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Humans have an automatic tendency to imitate others’ actions, a process facilitated by the action observation network (AON). While
motor nodes of the AON, such as the ventral premotor cortex (PMv) and the supplementary motor area (SMA), are engaged during
automatic imitation, the distinct roles of their projections to the primary motor cortex (M1) remain poorly understood. Here, we inves-
tigate the plasticity and functional role of PMv-to-M1 and SMA-to-M1 pathways in healthy humans of either sex.We used a combination
of corticocortical paired associative stimulation (ccPAS) tomodulate cortical connectivity strength and drift diffusionmodeling to study
the impact of ccPAS on the latent cognitive processes underlying automatic imitation. Our results show that manipulating PMv-to-M1
connectivity increases the baseline tendency to imitate actions, shifting the response toward or away from an imitative response when
connectivity in this circuit is enhanced or hindered, respectively. Conversely, strengthening SMA-to-M1 connectivity does not affect this
bias but improves contextual information integration, facilitating task-appropriate behavior, reflected by the drift rate parameter. These
findings demonstrate a double dissociation in the functional roles of PMv-to-M1 and SMA-to-M1 pathways: the former pathway drives
the automatic imitation bias, while the latter modulates the integration of contextual information to regulate imitation. By combining
network-based brain stimulation with advanced behavioral analysis, this study provides causal evidence for the distinct cognitive func-
tions supported by the PMv-to-M1 and SMA-to-M1 pathways in the facilitation and regulation of automatic imitation. Ourfindings offer
insights into the neural mechanisms governing imitation and its context-dependent modulation.
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Significance Statement

Humans automatically imitate others’ actions, a process supported by frontoparietal brain regions. However, the specific roles
of the ventral premotor-to-primary motor cortex (PMv-to-M1) and supplementary motor area to primary motor cortex
(SMA-to-M1) pathways are unclear. Using corticocortical paired associative stimulation and drift diffusion modeling, we
demonstrate a double dissociation in the functions of these networks. PMv-to-M1 connectivity determines the baseline ten-
dency to imitate (i.e., starting point parameter), either increasing or reducing automatic imitation. In contrast, SMA-to-M1
connectivity enhances integration of contextual information, promoting task-appropriate responses (i.e., drift rate
parameter). These findings highlight distinct contributions of PMv-to-M1 and SMA-to-M1 pathways to imitation and its reg-
ulation, advancing our understanding of the neural mechanisms underlying social behavior.
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Introduction
Humans tend to tune their behavior to that of other individuals.
The impulse to reproduce observed actions, even when irrelevant
to the current task, is termed automatic imitation (Heyes, 2011;
Cracco et al., 2018) and is thought to rely on the bottom–up acti-
vation of the action observation network (AON; Brass andHeyes,
2005; Heyes, 2011), composed of frontal areas like the ventral
premotor cortex (PMv) and supplementary motor area (SMA),
as well as parietal and occipitotemporal areas (Caspers et al.,
2010). Observing an action, particularly if it is familiar and
maps onto the observer’s own motor repertoire, activates premo-
tor nodes of the AON which in turn modulate the excitability of
the primary motor cortex (M1) through corticocortical projec-
tions (Avenanti et al., 2007; Koch et al., 2010; Chiappini et al.,
2024). When the context requires imitation, this initial bot-
tom–up AON activation merges with top–down motor control
processes, enabling efficient action replication (Heyes, 2011;
Cracco et al., 2018). However, the AON is also engaged when
imitation must be suppressed, when bottom–up imitation ten-
dencies conflict with top–down control mechanisms. Resolving
this conflict requires additional neural resources, reducing speed
and accuracy (Brass et al., 2001, 2009; Darda and Ramsey, 2019).

The temporal superposition of facilitatory and inhibitory
mechanisms makes it challenging for functional imaging studies
to distinguish which specific AON nodes support the closely
timed but functionally opposing processes of promoting versus
inhibiting automatic imitation. This limitation has led to confl-
icting theories about the roles of AON nodes. In a recent study,
we clarified the functional roles of different AON-to-M1 projec-
tions, namely, PMv-to-M1 and SMA-to-M1 circuits, using a
network-based transcranial magnetic stimulation (TMS) proto-
col called corticocortical paired associative stimulation (ccPAS;
Turrini et al., 2024), capable of strengthening or weakening
directional functional connectivity between the PMv and M1
and between the SMA and M1, by modulating the synaptic
efficacy of premotor-to-motor projections via spike-time-depen-
dent plasticity (STDP; Di Luzio et al., 2024). This approach
allowed us to manipulate targeted corticocortical AON-to-M1
pathways and investigate their malleability and causal influence
on behavior. We observed dissociable effects: enhancing
PMv-to-M1 connectivity worsened performance in the imitation
inhibition task, reflecting a stronger tendency to imitate,
while weakening it had the opposite effect. Strengthening
SMA-to-M1 connectivity, instead, improved performance by
reducing interference from task-irrelevant cues during both vol-
untary and automatic imitation tasks (Turrini et al., 2024). We
interpreted these results as evidence that the PMv-to-M1 path-
way drives the baseline tendency to automatically replicate
observed actions by mapping them onto motor commands, while
the SMA-to-M1 pathway assigns greater weight to task-specific
rules over contextual information, aligning with the SMA’s role
in the multiple demand network (Nachev et al., 2008; Darda
and Ramsey, 2019).

However, the standard behavioral analysis of the imitation
inhibition task used in our previous study does not disentangle
these two processes, as it only captures overall performance mea-
sures (e.g., response times and accuracy) without isolating the
distinct contributions of imitative tendency and top–down con-
trol. This limitation makes it difficult to determine whether
observed effects reflect a manipulation of the impulse to imitate
or of the ability to suppress imitation when required. To address
this limitation, here we employed a drift diffusion model (DDM)

on data collected in our previous study. This widely used method
(Myers et al., 2022; Tarasi et al., 2022, 2023) models binary
decision-making as a process of accumulating evidence over
time until a decision threshold is reached (Ratcliff et al., 2016).
Key parameters that map onto different cognitive components
contributing to behavior can be extracted. By applying a DDM,
here we provide a more granular analysis of the mechanisms of
automatic imitation. Specifically, we seek to extract parameters
that reflect either the inherent strength of imitation tendencies
(i.e., the starting point of the decision process) or the capacity
for integrating contextual information into task execution (i.e.,
the drift rate of the decision process) and test which of these com-
ponents is modified bymanipulating PMv-to-M1 or SMA-to-M1
connectivity.

Materials and Methods
Participants
Sixty healthy, right-handed, naive human young adults (male and
female), with normal or corrected-to-normal vision, took part in the
study. All participants gave written informed consent, and none reported
contraindications or adverse reactions to TMS (Rossi et al., 2020). The
experimental procedures were in accordance with the 1964 Declaration
of Helsinki (World Medical Association, 2013) and approved by the
Bioethical Committee of the University of Bologna. Participants were
randomly assigned to one of three groups according to the ccPAS proto-
col they underwent: ccPASPMv-M1, ccPASM1-PMv, and ccPASSMA-M1 (see
Table 1 for demographic specifics).

General experimental design
To investigate whether externally manipulating the connectivity between
PMv and M1 or between SMA and M1 influences automatic imitation,
we applied repeated ccPAS to the PMv/SMA and M1. To examine the
behavioral impact of ccPAS, participants were instructed to complete
two tasks, an automatic imitation task (i.e., the imitation inhibition task)
and an overt imitation task (Brass et al., 2000, 2001; Turrini et al., 2024).
Behavioral performance on these tasks has been reported previously
(Turrini et al., 2024). Because the goal of this study was to investigate auto-
matic imitation using DDM, we focused solely on the imitation inhibition
task, as the overt imitation task exhibited extremely high accuracy, making
it difficult to model with DDM without convergence issues. Additionally,
imitation inhibition task was the only one suitable for the specific analysis
we implemented (see below). Participants familiarized themselves with the
task during a brief ∼2 min training phase, after which their performance
was assessed at three time points: before ccPAS (Pre), immediately after
(Post0), and 30 min following the ccPAS (Post30; Fig. 1A). The entire
experimental procedure spanned ∼2.5 h.

Imitation inhibition task. Participants were positioned ∼80 cm away
from the screen, with the images displayed covering a visual angle of
∼10° vertically and 6.5° horizontally. The task comprised congruent,
neutral, and incongruent trials (Fig. 1B). Images of resting or moving
hands, along with symbolic cues (numbers “1” or “2”), were shown in
different combinations. Participants were instructed to associate num-
bers with specific finger movements (lifting the index finger for “1”
and the middle finger for “2”) and to follow this association while disre-
garding the observed hand movements. Trials were considered

Table 1. Age, corticospinal excitability as measured by the resting motor threshold
(rMT), and gender balance of the three groups

Age rMT

Gender balance

M F

ccPAS PMv-M1 22.20 ± 2.09 44.00 ± 8.26 7 13
ccPAS M1-PMv 22.05 ± 1.54 41.70 ± 4.24 7 13
ccPAS SMA-M1 23.85 ± 2.72 48.00 ± 8.68 8 12

Mean ± standard deviation.
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Figure 1. A, General experimental design. B, Trial structure in the imitation inhibition task. C, Individual targeted brain sites reconstructed on a standard template using BrainNet after
conversion to MNI space using Brett’s algorithm. D, A schematic diagram illustrates the applied DDM. In each trial, represented here as thin lines, the DDM assumes a process of noisy evidence
accumulation traveling from a starting point toward boundaries representing two possible responses (green and red lines represent correct and incorrect responses, respectively). In incongruent
trials (left), the correct response corresponds to the nonimitative boundary (boundary 0), whereas in congruent trials (right) with the imitative boundary (boundary 1). The corresponding
response is triggered when the decision-making process encounters one of the boundaries. Therefore, in our analysis, the starting point represents the response bias toward imitating observed
actions, and a starting point of 0.5 represents a null bias. Noise in the evidence accumulation process causes variability in response times across trials of the same type. Occasionally, this variability
leads to the accumulation crossing the opposite boundary, resulting in an incorrect response, shown in red. The drift rate represents the average slope of the evidence accumulation process over a
large number of trials; hence, a higher drift rate represents more efficient evidence accumulation in favor of the correct response.
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congruent when the number corresponded to the correct finger move-
ment (e.g., “1” and lifting the index finger) and incongruent when the
number and finger movement did not match (e.g., “1” and lifting the
middle finger). Moreover, neutral trials were included in which the
depicted hand did not move (Fig. 1B). While neutral trials served as a
baseline in our original study (Turrini et al., 2024), they were not relevant
within the context of the present DDM analysis, which requires binary
decision outcomes (see below). We acknowledge, however, that the
inclusion of neutral trials in the task design may have influenced partic-
ipants’ overall response patterns, and their exclusion from the model
constitutes a limitation that should be taken into account when interpret-
ing the results. Each trial began with an image of a resting hand displayed
for 500 ms, followed by the relevant trial screen for 68 ms. The resting
hand was then shown again for 560 ms, followed by an intertrial fixation
cross that remained for a random interval between 2 and 3 s. Throughout
the task, participants continuously pressed two keys labeled “1” and “2”
with their right index and middle fingers. They were instructed to lift the
corresponding finger when the relevant feature appeared in the second
image and then return it to the key. The training phase involved 24 prac-
tice trials, while each testing timeblock consisted of 120 trials (40 congru-
ent, 40 neutral, and 40 incongruent). To eliminate the potential confound
of spatial compatibility, the hand stimuli were rotated 90° counterclock-
wise to ensure a pure measure of automatic imitation (Catmur, 2016).
The full results of this study are reported previously (Turrini et al., 2024).

DDM of automatic imitation. To investigate the latent cognitive pro-
cesses underlying performance in the imitation inhibition task, we ana-
lyzed participants’ behavioral responses using a DDM. Our goal was to
disentangle two key components: the automatic tendency to imitate (i.e.,
response bias toward reproducing observed actions, captured by the start-
ing point) and the efficiency of integrating symbolic cues to comply with
task rules (evidence accumulation efficiency, captured by the drift rate).
The analysis was restricted to congruent and incongruent trials, excluding
neutral trials in which the observed hand remained stationary and thus did
not allow classification of responses as imitative or nonimitative [for a sim-
ilar approach, see Tarasi et al. (2024a)]. At each timepoint, we analyzed 80
trials (40 congruent and 40 incongruent). Responses were classified as fol-
lows: correct responses in congruent trials and incorrect responses in
incongruent trials were classified as “imitative” responses, while incorrect
responses in congruent trials and correct responses in incongruent trials
were classified as “nonimitative” responses.

This classification allowed us to fit the DDM to the reaction time (RT)
distributions of “imitative” and “nonimitative” responses, modeling each
time point separately. The model was fitted using hierarchical Bayesian
parameter estimation via the HDDM toolbox (Wiecki et al., 2013), which
employs Markov chain Monte Carlo (MCMC) sampling to infer poste-
rior distributions for each parameter at the individual level. Prior distri-
butions were informed by a meta-analysis of 23 studies reporting
best-fitting DDM parameters across various decision-making tasks
(Matzke andWagenmakers, 2009). Crucially, we allowed two parameters
to vary as a function of the trial type (congruent vs incongruent): (1) drift
rate (v), which captures the speed and efficiency of evidence accumula-
tion, higher drift rates reflect more effective processing of symbolic
cues and lead to faster, more accurate decisions, and (2) starting point
(z), which reflects a predecisional response bias, values closer to the imi-
tative boundary indicate a stronger predisposition to reproduce the
observed action.

Rather than modeling congruent and incongruent trials separately,
we modeled all trials together based on “imitative” and “nonimitative”
responses. This approach allowed us to directly estimate the automatic
imitation bias (via z) and disentangle it from trial-type-dependent mod-
ulation of information processing (via v). Modeling both response cate-
gories together introduced an orthogonal contrast between the produced
response and trial type, which is essential for distinguishing between
faster evidence accumulation and preexisting response biases—both of
which can otherwise produce similar shifts in RT distributions. A sche-
matic representation of the DDM setup can be found in Figure 1D.

Model fitting was conducted using HDDM, drawing 20,000 posterior
samples per participant and discarding the first 2,000 as burn-in. To

ensure the reliability of parameter estimates, we assessedMCMC conver-
gence using the Gelman–Rubin diagnostic (Gelman and Rubin, 1992).
Specifically, we ran five independent chains per participant, each yielding
18,000 post–burn-in samples. For each parameter, we calculated the
within-chain variance by averaging the sample variances across chains
and the between-chain variance by evaluating the dispersion of the chain
means. These were combined to compute the Gelman–Rubin statistic
(R̂), which quantifies convergence by comparing within- and
between-chain variability. When all chains have converged to the same
posterior distribution, R̂ approaches 1; higher values indicate lack of
convergence. We considered R̂ , 1.1 as evidence of satisfactory conver-
gence. For four participants with R̂ ≥ 1.1, we extended sampling to
200,000 posterior samples per chain, with the first 20,000 discarded as
burn-in. This procedure improved convergence in three of the four cases.
One participant from the ccPASPMv-M1 group was excluded due to per-
sistent convergence failure.

ccPAS procedure. The ccPAS was administered with two 50 mm
figure-of-eight iron-branding coils, each linked to aMagstim 2002mono-
phasic stimulator (The Magstim Company). For the ccPASPMv-M1 and
ccPASM1-PMv groups, one coil was positioned over the left PMv and
the other over the left M1; in the ccPASSMA-M1 group, one coil was placed
over the left SMA while the other was over the left M1. A total of 90 pairs
of TMS pulses were delivered continuously at a frequency of 0.1 Hz for
∼15 min. Each pair had an interstimulus interval (ISI) of 8 ms between
the PMv/SMA andM1. This interval was chosen based on previous dual-
coil TMS studies indicating that conditioning of PMv or SMA affects the
MEPs generated by a test pulse over M1 delivered after an 8 ms delay
(Arai et al., 2011; Turrini et al., 2023c; Bevacqua et al., 2024).
Consequently, in the ccPASPMv-M1 and ccPASSMA-M1 protocols, the cor-
ticocortical volley triggered by PMv/SMA stimulation arrived at M1 just
before its direct stimulation, facilitating convergent activation of both
pre- and postsynaptic neurons, which is essential for the establishment
of STDP (Caporale and Dan, 2008; Markram et al., 2011). This specific
ISI has proven effective in modulating the PMv-M1 and SMA-M1 cir-
cuits via ccPAS (Turrini et al., 2022, 2023a,b, 2024; Bevacqua et al.,
2024; Chiappini et al., 2024). In the ccPASPMv-M1 group, the pulse over
PMv was always administered before the one delivered over M1; con-
versely, the ccPASM1-PMv group received pulses in the opposite order.
The ccPASSMA-M1 group had the pulse over SMA delivered before the
one over M1. Both stimulators were controlled by a custom MATLAB
script that triggered the pulses. In the ccPASPMv-M1 and ccPASM1-PMv

groups, the coil for PMvwas positioned tangentially to the scalp, oriented
to create an anterior-to-posterior and lateral-to-medial current flow in
the brain; in the ccPASSMA-M1 group, the coil for SMA was oriented to
generate an anterior-to-posterior current. All groups had the coil over
M1 held tangentially to the scalp at approximately a 45° angle to the mid-
line, producing a posterior-to-anterior current flow. During the ccPAS
protocol, participants maintained open eyes and relaxed hand muscles,
ensuring that the ccPAS was administered in a resting state. The condi-
tioning intensity (PMv or SMA) was set to 90% of the individual’s rMT,
which was defined as the minimum output intensity of the stimulator
that could induce an MEP with a peak-to-peak amplitude of at least
50 μV in 5 out of 10 consecutive trials (Rossini et al., 2015).
Stimulation ofM1 was adjusted to achieveMEPs of∼1 mV in amplitude.
The analysis of ccPAS-evoked MEPs is reported previously (Turrini
et al., 2024). A double-blind procedure was employed: participants
were unaware of their group assignments, and the experimenters who
collected the behavioral data did not know the ccPAS conditions.
However, the experimenters administering the ccPAS were not blinded
to group allocation, as they needed to configure the TMS parameters
(e.g., pulse order, ISI, and coil orientation).

Neuronavigation
The left M1 site was functionally identified as the FDI motor hotspot,
while the left PMv and SMA locations were determined using the
SofTaxic Navigator System (Electro Medical System). A standardized
scalp representation was created by recording the locations of four skull
landmarks (nasion, inion, and the two preauricular points) along with
∼80 additional points on the scalp, using a Polaris Vicra infrared camera
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(Northern Digital). An individualized MRI was generated through a 3D
warping technique that aligned a high-resolution template with the par-
ticipants’ scalp model and craniometric points. We targeted a rostral site
of the PMv, at the junction with the posterior sector of the inferior frontal
gyrus, corresponding to the Talairach coordinates: x =−54; y= 10; z= 24.
These coordinates have been previously employed to modulate AON
functioning (Avenanti et al., 2013, 2018; Chiappini et al., 2024) and
are closely aligned with findings from brain imaging meta-analyses on
action imitation and studies utilizing brain stimulation to investigate
automatic imitation (Caspers et al., 2010; Papitto et al., 2020). The
SMA was stimulated ∼4 cm anterior to the vertex along the sagittal mid-
line, with the corresponding Talairach coordinates being x=−2, y=−7,
and z= 55 (Mayka et al., 2006; Mars et al., 2009; Bevacqua et al., 2024).
Using the SofTaxic Neuronavigator, we automatically estimated the
Talairach coordinates for the projections of the left PMv, SMA, and
M1 onto the brain surface of the MRI-constructed stereotaxic template
(Fig. 1C).

Statistical analysis
Two initial analyses were performed on standard behavioral indices of
performance:

1. To check performance before any ccPAS intervention and to
confirm that the automatic imitation effect could indeed be detected
across groups, we analyzed RTs and %accuracy at Pre. RTs were ana-
lyzed through a mixed factors ANOVA with the between-subject
factor ccPAS group (three levels, ccPASPMv-M1, ccPASM1-PMv,
ccPASSMA-M1) and the within-subject factor trial type (two levels,
congruent, incongruent). Due to a non-normal distribution
(Shapiro–Wilk’s p < 0.001), accuracy in congruent and incongruent
trials was analyzed through a Wilcoxon’s matched pairs test and
compared between groups using Bonferroni-corrected median tests.
The inverse efficacy (IE) parameter was then calculated as the ratio of
RTs to accuracy for each trial type, to account for potential speed–
accuracy trade-offs. IE values in the Pre timepoint were then com-
pared between groups to further study baseline performance.

2. To replicate the dissociable effect of manipulating different
AON-to-M1 projections on automatic imitation described in detail
in our previous publication (Turrini et al., 2024), a mixed-factor
ANOVA with the between-subject factor ccPAS group (three levels,
ccPASPMv-M1, ccPASM1-PMv, ccPASSMA-M1) and the within-subject
factors trial type (two levels, congruent, incongruent) and time
(three levels, Pre, Post0, Post30) was conducted on the IE index
obtained by dividing RTs by %accuracy in each condition. This anal-
ysis revealed the higher-order interaction, which was decomposed
into three time × trial-type ANOVAs, one for each ccPAS group.

A one-sample t test comparing the starting point of all participants to
the null value of 0.5 confirmed that participants exhibited a tendency to
imitate observed actions at the Pre timepoint. The baseline starting point
and drift rate values were compared by means of a one-way ANOVA
comparing the three experimental groups (three levels, ccPASPMv-M1,
ccPASM1-PMv, ccPASSMA-M1). Then, to gain a more detailed understand-
ing of which latent components of imitative behavior were affected by the
manipulation of the two cortical networks, the main analysis evaluated
ccPAS-induced modulations of the drift rate and starting point indices
using two mixed-factor ANOVAs. Each included the between-subject
factor ccPAS group (three levels, ccPASPMv-M1, ccPASM1-PMv,
ccPASSMA-M1) and the within-subject factor time (three levels, Pre,
Post0, Post30), with separate analyses conducted for the drift rate and
starting point indices. The ANOVAs were decomposed by the ccPAS
group to study protocol-specific changes. For all ANOVAs, Newman–
Keul’s post hoc analyses were performed to correct for multiple compar-
isons. Partial η2 (ηp

2) was computed as a measure of the effect size; by
convention, ηp

2 effect sizes of ∼0.01, ∼0.06, and ∼0.14 are considered
small, medium, and large, respectively. Cohen’s ds and Cohen’s drm indi-
ces were computed between and within post hoc comparisons; d effect
sizes of ∼0.2, ∼0.5, and ∼0.8 are considered small, medium, and large,
respectively (Cohen, 1988). Effect sizes for nonparametric comparisons

were estimated by approximating z scores to r (Pallant, 2020). By con-
vention, r effect sizes of ∼0.1, ∼0.3, and ∼0.5 are considered small,
medium, and large, respectively. All the analyses were conducted using
STATISTICA version 12.

Results
Standard behavioral analyses
Firstly, we assessed imitation effects before any ccPAS.
The ccPAS group × trial type on RTs recorded at Pre revealed a
robust automatic imitation effect: RTs were faster in congruent
compared with incongruent trials (F(1,57) = 45.747; p < 0.001;
ηp

2 = 0.445; Fig. 2B); the main effect of ccPAS group and the
interaction between the two factors were not significant
(F≤ 1.65; p≥ 0.20). Similarly, accuracy was significantly higher
in congruent compared with incongruent trials (Z= 4.037;
p < 0.001; r = 0.521; Fig. 2A), with no significant differences
between groups for either trial type (χ2≤ 6.54; p≥ 0.076). To
account for potential speed–accuracy trade-offs, we also analyzed
IE, a composite measure combining RT and accuracy, using an
ANOVA on IE values at time Pre. This analysis confirmed a
strong main effect of the trial type (F(1,57) = 64.66; p < 0.001; ηp

2

= 0.531), consistent with robust imitation effects across partici-
pants. While a significant trial type × group interaction emerged
(F(2,57) = 4.43; p= 0.016; ηp

2 = 0.135), post hoc comparisons indi-
cated no significant differences between groups for either con-
gruent (all p≥ 0.54) or incongruent trials (all p≥ 0.10).
Additionally, all groups showed a significant difference between
congruent and incongruent trials (all p≤ 0.014; all drm≥ 0.57).
Thus, we interpret this interaction as reflecting subtle variations
in the size of the imitation effect across groups, likely attributable
to random variability prior to intervention. To ensure that this
baseline difference did not confound the effects attributed to
ccPAS on IE parameters, we conducted control analyses (Text S1).

To test the effect of ccPAS on performance, we conducted a
ccPAS group × trial type × time ANOVA on IE which revealed
a significant three-way interaction (F(4,114) = 6.118; p < 0.001;
ηp

2 = 0.177). Importantly, this interaction remained significant
after statistically controlling for baseline differences (Text S1).
In the ccPASPMv-M1 group, the stimulation had different effects
on congruent and incongruent trials (trial type × time interac-
tion, F(2,38) = 3.377; p= 0.045; ηp

2 = 0.151; Fig. 2C): performance
remained stable in congruent trials (all p≥ 0.51) but declined
in incongruent trials between Pre and Post30 (p= 0.005;
drm = 0.424). The ccPASM1-PMv group showed the opposite
pattern (trial type × time interaction, F(2,38) = 7.082; p= 0.002;
ηp

2 = 0.271; Fig. 2D), with stable performance in congruent trials
(all p≥ 0.20) but improved performance in incongruent trials
between Pre and Post30 (p < 0.001; drm = 0.561). In the
ccPASSMA-M1 group, performance differed between the two trial
types (F(1,19) = 58.294; p < 0.001; ηp

2 = 0.754). However, a signifi-
cant main effect of time (F(2,38) = 10.058; p < 0.001; ηp

2 = 0.346;
Fig. 2E) indicated overall performance improvement from Pre
at both Post0 (p= 0.008; drm = 0.775) and Post30 (p < 0.001;
drm = 0.845). Importantly, no trial type × time interaction was
found (F(2,38) = 1.302; p= 0.28), suggesting similar improvements
across both trial types.

DDM analysis
At Pre, the starting point of participants significantly differed
from the null value of 0.5 (t(58) = 4.99; p < 0.001; drm = 0.649), sug-
gesting a propensity toward imitation before any ccPAS-induced
connectivity manipulation. No significant group differences were
observed in starting point values at Pre (F(2,56) = 2.12; p= 0.130),
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suggesting comparable initial response biases toward imitation
across the three experimental groups. However, the random allo-
cation of participants resulted in a significant difference in the
initial drift rate between groups (F(2,56) = 6.65; p= 0.003; ηp

2 =
0.192). Specifically, prior to the start of their sessions, the
ccPASM1-PMv group displayed a lower drift rate compared with
both other groups (p≤ 0.039; ds≥ 0.45), which in turn did not
differ from one another (p= 0.132). To ensure that this initial
difference did not drive group differences observed following
ccPAS, we conducted control analyses (Text S1).

The ccPAS group× trial type× time ANOVA on the starting
point parameter revealed a significant ccPAS group× time interac-
tion (F(4,112) = 4.34; p=0.003; ηp

2 = 0.134), indicating that changes
in response bias over time varieddepending on the ccPASprotocol.
The interaction remained significant after controlling for baseline
differences (Text S1). In the ccPASPMv-M1 group, designed to
strengthen connectivity from PMv to M1, stimulation led to sign-
ificant shifts in the starting point (main effect of time, F(2,36) = 4.34;
p=0.004; ηp

2 = 0.179; Fig. 3B), increasing participants’ tendency to
imitate at Post0 (p= 0.022; drm= 0.519) and Post30 (p=0.049; drm
= 0.502) relative to Pre levels. Conversely, in the ccPASM1-PMv

group, which aimed to transiently hinder connectivity from PMv
to M1, the starting point shifted in the opposite direction (main

effect of time, F(2,38) = 3.394; p= 0.044; ηp
2 = 0.151; Fig. 3C). We

observed a reduction in imitative bias at Post 30whichwasmargin-
ally significant compared with Pre (p= 0.061; drm= 0.124) and
significant compared with Post0 (p= 0.046; drm= 0.431). In con-
trast, ccPASSMA-M1 did not influence response bias, as the starting
point remained stable across timepoints (F(2,38) = 2.15; p=0.130;
Table 2).

The ccPAS group× trial type× time ANOVA conducted on
the drift rate revealed two main effects of time (F(2,112) = 5.242;
p= 0.007; ηp

2 = 0.086) and, critically, of the ccPAS group
(F(2,56) = 5.418; p=0.008; ηp

2 = 0.162) but only a nonsignificant
trend toward the interaction (F(4,112) = 1.884; p= 0.118). Given
the dissociable behavioral effects formerly reported (Turrini et
al., 2024) and replicated in the previous paragraph (Fig. 2C–E)—
where ccPASPMv-M1 and ccPASM1-PMv had distinct effects
on incongruent trials of the imitation inhibition task and
ccPASSMA-M1 induced a general performance improvement across
all trials—we strongly predicted that the latter effect would be
mainly driven by an increase in the drift rate in the ccPASSMA-M1

group and tested this hypothesis by analyzing drift rate values sepa-
rately in each ccPAS group bymeans of one-way repeated-measure
ANOVAs. Aswe predicted, while the drift rate did not change over
time in either the ccPASPMv-M1 group (F(2,36) = 0.04; p=0.965) nor

Figure 2. Standard analyses of behavioral performance. A, Accuracy and (B) RTs at baseline (Pre) show significantly better performance in congruent compared with incongruent trials. C–E, IE
scores across timepoints (Pre, Post0, Post30) for each ccPAS group. C, ccPASPMv-M1 selectively impaired performance on incongruent trials over time, with no significant change in congruent trials.
D, ccPASM1-PMv selectively improved performance on incongruent trials, with congruent trials remaining stable. E, ccPASSMA-M1 produced a general improvement across both trial types, reflected
in a parallel decrease in IE scores (main effect of time); the two trial types remained different across time points (main effect of trial type). Error bars indicate ±1 SEM. Colored asterisks indicate
differences between timepoints; black asterisks indicate differences between trial types. *p< 0.05; **p< 0.01; **p< 0.001.
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the ccPASM1-PMv group (F(2,38) = 2.74; p= 0.08; Table 2), it
increased in the ccPASSMA-M1 one (F(2,38) = 9.975; p< 0.001;
ηp

2 = 0.344; Fig. 3D) at both Post0 (p= 0.003; drm= 0.745) and
Post30 (p< 0.001; drm= 0.854) compared with the Pre timepoint.

Discussion
Humans are prone to mimic the actions of others, automatically
and beyond intentional behavior (Heyes, 2011). Our findings
provide causal evidence for a double dissociation in the latent

cognitive processes underlying this phenomenon, mediated by
connectivity between premotor nodes of the AON and M1.
Adopting a DDMmethod, we demonstrated that transient mod-
ulation of PMv-to-M1 connectivity selectively affected the start-
ing point parameter, reflecting response bias, without altering the
drift rate. Specifically, enhancing PMv-to-M1 connectivity (via
ccPASPMv-M1) shifted the starting point closer to the imitative
response boundary, reflecting a stronger bias toward replicating
observed actions. Conversely, decreasing PMv-to-M1 connectiv-
ity (via ccPASM1-PMv) shifted the starting point away from the
imitative boundary, closer to a neutral value, reducing the preex-
isting imitative bias. In contrast, manipulating the SMA-to-M1
network (via ccPASSMA-M1) selectively enhanced the drift rate,
indicating an improved capacity for processing cues relevant
to task performance. Importantly, neither ccPASPMv-M1 nor
ccPASM1-PMv influenced the drift rate, and ccPASSMA-M1 did
not affect the starting point. This suggests that modulating
PMv-to-M1 connectivity bidirectionally influenced the baseline
tendency to automatically imitate observed actions, as reflected
by changes in the starting point parameter while leaving
the efficiency and speed of information processing and

Figure 3. Main results. The effect of the three ccPAS protocols on different components of automatic imitative behavior (A). ccPASPMv-M1 induced a shift of the response bias toward a stronger
automatic imitative tendency (B), whereas ccPASM1-PMv had the opposite effect of pushing the response bias in the opposite direction (C). ccPASSMA-M1 acted, instead, on the drift rate component
of performance, improving it after the stimulation (D). Box plots represent the median, quartiles, and 95% confidence interval of recorded data for each group at every timepoint; dashed
diamonds depict the average and standard deviation of each group at every timepoint. Histogram error bars indicate 1 SEM. #p= 0.06; *p< 0.05; **p< 0.01; ***p< 0.001.

Table 2. Table of results

Pre Post0 Post30

Drift rate ccPAS PMv-M1 5.15 ± 1.89 5.16 ± 1.78 5.11 ± 2.01 p= 0.97
ccPAS M1-PMv 3.29 ± 1.35 3.44 ± 1.35 3.65 ± 1.72 p= 0.08
ccPAS SMA-M1 4.37 ± 1.53 4.76 ± 1.72 4.90 ± 1.85 p< 0.001

Starting point ccPAS PMv-M1 0.51 ± 0.04 0.54 ± 0.04 0.54 ± 0.04 p= 0.004
ccPAS M1-PMv 0.54 ± 0.05 0.55 ± 0.04 0.52 ± 0.04 p= 0.044
ccPAS SMA-M1 0.52 ± 0.03 0.52 ± 0.03 0.53 ± 0.04 p= 0.130

Values represent the mean ± standard deviation. The reported p level refers to the main effect of time, in each
ccPAS group.
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integration—i.e., the drift rate—unaffected. In contrast, altering
SMA-to-M1 connectivity had a fundamentally different effect.
Rather than modifying the baseline imitative bias, it selectively
influenced the drift rate, suggesting a role in shaping the dynamic
accumulation of sensory and cognitive information necessary for
action selection.

The AON is composed of occipitotemporal, parietal, and pre-
motor areas, including the PMv and SMA (Caspers et al., 2010;
Hardwick et al., 2018). The different functional roles of these
components has been complex to disentangle: posterior occipito-
temporal regions are thought to host lower-level, perceptually
grounded representations of observed actions (Keysers and
Perrett, 2004; Urgesi et al., 2014), while parietal and premotor
nodes are proposed to support higher-level processes in action
observation, such as identifying action goals (Hamilton and
Grafton, 2008; Jacquet and Avenanti, 2015) or intentions [Koul
et al., 2018; Patri et al., 2020; but see also Lingnau and
Downing (2015)]. These higher-level processes are believed to
depend on long-term associations that link sensory representa-
tions of the observed actions with motor representations of the
corresponding actions (Rizzolatti et al., 2014). These associations
underpin the phenomenon of automatic imitation, too (Heyes,
2011; Cracco et al., 2018).

Although automatic imitation can play a crucial role during
social interactions (Chartrand and van Baaren, 2009; Heyes,
2011), many do not require it (Sacheli et al., 2018; Era et al.,
2020), and observing an action does not necessarily lead to its
imitation. Therefore, specific neural mechanisms must be
responsible for regulating action imitation, particularly when it
is inappropriate in the given context. The premotor nodes of
the AON, i.e., the PMv and SMA, are active under conditions
of both passive action observation and action imitation as well
as during imitation inhibition tasks (Brass et al., 2001, 2009;
Caspers et al., 2010), which has led to contrasting theories about
their functional role: one perspective posits a “gating” function to
the SMA, providing a domain-general regulatory mechanism
over M1 to inhibit inappropriate motor outputs (Nachev et al.,
2008; Gazzola and Keysers, 2009; Bonini et al., 2014; Darda
et al., 2018), but a similar regulatory function has also been
assigned to the PMv, proposing that it can modulate automatic
imitation by either suppressing or facilitating motor responses
based on context and task requirements (Buch et al., 2011;
Hogeveen et al., 2015; Nobusako et al., 2017). An alternative
hypothesis suggests that ventral frontal regions of the AON pri-
marily promote automatic imitation by mapping observed
actions and transmitting excitatory signals to M1 based on long-
term associations between observed actions and corresponding
motor programs (Iacoboni et al., 1999; Rizzolatti et al., 2014).

Mapping cognitive functions onto cortical networks presents
researchers with two significant challenges. First, deriving causal
inferences about the roles of cortical pathways is inherently
difficult when relying solely on conventional imaging or brain
stimulation techniques. Second, cognitive tasks and tests
designed for laboratory settings often yield a restricted range of
outcomes, limiting the ability to draw clear conclusions about
the underlying latent cognitive functions that drive performance
in these tasks.

The first of these two challenges can be addressed using
ccPAS, a network-based brain stimulation method designed to
modulate the strength of cortical connectivity through the prin-
ciples of Hebbian plasticity, by repeatedly stimulating two ana-
tomically connected cortical regions (Di Luzio et al., 2024;
Tarasi et al., 2024b). The physiological mechanisms underlying

ccPAS are believed to involve STDP mechanisms. According to
STDP principles, repeated and temporally precise activation of
presynaptic neurons just before postsynaptic neurons promotes
long-term potentiation. Conversely, when postsynaptic neurons
fire before presynaptic neurons, long-term depression is typically
induced (Hebb, 1949; Caporale and Dan, 2008; Markram et al.,
2011). By using ccPAS to transiently enhance or disrupt connec-
tivity in distinct AON-to-M1 pathways, we were able to causally
probe their dissociable functional roles. Enhancing input from
the PMv and SMA to M1 modulated performance on the imita-
tion inhibition task in distinct ways. After ccPASSMA-M1, overall
task performance improved across both congruent and incon-
gruent trials of the imitation inhibition task. In contrast,
ccPASPMv-M1 specifically impaired performance on incongruent
trials, where automatic imitation must be suppressed to comply
with task rules. Consistently, transiently reducing PMv-to-M1
connectivity (ccPASM1-PMv) selectively improved performance
on incongruent trials (Turrini et al., 2024).

Interpreting these findings is limited by a second key chal-
lenge: traditional laboratory task outcomes may not fully capture
the cognitive processes underlying imitative behavior. To over-
come this limitation, the present study complements previous
findings by implementing a DDM approach, which allows for a
more fine-grained decomposition of decision-making processes.
By applying DDM, we inferred the latent cognitive processes
driving our results, offering deeper insights into the functional
mechanisms that shape imitative behavior. We extracted two
parameters of interest: (1) the starting point, which reflects the
initial decision bias, representing the predisposition toward an
imitative response before any sensory evidence is accumulated,
and (2) the drift rate, which quantifies the rate of evidence accu-
mulation, capturing how efficiently information is integrated
during task execution, reflecting the speed and quality of evi-
dence accumulation leading to a decision (Myers et al., 2022).

Our results identify the PMv-to-M1 pathway as the primary
driver of the automatic imitative bias, as modulating PMv input
to the M1 produces bidirectional changes on the starting point
parameter, which shifts closer to the imitative boundary when
connectivity between PMv and M1 is boosted and away from it
when it is hindered, which in turn explains the behavioral pat-
terns observed through traditional analysis methods (Turrini et
al., 2024). This underscores the functional role of the PMv within
the AON, aligning with theoretical models proposing that it facil-
itates automatic imitation bymapping observed actions onto cor-
responding motor programs and transmitting the resulting
excitatory signals to M1 (Iacoboni et al., 1999; Rizzolatti et al.,
2014).

In contrast, the SMA serves a fundamentally different role
within the AON, not by altering the baseline tendency to imitate
but by refining the integration of bottom–up response biases with
top–down task demands. This effect, reflected in changes to the
drift rate parameter, suggests that the SMA-to-M1 pathway sup-
ports the dynamic accumulation of sensory and cognitive infor-
mation required for controlled action selection. These findings
are consistent with the broader, domain-general cognitive con-
trol functions attributed to SMA, encompassed in the multiple
demand network responsible of facilitating response suppression
and goal-directed adjustments in behavior (Nachev et al., 2008;
Gazzola and Keysers, 2009; Bonini et al., 2014; Darda et al., 2018).

Our study is not without limitations. The random allocation
of participants to the experimental groups resulted in some base-
line differences across groups. Although we believe these differ-
ences did not compromise the validity of our findings—as
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supported by multiple control analyses (Text S1)—such baseline
discrepancies may have introduced additional variability in indi-
vidual responses. Future studies may benefit from implementing
within-subject designs or participant matching procedures to
further ensure that observed effects can be attributed to the
experimental manipulation. Second, while ccPAS offers valuable
causal insights into the connectivity between AON motor nodes
and M1, it does not provide direct measurements of real-time
neural activity or connectivity changes. This limits our ability
to fully characterize the dynamic interactions within these cir-
cuits. Furthermore, our study was conducted in a controlled lab-
oratory setting, which may not fully capture the complexity of
real-world social interactions. In conclusion, by combining
network-based TMS to modulate connectivity in specific
AON-to-M1 circuits with advanced DDM analysis of behavior,
our findings offer causal evidence of a double dissociation in
the roles of PMv and SMAwithin the AON, highlighting themal-
leability of these networks to associative plasticity. Specifically,
PMv-to-M1 connectivity drives the baseline bias toward imita-
tion, while SMA-to-M1 connectivity facilitates the integration
of sensory information with task rules. By uncovering these dis-
tinct functional roles, our study advances the understanding of
how different motor pathways within the AON contribute to imi-
tative behavior, demonstrating that automatic imitation and its
regulation arise from dissociable yet complementary neural
mechanisms.
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