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Level of M1 GABAB predicts micro offline
consolidation of motor learning during
wakefulness

Check for updates

Pasquale Cardellicchio 1 & Sara Borgomaneri2

The consolidation process stabilizes a new initially labilememory. This consolidation could operate on
a shorter timescale during wakefulness after initial motor learning.Withinmicro-offline learning states,
sequences of simple individual actions learned through interleaved practice are condensed into a
unified skill through a time-dependent consolidation process occurring during wakeful periods. While
emerging evidence links Glutamate and GABAmodulations in the primary motor cortex (M1) to motor
learning, its relationshipwithmicro-offline consolidation processes in brief resting states duringmotor
learning is unclear. To investigate this issue, we employed Transcranial magnetic stimulation (TMS) to
evaluate whether interindividual variation of different neurotransmitters at rest influences motor
learning consolidation in humans. Our results point to the role of GABAB in micro-offline motor
consolidation processes during motor learning in M1. This finding could have an important impact on
planning neuropharmacology or non-invasive brain stimulation approaches in clinical domains, such
as post-stroke rehabilitation.

The ability to perform complex sequences of movements quickly and
accurately is critical for many motor skills. Although training improves
performance in a large variety of motor sequence tasks, a growing body of
research suggests that incorporating periods of waking rest alongside
practice1,2 can also contribute to significant performance improvements.
Interestingly, while these periods of rest were traditionally considered as
wasted or unfruitful3, recent researchers have suggested that the newly
formed memory undergoes an “offline” process during intervals of wake-
fulness, during which the initially unstable memory is consolidated and
converted into an engram4,5 that could withstand interferences and the
elapse of time3,6,7. The gains observed during brief rest periods referred to as
micro-offline gains (i.e., the performance boost from the last practice trial to
the first trial after the rest), suggest thatmotor consolidation takes place on a
much shorter timescale than previously believed1,8,9, even before the sleep-
related consolidation process1. In terms of behavior, micro-offline
improvements align closely with the initial online learning curve until
reaching a performance plateau, contributing to overall early learning.
However, the process through which the brain consolidates sequences of
distinct action representations into refined and temporally precise skills
during thesemicro-offline gains remains unclear.One potentialmechanism
being considered involves neuroplastic changes occurring at different levels
of the central nervous system10,11 with a primary focus on the functional

reorganizationof theprimarymotor cortex (M1),whichseems tohave a role
in motor learning consolidation3,12. Such plastic reorganization has been
hypothesized to be facilitated by reduced cortical inhibition via modulation
of γ-aminobutyric acid (GABA)neurotransmission13–17.More specifically, it
has been reported that a decrease in GABA after acute deafferentation
results in the facilitation of LTP-like plasticity within M118. Supporting this
link, it was shown that the administration of GABA receptor agonists
impairs both the retention in visuomotor learning19 and the plasticity
induced by motor practice13.

In agreement with such findings, decreases in GABA concentration
have also been demonstrated using proton magnetic resonance spectro-
scopy (MRS) both in the acute phase of recovery after stroke20, and during
motor learning15,21. With regards to this last aspect, a study by Kolasinski et
al. requiredparticipants toperformavisually cued serial reaction time task21.
The authors measured the GABA concentration in three different groups:
the “learning group” was explicitly informed to expect a cue-related
repeating sequence; the “movement group” was informed the cue was not
predictive of a sequence, and the “rest group”was asked to performapassive
resting task. Results showed a reduction in GABA concentration in the
learning group but not in either themotor or the resting group. No changes
in Glutamate were observed in any group. Furthermore, M1 GABA mea-
sured early in task performance was correlated with the degree of
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subsequent learning. These findings indicated that higher GABA con-
centrations were linked to poorer motor learning outcomes.

Despite being a promising technique, one limitation of MRS is its
current inability to distinguish between the various functional GABAergic
pools (i.e., GABAA and GABAB) and their temporal dynamics, which are
believed to play different roles in metabolism, synaptic neurotransmission,
and cortical inhibition22,23. Thus, despite the existence of previous neuroi-
maging findings, which support the hypothesis that LTP-like plasticity
within M1 is critically dependent on GABA modulation15–17,24, to date, no
existing studies have investigated whether distinct forms of inhibition (i.e.,
GABAA or GABAB mediated) measured within M1 before motor learning
in wakefulness can predict offline motor consolidation in humans. To
address this issue, we used transcranial magnetic stimulation (TMS) to
investigate at-rest motor-evoked potentials (MEPs)—a probe of corticosp-
inal excitability (CSE)—as well as short-interval and long-interval intra-
cortical inhibition (SICI/LICI) and facilitation (sICF/ICF). While short
intracortical inhibition (SICI) is supposed to be mediated by post-synaptic
potentials via fast ionotropicGABAA receptors, long intracortical inhibition
(LICI) seems to reflect inhibitory post-synaptic potentials produced via
slowermetabotropicGABAB receptors

25–27. Intracortical facilitation (ICF) is
believed to be mediated by NMDA glutamatergic receptors28–32, and short
intracortical facilitation (sICF) seems todependon trans-synaptic excitation
of intracortical interneurons that project to the corticospinal neurons33–35.
Our findings suggest intriguing and distinctive roles for neurotransmitters
within M1 in facilitating the consolidation of motor learning on a micro-
scale, intricately linked to temporal mechanistic plasticity in the human
motor system. They also highlight a role for neurochemicalmodifications to
both motor consolidation and plasticity in the human brain, which may
hold important clinical implications in rehabilitative settings such as in
stroke and brain injury.

Results
Sixteen right-handed healthy adults were requested to tap an imposed
sequence on a response pad with their left hand (Fig. 1a). Firstly, we eval-
uated the improvement in skill learning performance by comparing the
mean tapping speed of the first trial block (T0) with the tapping speed at the
block (T) in which 95% of the performance gains are first achieved at the
individual level. Student’s t-test showed an improvement inmotor learning
performance (t(15) =−6.88, p < 0.01 Cohen’s d =−1.72) when 95% of the
learning had been achieved compared to the first block (Fig. 2).

Secondly, we aimed to identify whether the amount of both inhibitory
and facilitatory (i.e., ICF and sICF) neurotransmitters, assessed by TMS on
the motor area before motor learning, were associated with both the per-
formance of learning that occurred in block T (micro-online-T) and the
brief motor consolidation during the rest period in the same block (micro-
offline-T). Notably, the different inhibitory intracortical paired-pulse TMS
(pp-TMS) protocols, allow us to discriminate between GABAA (SICI) and
GABAB (LICI) neurotransmitters. Using Bayesian correlation matrix ana-
lyses, we found very strong evidence toward the H1 for a negative rela-
tionship between LICI and Micro-offline-T learning (R =−0.834;
BF10 = 468 Table 1; Fig. 3), such that participants who showed a lower level
of GABAB neurotransmitter (disinhibition) have a better motor con-
solidation. No other significant correlation was reported (see Table 1). To
test the GABAB contribution, we compared the correlation with the
dependent correlations of GABAA, using Hittner’s test. The correlation of
GABAB with micro-offline performance differed significantly from
equivalent correlations between GABAA and the same behavioral measure:
Hittner’s Z p < 0.05 (z =−2.8535, p-value = 0.0043).

In line with the previous analysis, a linear regression model was tested
between the GABAB and the estimates of the individual motor learning
fitting coefficients, and participant performance (micro-online-T and
micro-offline-T) to evaluate the predictability of the factors used. Themodel
with Micro-offline-T learning explained a moderate proportion of the
variance R2 = 0.69 (BF10 > 100) (Table 2). Micro-offline-T learning
(B =−0.58, BFinclusion = 52.6) provides moderate evidence for being

included in themodel, while there is moderate evidence supporting that the
other variables (BFinclusion < 0.5) should not be included (Table 3; Fig. 4).

Discussion
Proficiency in motor skills is essential for navigating daily tasks in chal-
lenging environments. Through consistent practice, actions become fas-
ter, more precise, and easier to perform. This process, known as the
consolidation process, transforms an initially fragile memory into a
resilient and enduring one36–38. Recently, evidence has suggested that the
consolidation operates on a shorter timescale, such as between blocks in
the initial phase of learning, and this could potentially dramatically
shorten the time required for motor learning and consolidation1,3,39.
Interestingly, an enhancement inmotor learning has been reported after a
period of waking rest, and this phenomenon has been defined as off-line
learning1,2,8,9. The aim of the current study was to reveal the underlying
neurotransmitter mechanisms subtending such rapid and offline
enhancement of motor performance. To investigate this issue, we used a
motor consolidation task that has previously been shown to promote
continuous motor learning1,2,8, with the aim of assessing whether the
GABAergic or glutamatergic concentrations in M1 may support offline
learning gains following onlinemotor learning. Although the reduction of
intracortical inhibition is an important substrate for optimal motor
learning in humans, most studies, including ours, did not find any cor-
relation between the degree of SICI changes and learning13,40,41. Specifi-
cally, our data revealed that only GABAB and not GABAAmodulation (at
rest) correlates with a rapid form of motor consolidation when early
motor learning has occurred. Our results are in line with several evidence
suggesting a pivotal role of GABAB in motor memory consolidation42–44.

All this evidence suggests that while both types of GABA receptors are
involved in motor learning processes, GABAB receptors, with their slower
and prolonged action, may play a more significant role in motor memory
consolidation than GABAA receptors, which act on a faster timescale. Our
results not only discriminate the functional role ofGABAB inmotor learning
consolidation but additionally provide evidence that the amount of GABAB

can predict the micro-offline-T gain when 95% of total learning has occur-
red. Interestingly, this result is explained by micro-offline, but not micro-
online, improvements. Supporting this concept, evidence suggests that
improvements in performance while acquiring a new skill predominantly
happen during the rest periods coupledwith practice, rather than during the
active practice itself. This supports the hypothesis that “much, if not all” skill
learning occurs offline during rest rather than during online practice1,2,39. In
line with our results, previous TMS45–47, pharmacological14, and MRS15,21

studies have shown a reduction in GABAergic inhibition following motor
learning. This increase in excitability caused by learning is frequently linked
to enhancements in motor performance and provides evidence for the
involvement of the GABA inhibitory system in drivingM1 plasticity during
the acquisition of skills. In summary, inhibitory networks on M1 can
influence neural plasticity48 specifically by GABAB mediation49.

Akey role indetermining thedegree of cortical plasticity is playedby the
balance between excitation and inhibition (E-I). Indeed, an increased exci-
tation or disinhibition enhances neuronal responses to external stimuli and
facilitates synaptic plasticity processes50,51. Moreover, E–I balance has been
suggested as a factor that can influence significant aspects of cognition and
behavior51. The increased association between Glutamate and GABA sug-
gests a learning-related phenomenon, possibly signifying amore precise and
regulated processing of the acquired experience in the motor cortex during
consolidation stages. It is crucial to emphasize that the absence of evidence of
a glutamatergic correlation with motor consolidation does not rule out the
potential contribution of glutamatergic mechanisms to motor learning.
Indeed, different GABA-modulated inhibitory neurons selectively affect
specific domains of excitatory neurons, allowing them to control different
aspects of the spatial and temporal activity of the Glutamate receptors52.
Whilewedidnot assess alterations inGlutamate andGABAlevels during the
learning phase, it is plausible that the upswing in Glutamate and GABA
coupling after the task might signify a physiological “rebound” effect. This
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effect could be an effort to restore physiological functions that might have
been disrupted during the learning process, to their normal state24. On the
other hand, the E–I balance may be linked to the storage of short-term
memory. In particular, given the heightened vulnerability of motor mem-
ories to interference immediately after learning, enhancing the coupling
betweenGlutamate and GABAmay play a role in fortifying the initial stages

of motor consolidation, thereby stabilizing the trace of the motor
memory53,54. Thus, greater GABA inhibitory tone could strongly stabilize the
newly learned skill by protecting it from interference55,56. Interestingly, it has
recently been hypothesized that inhibitory activity during retrieval is crucial
for memory selectivity; and inhibitory synaptic plasticity during memory
consolidation plays a key role in the formation of selective engrams4.
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An alternative hypothesis is based on how the information is stored. In
fact, besides the enhancement of synaptic strength induced by learning,
synapses also store information by altering their structure through rapid
Hebbian plasticity57–61, mainly similar to long-term potentiation (LTP-
like)62–64. In this context, GABA may have the role of regulating Hebbian
plasticity by offering a comprehensive assessment of the overall perfor-
mance of the entire network65. Increased protein synthesis and dendritic
spine remodeling have beenwell documented during the late phases of LTP,
resulting in the expansion of current spines or the creation of new ones50.
Furthermore,motor learninghas been shown topromote the formation and
stabilization of new spines in M1, which is expressed specifically in M1
engram cells5,66. This hypothesis is in agreement both with studies that have
shown how intense local release of Glutamate or GABA can induce post-
synaptic dendritic spine formation67 and studies that have illustrated the
pivotal role of GABAergic disinhibition in initiating long-term potentiation
(LTP)-like plasticity and fostering LTP-like synaptic responses inM168–70. A
potential limitation of our study is that pp-TMS measures represent an
indirectway tomeasureGABAandGlutamate levelswithinM1, and studies
investigating the associations between MRS-assessed GABA levels and
TMS-assessed GABA measures have reported mixed findings (for a com-
prehensive review on the topic see ref. 71). Thus, future studies should
combine MRS and TMS measures to provide complementary and com-
prehensive information on glutamatergic and GABAergic neurotransmis-
sion. Moreover, our study does not address two key factors in motor
learning: the strengthening of motor memories over time72 and the role of
repetition in increasing resistance to interference73. As our neurophysiolo-
gicalmeasureswere limited to a single session, thefindingswere restricted to
the pre-skill acquisition phase, and potential consolidation effects were not
assessed. Given that skill improvements can occur both during and after
motor practice, future research could explore learning-induced cortical

changes during these later stages of motor learning, which are likely to
engage broader neural networks beyond the primary motor cortex (M1)74.
Our data have significant implications for the creation of effective inter-
ventions designed to enhance motor skills and address motor impairments
in rehabilitation settings. Themotor consolidation phenomenon, facilitated

Fig. 1 | Skill learning task and behavioral performance. Panel a Participants
learned themotor-skill task consisting of alternating practice and rest periods of 10 s
duration for a total of 36 blocks. In each practice task block, participants were asked
to repeatedly tap the sequence 4-1-3-2-4 as quickly and accurately as possible using
their left, non-dominant hand. Practice task blocks were interleaved with 10-s
waking rest intervals (inter-practice rest). Note that motor learning performance
increases occur during the intervening periods of waking rest (micro-offline gains),
but not during the active practice task (micro-online learning). Panel bMean per-
formance of all participants. Skill wasmeasured as the correct sequence typing speed

(sequences [seq]/s). Mean average performance (mean ± SEM) increased rapidly
during early learning (the set of trials within which 95% of total learning occurred,
trials 1–11 (left panel) extracted by means of the curve fitting performance (right
panel). The vertical black line in the right panel corresponds to the block T where
95% of total learning occurred. Micro-online changes were calculated as the dif-
ference in tapping speed (keypresses/s) between the first and last correct sequence
within a practice period (black in inset) and micro-offline changes as the difference
between the last correct sequence within a practice period and the first of the next
practice period (red in inset).

Fig. 2 | Motor learning t-test. Data points in the violin plot depict the sum of
changes in performance measured as the average inter-tap interval within correct
sequences (tapping speed measured in keypresses/s) in the first block (T0) and in the
block (T) where 95% of total learning occurred in each participant.

Table 1 | Bayesian Pearson correlational analysis results

Bayesian Pearson correlations

Pearson’s r BF10

MEP-micro-online-T −0.431 1.107

MEP-micro-offline-T 0.265 0.486

MEP-K1 −0.062 0.316

MEP-K2 −0.038 0.311

MEP-K3 −0.247 0.457

MEP-Block-T 0.267 0.49

MEP-Tapping-Speed_T −0.147 0.354

SICI-micro-online-T 0.182 0.381

SICI-micro-offline-T −0.114 0.335

SICI-K1 0.249 0.460

SICI-K2 −0.286 0.525

SICI-K3 0.282 0.518

SICI-Block-T −0.06 0.315

SICI-Tapping-Speed_T −0.108 0.332

ICF-micro-online-T 0.458 1.335

ICF-micro-offline-T −0.239 0.445

ICF-K1 0.21 0.409

ICF-K2 −0.126 0.341

ICF-K3 −0.155 0.359

ICF-Block-T 0.069 0.318

ICF-Tapping-Speed_T 0.025 0.31

sICF-micro-online-T 0.174 0.374

sICF-micro-offline-T 0.244 0.452

sICF-K1 0.511 2.034

sICF-K2 −0.415 1.005

sICF-K3 0.065 0.317

sICF-Block-T 0.069 0.318

sICF-Tapping-Speed_T 0.17 0.371

LICI-micro-online-T 0.485 1.639

LICI-micro-offline-T −0.834 *** 468.802

LICI-K1 −0.249 0.461

LICI-K2 0.159 0.362

LICI-K3 0.137 0.347

LICI-Block-T −0.245 0.454

LICI-Tapping-Speed_T −0.316 0.595

*** BF10 > 100.
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by a decrease in cortical inhibition via modulation of the neurotransmitter
GABA75,76 could provide a model in the acute phase of recovery after
stroke17,20. Indeed, widespread alterations of inhibitory neurotransmission
after stroke seem to be a crucial potential mechanism77 in functional
recovery and deserve special attention78. Exploring the function ofGABA in
learning mechanisms could offer insights for innovative interventions tar-
geting GABA modulation aimed at enhancing functional recovery.

Methods
Participants
The study cohort consisted of 16 right-handedparticipants between the ages
of 27 and 43 (mean age 30.25 [SD: 5]; 10 females and 6males). The number
of participants was determined on the basis of a power analysis based on a
similar correlation between GABA and behavioral indices of motor
performance79. This analysis indicated that a sample size of ~16 participants
is necessary to achieve a statistical power (1− β) of 0.90 (two-tailedα = 0.05;
H1 corr p_ac =−0.69). Analysis was performed with G*Power software80.
All participants were right-handed, as assessed by the Edinburgh handed-
ness inventory81 (EHI). A minimum EHI score of 40 was required to con-
firm right-handedness (EHI: M = 92.5, SD = 31). Participants had no prior
history of drug or alcohol abuse or neurological, psychiatric, or sleep dis-
orders. Prior to theTMS studies, participants had to be freeof any drugs and
were instructed to be, alcohol-, and caffeine-free for 12 h before and during
the study period. The experimental setting was approved by the Ethics
Committee of the Department of Psychology of Bologna University (Prot.
0210065, 27/07/23) and was carried out in accordance with the ethical
standards of the revisedDeclarationofHelsinki (2013).All participants gave
their written and informed consent to take part in the study.

Motor learning task
The sequential finger tapping task required participants to press four
keys on a response pad (Cedrus LS-LINE, Cedrus Corp) with the fingers
of their left (nondominant) hand, repeating the five-element sequence
(trials): 4-1-3-2-4, as quickly and as accurately as possible for a period of
10 s. Each block consisted of a 10 s practice period followed by a 10 s rest
period1,8,82,83. The numeric sequence (4-1-3-2-4) was displayed at the top
of the screen at all times to exclude any working memory component.
Each key press produced a white dot on the screen, forming a row from
left to right, rather than the number itself, so as not to provide accurate
feedback. After completion of a full iteration of the sequence, the dots
were removed. During the 10 s interleaved rest periods, the sequencewas
replaced with a string of five “X” symbols, which participants were
instructed to fixate on. Individual Keypress timing (ms) and a number of
sequences were recorded for behavioral data analysis. Participants were
asked to perform 36 blocks. Rest periods (10 s) were interleaved between
blocks. The task lasted for a total of 12 min. Visual stimuli and task
instructions were presented, and keypress responses were recorded
using a custom script running in Matlab84,85.

Electromyography recording
Surface electromyography (EMG) was recorded from the left first dorsal
interosseous (FDI) muscle by means of a wireless system (Zerowire EMG,
Aurion, Italy) with a tendon-belly montage. EMG signals were digitized
(2 kHz) and acquired with a CED Power1401-3A board (Cambridge
Electronic Design, Cambridge, UK). All the acquired data were stored for
offline analysis using the Signal 3.09 software (Cambridge Electronic
Design, Cambridge, UK).

Transcranial magnetic stimulation (TMS)
Participants were seated on a comfortable armchair during all the experi-
mental sessions, with their left arm on an armrest. Paired-pulse TMS (pp-
TMS) protocols were administered through a 70mm figure-of-eight focal
coil connected to aMagstimBiStim2monophasic stimulator (TheMagstim
Company,Whitland,UK).TheFDIoptimal scalpposition (OSP)was found
by moving the coil in 0.5 cm steps over the right M1 hand area and using a
slightly suprathreshold stimulus. Resting motor threshold (rMT) was
defined as the lowest intensity that evoked amotor-evoked potential (MEP)
with >50 μV amplitude in 5 out of 10 consecutive trials while the partici-
pants kept the FDImuscle relaxed86,87. For each participant, the FDI hotspot
wasmarked on a head cap tomaximize coil placement consistency through
the testing sessions. The coil was positioned tangentially to the scalp fol-
lowing the orthodoxmethod, with the handle pointed backward, angled 45°
from the midline, perpendicular to the central sulcus. Motor evoked
potentials (MEPs) were measured using 120% of the individual rMT. Each
neurophysiological index was recorded at rest in a separate session imme-
diately before the behavioral session, to avoid any sleep effects on motor
acquisition and consolidation88. Inhibition and facilitation indices, mea-
sured by paired-pulse TMSprotocols, were determined from the ratio of the
mean MEP amplitude.

Table 2 | Model comparison of Bayesian linear regression

Model comparison—LICI

Models P(M) P(M|
data)

BFM BF10 R2

Null model 0.143 0.008 0.050 1.000 0.000

micro-offline-T 0.024 0.395 26.779 289.423 0.695

micro-online-T+micro-offline-
T+K1+K2+K3+Block-T

0.143 0.063 0.406 7.738 0.796

micro-online-T+micro-
offline-T

0.010 0.052 5.656 94.464 0.710

micro-offline-T+ K3 0.010 0.044 4.790 80.631 0.702

micro-offline-T+ K2 0.010 0.043 4.645 78.299 0.700

micro-offline-T+ K1 0.010 0.042 4.572 77.121 0.699

micro-offline-T+ Block-T 0.010 0.041 4.437 74.930 0.698

micro-online-T+micro-offline-
T+K1+K2+Block-T

0.024 0.019 0.790 13.848 0.780

micro-offline-T+ K3+ Block-T 0.007 0.018 2.551 44.002 0.733

Fig. 3 | Scatter plot of correlations. Relationship
between baseline GABA concentrations and micro-
offline learning consolidation when 95% of total
learning occurred. In the left panel, the short intra-
cortical inhibition corresponding to GABAA mod-
ulation is reported; in the right panel, the long
intracortical inhibition corresponds to GABAB

neurotransmitter modulation.
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Paired-pulse TMSmeasures: intracortical inhibition indices (SICI
and LICI)
Short intracortical inhibition (SICI) is measured via a pp-TMS para-
digm with a first subthreshold conditioning stimulus (CS) followed,
2.5 ms later, by a second suprathreshold test stimulus (TS). Here we set
the CS at 80% and the TS at 120% of individual rMT. SICImay represent
short-lasting inhibitory postsynaptic potentials in corticospinal
neurons28,89 by means of GABAA receptor-mediated fast intracortical
inhibition in M128,90.

Long intracortical inhibition (LICI) consists of two suprathreshold
stimuli; thefirst pulse (CS) elicits anMEPthat inhibits the secondpulse (TS).
We set both the CS and the TS at 120% of the individual rMTwith an ISI of
100ms. It has been proposed that the LICI reflects GABAB receptor-
mediated slow inhibition inM128,91. LICI was expressed as the ratio between
TS and the previous CS MEP amplitude, to avoid modulations driven by
local excitability changes in M1.

Paired-pulse TMS measures: intracortical facilitation indices
Short intracortical facilitation (sICF) was obtained by a pp-TMS protocol,
with the first stimulus at 120% followed by a second stimulus at 80% of the
rMT, with 1.4ms ISIs70,92.

Intracortical facilitation (ICF) was elicited by a pp-TMS protocol with
the CS set at 80% and the TS at 120% of the rMT, with an ISI of 15ms. This
protocol normally shows a facilitation, which is believed to be mediated by
NMDA glutamatergic receptors93,94.

Behavioral data processing
Analysis of motor performance was analyzed as previously described1,8 .

Tapping speed was found using Eq. (1)1, and was quantified as the
average of the time intervals between adjacent key presses within correct
sequences8,95,96 divided by 1000 (key presses/s).

Trial tapping speed ¼ 1
1
4

P4
i¼1intervali

ð1Þ

where intervali represents the time interval between keypresses i and i+ 1 in
a given sequence.

Performance within each trial was calculated as the mean tapping
speed of all correctly performed sequences, including correct sequences the
participant has not completed by the end of the trial8,97,98. The number of
correct sequences was calculated per trial, also including correct sequences
the participant had not completed by the end of the trial.

Modeling of performance curves and the determination of the
early learning block cutoff
For each participant, we determined the cutoff block,T, in which 95% of
the performance gains are achieved. First, we fit the Individual parti-
cipant performance curves of mean tapping speed and number of
correct sequences per block, B(t), with the following exponential
function Eq. (2):

B tð Þ � L tð Þ ¼ K1 þ K2 � 1� e�k3t
� � ð2Þ

where k1−3 represent the initial performance (function intercept),maximum
performance (function plateau) and learning rate (function slope) respec-
tively; and t∈ [1, +∞) represents trial. Parameters k1−3 were estimated by

Table 3 | Posterior Summaries of Coefficients of each predictor contained in the model

Posterior summaries of coefficients

95% Credible interval

Coefficient P(incl) P(excl) P(incl|data) P(excl|data) BFinclusion Mean SD Lower Upper

Intercept 1.000 0.000 1.000 0.000 1.000 0.575 0.081 0.417 0.738

Micro-online 0.500 0.500 0.294 0.706 0.416 −0.038 0.105 −0.330 0.105

Micro-offline 0.500 0.500 0.981 0.019 52.641 −0.583 0.152 −0.835 −0.316

K1 0.500 0.500 0.280 0.720 0.389 0.024 0.069 −0.053 0.240

K2 0.500 0.500 0.278 0.722 0.384 0.020 0.060 −0.038 0.229

K3 0.500 0.500 0.273 0.727 0.376 −0.032 0.108 −0.301 0.136

Block-T 0.500 0.500 0.278 0.722 0.385 −0.002 0.007 −0.022 0.006

Fig. 4 | Inclusion probabilities. Bar graph of pos-
terior inclusion probabilities for the Bayesian linear
regression of the LICI data. The dashed line repre-
sents the prior inclusion probabilities.
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gradient descent, with the objective function defined as the root mean
square error between B and L functions (see Eq. (3)):

min
KϵR3

1
T

XT

t

ðB tð Þ � L tð ÞÞ2 þ λjjK2
2jj ð3Þ

where λjjK2
2jj is the L2 regularization term with λ = 0.1.

A constrained nonlinear least-squares method (MATLAB’s lsqcurve-
fit, trust-region-reflective algorithm) was then used to estimate parameters
K1 (boundary constraints = [0,5]), K2 ([0,15]) and K3 ([0,2]) from these
observed tapping speed data. Boundaries remained constant throughout all
following experiments to avoid overfitting within each experimental con-
dition. Next, for each participant, fromEq. (3) we estimated the end of early
learning as the block T after 95% of the total learning had occurred. In
practice, this value can be estimated as Eq. (4):

T ¼ round L�1 0:95 � L 1ð Þ � L 1ð Þð Þ þ L 1ð Þð Þ� � ð4Þ

Thus, we set T to the first block where 95% of the learning had been
achieved.

Calculation of micro-online and micro-offline gains during early
learning
We studied trial-by-trial early learning by dissecting performance
improvements occurring during practice (micro-online) and during rest
(micro-offline) periods, as previously reported1,8,99.

Micro-online learning refers to the difference in tapping speed (key-
presses/second) between the last and the first block of a practice block
(Fig. 1) and quantified learning that occurred during short periods of prac-
tice. Specifically, we focused on the micro-online learning (micro-online-T)
of the first trial where 95% of the learning had been achieved (T) (Fig. 2a, b).

Micro-offline learning refers to the difference in tapping speed between
thefirst trial of a practice block and the last trial of the previous block (Fig. 1)
and quantified learning that occurred during short periods of rest. In par-
ticular, we investigated the micro-offline (micro-offline-T) learning blocks
of early learning cutoff corresponding to the first block where 95% of the
learning had been achieved (T) (Fig. 1b).

Motor learning analysis
To verify motor learning, we compared the mean trial tapping speed of the
first block (T0) and the block (T), inwhich95%of the performance gains are
achievedat the individual level. First,we checked all data for normality using
the Shapiro–Wilk test. Since the data does not differ significantly from a
normal distribution (Tapping speed_T0: W = 0.94 p = 0.45; Tapping
speed_T:W = 0.96 p = 0.78), the comparison was performed by two-tailed
paired sample Student’s t-test.

Bayesian Pearson correlation analysis
Bayesian analysis used JASP software (JASP Team, version 1.18.03) with
conventional thresholds for Bayes factors (BF) representing substantial
(>3), strong (>10), and very strong (>30) evidence in favor of
hypotheses100–102. Due to the relatively small sample of participants tes-
ted, we employed Bayesian correlation analysis to obtain more robust
results103. We assessed the Bayesian scores of each correlation using
Bayesian correlation pairs in JASP on the mean values for each parti-
cipant, to assess whether evidence supports the presence or absence of a
correlation. Finally, we compared all possible GABA correlations using
the cocor toolbox, developed by104. Comparison of correlation statistics
was undertaken using Hittner’s test105: Hittner, May, and Silver’s (2003)
modification of Dunn and Clark’s z106 using a back transformed average
Fisher’s (1921) Z procedure.

Bayesian linear regression
We conducted a linear regression, examining whether LICI (GABAB

neurotransmission) predicts the individual subjective performance

fitting estimates k1−3, the cutoff T, Micro-online and Micro-offline
learning in which 95% of the performance gains are first achieved at the
individual level.We applied a beta (a = b = 1) prior to themodels, which
assumes that the model sizes are equally likely before observing any
data, and we applied a JZS prior (r scale = 0.354) to the regression
coefficients.

Data availability
The electromyographic and behavioral datasets used and/or analyzed
during the current study are available at the link https://osf.io/xbdwu/.

Code availability
Custom written code is available upon request by contacting the Lead
Contact, Pasquale Cardellicchio (pasquale.cardellicchio@g(oogle)
mail.com).
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