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SUMMARY

Bayesian brain theories suggest that the human brain sets up predictive models to anticipate sensory evi-
dence. Here, we propose that these models inform the entire functional hierarchy, scaling all the way
down to the motor system. To test this hypothesis, 62 participants completed a probabilistic discrimination
task while receiving bilateral single-pulse transcranial magnetic simulation (TMS) over the two M1s. Motor-
evoked potentials (MEPs) were recorded to assess motor excitability for prior-congruent vs. incongruent ac-
tions. Results demonstrated that prior expectations shaped cortico-spinal excitability (CSE) prior to action
execution, inhibiting prior-incongruent response preparation. Notably, drift-diffusion modeling revealed
that trial-by-trial MEPs variations significantly influenced decision-making bias. Finally, interindividual differ-
ences in CSE modulations uncovered two distinct predictive strategies — the believers’ style, which heavily
relies on priors, and the empiricists’ style, who downplay their role — driven by schizotypal and autistic traits,
respectively. These findings suggest integration of predictive models into action representation, with prior-

driven CSE modulations reflecting interindividual differences in predictive styles.

INTRODUCTION

Prior expectations shape perceptual outcomes, modulating
response rates,’ reaction times,” confidence,® and metacogni-
tion.” Here, we investigated the physiological mechanisms by
which the motor system encodes the priors’ expectations that in-
fluence perceptual decision-making. Recent studies have
demonstrated that prior knowledge about upcoming stimuli af-
fects perceptual areas’ activity, with this modulation correlating
with prior-dependent behavioral change.®™ In this work, we pro-
pose that one key mechanism through which prior information in-
fluences behavior is by pre-activating the motor representation
aligned with the prior-congruent decision. Motor areas activity
is crucial in action preparation, with this activity modulated by
the probability of impending actions® and decision-related vari-
ables such as reward anticipation.”"'' However, most studies
have investigated motor preparation within deterministic contexts
(i.e., preparation of actions that have already been selected as, for
instance, during the delay between preparatory cues and imper-
ative signals''®), while less attention has been given to how the
motor system might prepare for actions when expectations about
stimuli are probabilistic. This gap limits our understanding of the
link between motor preparation and decision-making, specifically
regarding the role of prior expectations about stimulus identity in
shaping preparatory motor cortex excitability. Furthermore, the
specific mechanism by which priors could be integrated within
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the motor system remains unknown. One hypothesis is that motor
cortex region coding for the expectation-congruent response in-
creases its excitability (prior-excitation hypothesis) to facilitate
prior integration. Alternatively, this process might depend on the
inhibition of the motor cortex region encoding the prior-incon-
gruent response (prior-inhibition hypothesis).

In addition to this general mechanism, individual differences in
predictive processing styles'* may further modulate how prior in-
formation influences motor activity. For example, research indi-
cates that individual differences in motor excitability during action
observation and coordination strategies may reflect a distinct reli-
ance on prior information versus sensory inputs.’>'® This aligns
with our previous findings® where we identified two distinct pre-
dictive strategies: the “believers”, who strongly rely on prior infor-
mation, and the “empiricists”, who make decisions primarily
based on immediate sensory input with minimal influence from
priors. Crucially, we found that dispositional traits linked to schiz-
otypal and autistic features significantly influence the adoption of
these strategies.'” Here, we extend our investigation to determine
whether inter-individual differences in prior processing also affect
motor cortex excitability in the context of expectation-driven de-
cision bias. Specifically, we aim to examine if different predictive
styles are linked to varying degrees of prior-driven modulation of
motor-evoked potentials (MEPSs).

To test our hypotheses, 62 participants performed a random
dot motion task in which shifts in decision bias were
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experimentally induced within participants using a probabilistic
cue that signaled the likelihood of left- or rightward movement.
We hypothesize that participants’ decisions would be biased to-
ward the anticipated direction, resulting in increased leftward vs.
rightward reports when the cue suggested leftward vs. rightward
motion. Additionally, we hypothesized that motor cortical excit-
ability, measured by prestimulus MEPs, would be modulated
by these priors. Specifically, we predicted higher MEPs when
the anticipated action aligned with the prior expectations
(prior-excitation hypothesis) and lower MEPs when it was incon-
gruent (prior-inhibition hypothesis). To provide conclusive evi-
dence regarding the relationship between MEPs and decision-
making biases, we employed a drift diffusion model (DDM)
approach to study-whether the trial-by-trial differences in MEP
amplitudes between prior-congruent and prior-incongruent ac-
tions correlate with stronger perceptual biases toward expected
directions. Finally, we investigated whether inter-individual dif-
ferences in predictive strategies shaped these effects, predicting
that participants with a stronger reliance on prior information
(believers) would show greater modulation of MEPs in response
to congruent and incongruent cues compared to participants
who downplay priors’ information (empiricists). Building upon
previous studies’” we further investigated whether these distinct
predictive styles are linked to individual differences in personality
traits along the autism-schizotipy continuum,'®%? hypothesizing
that schizotypal traits would promote a prior-driven predictive
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Figure 1. Experimental design

(A) Behavioral and physiological data were
collected during a motion discrimination task.
Each trial started with a fixation cross, followed by
a probabilistic cue indicating the probability of
rightward vs. leftward movement. After a delay of
1 s, the dot motion stimulus appeared at the
center of the screen for 0.4s. Presenting the
stimulus centrally controlled for attentional mod-
ulation, ensuring that participants focused on the
center of the screen to perform the task. Cues
were either informative (leftward vs. rightward ar-
row indicating 70% probability of leftward vs.
rightward movement) or uninformative (a cross
indicating 50% probability of either direction).
Participants had to indicate the perceived direc-
tion of movement by making an abduction
movement with the corresponding hand (i.e., right
for rightward movement and left for leftward
movement).

(B) In each trial, bilateral single-pulse TMS was
delivered on right and left M1 at one of four timings
(=700, —400, —100, +200 ms relative to stimulus
onset). Motor-evoked potentials were recorded
from right and left FDI.

Right FDI
strategy, while autistic traits would favor
a sensory-driven approach.
RESULTS
Right M1

Human participants (N = 62) performed

an RDM discrimination task, where they
indicated the perceived direction of movement (i.e., rightward
or leftward) (Figure 1A). To manipulate expectations about the
upcoming stimulus, a probabilistic cue was presented at the
center of the screen before the stimulus appeared. Following a
delay, the random-dot stimulus was shown at the center of the
screen for 400 ms. Responses required an index finger abduc-
tion to press a key on a reversed keyboard: F5 with the right
hand for signaling rightward movement and F12 with the left
hand for signaling leftward movement. Throughout the task,
electromyographic (EMG) activity from the first dorsal inteross-
eous (FDI) muscle in both hands (which acts as the agonist in in-
dex finger abduction) was recorded, and single-pulse transcra-
nial magnetic stimulation (TMS) was administered to both the
right and left M1 at four different timings (—700 ms, —400 ms,
—100 ms, +200 ms relative to stimulus onset). The stimulation in-
tensity, determined as ~110% of the resting motor threshold
(rMT) for each hand, was adjusted to evoke MEPs of approxi-
mately 1 mV.

Prior-induced MEPs modulation correlates with

decision bias

Signal detection theory (SDT) analysis (Figure 2A) revealed a sig-
nificant cue effect on response criterion (i.e., the tendency to
respond “right” or “left”; F5 120 = 37.96, p < 0.001) but not on
sensitivity (F2,120 = 1.18, p = 0.31). Specifically, in trials preceded
by the left vs. right cue, participants showed a bias in indicating a
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leftward vs. rightward responses. Thus, our findings corroborate
previous studies showing that expectations are integrated in the
decision-making process, making the prior-congruent option
more likely to be chosen.”%?3

Then, we investigated whether prior information could
shape cortico-spinal excitability (CSE). To this end, EMG ac-
tivity was recorded from the first dorsal interosseous muscle
of both hands during task execution. In each trial, the two pri-
mary motor cortices (i.e., left and right M1) were stimulated
using single-pulse TMS. Pulses were delivered at different
timing relative to the onset of the stimulus (i.e., —700, —400,

1 Prior right

Right hand

rho = 0.43, p-value < 0.001
BF =54.258

A MEP
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Figure 2. Prior-induced MEPs modulation
correlates with decisional bias

(A) SDT indices for Sensitivity (d’) and Criterion
(c) are represented separately for trials preceded
by leftward, rightward and neutral cues. Probabi-
listic cues did not influence sensitivity; however,
they did affect criterion. Positive vs. negative cri-
terion values indicate a tendency to respond left
vs. right, therefore indicating a bias in responding
left with the leftward cue (Cieftwara = 0.40 + 0.07)
and a bias in responding right with the rightward
cue (Crightwara = —0.44 + 0.08). All comparisons
revealed significant differences between the cri-
terion adopted in the three conditions (Cieftward VS-
Crightwara: t = 6.33, Cohen’s d = 0.80; Cieftwara
VS. Cpeutral: t = 6.06, Cohen’s d = 0.77; Crightward VS-
Cheutras T = 5.53, Cohen’s d = 0.70; all p < 0.001).
Data are represented as mean + SEM; effect size
is measured by Cohen’s d; *p < 0.05, **p < 0.01,
***p < 0.001.

(B) Mean MEPs amplitude (mV) recorded from left
and right hands are represented separately for
trials preceded by the three probability cues, with
the TMS-timing factor collapsed (See S1). Prior
information modulated MEP activity accordingly:
the left hand showed higher vs. lower activity after
the leftward vs. rightward cue, while the right hand
showed the opposite pattern, thus indicating a
congruency effect between hand and prior. With
the neutral cue, activity in the left hand was in
between the congruent and incongruent condi-
tions, while activity in the right hand was the same
as with the rightward cue. Error bars represent
SEM; *p < 0.05, **p < 0.01, **p < 0.001.

(C) Correlation analyses between A Criterion and
A MEPyia-averaged, @S Well as between A Starting
Point and A MEP4igj-averages; Showed significant
positive relationships between prior-dependent
modulations of response bias and MEPs ampli-
tude. Thus, a greater prior-induced shift in MEPs
amplitude is mirrored by more substantial
changes in decision behavior.

Lo

ok

—100, +200 ms; Figure 1B) in random-
ized order across trials. This protocol
allowed to assess potential prior-
related changes in MEPs amplitude.
Indeed, in each prior informative trial,
one motor cortex encoded the prior-
congruent response (e.g., right M1 in
prior left trials), while the other encoded the prior-incongruent
response (e.g., left M1 in prior left trials).

The analysis showed a significant interaction between hand
and prior (F2 122 = 12.41, p < 0.001), indicating that the prior-
dependent modulation of MEPs differed between the two hands
(Figure 2B). Post-hoc analyses revealed a congruency effect be-
tween hand and cue: in the right hand, MEPs were higher (1.32 +
0.07) vs. lower when a rightward vs. leftward cue (1.20 + 0.06; z=
—2.91, p =0.004, rank-biserial correlation coefficient (r,,) = -0.42;
BF 3.59) was presented. After the neutral cue, MEPs
were higher (1.32 = 0.07) compared to the leftward condition

trial-averaged
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(z=-38.48,p <0.001, r, = —0.51; BF = 12.44), while no difference
emerged when considering the rightward trials (z = 0.28, p =
0.785, r, = 0.04; BF = 0.14). As for the left hand, MEPs were
higher (1.13 = 0.06) when a leftward cue was presented relative
to when a rightward (1.03 + 0.6; z = 3.50, p < 0.001, r, = 0.51;
BF = 239.49) or neutral cue (1.09 + 0.06; z = 1.99; p = 0.046,
ro = 0.29; BF = 2.64) were presented. Additionally, higher
MEPs were observed in neutral trials compared to the right cue
condition (z = 2.96; p = 0.003, r,, = 0.43; BF = 12.64). Overall,
regardless of the hand considered, motor excitability was lower
for prior-incongruent compared to congruent and neutral ac-
tions. We also observed a diametric effect, heightening the excit-
ability in the prior-congruent vs. neutral condition, with this effect
being specific for the left hand, suggesting the presence of com-
plementary mechanism for integrating prior in the non-dominant
motor pathway. Importantly, these findings hold valid even when
removing the condition in which pulses were delivered after stim-
ulus presentation (See Sl). Furthermore, the prior-driven MEP
modulations were unrelated to TMS timing, as it did not interact
with other factors (See S1). Finally, we proved a strong associa-
tion between the effect of prior information at the behavioral and
physiological level. Specifically, the more participants shifted
their motor cortex excitability in a prior-dependent fashion, the
more they relied on prior information in their decision-making
strategy (Spearman: rho =0.41, p =0.001, BF = 32.54, skipped =
0.34, CI =[0.06; 0.55]). This relationship was further supported by
a subsequent correlation using the starting point parameter from
single-subject DDM analysis as an alternative measure of
decision bias. The results showed a similarly significant positive
association (Figure 2C; Spearman: rho:0.43, p < 0.001, BF =
54.26, skipped = 0.32, Cl = [0.08; 0.53]). Additional analysis
revealed a negative trend between AMEPyiai.averaged @Nd sensi-
tivity under the informative conditions (i.e., mean d’ values be-
tween the right- and left-prior conditions; Spearman: rho =
—0.20, p =0.11, BF = 0.54, skipped = —0.10, Cl = [-0.35; 0.18]).

Trial-by-trial association between decisional bias and
motor excitability

To provide conclusive and robust evidence on the role played by
the motor system in integrating predictive information, we em-
ployed a hierarchical drift diffusion model (HDDM?>%) approach to
investigate whether trial-by-trial modulation of MEPs amplitude
was able to modulate the prior-driven bias induction. The DDM
serves as a prominent framework for understanding decision-
making processes by depicting decisions as a gradual accumula-
tion of evidence over time until a predetermined threshold is
reached. This model is particularly valuable because it considers
the temporal progression of decision-making, distinguishing it
from SDT, which does not account for the time factor involved in
decision-making. We fit two different DDM models (See STAR
Methods and Sl), both converging in suggesting a strong relation-
ship between trial-by-trial variation in MEPs and starting point shift
(i.e., how biased participants are) (Figure 3). The first model indi-
cated that trials in which MEPs of the prior-congruent hand (e.g.,
right hand in right prior condition) were higher than MEPs recorded
in the prior-incongruent hand (e.g., left hand in right prior condition)
were associated with a stronger bias in responding in accordance
with the expectation-like information provided by the cue.
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The second model indicated that the highlighted effect holds
valid even when removing the congruency effect, showing that
trials in which the MEPs of the right (vs. left) hand were relatively
larger in amplitude than those of the left (vs. right) hand, were
associated with a stronger rightward (vs. leftward) decisional
bias (Figure S2). Crucially, this effect interacted with the provided
priors. Specifically, while this significant effect persisted under
conditions where the prior was informative (i.e., right and left),
MEPs fluctuations did not predict the shift in the starting point
parameter in the condition where the prior was uninformative.
This suggests that the trial-by-trial effect is not merely a stochas-
tic mechanism, where the decision is shifted based on which M1
area exhibits a stronger pre-activation. Instead, it demonstrates
the presence of a prior-driven effect, which intentionally triggers
the modulation of MEPs congruent with the prior, subsequently
impacting the decision even at the trial-by-trial level.

Distinct decisional strategies are linked to opposite
poles of the ASD-SSD continuum

Overall, the outlined effects demonstrated consistently through
classical approaches such as trial-average up to trial-by-trial
analysis, how motor cortices modulate their activity to facilitate
the response congruent with the provided prior. These findings
expand on previous research, highlighting that the influence of
priors extends beyond the perceptual system to include the mo-
tor system.

However, within the sample, there was wide inter-individual
variability in the magnitude at which this effect manifests. Previ-
ous studies showed that the impact of prior knowledge strongly
varies between individuals.®'* Indeed, there exists a continuum
of predictive strategies, ranging from individuals who shape
external reality based on pre-established models to those who
rely solely on current sensory data. Moreover, different predic-
tive styles have been related to individuals’ dispositional factors
such as autistic (ASD) and schizotypal traits (SSD).>>*° For
instance, ASD individuals tend to rigidly rely on recent sensory
information and bottom-up input,'®27-? while SSD traits empha-
size prior experiences.' "'

To date, no study has explored the presence of inter-individual
differences in prior-driven motor system’s preparatory activity,
nor whether ASD and SSD play a specific role in favoring these
differences. First, we assessed whether the variability observed
in prior-driven MEPs modulation was associated with different
decision-making strategies. To this end, we employed a similar
approach used by Tarasi et al.,®'” dividing the sample into two
groups based on the degree of prior-dependent MEP modulation
(AMEPyial-averaged)- Analyses revealed that MEPoquiators (i-€-,
above-median) showed a significantly greater criterion modula-
tion (Acriterion = 1.22 + 0.21) compared to MEP on-modulators
(i.e., below-median; Acriterion = 0.46 + 0.13; tgo = —3.09, p =
0.003, Cohen’sd = —0.78, BF = 12.22), without any significant dif-
ference on sensitivity between the two groups (MEP oquiators VS-
MEP 1on-modulators: 0-99.£0.06 vs. 1.08 + 0.07; tg0 = 0.94, p = 0.350,
Cohen’s d = 0.24, BF = 0.38). This finding corroborates
the relationship between motor system activity and the weight
assigned to prior expectations in decision-making. Therefore,
MEPoquators tend to adopt decisional strategies that are
strongly influenced by prior expectation (believers), whereas
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(A) We set up a DDM to determine whether the trial-by-trial variability between congruent and incongruent MEPs influenced participants toward congruent
or incongruent decisions. We coded z-scored MEPs based on its congruency. MEPs were considered congruent if they originated from the hand
corresponding to the prior-congruent response, and vice versa for incongruent MEPs. Then, we calculated the difference between congruent and incongruent

MEP (AMEPiai-by-tria) 0 derive a single index suitable for fitting the DDM.

(B) DDM indicated the significant effect of the MEPyyq1.py-tia Parameter. The coefficient is positive, means that a positive vs. negative AMEP ig).py-trial Value was
associated to a higher vs. lower bias in responding in accordance with the expectation-like information provided by the cue.

MEP on-modulators F€ly more on sensory information (empiricists),
thus biasing less their decision according to expectations.
Finally, we questioned whether believers and empiricists corre-
spond to cognitive styles spanning along the autism-schizotypy
axis as proposed by Tarasi et al.>® According to this model, be-
liever’'s and empiricist’s styles should be associated with schizo-
typal and autistic features, respectively. To identify where individ-
uals lay on the autism-schizotypy axis, we replicated the
approach from Tarasi et al."” by conducting a principal compo-
nent analysis (PCA) on the Autistic Quotient”® and Schizotypal
Personality Questionnaire®® subscales (Table S1). We extracted
the first two principal components and selected the second one
(PC2) for further analysis, as previous research found that PC2
effectively captures the diametric relationship between autistic
and schizotypal traits.®'* Subsequently, we assessed whether
the two groups (empiricists and believers) exhibited different

PC2 scores. Analyses revealed that empiricists exhibited negative
PC2 values (—0.31 + 0.14), placing them closer to the autistic pole.
Conversely, believers demonstrated positive PC2 scores (0.31 +
0.19), positioning them closer to the positive schizotypal pole of
the continuum (tgp = —2.57, p = 0.013, Cohen’s d = —0.65, BF =
3.92). These findings corroborate predictive coding interpretation
of ASD and SSD, demonstrating that SSD traits are associated
with predictive strategy that overweight prior information,
whereas ASD traits are linked to a more sensory-driven deci-
sion-making approach.”® Mediation analysis corroborated this
claim, demonstrating that the position along the SSD-ASD contin-
uum modulates the decision bias adopted by the participants
(indirect effect: ¢ = 0.08, 95% CI [0.010; 0.225]). Importantly,
this effect was fully mediated by the concurrent modulation of
M1s activity (direct effect: ¢ = 0.14, 95% CI [-0.174; 0.395];
Figure 4B). This suggests that participants positioned closer to
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Figure 4. Empiricists and Believers adopt
different decisional strategies and lay on
opposite poles of the ASD-SSD continuum

(A) SDT indices of Sensitivity (d’) and Criterion
(c) are represented separately for Empiricists and
Believers. The two groups were equal in sensitivity
values, while prior-dependent shift in criterion was
significantly greater in the believers vs. empiricists
group. Data are represented as mean + SEM;
**p < 0.01.

(B) PC2 scores represent a proxy of individuals’
position along the ASD-SSD continuum. Positive
vs. negative values are associated with schizo-
typal vs. autistic traits, thus indicating proximity of
believers and empiricists to the SSD and ASD
pole, respectively. Mediation analysis corrobo-
rated this claim, demonstrating that the position
along the SSD-ASD continuum has an effect on
the decision bias adopted by the participants, with
this influence being fully mediated by the con-
current modulation of M1s activity. This suggests
that participants positioned closer to the SSD vs.
ASD pole of the continuum exhibited a strong vs.
weak modulation of the decision criterion through
a substantial vs. dampened shift of motor excit-

ability following the prior induction. Data are rep-
resented as mean + SEM; *p < 0.05.
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the SSD vs. ASD pole of the continuum exhibited a strong vs.
weak modulation of the decision criterion through a substantial
vs. dampened shift of motor excitability following prior induction.

DISCUSSION

To investigate the behavioral and physiological correlates of pre-
dictive processing, 62 participants completed a probabilistic
discrimination task. During the protocol, we applied bilateral sin-
gle-pulse TMS to the primary motor cortices and timed the TMS
pulses to the cue-stimulus interval to examine how probabilistic
cues influenced MEPs amplitude before action execution.

Behavioral results reveal that participants successfully inte-
grated expectation-related information into their decision-mak-
ing process. Specifically, manipulating perceptual expectations
induced a response bias, altering the decision criterion without
affecting objective performance metrics such as d-prime. These
results contribute to a growing body of research demonstrating
that expectations primarily affect decision criteria rather than
sensitivity. 173

At the physiological level, the presented study demonstrates
the crucial role of the motor system in encoding decisional priors.
Specifically, TMS delivered to the M1s areas elicited higher vs.
lower MEPs when there was a congruency vs. incongruency
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with the prior-related action and trial-by-
trial fluctuations in MEPs amplitude inter-
cepted the prior-driven decisional bias.
These results shed lights on the instantia-
tion of predictive strategies within the
motor system, highlighting and extending
amore general asset which we previously
observed within the perceptual system, where perceptual priors
were able to shape behavior through a modulation of alpha oscil-
lations amplitude.>® Future investigation could explore the link
between prior-driven mechanisms observed in the perceptual
and motor system using combined TMS/EEG protocols to
shed light on how the neural modulation driven by priors (alpha
power) relates to the physiological modulation (MEPs) identified
in the present study. One possibility is that these mechanisms
align, suggesting a cohesive process between perceptual and
motor domains. It is also plausible that they represent distinct
mechanisms subserving prior integration: there may be “motor
individuals” who just preprogram actions associated with
priors,®® while “sensory individuals” first prepare the perceptual
areas to encode the actual stimuli by modulating alpha activity
before engaging in motor processes.

Our study expands previous findings regarding the significant
role of preparatory inhibition during action preparation.*®*” The
observed effects align with literature suggesting the presence of
a competitive inhibition between the alternative responses.®®>°
This inhibition likely facilitates the suppression of non-relevant
motor plans, thereby enhancing the efficiency of the action selec-
tion process. In the employed experimental context, reductions in
MEPs for prior-incongruent actions could reflect this mechanism
which, in turn, facilitates the execution of the prior-congruent
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action. Furthermore, while our paradigm allowed us to investigate
expectancy-related modulations in motor excitability between the
two hands, follow-up studies could refine this approach by exam-
ining the spatial specificity of these effects within the same hand.
This could be achieved by stimulating a task-irrelevant control
muscle, allowing researchers to determine whether prior-related
modulations are specific to the FDI muscle, or reflect a broader
mechanism affecting motor excitability more generally.

An interesting result concerns the independence of the prior-
effect on MEPs relative to the timing of TMS stimulation. One
might have expected that, as participants approached the stim-
ulus onset, the effect would have been more pronounced. How-
ever, priors were presented for 800ms, and TMS was adminis-
tered only after its disappearance. This implies that, even with
stimulation occurring furthest from the stimulus (i.e., —700ms),
participants had already integrated the prior-related information
and were preparing motor cortices activity accordingly. This
result is particularly intriguing considering the nature of the para-
digm used. While motor preparation is often studied in contexts
where participants already have the information needed to make
a choice,*°™*? in the employed scenario, participants had to take
an additional step, the perceptual one, as it was necessary to
analyze the moving dots to determine their direction. The strong
effect identified demonstrates that even in these cases, partici-
pants begin to prepare their response before sensory analysis
has occurred. Crucially, these modulations in motor excitability
were inherently linked to decision behavior, as demonstrated
by the positive correlation between prior-related behavioral
and physiological modulations and, by the trial-by-trial relation-
ship between MEPs and decisional bias highlighted by DDM
analyses.

Moreover, while the majority of studies on action preparation
have recorded MEPs unilaterally,”® our dual-coil paradigm al-
lowed us to investigate effects in the dominant vs. non-dominant
hand (i.e., right vs. left). In line with previous evidence of inter-
hemispheric differences in CSE,***° our results revealed distinct
modulatory patterns resembling those reported by Poole et al.**
in a delayed-response scenario. Overall, we observed a strong
inhibition of the hand coding for the prior-incongruent action
both in the right and in the left hand. However, we observed a
heightened excitation of the congruent hand, but only when
the non-dominant hand (i.e., left) coded for the prior-congruent
response. This could imply the need to inhibit either hand
when incongruent with expectations, while simultaneously
exciting the non-dominant hand (i.e., left) given its comparatively
lower motor proficiency. This suggests the need for introducing a
supplementary mechanism for proper prior integration in this
scenario, similarly to what happens when the non-dominant
hand is selected for upcoming actions.*® However, the involve-
ment of both motor cortices in the inhibition process suggests
its strong significance, potentially conferring an evolutionary
advantage. Indeed, rather than overstimulating the cortex
involved in the suggested movement, it reduces activity in the
M1 cortex not coding for the prior-related action, thereby opti-
mizing cognitive resources. These findings align within theories
conceptualizing predictive models as adaptive strategies essen-
tial for minimizing the “energetic cost” incurred by the cognitive
system.*®*” This perspective highlights that, while maintaining
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predictive models during action execution involves cognitive
demands, these efforts represent an efficient allocation of re-
sources to optimize performance.*®

When interpreting these findings, it is crucial to consider po-
tential attention-related effects that might confound our results.
Attention enhances perceptual abilities for stimuli at attended lo-
cations, as shown in Posner-like tasks.*® However, attention and
probability-related expectations exert different influences at the
perceptual level: attention typically boosts perceptual sensitivity,
whereas expectations mainly affect decision biases.?® In our
study, perceptual sensitivity remained stable across conditions,
whereas probabilistic cues significantly modulated the decision
criterion. This indicates that our cues influenced decision-mak-
ing through prior probability effects, rather than attentional
mechanisms. Therefore, we assume that the observed changes
in CSE are driven by expectation-related processes. This attribu-
tion is further supported by the significant relationship between
MEP modulation and decision bias—specifically, the greater
the prior-driven bias, the higher the modulation of MEPs. In
contrast, MEP amplitude modulation did not correlate with
perceptual improvement in the task. On the contrary, we
observed a trend in the opposite direction, with greater MEP
modulation being associated with lower perceptual sensitivity.
Thus, these results suggest that the observed effects are more
likely attributable to prior expectation processing rather than
non-specific attentional factors.

Furthermore, while the effects of priors on MEPs amplitude
modulation were consistent, there was significant variability
within our sample in the magnitude of this effect. This observa-
tion prompted us to investigate how these inter-individual differ-
ences might account for variations in decision-making strategy.
Previous literature suggests that people vary along a continuum
of predictive styles,®'"*° with some individuals heavily relying on
prior information (believers), while others prioritize sensory in-
puts over prior knowledge (empiricists). We demonstrated that
empiricists placed a weaker reliance on predictive mechanisms,
maintaining motor cortex excitability in an unbiased state rather
than pre-modulating it. In contrast, believers engaged strong
bias mechanisms in the motor cortex, preparing for the prior-
congruent response even before stimulus onset. This, in turn, re-
sults in a significant modulation of the decisional criterion.

Finally, we tested a recently proposed model according to
which certain predictive styles may be closely related to person-
ality traits along a continuum ranging from schizotypal (which fa-
vors a style based on priors) to autistic-like (which favors a style
based on sensory evidence) traits.”> Crucially, empiricists were
characterized by a prevalence of autistic vs. schizotypal traits,
whereas believers showed the reverse pattern. These findings
align with the expanding literature focused on identifying the
neuro-behavioral signatures associated with Bayesian proc-
essing and inter-individual differences in predictive mecha-
nisms.”>** Importantly, we showed that individual’s position
along the ASD-SSD continuum influences the motor strategies
they adopt. This finding may provide mechanistical insight
on certain characteristics observed along the spectra. For
instance, SSD individuals often exhibit a “jumping-to-conclu-
sion” bias,”>"*® prompting them to respond prematurely before
accumulating sufficient decisional evidence. This mechanism
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could be underpinned by over-facilitated motor preparation,
leading to hastened action.

To sum up, the current work investigated the processes
behind predictive perception showing how expectations are in-
tegrated into the human cognitive system. The findings reveal
that prior knowledge shapes the decisional bias by modulating
motor excitability, facilitating the implementation of prior-
congruent responses. Furthermore, we highlighted individual dif-
ferences in predictive styles, with believers and empiricists ex-
hibiting hyper vs. lower modulation of motor cortex activity,
along with specific personality traits across the ASD-SSD con-
tinuum. These results contribute to the broader understanding
of how prior information guides perceptual processes, shedding
light on the intricate interplay between expectations and motor
preparation in shaping decision-making outcomes and in ex-
plaining the inter-individual differences in predictive processing.

Limitations of the study

Finally, we acknowledge some methodological limitations of our
study. First, as mentioned in the Discussion section, using arrows
as probabilistic cues may have introduced confounding atten-
tional effects. Although our data did not show attention-related ef-
fects (i.e., no cue effects on sensitivity), employing abstract cues
could further refine the design and allow for randomization of
cue-target associations within or between subjects. Second, un-
der the three probability conditions employed (i.e., 30%, 50%,
and 70% probability of left or right movement) knowledge about
upcoming stimuli and corresponding actions was always uncer-
tain. Introducing a fourth condition where participants know which
action to perform before stimulus presentation (i.e., an additional
cue indicating 100% probability of left movement akin to Tarasi
et al., 2025°%) could help distinguish expectation-related effects
on motor system activity from simple action preparation mecha-
nisms. Third, although we incorporated trials with 50% probability
cues to create a baseline condition for comparison with the infor-
mative ones (left and right cues), future studies should consider
including other control conditions, such as pre-prior stimulation
(that would act as another baseline) as well as TMS catch trials,
which might have allowed for a more precise understanding of
MEP modulations. Lastly, our sample consisted of individuals
with subclinical traits along the ASD-SSD continuum, limiting our
ability to generalize our findings to clinical populations.
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Robust Correlation toolbox

HDDM (Hierarchical Drift Diffusion
Model) toolbox

Mathworks, Natick, MA, USA

Brainard®’; Kleiner et al.*%; Pelli®®

JASP Team
Pernet et al.®°

Fengler et al.®"%%; Wiecki et al.”*

https://www.mathworks.com
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DownloadPsychtoolbox

https://jasp-stats.org/
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Deposited data

EMG and Behavioral data This paper OSF https://osf.io/z7q6x/?view_only=
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Magstim Bistim?
Silicon Spike Triggerbox

Biopac Systems Inc
Magstim
Ippolito et al.®®
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https://www.magstim.com/
https://github.com/Ippolz/SiliconSpike

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

62 participants (37 female, age range 18-32) took part in the study. Before starting the experiment, they gave informed consent and
were screened to avoid adverse reactions to TMS.%* All the experimental procedures were performed in accordance with the Decla-
ration of Helsinki (October 2013). All participants were asked to complete two questionnaires: Autistic-Spectrum Quotient (AQ)*° and
the Schizotypal Personality Questionnaire (SPQ)*° to measure the autistic and schizotypal traits, respectively. Both AQ and SPQ are
self-report questionnaires used to measure autistic and schizotypal traits in the non-clinical population. The AQ is composed of 50
questions divided in 5 subscales measuring five ASD features: imagination, communication, social skills, attention to detail, and
attention switching. We applied the original scoring methods, converting each item into a dichotomous response (agree/disagree)
and assigning a binary code (0/1) to the responses. The SPQ comprises 74 items divided in 9 subscales: ideas of reference, magical
thinking, social anxiety, unusual perceptual experiences, constricted affect, no close friends, odd behavior, odd speech, and suspi-
ciousness. We used the original scoring methods and assigned responses a binary code (0/1).

METHOD DETAILS

Stimuli

Visual stimuli consisted of 400 white dots moving within a square region at the center of the screen (12.8 ° x 12 °.8 visual angle) at a
speed of 4.5°/second.”” Stimuli were presented at a distance of 70 cm while participants sat comfortably in a dimly lit room using
MATLAB (version R2013b) and the Psychophysics toolbox.’®°%%° In each trial, dots could move with different levels of motion coher-
ence (0%, 3%, 6%, 9%, 15%, 21%, 30%, or 60% of dots moving either to the left or to the right), determining different levels of task
difficulty. 0% coherence means that all the dots move randomly; 80% coherence means that 320 dots move coherently rightward or
leftward, while 80 dots move randomly. For the main task, motion coherence was set individually for each participant to the level at
which they reached 70% of accuracy in the titration phase. The titration procedure is necessary to balance the difficulty level for each
individual participant, preventing emerged results from being attributed to upstream factors linked to the ability to analyze incoming
stimuli.®®

Experimental protocol

Participants performed a random dot motion (RDM) discrimination task indicating the perceived direction of movement (i.e., right-
ward, or leftward) by pressing a key on the keyboard as quickly and accurately as possible. Responses required an abduction move-
ment of the index finger to press a key on a reversed keyboard (F5 with the right hand for signaling rightward movement and F12 with
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the left hand for signaling leftward movement; see Figure 1A). Electromyographical (EMG) activity from the FDI muscle of both hands
(agonist in index finger abduction) was recorded during the entire duration of the task.

In a preliminary phase, participants performed a brief and simplified demo version of the task with stimuli presented for 1000ms,
and then a training phase in order to familiarize with the task. Then, participants underwent a titration procedure to determine the
coherence of movement for which accuracy was 70%. Motion coherence thresholds were estimated for each participant using
the method of constant stimuli and fitting the psychometric function with the signific toolbox.®” Threshold values were defined as
the coherence for which 70% accuracy was obtained.

The experimental phase comprised 4 test blocks of 120 trials each, where expectations about the upcoming stimulus were manip-
ulated by presenting a probabilistic cue prior to stimulus presentation. In each test block, single-pulse TMS was delivered on both the
right and left M1 at 4 different timings (—700 ms, —400 ms, —100 ms, +200 ms relative to stimulus onset). The stimulation intensity,
determined as ~110% of the resting motor threshold (rMT) for each hand, was adjusted to evoke motor-evoked potentials (MEPs) of
approximately 1 mV. Pulses were delivered with an Inter-pulse Interval (IPl) of 1ms, to avoid physical interactions between the
coils.®®%° Each trial started with a fixation point (3.5 s), then a probabilistic cue was presented for 1 s (left/right arrow or cross). After
a delay, the random-dot stimulus was presented at the previously determined motion coherence threshold at the center of the screen
for 400ms. Participants had to report the direction of movement by pressing the corresponding key on the keyboard as accurate and
fast as possible. Trials with reaction times (RT) below 200ms were excluded from data analysis to avoid considering trials where par-
ticipants responded before the TMS pulse was delivered in the +200 condition. Cues were either informative (right or left arrow) or
uninformative (cross) and indicated the probability of rightward or leftward movement. The arrow pointing to the right (vs. left) indi-
cated a high probability (70%) of rightward (vs. leftward) movement, while the cross indicated an equal probability (50%) for either
movement directions. It should be noted that, unlike typical cueing studies based on the Posner paradigm,’® our cues provided in-
formation solely about signal probability, thereby isolating the effect of signal probability, rather than spatial attention, on decision-
making.”® Participants were explicitly informed that the probabilistic cue was valid (i.e., congruent with the actual probability).

QUANTIFICATION AND STATISTICAL ANALYSIS

Behavioral data analysis

Signal Detection Theory (SDT)

We computed SDT indices d’ and ¢’ to evaluate participants’ sensitivity (higher d’ values indicate higher sensitivity) and criterion
(c different from 0 indicates the presence of response bias). These indices were calculated based on the proportion of hits (i.e., re-
sponding right in rightward trials) and false alarm (i.e., responding left in rightward trials). All analyses were performed using JASP
(version 0.19.1.0). To investigate the effect of prior information on sensitivity and criterion, we computed d’ and ¢ separately for trials
preceded by left, right or neutral cues. We conducted an ANOVA on both c and d’ with cue type as the within factor (3 levels: left, right,
neutral). To explore potential effects of TMS timing on criterion and sensitivity, additional ANOVAs were performed on ¢ and d’
including not only cue type but also TMS timing as a within factor (4 levels: —700, —400, —100, +200 ms). Results are reported in
Supplementary Materials (See Methods S3; Tables S2 and S3).

Neurophysiological assessment

The experiment started with electrode montage setup, detection of optimal scalp position and assessment of resting motor thresh-
olds (rMT). AG/AgCl surface electrodes were positioned in a belly-tendon montage over the right and left first dorsal interosseus mus-
cle (FDI). Electromyographic (EMG) signals were recorded using a Biopac MP-35 (Biopac, U.S.A) electromiograph, band-pass
filtered between 30 and 500 Hz and sampled at 10 kHz. TMS was performed using a Magstim Bistim? stimulator. Pulses were deliv-
ered through a 50mm figure-of-eight coil and were remotely triggered by a MATLAB script (The MathWorks, Natick, MA, USA). Pre-
cise TMS timings were ensured using the Arduino-based triggerbox device Silicon Spike.®® Left and right M1 were localized as the
optimal scalp position where MEPs of maximal amplitudes could be induced in the contralateral FDI. Coils were positioned over M1,
tangentially to the scalp and with a 45° angle from the midline, to induce a posterior-anterior current flow in the brain.” We first deter-
mined the individual rMT, defined as the minimum stimulator output intensity that evokes MEPs with an amplitude of at least 50 pVin 5
out of 10 consecutive trials.®® Then, we assessed the intensity required to elicit MEPs with an average peak-to-peak amplitude
of 1 mV.

Neurophysiological data processing

Neurophysiological data were processed offline using custom MATLAB scripts. MEP peak-to-peak amplitudes were measured in the
15-60ms window following the TMS pulse. We discarded MEPs showing EMG activity above 0.3 mV in the preceding 350ms time-
window and removed trials with MEPs below 0.1 mV,""""® leading to a 12% of trials removed. As a control analysis, we replicated this
procedure with more liberal criteria, discarding only trials showing precontractions above 0.3 mV (1% of trials removed). This addi-
tional analysis revealed the same pattern of results observed with more conservative MEPs removal criteria (see Methods S1). To
investigate the influence of prior information on EMG activity, and whether this effect was modulated by TMS timing and differed be-
tween the two hands, we conducted a three-way ANOVA on MEPs amplitude. We considered prior information (3 levels: right,
neutral, left), time (4 levels: —700, —400, —100, +200 ms) and hand (2 levels: right, left) as within factors. To further explore the results
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of the ANOVA, post-hoc analyses were conducted using Wilcoxon signed-rank tests due to non-normal distributions of MEPs data
(See Figure S5). We reported the rank biserial correlation index (r,;) as a measure of effect size. In the same vein, we conducted addi-
tional analyses on log-transformed MEP data, repeating the ANOVA on log-transformed MEP amplitudes (see Methods S4). A further
control analysis was performed on MEPs amplitude, replicating the three-way ANOVA considering only TMS pre-stimulus conditions
(i.e., —700, —400, —100 ms). Results are reported in Supplementary Materials (Methods S2).

Brain-to-behavioral analysis

To investigate whether there was an association between behavioral and neurophysiological data, we computed two indices repre-
senting the prior-dependent modulation of criterion and the prior-dependent modulation of MEP activity. For behavioral data, we took
the difference between criterion values in the right vs. left prior conditions (A criterion = c_left — c_right). This index represents how
much individuals shift their criterion between cue-right and cue-left conditions, thus measuring the influence of the cue on partici-
pants’ choices. For EMG data, we first computed AMEP separately for the two hands by subtracting MEP activity in the prior
congruent vs. incongruent conditions (AMEP right hand = MEP amplitude with the right arrow — MEP amplitude with the left arrow;
AMERP left hand = MEP amplitude with the left arrow — MEP amplitude with the right arrow). Then, we summed these two values to
obtain a global measure of prior-dependent MEPs modulation (AMEPyiai.averaged = AMEP(ign: + AMEPeq). We then conducted
Spearman correlation analyses considering A criterion and AMEPyai-averagea- 10 Verify the robustness of the association, we run
the skipped correlation using the Robust Correlation toolbox.”* Furthermore, to strengthen our results, Spearman correlation ana-
lyses were replicated separately for the left and right hands, as well as for the left and right cues (See Figures S3 and S4). In the latter
case, AMEP was computed as the difference between MEPs in the right hand and MEPs in the left hand. As a control analysis, we
also performed Spearman correlation between A criterion and AMEP;ia-averaged Calculated using log-transformed MEP data (See
Supplementary Materials). To further explore the cue-related effects on the motor system, we replicated both the ANOVA and the
correlation analysis with criterion modulation on pre-pulse EMG root-mean-square (RMS) values (See Figure S9).

Trial-by trial MEPs - Starting point

We used a Drift Diffusion Model (DDM) to investigate the trial-by-trial relationship between MEPs and the decisional bias of the partic-
ipant. The drift diffusion model (DDM) is a computational model commonly used in cognitive psychology and neuroscience to under-
stand decision-making processes. It posits that decision-making involves accumulating evidence over time until a decision threshold
is reached.®" This model allows to extract several decision-making parameters, each intercepting the different component leading to
a particular choice. The drift rate parameter (v) represents the rate at which evidence accumulates in favor of one decision option over
the other. A higher drift rate indicates faster and more accurate decision-making. The threshold parameter (a) represents the amount
of evidence needed to make a decision. Higher thresholds lead to more cautious decision-making, while lower thresholds result in
quicker decisions. The bias parameters (z) reflect the starting point of evidence accumulation toward one decision option over the
other. A bias toward one option (e.g., rightward motion) means that evidence starts accumulating in favor of that option from the
beginning of stimulus presentation.®® Based on the previous results derived from the SDT, showing a strong effect of both priors
and MEPs on decisional bias, we set up two regression-based drift diffusion model** to assess whether the trial-by-trial MEPs fluc-
tuations predicted the starting point of the accumulation process. To implement the DDM analyses, we followed the methods out-
lined by Wiecki, T., Sofer, I., and Frank, M. (2013, Front. Neuroinformatics) and employed the python-based HDDM (Hierarchical Drift
Diffusion Model) toolbox to fit the models to the data using the function hddm.HDDMRegressor.”*"®

The initial model aimed to determine whether the trial-by-trial variability between congruent and incongruent MEPs influenced par-
ticipants toward congruent or incongruent decisions. First, we recoded both the presented stimulus and the participant’s response
as either congruent or incongruent. A congruent stimulus/response occurred when the current stimulus/response aligned with the
prior expectation (e.g., following a prior indicating rightward movement: a right stimulus was congruent; a left stimulus was incon-
gruent; the same applied to the response). Following this, we recoded z-scored MEPs in a similar fashion: MEPs were considered
congruent if they originated from the hand corresponding to the prior-congruent response, and vice versa for incongruent MEPs.
Then, we calculated the difference between congruent and incongruent MEP (delta MEPa.by-trial) t0 derive a single index suitable
for fitting the DDM. Finally, we applied a drift diffusion model using this recoding of stimulus and response. We introduced the delta
MEP;iai-by-trial 8S & regressor to assess its potential impact on the starting point parameter. We hypothesized that an increase in MEP
in the congruent hand compared to the incongruent hand should bias participants toward a congruent response that aligns with the
provided prior information, and vice versa.

The second model, on the other hand, did not account for the congruence factor. Instead, it utilized the stimulus and the actual
response presented to the participant in each trial as inputs. As a regressor, this time, the difference between z-scored MEPs ex-
tracted from the right hand versus the left hand was employed. Therefore, a positive value indicated that, in that specific trial, the
MEP recorded from the right hand was greater than the MEP recorded from the left hand. Additionally, we evaluated whether the
slope differed depending on the 3 different priors presented. The logic of the analysis is to assess whether a potential larger amplitude
of the MEP in the right hand (vs. the left hand) would push the participant to shift the starting point closer to the decision threshold
corresponding to the rightward (vs. leftward) choice. Being a hierarchical Bayesian models, we assessed the significance of the re-
gressor extracted in the first model (delta MEP;ia-by-trial) @nd the three regressors extracted in the second model (i.e., one for each
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cue) by evaluating whether the posterior distribution overlapped with zero. If 95% of the distribution of the regressor does not overlap
with zero, it implies that the predictor is significantly able to modulate the starting point parameter.

Single subject level analysis - Starting point

To further investigate the relationship between decisional bias and motor excitability, a single-subject level analysis was conducted
using the Hierarchical Drift Diffusion Model approach as used above (HDDM). For this analysis, we utilized the hddm.HDDMStimCod-
ing function from the HDDM toolbox to extract the starting point parameter (z) separately for each subject. This parameter serves as a
key measure of decisional bias, analogous to the criterion in Signal Detection Theory (SDT; See Figure S6). In essence, it reflects the
initial bias toward one of the possible decisions. Subsequently, Spearman correlation analyses were conducted between starting
point parameter (z) extracted at the single-subject level and the physiological data. Specifically, changes in z (Az: Zjef - Zright) Were
correlated with changes in MEP amplitudes, initially a global measure of prior-dependent MEPs modulation was considered
(AMEPyia)-averaged = AMEPyignt + AMEP,oq). To further validate these findings, separate Spearman correlation analyses were per-
formed for the left and right cues. For these analyses, AMEP was computed as the difference between MEPs in the right hand
and MEPs in the left hand, following the same approach used in prior analyses on the criterion parameter (See Figure S7).

MEP-modulators (believers) vs. MEP-nonmodulators (empiricists)

To explore whether interindividual differences in the prior-dependent modulation of MEP activity underpin different decision-making
strategies, we divided our sample into two groups using a median split approach on AMEP, to mimic the approach used in Tarasi
et al.>'" separating individuals who showed large (vs. low) MEP modulation in order to allow a direct comparison between studies.
Specifically, we calculated the median of AMEP (median = 0.11) and extracted the following groups: MEP-modulators (i.e., individ-
uals who show above-median AMEP) and MEP-nonmodulators (i.e., individuals who show below-median AMEP). To investigate
whether the two groups differed in their decision-making performance, we employed an independent samples t-test to evaluate dif-
ferences in either sensitivity or Acriterion between groups.

PCA and mediation analysis
Based on previous evidence indicating the impact of personality traits, specifically the presence of autistic vs. schizotypal traits, on
decision-making strategies,'”’"~"° we analyzed participants’ responses to the Autism-Spectrum Quotient (AQ) and Schizotypal Per-
sonality Questionnaires (SPQ) and their relationship with decision-making strategies. First, we identified individuals’ position on the
autism-schizophrenia axis through Principal Component Analysis (PCA), which was conducted on the correlation matrix of the AQ
and SPQ subscales. First, we confirmed the feasibility of the PCA using the Kaiser-Mayer-Olkin (KMO) and the Bartlett’s test. We
then extracted the first two components and conducted further analysis on the second one (PC2), which is expected to exhibit oppo-
site loadings with autism and schizotypy, as reported by several previous studies.'”*'=* By analyzing the correlation between Prin-
cipal Component and subscales we further confirm the presence of this diametrical pattern (See Table S1). Subsequently, individual
scores along PC2 were extracted, representing a proxy of participants’ position along the ASD-SSD continuum. Finally, to assess
whether individual’s position along this axis could explain interindividual differences in the predictive style adopted, we conducted
an independent-sample t-test on individual PC2 score to determine if MEP-modulators and MEP-nonmodulators showed signifi-
cantly different scores. Moreover, to further investigate the crucial role of ASD-SSD traits in dictating decision-making strategies
we have conducted a mediation analysis (PROCESS, Jasp). PC2 scores was used as a prediction of the delta criterion, evaluating
whether the delta MEP mediated this relationship. The logic underlying this analysis is that we expect that the position along the con-
tinuum could shape decisional criterion by means of a concurrent modulation of the physiological marker.

Finally, to strengthen the evidence supporting the role of PC2 scores in predicting decisional bias through corticospinal excitability
modulation, we conducted a second mediation analysis. This analysis mirrored the first but replaced Acriterion with A starting point, a
measure of decisional bias derived from the Drift Diffusion Model (DDM), as the dependent variable (See Figure S8).
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