subtracting pre network strength from post network strength. We also quantified
adaptation error for each subject by calculating the mean error across all rotation blocks in
which adaptation took place, excluding the first epoch of each block. Indeed, there was a
correlation between cerebellar network change and adaptation error (r = -0.648, p = 0.016;
Fig. 2C), such that participants who adapted better also showed an increase in strength of the
cerebellar network. This relationship was behaviourally specific to adaptation (correlation
between network strength change and retention, r = -0.038, p = 0.9, zdiff (adaptation vs
retention) = -1.71, p = 0.0439; correlation between network strength change and control
behaviour r = 0.138 p = 0.64, zdiff (adaptation vs control) = -2.17, p = 0.015). To test network
specificity, we ran the same analyses on the default mode network (DMN), a well-described
network, and saw no change in network strength (no increases in network connectivity, Fig.
2B), nor a significant correlation of change in DMN strength with adaptation (Fig. 2D; r = 0.34,
p = 0.28, zdiff (DMN vs cerebellar network) = -2.61, p = 0.0045).
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[GABA] in M1 relates to adaptation retention, but not adaptation acquisition
Next, we wished to investigate the role of M1 [GABA] in adaptation and retention. In this
within-subject study, the M1 MRS voxel was reproducibly placed between sessions (mean
spatial correlation coefficient between each subject’s pair of MRS voxels: r = 0.62 ± 0.38; Fig.
3A) and coverage of the left M1 hand region did not differ between sessions (t(11) = 0.37, p
= 0.72; Fig. 3A).
To test whether GABA changes during adaptation, we constructed a linear mixed effects
model of GABA with a fixed effect of MRS-block (1-5) and a fixed effect of condition (rotation,
control). Consistent with our hypothesis that adaptation relies on brain regions distant from
M1, we saw no change in GABA in the rotation condition compared to the control condition
(no significant MRS-block x condition interaction: χ2(1) = 3.32, p = 0.34; main effect of MRSblock χ2(3) = 1.66, p = 0.65; main effect of condition χ2(1) = 0.31, p = 0.58). There was no
relationship between baseline M1 [GABA] and our behavioural measure of adaptation (r(13)
= 0.07 p = 0.82; Fig. 3B right panel). However, in line with the hypothesis that retention is
M1-dependent, baseline M1 [GABA] was significantly correlated with retention, with higher
concentration of M1 [GABA] associated with greater retention (r(13) = -0.62 p = 0.02; Fig. 3B
left panel). The correlations between M1 [GABA] and retention and M1 [GABA] and
adaptation were significantly different (zdiff = -1.87, p = 0.03). To ensure the robustness of
the observed correlation between M1 [GABA] and retention against potential outliers, we
used robust correlation methods selected for its suitability to the given data structure
according to criteria outlined in {Pernet2013} to re-calculate the correlation coefficient. The
robust correlation method confirmed a significant relationship between M1 [GABA] and
retention (percentage-bend correlation coefficient r(13) = 0.63 CI = [-0.87 -0.19]).
To determine the specificity of the link between M1 [GABA] and retention, we tested whether
the same relationship existed for a control neurotransmitter (glutamate) and within the
control behavioural condition.

The correlation between retention and baseline M1

[Glutamate] did not reach significance (r(13) = -0.57 p = 0.0546, no significant difference to
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correlation coefficient of M1 [GABA] and retention: zdiff = -0.19, p = 0.42). There was no
relationship between the retention error equivalent of the control condition and baseline M1
[GABA] in the control condition (r(12) = -0.02 p = 0.9574, difference to correlation coefficient
of M1 [GABA] and retention: zdiff = -1.74, p = 0.04).

Connectivity between M1 and cerebellum relates to retention
We next reasoned that if adaptation occurs in the cerebellum and retention is M1 dependent,
then the change in connectivity between these two regions would likely be related to the
degree of retention. M1-Cerebellar connectivity was calculated by cross-correlating the mean
BOLD timecourse from the hand region in left M1 with the time course from a right cerebellar
region involved in adaptation{Hardwick2013}. Change in connectivity was calculated by
subtracting the correlation coefficient of the extracted timeseries in the pre-scan from the
correlation coefficient in the post-scan (i.e. post minus pre, yielding positive values when
connectivity increases). We observed a significant relationship between M1-Cerebellar
connectivity change and retention (r(13) = 0.68, p = 0.01; Fig. 3C, left panel), indicating that
a decrease in M1-Cerebellar connectivity was linked to greater retention. Robust correlation
methods confirmed this significant relationship (percentage-bend correlation: r(13) = 0.78
CI=[0.12 0.94], {Wilcox1994}{Pernet2013}). The relationship between connectivity change
and retention was also behaviourally-specific (no significant correlation between M1Cerebellar connectivity change and adaptation (r(13) = 0.05, p = 0.87; zdiff (retention vs
adaptation) = 1.73, p = 0.04 Fig. 3C right panel).
Supporting the hypothesis that M1 [GABA] is associated with change in connectivity, there
was a significant correlation between baseline M1 [GABA] and M1-Cerebellar connectivity
change, such that higher baseline [GABA] in left M1 was associated with a greater subsequent
decrease in connectivity between left M1 with the right cerebellum (r(13) = -0.63, p = 0.03;
Fig. 3D left panel). This significant relationship was confirmed by robust correlation methods
(percentage-bend correlation coefficient r(13) = -0.55 CI = [-0.87 -0.02]).
To determine the specificity of the link between M1 [GABA], connectivity and retention, we
tested whether the same relationships existed for a control neurotransmitter (glutamate), a
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control anatomical region (left cerebellum) and a control behavioural condition (control
“retention”). There was no correlation between glutamate and M1-right Cerebellar
connectivity change (r(13) = -0.08, p = 0.8; zdiff (GABA vs Glutamate) = -1.81, p = 0.03; Fig. 3D
right panel), nor between M1 [GABA] and connectivity change between M1 and left
cerebellum (r(13) = -0.37, p = 0.21, zdiff = -0.64, p = 0.26). There was no correlation between
retention and connectivity change between left M1 and left cerebellum (r(13) = 0.38 p = 0.19;
zdiff = 0.93, p = 0.18). We observed no correlation between control “retention” and M1cerebellar connectivity in the control condition (r(14) = 0.04, p = 0.89; zdiff = 1.78 p = 0.04).

M1 – Cerebellar
Connectivity
Change

a = -20.1364 *
p = .04

b

a

M1 [GABA:tCr]

c

b = 1.1855 *
p = .02

Retention

c = -33.7420 *
c’ = -9.8703
ab = -23.8717 *
95%-CI [-62.2925, -1.8002]

Figure 4. M1-Cerebellar Connectivity Change mediates the relationship between M1 [GABA] and retention.
A mediation analysis tests whether the observed direct relationship between two variables, here M1 [GABA] and Retention (path c; dotted arrow), might be
mediated through an indirect pathway, here M1–cerebellar connectivity change (path ab; continuous arrows).
The numbers are the coefficients of each path. * Indicates significant coefficients.
M1 GABA significantly predicted both retention (path c = -33.74, p = 0.0005) and M1-Cerebellar Connectivity Change (path a = -20.14, p = 0.02). M1-Cerebellar
Connectivity Change in turn predicted retention (path b = 1.19, p = 0.017). The relationship between M1 GABA and retention was mediated by connectivity
change with a 71% percentage mediation (ab = -23.87; 95%-CI[-62.2925, -1.8002]). Once M1-Cerebellar Connectivity Change was added to the model, the direct
effect of M1 [GABA] on retention became non-significant (c’ = -9.87, p = 0.39), meaning the relationship is fully mediated.
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Connectivity change mediates the relationship between M1 [GABA] and retention.
In order to explore the potential role of change in connectivity as a mechanism through which
baseline M1 [GABA] could influence later retention, we performed a mediation analysis
(Figure 4). A mediation analysis tests whether the observed relationship between M1 [GABA]
and Retention (path c) might be statistically mediated through an indirect pathway (M1–
cerebellar connectivity change; path ab). As expected, M1 [GABA] significantly related to
both retention (path c = -33.74, p = 0.0005) and M1-Cerebellar Connectivity Change (path a =
-20.14, p = 0.02). M1-Cerebellar Connectivity Change in turn was associated with retention
(path b = 1.19, p = 0.017). The relationship between M1 [GABA] and retention was mediated
by connectivity change with a 71% percentage mediation (ab = -23.87; CI[-62.29, -1.80]). Once
M1-Cerebellar Connectivity Change was added to the model, the direct effect of M1 [GABA]
on retention became non-significant (c’ = -9.87, p = 0.39), meaning the relationship is fully
mediated. Together, these findings suggest that M1-Cerebellar connectivity change might be
a potential mechanism through which baseline M1 [GABA] influences later retention.

Discussion
This study provides evidence that retention of a visuomotor transformation may be explained
by the underlying neurochemical processes and functional changes in the human brain.
Specifically, higher M1 [GABA] concentration before acquisition of a visuomotor adaptation
is associated with a greater decrease in M1-cerebellar connectivity during acquisition, and
this, in turn, is associated with more retention of the adapted state afterwards. These
relationships are anatomically specific, since retention of the right-handed adaptation task
can be related only to connectivity change between contralateral M1 and ipsilateral
cerebellum and not to connectivity change between contralateral M1 and contralateral
cerebellum. The demonstrated relationships are also behaviourally specific, since
neurochemical and functional differences relate to retention, but not acquisition of the
transformation. Finally, the relationship is neurochemically specific, as glutamate
concentration does not significantly correlate with retention. To ensure our findings are
robust against potential outliers, we re-calculated all significant relationships using robust
correlation methods, resulting in the same pattern of results. We observed a positive angular
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error in the washout phase of the control condition. This control washout error seems to be
driven by the positioning of the participant inside the scanner: Inspection of the practice trials
performed inside and outside of the scanner (practice 1 and practice 2 in Supplementary Fig.
1A, respectively) revealed a movement bias as soon as the participant is placed into the
scanner. This bias reduces to zero within few trials and the inverse of the bias matches the
control condition washout error (Supplementary Fig. 1B), suggesting that the scanner position
drives the control washout error. We observed no significant correlation between
neurochemical and functional differences and this movement bias in the control condition,
suggesting that the demonstrated relationships are specific to the rotation condition.
Motor adaptation is a form of motor learning where a transformation of motor commands is
required to maintain accurate movements after a change in the environment or in the body.
Crucial sites for adaptation include the cerebellum and M1 and these regions have been
purported to underly different aspects of motor adaptation. There is emerging evidence that
M1 may be involved in adaptation of distal limb movements (for example finger movements)
{Weightman2020} {Panouilleres2015}. However, for tasks involving more proximal effectors
(for example gross upper arm movements), acquisition in motor adaptation predominantly
involves the cerebellum {Panouilleres2015a} {Miall2005}, whereas retention of the adapted
state is classically believed to rely on M1 {Herzfeld2014} {Hunter2009} {Richardson2006}. To
this effect, increasing M1 excitability with anodal tDCS facilitates retention, but does not
influence adaptation {Galea2011}, and disrupting M1 activity with TMS impairs retention
without affecting adaptation {Hadipour-Niktarash2007}. Previous work has shown an
association between M1 [GABA] change induced by tDCS during prism adaptation and change
in retention {OShea2017} {Petitet2018}, with a larger decrease in M1 [GABA] relating to
greater retention change. Further, retention of prism adaptation has been related to baseline
M1 [GABA] such that participants with lower M1 [GABA] retained more of the adapted state
{Petitet2018}, overall suggesting that lower M1 [GABA] facilitates retention. Conversely,
outside of the adaptation domain, retention of memories has been linked to an increase in
visual area [GABA:Glu] ratio for visual perception learning {Shibata2017; Tamaki2020} and an
increase in hippocampal [GABA:Glu] ratio for spatial learning {Koolschijn2019}, suggesting
that more GABA-dominant processing protects against memory interference and facilitates
retention. We find that in visuomotor adaptation, higher M1 [GABA] at baseline is associated
14

with greater subsequent retention, in line with a facilitative effect of GABA for retention. The
contrasting results in retaining prism adaptation and visuomotor rotation adaptation may be
explained by the two paradigms eliciting different contributions of adaptation processes:
simultaneous, but distinct processes have been shown to underlie adaptation {Smith2006}
{Taylor2014} {Taylor2011} {McDougle2015}, and the adaptation paradigm has been
suggested to influence which processes are favoured {Fleury2019}, which may in turn result
in differential recruitment of M1. Alternatively, differential involvement of M1 during the task
may also be driven by the requirement to adapt proximal limb movements for prism
adaptation and distal limb movements for the visuomotor adaptation task presented here or
driven by the presence of visual feedback during retention assessment in this study compared
to the absence of visual feedback in the prism paradigm {Petitet2018}. However, the extent
to which the properties of adaptation assessment recruits different circuits in the brain is
currently unclear.
Our data are consistent with the proposed role of M1 in retention but not adaptation, and
further suggest that connectivity change between M1 and the cerebellum may reflect the
means by which the adapted state, once acquired is retained. These results are in line with
evidence from locomotor adaptation studies that have investigated changes in M1-cerebellar
interactions after acquisition of the novel locomotor transformation. Specifically, in
locomotor adaptation, connectivity between M1 and the cerebellum decreased
{Mawase2017}, and the inhibitory tone of the cerebellum over M1 assessed with paired pulse
TMS (cerebellar-brain inhibition (CBI); {Ugawa1995}, Pinto and Chen 2001) decreased after
acquisition of the locomotor transformation {Jayaram2011}. Moreover, the latter study found
that the extent of CBI reduction correlated with retention, such that participants who showed
greater reduction retained more {Jayaram2011}.
Here, we demonstrate that the baseline [GABA] in M1 is associated with change in functional
connectivity between the cerebellum and M1 and retention of behaviour. While the
physiological basis of MRS-assessed GABA has yet to be fully elucidated, it has been proposed
to primarily reflect extracellular tonic GABA signalling {Semyanov2004}, rather than phasic,
synaptic signalling {Dyke2017} {Stagg2011a}, though physiologically these two forms of
inhibition are related {Farrant2005}. MRS-assessed GABA has been linked to oscillatory
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activity in the gamma range {Towers2004}, which in turn has been shown to relate to longrange connectivity {Cabral2011} {Shmuel2008}. This hypothesis is supported by previous work
from our lab and others, suggesting that [GABA] in a key network node is related to functional
connectivity within the functional network {Stagg2014} {Bachtiar2015} {Kapogiannis2013}.
Our finding that greater decreases in M1-cerebellar connectivity were observed in
participants with higher baseline M1 [GABA] is therefore in keeping with this mechanistic
framework. Further, since a decrease in connectivity is commonly interpreted as indicating a
segregation of processing between two brain regions, a plausible interpretation of our results
would be that higher M1 [GABA] before adaptation leads to more segregated processing of
motor information during adaptation. This segregation of processing, in turn, may result in
better subsequent retention of the visuomotor transformation, though these hypotheses
remain to be tested.
The results presented here demonstrate a series of dependent integrated mechanisms from
local neurochemistry, to functional connectivity between brain regions, to retention of
adapted behaviours. These findings not only significantly advance our understanding of
population variability in retention behaviour, but also, in light of the therapeutic potential of
interventions that drive retention to mitigate treatment-resistant effects of stroke
{OShea2017}, they also provide a crucial step towards developing therapeutic interventions
to restore motor abilities.

EXPERIMENTAL MODEL AND SUBJECT DETAILS
15 healthy, right-handed participants (8 female; mean age 26 years, range 22-32 years) gave
their written informed consent in line with local ethics committee approval (Oxford CUREC
C1-2014-090). Each participant had two MR scans while performing a visuomotor task that
either involved a learning component (adaptation task) or no learning component (control
task). The order of sessions was counterbalanced across the group. Participants were righthanded, had no history of neurological or psychiatric conditions, were not taking any
medications that can affect the central nervous system, and had no contraindications to MRI.
Due to technical failures during MRI, two participants were excluded from analysis.
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METHOD DETAILS

Behavioural data acquisition
Participants controlled a cursor on a screen using a joystick and made discrete movements to
a target. They were instructed to make fast, accurate and ballistic movements to ‘shoot’
through the target that appeared on the screen. The target appeared at one of eight locations
radially aligned around the starting position of the cursor and separated by 45° (Fig. 1B). Trials
were grouped into epochs, with one epoch containing eight consecutive trials and all blocks
containing five epochs. Targets appeared in a pseudorandomised sequence, such that within
each epoch all eight targets appeared once but across epochs the target sequence was
different and participants were unable to predict the next target location. Participants had
to perform the movement within a time window of 750 ms, after which the target
disappeared. The time cut-off was to ensure the short, ballistic nature of the movement and
to prevent online corrections. No endpoint feedback was provided.
At the beginning of each session, participants practised the task by performing 40 baseline
trials outside of the scanner (no rotation imposed). Participants then performed the main task
inside the scanner, during which they learned to adapt to a stepwise increasing rotation of
their movement in case of the adaptation task (Fig. 1A). After the scan, participants
performed 144 trials of trials (i.e. 3.6 blocks) with no rotation imposed outside of the scanner
to probe retention of the previously learned compensatory movement.

Behavioural data analysis
Cursor movements were analysed on a trial-by-trial basis using in-house software written in
Matlab (Mathworks Inc, Natick, USA). The joystick position data (X and Y) was collected at a
sample rate of 60 Hz. The kinematic data was filtered with a zero-phase filter with a 25 Hz
cut-off and numerically differentiated to determine velocity.
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Trials that showed

premeditated or incomplete movements were excluded from further analysis (mean number
of rejected trials: 18.21± 19.3).
For each remaining trial, the angular error (°) was calculated as the angle between a line
connecting the starting position with the position of peak velocity of the cursor and the line
connecting the starting position with the target. Positive values therefore indicate a clockwise
error

(’overshooting’)

and

negative

values

indicate

a

counter-clockwise

error

(’undershooting’).
Behavioural data analysis.
Data was grouped into epochs, such that each epoch contained eight consecutive trials and
all blocks contained five epochs. To quantify adaptation, we calculated the mean error across
all rotation blocks that were included into the analysis, excluding the first epoch of each block
{Galea2011}, referred to as adaptation error. To quantify retention, we calculated the mean
error in the first washout block, referred to as retention error. The equivalent metrics were
also calculated in the control condition, although no rotation was imposed and therefore no
adaptation took place.

MR acquisition
Magnetic Resonance (MR) data were acquired using a 7T MAGNETOM Siemens scanner
(Erlangen, Germany) using a 32-channel head coil. Subjects fixated on a crosshair image
presented centrally on the screen during resting fMRI acquisition, performed a visuomotor
rotation task during MRS acquisition and watched a nature video at all other times.
Structural MRI
Structural T1-weighted MRI data were acquired using a magnetisation prepared rapid
acquisition gradient echo (MPRAGE) sequence (Repetition Time 2200 ms, TE 2.82 ms, TI 1050
ms, slice thickness 1.0 mm, in-plane resolution 1.0 x 1.0 mm2, GRAPPA factor = 4, flip angle =
7 degrees, FOV 192 x 176 mm2).
MRS
Structural images were used to manually place a voxel over the left precentral knob, which is
a landmark for the hand motor representation {Yousry1997}. MRS data were acquired using
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a semi-LASER sequence {Scheenen2008} (53 transients in each block, TR 6000, TE 36 ms, voxel
size 20 x 20 x 20 mm3) using VAPOR (variable power RF pulses with optimized relaxation
delays) water suppression {Tkac1999}. Shimming of the MRS voxel region used FASTMAP
{Gruetter1993}.
Spectra were acquired in 5 1/2 minute MRS-blocks, each corresponding to two Task-blocks.,
meaning that one MRS-block was acquired at baseline, and six MRS-blocks were acquired
during adaptation.
Functional MRI acquisition
Resting state fMRI data were acquired before and immediately after the task using a
multiband 2 mm isotropic EPI sequence (TR/TE = 3500/28 ms, FOV = 256 x 138 mm2,
bandwidth = 1562 Hz/Px, multi-band acceleration factor 2, voxel dimension = 2 x 2 x 2.5 mm3,
whole brain, acquisition time = 8:05 min for a total of 132 volumes).

MR analysis
fMRI analysis
Resting-state functional data processing was carried out using FSL (FMRIB’s Software Library,
Version 6.00, {Jenkinson2012}).
Standard pre-processing steps were applied: data was motion corrected using MCFLIRT
{Jenkinson2002}, slice-timing corrected using Fourier-space time-series phase-shifting,
distortion corrected using fieldmaps (B0 unwarping), stripped of non-brain voxels using BET
{Smith2002}, grand-mean intensity normalised and highpass temporally filtered (Gaussianweighted least-squares straight line fitting, with sigma = 50.0s). Probabilistic Independent
Component Analysis (ICA), as implemented in MELODIC {Beckmann2004} was used to
manually denoise the data. Data were then registered to the high resolution structural image
using boundary-based registration (BBR; implemented in FLIRT {Jenkinson2001}
{Jenkinson2002}) and then non-linearly registered to the MNI-152 template and spatially
smoothed using a Gaussian kernel of 5mm FWHM.
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Seed-based connectivity analysis
We quantified functional connectivity between M1 and the cerebellum using a region of
interest (ROI)-based approach. Our M1 ROI was defined anatomically and the anterior bank
of the central sulcus as well as the posterior half of the precentral gyrus. It extended from the
level of the dorsal surface of the lateral ventricles to the dorsal surface of the brain and from
the lateral surface of the brain to the interhemispheric fissure. The cerebellar ROI was defined
functionally from a quantitative meta-analysis which identified cerebellar regions involved in
adaptation {Hardwick2013}. Specifically, the cerebellar ROI was located in the right cerebellar
lobules V-VI. A control ROI for the cerebellum was defined by mirroring the right cerebellar
ROI along the midline, such that it was located in the left cerebellar lobules V-VI. M1Cerebellar Connectivity was quantified by extracting the timeseries of the resting-state
activity from the M1 ROI and the cerebellar ROI and correlating the two timeseries. Change
was calculated as Post – Pre, with positive values therefore reflecting an increase in
connectivity.

Network analysis.
To replicate the previously reported effect of adaptation increasing cerebellar network-level
connectivity (Albert et al, 2009), we ran a group-level ICA with 25 components, as
implemented in MELODIC {Beckmann2004}. The cerebellar network of interest was identified
by visual inspection and confirmed as the network with the greatest spatial correlation with
cerebellar regions active during performance of sensorimotor tasks {Hardwick2013}, as
determined by FSL’s fslcc tool for calculating spatial cross-correlation{FSLSmith2004}. To
determine the anatomical specificity of any effects we identified a control network which we
expect to be unaffected by task condition. We chose the Default Mode Network (DMN) as
this is a well defined network that did not spatially overlap with the task activation mask. In
order to obtain subject-specific maps, we ran dual regression on both these networks. We
then tested for a significant effect of condition on the network using non-parametric
permutation inference testing, as implemented in Randomise {Winkler2014} , with a clusterthreshold of 2.3, and p< 0.05, {Woo2012}).

20

MRS analysis
MRS data were preprocessed using in-house scripts and the FID-A toolbox {Simpson2015}
according to the steps recommended in {Near2020} For each session, raw MRS data from all
MRS-blocks were concatenated and corrected for frequency and phase shifts. Residual water
signal was removed from the water suppressed MRS data using HLSVD {Cabanes2001} .
Outlier spectra were identified for each session by calculating a deviation metric for every
data point. Data points whose deviation metric exceeded three standard deviations from the
mean were removed. To ensure the same number of data points in each MRS-block, these
data points were replaced with an interpolated spectrum (maximum 6 (0.016 %) data points
per session). Data points were frequency- and phase-corrected and then divided into MRSblocks. Data was corrected for eddy currents. Neurochemical quantification was performed
using LCModel {Provencher2001} . Default LCModel concentration ratio priors were used
during fitting. Spectra were then excluded if they had LCModel defined FWHM > 15 Hz or
Signal-to-Noise Ratio (SNR) < 40. GABA and Glutamate measurements were excluded if they
had CRLB > 50%. Correlations between GABA and other metabolite spectra were < 0.23,
indicating that we were able to independently estimate GABA concentration from the MRS
spectra (Fig. SPECTRALFIGURE). To control for differences in voxel tissue composition across
subjects, the proportion of Grey Matter (GM), White Matter and CSF in the voxel were
quantified from the T1 scan using FMRIB’s Automated Segmentation Tool (FAST) and GM
fraction was included as a covariate of no interest when testing for relationships between
GABA or Glutamate and another variable {Zhang2001}. All neurochemicals are expressed as
a ratio of total creatine (tCr, creatine + phosphocreatine) for internal referencing.

QUANTIFICATION AND STATISTICAL ANALYSIS
Statistical analyses were conducted using R {RCoreTeam2013} for all analysis apart from the
Mediation analysis and robust correlation analysis. Mediation analysis was conducted using
Statistics Package for the Social Sciences {Hayes2018} {IBMCorp2020}. Robust correlation
analysis was performed using the robust correlation toolbox implemented in Matlab
{Matlab2019}. To determine whether participants adapted, we used the R package lme4
{Bates2015a} to construct a linear mixed effects model of error during the first and last epoch
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of all rotation blocks with a fixed main effect of epoch (First, Last). To determine when
participants stopped adapting, we calculated post hoc paired-samples t-tests to compare
mean error at the start and at the end of each rotation block (Bonferroni-adjusted). Rotation
blocks that came after the last block with discernible adaptation were excluded from further
analysis. We then tested whether participants retained the compensatory movement. To test
for retention, we tested whether the error in the first washout block was significantly
different from zero using a one-sample t-test.
Within the period of time where adaptation was detectable, we then tested for significant
changes in GABA during adaptation compared to control. To test whether task condition
affected GABA over the course of the experiment, we constructed to construct a linear mixed
effects model of the connectivity variable of interest. As fixed effects, we entered MRS-block
(1, 2, 3, 4, 5, see figure 1.1), condition (rotation, control) and MRS-block x condition
interaction into the model.
We then tested whether task condition affected M1-Cerebellar connectivity by constructing
a linear mixed effects model of M1-Cerebellar connectivity. As fixed effects, we entered time
(pre, post), condition (rotation, control) and time*condition interaction into the model.
For all linear mixed effects models, we allowed intercepts for different subjects to vary in
order to account for covarying residuals within subjects, creating a random intercept model.
P-values were obtained by likelihood ratio tests of the full model with the effect in question
against the model without the effect in question.
Correlations were assessed using Spearman’s rank correlation coefficients (two-tailed). To
determine whether two correlation coefficients were significantly different, Spearman’s
coefficients were converted into z-scores using Fisher’s Z-transformation. We then performed
one-tailed z-tests on the z-scores given the standard error of each z-score. This method is
standard for testing the equality between Pearson’s correlation coefficients, but less
commonly used for Spearman’s coefficients. However, simulations show that this practice is
justified for Spearman’s coefficients and more robust than using Pearson’s correlation
coefficients on non-normal data to test for differences in correlations {Myers2006} .
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To ensure the robustness of the observed significant relationship against potential outliers,
we re-calculated the correlation coefficients using a MATLAB toolbox for robust correlation
methods {Pernet2013}. For this, we first visually inspected scatter plots of the data for a
potential non-linear relationship and then tested the normality assumption for the data.
Having confirmed the linearity of the relationship and that the data is normally distributed,
we tested for potential univariate and bivariate outliers in the data using the three outlier
detection methods implemented in the toolbox (box-plot rule, MAD-median rule, S-outliers
{Pernet2013}). On the basis of the intersecting results of all three outlier detection methods,
which identified no bivariate outliers, but 2 univariate outliers in the GABA data, we chose
the percentage-bend correlations as the robust correlation method, as recommended for
calculating correlations in the presence of univariate outliers {Wilcox1994} {Pernet2013}. Our
data showed inequal variances based and therefore the percentage-bend correlation method
was interpreted as significant if the percentile bootstrapped 95% confidence interval (CI) of
the correlation coefficient excluded zero, as bootstrapped CIs are less sensitive to violations
of the homoscedasticity assumption than the traditional t-tests. All results are interpreted
taking into account the bootstrap CIs of the percentage-bend method {Pernet2013}.
Mediation Analysis
In order to explore the observed correlations between GABA, connectivity change and
retention, a mediation analysis was conducted. A mediation analysis tests whether an
observed relationship (path c) might be mediated through an indirect pathway (path ab). It is
well suited when a variable X is the logical cause of the mediator variable M and if the
mediator M in turn is the logical cause of another variable Y. In this study, M1 [GABA] assessed
at baseline (X) is the logical cause of connectivity change during adaptation (M) and this
connectivity change is the logical cause of later retention of the adapted movement (Y). We
therefore performed a simple mediation to analyse whether the relationship between M1
[GABA] (X) and retention (Y) is mediated by Connectivity Change (M). Specifically, we tested
whether connectivity change accounts for the link between GABA and retention. The
mediation analysis was performed using regression with bootstrapping implemented in the
PROCESS macro for SPSS {Hayes2018}. A significant mediation is evident when the
bootstrapped 95%-confidence interval of the parameter estimate of the indirect path (ab)
does not include zero.
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Supplementary Figure 1. Control condition washout error is driven by movement bias imposed through scanner positioning.
A. Practice phase inside the scanner reveals unspecific movement bias.
Participants practiced the task once outside of the scanner (Practice 1, 32 trials) and once inside the scanner (Practice 2, 32 trials) in every session. As can be seen in practice
2, the positioning inside the scanner imposed an unspecific movement bias that results in a counter clockwise error which reduces to zero within few trials. There is no such
movement bias in the practice phase completed outside of the scanner in a seated position (Practice 1), suggesting that this movement bias is driven by placing the
participant in a lying-down position in the scanner.
B. Control condition washout error matches the inverse of the scanner positioning imposed unspecific movement.
For illustration purposes, the in-scanner practice has been mirrored at the x-axis. Directly comparing the in-scanner offset with the control condition washout error shows
that the two offsets are of similar extent.
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