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SUMMARY

The human capacity to produce precisely synchronized actions with others is critical for everyday coopera-
tive activities. Such interpersonal coordination is supported by dynamic neural processes that minimize dis-
crepancies between the movements of self and others. Here we use EEG and movement data from 28 pairs of
participants performing an improvised joint synchronization task to investigate how the brain continuously
tracks self-other synchronization error. Results revealed a central role of the dorsal visual stream dynamically
balancing the neural tracking of self-other error depending on leadership roles. We found stronger neural
tracking when following, evidenced by higher EEG-error coherence, suggesting a greater need for adaptation
in this role. In contrast, leading was characterized by weaker coherence that peaked earlier, suggesting
greater involvement of predictive top-down processes driven by motor regions, facilitated by knowledge
of upcoming self-other error. Our findings provide insights into key neural processes underpinning interper-

sonal coordination and related disorders.

INTRODUCTION

Establishing and maintaining precisely synchronized actions
with others, including humans as well as artificial agents, is crit-
ical in a wide range of cooperative activities. Synchronization er-
rors of few tens of milliseconds can considerably impact collec-
tive performance and even safety, such as in team sports like
rowing or soccer, military squad movements, human-machine
interaction, or musical ensembles.’™® Synchronized movements
between agents also act as social glue in everyday life,
increasing interpersonal bonding, connectedness, affiliation,
and pro-social behaviors.®™ Larger interactional synchrony er-
rors have been linked to social disorders occurring in mental ill-
nesses such as schizophrenia, in autism spectrum disorder, and
with social phobia, and therefore, are emerging as potential
biomarker for earlier diagnoses and interventions.'®"*
Self-other synchronization errors are unlike other errors faced
by the human brain. They are the product of mutual adaptations
of two or more complex biological systems underpinned by dy-
namic bidirectional couplings.'®~'” Due to constant changes in
the dynamics of the multiple components —self, other, and their
coupling—monitoring and predicting self-other errors is compu-
tationally challenging, especially during improvised interper-
sonal synchronization performance in which actions are not
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pre-planned.'®'82% While the brain mechanisms supporting
the processing of self-other error are not fully understood, it
has been proposed that they might be facilitated by conditions
easing error prediction through motor-based top-down predic-
tive processes.'®'9?"?* Previous studies with neuroimaging
and brain stimulation techniques have provided evidence for
motor-based predictions in musical settings related to when
and what a partner is playing.?**>*>? However, whether similar
processes support visually based interpersonal movement syn-
chronization performance, in which individuals have access to
continuous movement and synchronization information error,
has not been established.

Moreover, whether or not leadership roles are assigned is a
decisive factor in improvised interpersonal synchronization per-
formance, strongly modulating individual and collective behav-
ioral dynamics.'®?"~?° Visually guided interpersonal synchroni-
zation in improvised scenarios has been found to improve, as
reflected by smaller self-other synchronization errors, when
there is no designated leader.”®*° Designated leader and fol-
lower roles lead to asymmetric coupling, with the follower lag-
ging behind the leader, and the leader and follower being more
focused on self or other, respectively, as observed by*® using
EEG frequency tagging to overcome motor-related artifacts
and track the neural processing of these two sources of
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Figure 1. lllustration of the interpersonal improvisation synchroni-
zation task
Time series represent 30 s of representative movement data from two par-
ticipants (light and dark lines in top plot) with the corresponding self-other error
(bottom plot).

information. In contrast, when no leader was designated, this
research revealed a more balanced processing of self and other
with enhanced neural integration of these two sources of infor-
mation, which might constitute a prerequisite for optimal pro-
cessing of self-other errors at an early stage of the visual
pathway.

Here we investigated how variations in demands and predict-
ability induced by different leadership roles modulate the neural
processing of visual self-other synchronization errors. We took
advantage of the dual-EEG dataset of,%° where 28 pairs of par-
ticipants performed an improvised interpersonal synchroniza-
tion task, to undertake a novel examination of the processing
of dynamic and continuous self-other errors in the visual
domain. The task was a version of the mirror game in which par-
ticipants had to produce original and synchronized continuous
horizontal forearm oscillations with and without designated
leadership roles,”® as illustrated in Figure 1. We used motion-
capture data to measure instantaneous self-other synchroniza-
tion error together with EEG recordings to examine how this er-
ror is processed by the brain as a function of an individual’s
leadership role (i.e., follower, leader, and joint) using EEG-error
cross-spectral coherence, enabling us to measure the neural
tracking of dynamic multifrequency inputs.®®*' Using source
modeling of EEG signals, we hypothesized that the dorsal vi-
sual stream would play a central role in the processing of
self-other error, as reflected by higher coherence in related
areas, due to its key function in perception for action.**** We
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also expected leadership roles to modulate the magnitude
and temporal dynamics of self-other error processing along
the dorsal visual stream.

Specifically, we predicted stronger EEG-error cross-spectral
coherence when following due to the greater need for adaptation
and predicted earlier peaks in EEG-error coherence when lead-
ing, which could reflect stronger involvement of top-down pro-
cesses along the dorsal visual stream due to participants’
greater capacity to anticipate potential discrepancies between
their own movements and those of their partner (self-other er-
rors). While improvising, leaders arguably have more precise
knowledge about the spatiotemporal movement variations and
related self-other errors that might occur next as they initiate,
and therefore they can better predict, upcoming motor and coor-
dination patterns.'®?"*?® |n other words, leaders can anticipate
changes in movement direction, frequency, and/or amplitude
seconds in advance of initiating them while trying to achieve
new, original movement dynamics, whereas followers are often
limited to reacting to these changes during improvisation. This
knowledge was expected to enable leaders to make sensory
predictions about fluctuations in self-other errors accord-
ingly.'®1921:24:35 gych predictive processing enabled by prior
knowledge when leading was expected to be reflected in earlier
peaks in EEG-error coherence, particularly in motor-related re-
gions, compared to when following.

RESULTS

EEG and motion-capture recordings together revealed that the
brains of participants jointly improvising cooperative synchro-
nized actions directly track the visual error between self- and
other-generated movements and that this neural tracking is
selectively modulated by leadership roles—follower, leader,
and joint leadership—influence (i) the magnitude and frequency
range of self-other error tracking and (ii) the underlying spatio-
temporal brain dynamics of self-other error tracking.

Magnitude and frequency range of visual self-other
error tracking

Participants’ EEG activity was synchronized with continuous
changes in self-other error up to 6 Hz approximately, as indi-
cated by cluster-based permutation testing yielding significantly
higher coherence values (averaged across all EEG electrodes
and leadership roles) in real than permuted data (see
Figure 2A). This difference between real and permuted data
show that coherence up to 6 Hz was significantly above chance,
not trivially driven by the power spectrum of self-other error, but
rather reflecting genuine neural tracking. The range of fre-
quencies tracked is generally in line with the frequency range
of errors showing larger amplitudes—slower frequency errors
with larger amplitudes tended to be associated with higher
coherence—as reflected by a significant positive correlation be-
tween power and coherence values across frequencies (M =
0.39, 95% CI + 0.046, t[55] = 16.88, p < 0.0001, d = 2.26,
BF;o > 100), and as seen when comparing panels A and D of
Figure 2. However, the magnitude of the errors did not fully
explain the magnitude of the coherence, as suggested by this
only moderate positive correlation. Most importantly, relatively
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high EEG-error coherence was observed at higher frequencies
(beyond 2-3 Hz; see Figure 2A) despite much lower error ampli-
tudes in that range (see Figure 2D). This suggests that the pro-
cessing of fast and low amplitude errors could be centrally
enhanced to enable finely tuned behavioral synchronization.

Moreover, a one-way repeated-measures ANOVA with the
three level factor leadership on EEG-error coherence values
averaged within this frequency range revealed a significant ef-
fect, F(2, 110) = 57.83, p < 0.0001, nf = 0.24, BF4 > 100 (see
Figure 2B). Pairwise comparisons (three tests in total, with Bon-
ferroni correction) yielded stronger neural tracking of visual self-
other error when a participant was instructed to follow compared
tolead, t(55)=7.77,p < 0.0001, d = 1.18, BF 10 > 100, or to do the
task jointly without designated leader, t(55) = 9.73, p < 0.0001,
d =1.02, BF4, > 100. Topographical maps in Figure 2C indicate
responses widely distributed under parieto-occipital electrodes
consistent with selective tracking of self-other error in visual re-
gions, as confirmed below with source analyses.

Nevertheless, participants synchronized their movement better
when doing the task jointly without a designated leader, in line with
previous research, resulting in lower error (power) magnitude as
seen in Figure 2D. When normalized by the power of the error
for each frequency in the 0-6 Hz range, average EEG-error
coherence values were found to be larger without a designated
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Follower
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Figure 2. Plots of coherence between EEG
and self-other error, and self-other error
magnitude, across leadership roles
EEG-error coherence is shown for the different
leadership conditions averaged across all elec-
trodes for the different frequencies in panel (A) and
averaged within the significant 0-6 Hz frequency
range in panel (B) with the corresponding topo-
graphical maps in panel (C). Panel (D) represents
the magnitude (power) of self-other error and
panel (E) represents EEG-error coherence
normalized by self-other error magnitude (power)
for each frequency and averaged within 0-6 Hz
(i.e., Avg coherence-error Ratio). Gray shaded
areas indicate clusters of coherence values
significantly higher in real than permuted data (i.e.,
| 0-6 Hz) in panel (B), and of self-other error
magnitude (power) significantly lower in Joint than
in follower and leader in panel (E). Colored shaded
areas and error bars represent 1 x 95% CI of the
mean computed for within-subject designs.*®

Leader Joint

Leadership

leader, F(2, 110) = 10.30, p < 0.001, 5,° =
0.12, BFyo > 100, as depicted in
Figure 2E. Pairwise comparisons (3 tests
in total, with Bonferroni correction) yielded
greater values for joint compared to
leader, t(55) = 4.08, p < 0.001, d = 0.81,
BF;o > 100, suggesting stronger neural
tracking in this condition when taking
into account the difference in the magni-
tude of the visual error.

The link between the magnitude of
EEG-error coherence and self-other er-
ror was also further evidenced by signif-
icant correlations between the two measures across partici-
pants, especially for follower and joint. Specifically, larger
self-other error was associated with greater EEG-error coher-
ence. Significant positive correlations were found between
the average coherence and the magnitude (power) of self-other
error averaged in the 0-6 Hz range only for follower and joint, as
depicted in Figure 3A. Analyses conducted across all fre-
quencies indicated that EEG-error coherence correlated with
the magnitude of the error also for leader but for a reduced
range of frequencies compared to follower and joint (see
Figure 3B). Notably, no significant correlation was found for
the slowest frequencies, despite self-other error being larger
in magnitude. The strongest correlations were generally
observed above 2 Hz, where self-other errors had much lower
magnitudes (see Figure 2D). This further emphasizes that low-
amplitude, faster frequency errors might be more critically pro-
cessed and centrally enhanced compared to large-amplitude,
slower frequency errors.

Leader Joint

Leadership

Spatiotemporal brain dynamics of self-other error
tracking

EEG-error coherence analyses were also conducted in source
space using beamformer techniques®’ to enable finer examina-
tion of the brain regions underlying the processing of self-other
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Figure 3. Correlation between EEG-error coherence and self-other
error magnitude

Panel (A) shows the correlation averaged within the significant 0-6 Hz fre-
quency range and panel (B) depicts the correlation for each frequency. The
diagonals in panel (A) represent the line of best fit with the corresponding
R-squared and p values. Gray rectangles in panel (B) indicate significant
clusters of correlation revealed by permutation testing.

error. These analyses were performed in the 0-6 Hz range, in line
with the significant range of frequencies observed across the
whole brain in the channel space analyses, and over varying error
time lags from —2 s to 2 s to examine the temporal dynamics of
the processing of self-other error across brain regions and lead-
ership roles. These analyses showed responses along the dorsal
visual stream, compatible with visual processing for action, that
were modulated by leadership role. Figure 4 depicts EEG-error
coherence values for five regions of interest (five parcels from
the AAL [Automated Anatomical Labeling] atlas®®)—V1, cuneus,
precuneus, paracentral lobule, and SMA—from early visual cor-
tex to motor regions through the dorsal visual stream for the
different self-other error time lags and leadership roles (i.e., fol-
lower, leader, and joint) with the corresponding averaged source
distributions. The results revealed that not only the magnitude of
EEG-error coherence in these regions varied as a function of par-
ticipants’ leadership role, as shown in the channel space, but
also the time at which coherence peaked in these regions, in
line with knowledge-based predictive processing.

A two-way ANOVA on the maximum coherence magnitude
with the factors leadership and region indicated a significant
main effect of leadership, F(2, 110) = 68.23, p < 0.0001, ng2 =
0.25, BF4o > 100. Maximum EEG-error coherence was higher
when following (M = 0.10, 95% CI + 0.004) compared to when
leading (M = 0.07, 95% CI + 0.003), t(55) = 8.41, p < 0.0001,
d = 1.15, BF;o > 100, and when doing the task jointly without
designated leader (M = 0.07, 95% CI + 0.002), #(55) = 10.68,
p < 0.0001, d =1.07, BF1o > 100, in line with channel space an-
alyses. The ANOVA also revealed a significant effect of region,
F(4, 220) = 30.69, p < 0.0001, ;192 = 0.05, BF4¢ > 100. Maximum
EEG-error coherence was the lowest in V1 (M = 0.072,95% Cl +
0.003, lower than all other regions, all p values <0.0001) and then
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cuneus (M =0.076, 95% CI = 0.003, lower than precuneus, para-
central lobule, and SMA, all p values <0.005). Coherence in pre-
cuneus (M = 0.087, 95% CI + 0.005), paracentral lobule (M =
0.089, 95% CI + 0.005), and SMA (M = 0.085, 95% CI + 0.004)
did not differ between precuneus and paracentral lobule and be-
tween precuneus and SMA (all p values >0.05), but was signifi-
cantly lower in SMA compared to paracentral lobule, ¢(55) =
3.48, p = 0.01, d = 0.19, BF4¢ = 0.19. Note that caution is war-
ranted concerning this significant difference between SMA and
the paracentral lobule, given that the Bayes factor is below 1.
The ANOVA also indicated a significant interaction between
the two factors, F(8, 440) = 16.19, p < 0.0001, ;792 = 0.02,
BF;o > 100. Pairwise comparisons revealed that EEG-error
coherence was higher in the follower condition compared to
the leader and joint conditions in all regions of interest (all p
values <0.0001), and that significantly lower EEG-error coher-
ence in SMA compared to the paracentral lobule was only found
when following, ¢(55) = 4.48, p = 0.001, d = 0.20, BF5 = 0.33 (p
values >0.05 in other conditions), suggesting a lower relative
contribution of SMA in this leadership condition. This significant
difference between SMA and the paracentral lobule also war-
rants caution, given that the Bayes factor is below one.

A two-way ANOVA on the time lags at which EEG-error coher-
ence reached it maximum magnitude with the factors leadership
and region indicated a significant main effect of leadership, F(2,
110) = 6.85, p = 0.002, ;192 = 0.05, BF4o > 100. Although all time
lags were generally positive, reflecting delayed processing of
self-other error, pairwise comparisons (three tests, with Bonfer-
roni correction) indicated smaller maximum coherence time lags
(closer to 0 s) when leading (M = 0.04, 95% CI + 0.02) compared
to when following (M = 0.10, 95% CI + 0.01), t(55) = 3.40, p =
0.004, d = 0.51, BFyp > 100, and when doing the task jointly
without designated leader (M = 0.10, 95% CI + 0.02), t(55) =
2.85, p =0.02, d = 0.40, BF > 100, showing earlier processing
of visual self-other error. These results align with the occurrence
of predictive processing based on prior knowledge of upcoming
self-other error when leading.

The interaction between Leadership and Region did not
reach statistical significance but the Bayes factor indicated
strong evidence for the alternative hypothesis, F(8, 440) =
1.62,p=0.12 ;792 = 0.009, BF, > 40.1. As Bayesian statistics
provide a powerful alternative to frequentist statistics,**“° pair-
wise comparisons (15 tests in total) with Bonferroni correction
across conditions for each brain region were conducted to
examine the nature of this interaction. Although these results
need to be interpreted with caution due to the non-significant
result obtained with the frequentist approach, they suggest
that while there was no difference in the timing of maximum
coherence between follower and leader for V1 and the cuneus
region of interest, maximum coherence when following
occurred later (more positive lags) than when leading for the
precuneus, t(55) = 3.96, p = 0.003, d = 0.79, BF1o > 100, para-
central lobule, t(55) = 3.77, p = 0.006, d = 0.73, BF4¢ > 100, and
SMA, t(55) = 3.30, p = 0.026, d = 0.62, BF 4o = 23. These differ-
ences were also supported by one-way ANOVAs conducted on
each leadership role separately, which indicated a significant
effect of region only when following, F(4, 220) = 5.69, p =
0.005, ;792 = 0.04, BF4o = 1.54. These results are consistent



iScience

Source Distributions (-0.6 s to 0.6 s)
-06 -04 -02 O 02 04 06

P s
1YY I L
 SOHOOOES
x_//%\\‘ W}
(VR R R

ITIII I
L T L TR

)
I
Pyl

Avg Coherence
o
°

’
$
4
4
14
4
é

V1
Cuneus

— Precuneus

BOOHEHOT -
PR R4

Time Lag (s)

Figure 4. EEG-error coherence in source space across time lags and
leadership roles

Grand averaged time course of EEG-error coherence is depicted as a function
of the different leadership roles (Follower, Leader, Joint) and time lags (from
—-2 s to 2 s) for five regions of interest from early visual cortex to motor regions
through the dorsal visual stream (V1, cuneus, precuneus, paracentral lobule,
and SMA, parcels from the AAL [Automated Anatomical Labeling] atlas®®) with
the corresponding source distributions (from —0.6 s to 0.6 s). Source distri-
butions are shown for a truncated time window of —0.6 s-0.6 s, subset of the
full -2 s-2 s interval. Positive time lag values indicate brain modulations lag-
ging behind self-other error and negative values indicate brain modulations
occurring ahead of self-other error. Colored shaded areas represent 1 x 95%
Cl of the mean computed for within-subject designs.*®

with the occurrence of motor-driven predictive processing of
self-other error when leading.

These results suggest that visual information related to self-
other error reaches later processing stages along the dorsal
stream and then motor regions, when following. This delay
does not seem to be observed when following despite generally
higher coherence magnitude, potentially consistent with the
involvement of stronger bottom-up processes and reduced
anticipation. A corresponding delay was not observed when
leading and largely decreased when doing the task jointly
without a designated leader, suggesting stronger involvement
of top-down processes implicating motor regions, which could
be due to greater capacity to predict upcoming changes in
movements and self-other error.

Coherence between self-other error and participants’ actual
movements (changes in instantaneous frequency) was found to
be generally low with no significant differences in maximum
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coherence time lags across leadership roles, F(2, 110) = 0.90,
p=0.41, ;192 =0.01, BF10 = 0.13 (see Figure 5B). This suggests
that time differences in EEG-error coherence across conditions
were unlikely to be driven by the degree to which movements
were aligned with self-other error. Significant differences
similar to those observed for EEG would have been expected
if movements were driving the effect. Instantaneous frequency
enabled controlling for changes in movement alignment with
self-other error that could have contributed to EEG-error coher-
ence. It reflects slight adjustments (increases and decreases) in
a participant’s movement frequency and varies (similarly to
self-other error) largely independently from forearm and eye
movements (exhibiting continuous sinusoidal modulations;
see supplemental information for further details). Moreover,
the symmetric distribution of EEG-error coherence across the
two hemispheres provides converging evidence that the
observed effects are unlikely to be due to differences in move-
ment synchronization to the extent that EEG-error coherence
linked directly to movement would have been largely distrib-
uted over the left hemisphere, as participants were moving their
right arm. Finally, additional control analyses presented in
the supplemental information suggest that participants’ eye
movements had a minimal contribution to the neural tracking
of self-other error and associated effects. Participants continu-
ously tracked the produced movements with their eyes, as re-
flected by high levels of coherence between electrooculogra-
phy data and participants’ forearm movements (supplemental
information Figure S3). Accordingly, high levels of coherence
were also observed between EEG and participants’ move-
ments due to muscular activity from eye movements propa-
gating to EEG, as reflected by maximum coherence distributed
laterally over frontal channels near the eyes (supplemental
information Figure S4). In contrast, much lower coherence
levels were observed between EEG and self-other error, with
maximum coherence distributed over more posterior channels,
far from the eyes, suggesting distinct activities and processes.

DISCUSSION

Our study provides evidence that self-other synchronization er-
ror, a wide range of human activities requires to be minimized
to ensure optimal collective performance and successful social
interaction, is continuously tracked by the human brain. We
show that the neural tracking of such continuous error is
achieved through dynamic leadership-dependent selective pro-
cesses along the dorsal visual stream. More generally, this novel
hyperscanning approach holds promise to provide fresh insights
into the neural processes supporting collective performance and
communication, 16284142

EEG recordings revealed neural activity in the visual regions of
the brain synchronized with continuous changes in self-other
synchronization error, showing that relevant information for
effective real-time coordination with others is already available
at early processing stages. This neural tracking of visual self-
other error was observed across a wide range of frequencies,
from slow and large amplitude errors to fast (at least 6 Hz) and
small amplitude errors, therefore providing information required
to optimize movement and synchronization across multiple time

iScience 28, 114081, December 19, 2025 5




¢? CellPress

OPEN ACCESS

A EEG-Error Coherence
. AP -
AT
R é.:\ roi
Precuneus
e

Paracentral lobule

L
SMA
o+
0.05 0.10 0.15 0.20 0.25 2 -1
B Movement-Error Coherence
o
0.05 0.10 0.15 0.20 0.25 -2 -1

Maximum Coherence

—e— Follower Leader Joint

scales relevant to natural social interaction.'>'"****° Further-
more, analyses in source space suggested that neural activity
synchronized to self-other error was largely distributed in brain
regions along the dorsal visual stream, which is known to provide
rapid and flexible processing of visual information for the control
of human actions.**** Our findings provide evidence that the
role played by the dorsal visual stream is not only critical for
the control of individual actions such as grasping or pointing
but also for the control of cooperative actions by supporting
the processing of visual self-other synchronization error.**4°

Remarkably, EEG results also revealed that the strength of the
tracking and the timing of the information processing of visual
self-other error along the dorsal visual stream depend on an in-
dividual’s leadership role. The results show that the tracking of
self-other error is stronger when following than leading, as indi-
cated by higher alignment of neural activity with self-other error
and for a wider range of frequencies. These findings likely reflect
an individual’s greater effort and processing load to maintain
synchronization when following in line with previous behavioral
research that showed asymmetric behavioral coupling with fol-
lowers adapting more to the leaders than the inverse.”’>° How-
ever, while the tracking of visual self-other error is stronger when
following, our results also suggest that it takes longer for the
brain to process visual information related to self-other error
when following, as indicated by delayed maximum EEG-error
coherence compared to when leading. Furthermore, the results
also revealed a delay between maximum coherence in motor re-
gions compared to earlier visual regions when following, which
might reflect the time required for self-other information to be
processed and travel along the dorsal visual stream and reach
motor regions.

Such differences were not observed when leading, suggesting
that maximum EEG-error coherence occurred simultaneously in
all regions—from early visual cortex to motor regions through the
dorsal visual stream—and earlier than when following. These re-
sults support the involvement of top-down processes when

6 iScience 28, 114081, December 19, 2025

iScience

Figure 5. Maximum coherence with self-

other error and the corresponding time lag

across leadership roles
- Panel (A) depicts the maximum coherence (left
panel) and its corresponding time lag (right panel)
as a function of the different leadership roles (fol-
lower, leader, and joint) for the five regions of in-
terest (V1, cuneus, precuneus, paracentral lobule,
and SMA, parcels from the AAL [Automated
Anatomical Labeling] atlas®®). Panel (B) shows the
maximum coherence (left panel) and its corre-
o sponding time lag (right panel) for participants’
actual movement (changes in instantaneous fre-
quency). Positive time lag values indicate EEG or
movement modulations lagging behind self-other

° ! ? error and negative values indicate EEG or move-
ment modulations occurring ahead of self-other
error. Error bars represent 1 x 95% Cl of the mean

o computed for within-subject designs.*®
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leading, underpinned by predictive mechanisms driven from mo-
tor regions, due to the leader’s greater capacity to predict
incoming self-other error. They are in line with growing evidence
of predictive sensory processing observed in a variety of tasks
with human neuroimaging, in which motor regions have been
found to play a central role through action simulation.?’?43°
Here we suggest that such processes are also critical for inter-
personal synchronization in improvised performance, especially
when an individual leads in contrast to when an individual fol-
lows, which appears, as seen in EEG results, largely dependent
on bottom-up processes due to lower capacity to predict
incoming self-other error.

In the joint condition without leader-follower instructions, our
EEG results suggest an advantage of undesignated leadership
in enabling optimal balance between predicting and adapting
to self-other synchronization error. The intensity and timing of
the processing of visual self-other error when doing the task
jointly without designated leader were generally intermediate to
those observed in the leader and follower conditions. Strong
tracking despite reduced self-other error amplitude, extending
to a wider range of frequencies with reduced information pro-
cessing delay, might enable more effective synchronization
observed in the joint condition. More generally it can be argued
that similarity between two individuals’ self-other processing
when synchronizing jointly without designated leader supports
synchronization whereas dissimilarity when one is leading and
the other one is following is detrimental to synchronization.
Future research could further explore how similarity in self-other
processes is achieved in such joint action dynamics —whether
by maintaining a constant symmetric relationship or by alter-
nating between leader and follower roles.

Our findings extend previous research on self-other neural
processes, providing first evidence of dynamic processes in vi-
suo-motor brain regions supporting the processing of self-other
movement synchronization error. The spatial distribution of
these processes contrasts with those previously revealed in
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more fronto-parietal brain regions.”**’~>% We argue that these
processes are complementary and that those revealed here,
potentially more directly supported by sensory and motor re-
gions, might reflect lower-level neural processes that have
developed to enable rapid and continuous low-level movement
adjustments required for finely tuned synchronization behavior.
Responses in fronto-parietal regions observed in previous
research might reflect higher-level mechanisms supporting
more abstract encoding of self-other errors inherent to the syn-
chronization of discrete actions such as during joint music mak-
ing. %2595 Our findings encourage future research exploring
the complementarity of these processes and their optimal bal-
ance for effective and flexible self-other error processing.

Beyond these findings, the current methods open new avenues
for future research aimed at better understanding the brain mech-
anisms underpinning self-other synchronization and collective
performance in everyday cooperative tasks.'®'®*° The combina-
tion of EEG and motion capture methods, together with cross-
spectral coherence analyses to track self-other error, enabled
robust measurement of the neural processing of dynamic and nat-
ural self-other error to be obtained despite potential interference
from participants continuously moving. These methods extend
previous work on this dataset focused on the tracking and integra-
tion of self and other movement information®® by revealing self-
other error information in the visual system directly relevant for
fine control of interpersonal coordination. While frequency tagging
was initially critical to track self- and other-related information in
these ecological settings due to contamination of the EEG by
eye and forearm movement-related activity, here we show that
this issue is less relevant when examining self-other error neural
processing. Indeed, self-other error variance appeared here
largely independent from that of eye and forearm movements,
enabling its neural tracking to be captured straightforwardly and
meaningfully with coherence measures (see supplemental
information for further details).

By providing objective measures of the processing of real-time
self-other synchronization error, these methods are especially
relevant to examining interindividual differences beyond the in-
fluence of leadership roles investigated in this study. Future
research could assess post-improvisation psychological factors
such as feelings of connectedness and togetherness experi-
enced by participants using interviews to examine their relation-
ship with self-other error processes.®** Further, mental disor-
ders and expertise have been shown to influence interpersonal
synchronization in previous behavioral research.’'%""13.14
However, the nature of the control processes affected remains
unclear. The methods developed here make it possible to inves-
tigate these modifications at a neurophysiological level in natural
settings, which could ultimately help in developing more effec-
tive diagnosis and interventions for patients suffering from
schizophrenia, autism spectrum disorder, and social phobia,
for instance.

More generally, this work highlights new perspectives for hyper-
scanning research especially important considering growing con-
cerns about current measures largely focused on interbrain syn-
chrony.>>>® One major limitation of interbrain synchrony is that
it can be driven by synchronized motor responses and artifacts
between individuals performing together, a significant issue in
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the current study due to participants’ continuous eye and forearm
movement tracking contaminating EEG. Such contamination in-
flates interbrain coherence between the two participants, reflect-
ing the degree of movement synchrony between the two partici-
pants rather than neural synchrony.’>°” Importantly, consistent
with the argument that understanding the neural bases of joint ac-
tion requires addressing questions at different levels of analysis,*”
our results emphasize the complementarity of approaches
focused on individual brains to better understand the neural pro-
cesses supporting social behaviors.

Limitations of the study
While our findings provide insights into the neural tracking of self-
other error, several limitations should be acknowledged. Firstly,
the observed coherence measures are correlational in nature, pre-
cluding definitive conclusions about causal relationships related
to top-down and bottom-up processes along the dorsal visual
stream. The coherence and time lag analyses used in this study
are limited in their ability to distinguish predictive coding from
alternative alignment processes, warranting caution in interpreting
the results. The leadership effects we report could potentially
reflect other processes, such as differences in sensory sampling
or strategy, rather than distinct neural top-down and bottom-up
processes. Secondly, although our control analyses suggest min-
imal contribution of participants’ forearm and eye movements
(see supplemental information), we cannot fully exclude the pos-
sibility that these movements contributed to some of the observed
effects. Lastly, while our results are consistent with predictive pro-
cessing frameworks, they do not provide direct evidence for
causal mechanisms. Future studies employing neuroimaging
techniques enabling robust source estimation and effective con-
nectivity analyses or perturbation protocols could help gain
more direct evidence of predictive processing. Specifically,
consistent with other studies on interpersonal coordina-
tion,?22526:80 fyture research could incorporate brain stimulation
to directly test the causal role of specific brain regions in self-other
error tracking and underlying leader-based predictive processes.
To conclude, the present study provides new insight into the
neural processes underlying visuo-motor interpersonal synchro-
nization. We show in experimental settings where interpersonal
synchronization is not pre-planned but improvised that the hu-
man brain continuously tracks and processes visual self-other
synchronization error through dynamic selective neural pro-
cesses modulated by an individual’s leadership role. Our results
suggest a central role of the dorsal visual stream in the process-
ing of self-other error, which might contribute to balancing pre-
dictive and adaptive processes, possibly doing so more opti-
mally when there is no designated leader. Alignment in brain
dynamics and self-other processing across individuals is the
key for effective interpersonal synchronization and successful
social interaction through visual information.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Preprocessed EEG Data This paper OSF: https://osf.io/7zvna/

Software and algorithms

Matlab R2023a MathWorks https://au.mathworks.com/products/matlab.html
FieldTrip Oostenveld et al.*’ https://www.fieldtriptoolbox.org

Analysis Scripts This paper OSF: https://osf.io/7zvna/

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

The participants were 56 individuals (36 females and 20 males), aged between 18 and 45 years old (M = 24.70; SD = 5.63), tested by.*°
These individuals had been randomly matched to form 28 pairs of participants, 11 female-female, 3 male-male, and 14 female-male
pairs in total. All participants had normal or corrected-to-normal vision, were right-handed, and provided written informed consent
prior to the experiment. The study received approval from the Human Research Ethics Committee at Western Sydney University.

METHOD DETAILS

Procedure

After providing their consent, participants were seated in two chairs in front of each other and fitted with EEG electrodes and motion
capture sensors on their right index fingers to record their brain activity and movement while performing the joint synchronisation
task. Participants were instructed to perform continuous forearm oscillations together that were synchronised (mirrored each other)
along the horizontal axis, and importantly, that were novel by continuously adjusting movement speed and amplitude,®® as illustrated
in Figure 1. This task necessarily entails continually watching each other’s movements to maintain interpersonal synchronisation. The
chairs were positioned to ensure that participants moved comfortably while their index fingers were kept extended as close as
possible without contact. Participants’ movements were monitored by the experimenter to ensure that instructions were followed
and that novel motion patterns were produced throughout the experiment.

The task was performed by each pair of participants in three different conditions — the Follower-Leader and Leader-Follower con-
ditions, in which Leader and Follower roles were assigned to participants, and the Joint condition, in which no leadership roles were
assigned. After one practice trial in each of the three conditions, the participants performed 12 trials of 180 s (i.e., 4 trials in each con-
dition) presented in a randomised order. The experiment lasted approximately 100 min, including EEG preparation and breaks. See”’
for further details, including flickering LEDs attached to participants’ index fingers to tag self and other movement information at fre-
quencies above those of interest in the current study.

QUANTIFICATION AND STATISTICAL ANALYSES

Self-other error synchrony

A Polhemus LIBERTY motion tracker (Polhemus Ltd., VT, USA) was used to record the index finger movements of the two partici-
pants with 0.01 mm spatial resolution while performing the synchronisation task. Movement data were upsampled from the
240 Hz original sampling rate to 500 Hz to enable analyses with EEG data. Self-other synchronisation error was then calculated
as the absolute position difference between the two participants’ movement along the main axis of variance extracted using a Prin-
cipal Component Analysis (PCA) to control for deviations from the motion tracker’s horizontal axis (see Figure 1).

EEG recording and analyses

A Biosemi Active-Two system (Biosemi, Amsterdam, Netherlands) with 64 Ag-AgCl electrodes placed over the scalp of the two par-
ticipants of the pairs according to the international 10/20 system was used to record brain activity at a sampling rate of 2048 Hz.
Preprocessing

Data were high-pass filtered at 0.1 Hz, notch filtered to remove 50 Hz (and corresponding harmonics) electrical power contamination,
and downsampled to 500 Hz. Faulty channels were interpolated with the neighbouring channels (i.e., an average of 1.7 [SD = 1.41]
interpolated electrodes per participant and never more than 5 electrodes). Eye blink artefacts were removed using an Independent
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Component Analysis (FastICA), as implemented in Fieldtrip.®” One single component related to eye blinks was removed per partic-
ipant (no component identified and removed for 8 participants) based on visual inspection of the topography and time-course. No
attempt to remove eye-tracking artefacts (i.e., synchronised eye movements with self- and other-generated movements) was
made, as they had no critical bearing on the analysis of the neural tracking of self-other error (see supplemental information for control
analyses). EEG data were then re-referenced to the average of all scalp electrodes.

EEG-error coherence

EEG-Error coherence was used to capture the alignment of brain activity with continuous fluctuations in self-other synchrony error
across different frequencies.*>" Cross-spectral coherence analyses have been extensively used in previous research to success-
fully capture phase alignment between neural signals,®'°*> between movement signals,®*>** and between neural and movement sig-
nals.®>®” Coherence is essentially the frequency-domain counterpart of cross-correlation in the time domain. It quantifies how much
one signal can explain the variance in another signal at different frequencies, similar to how a correlation coefficient works in the time
domain.®"%® While correlation analyses can be dominated by low-frequency components with large amplitudes, coherence analyses
can help normalise signal power across frequencies, enabling a more detailed examination of signal relationships at specific fre-
quency bands. Cross-spectral coherence was computed between all EEG channels and self-other error. Fast Fourier Transform
(FFT) with a Hanning window was used on 5 s epochs with 50% overlap to obtain power and phase estimations for each EEG channel
and self-other error from 0 to 10 Hz with a frequency resolution of 0.2 Hz. The 0-10 Hz range and 5 s epochs enabled sufficient fre-
quency resolution to examine lower frequency modulations, typical of human movement synchronisation,® and 50% overlap or more
is often standard as it enables to significantly improve coherence estimations.”® We used a multitaper approach to improve coher-
ence estimation,®’""""? as implemented in Fieldtrip. Three tapers were used, resulting in spectral smoothing of +0.3 Hz. Coherence
was computed as:

|SEEG — Error(f) |
SEEG (f)SError (f)

where Sgeg () and Sgror (f) correspond to the autospectral density of the EEG channel and self-other error, and Sgeg-grror(f) coOrre-
sponds to the cross-spectral density.®""°® This resulted in one coherence value between 0 and 1 for each frequency from 0 to
10 Hz, with 0 indicating no synchrony between EEG and self-other error and 1 indicating perfect synchrony.

Coherence was also computed on permuted data by shuffling self-other error timeseries across trials within conditions to obtain a
baseline level of coherence values.**" We performed 9 permutations in total corresponding to all possible combinations of the 4
trials within each condition, and then averaged all permutations and conditions to obtain a single baseline value for each frequency
and participant. This baseline was used to differentiate genuine alignment between EEG and self-other times series from alignment
occurring by chance and trivially driven by the error power spectrum.®0:°%:61:72
Source space analyses
Cross-spectral coherence was also computed in source space to examine brain regions underlying the neural tracking of visual self-
other error. Data in the source space was calculated in Fieldtrip using LCMV and a template standard head model (Montreal Neuro-
logical Institute; MNI) with a 1 cm grid.>” LCMV filters were computed for each voxel with 7% regularisation using the covariance
matrix calculated over all trials of the three leadership roles. Coherence was then computed on these time series as in channel space
except that coherence was calculated for 201 time lags of self-other error, from -2 s to 2 s with a 0.02 s step,”® to examine the time
course of the neural processing of visual self-other error and its underlying predictive mechanisms. Coherence was averaged within
the 0-6 Hz frequency range, which showed a significant difference between real and permuted data in channel space, to avoid
computing overload.

Coherence data were also averaged within five regions of interest (ROIs) — V1, Cuneus, Precuneus, Paracentral lobule, and SMA -
using the AAL (Automated Anatomical Labeling) atlas®® to examine the time course of EEG-Error coherence from early visual cortex to
motor regions through the dorsal visual stream for the different leadership roles. We selected the AAL atlas for its balanced parcel-
lation scheme, which provides sufficient regional detail while accounting for the limited spatial resolution inherent to EEG. We ex-
tracted for each ROI and participant the maximum coherence value and its corresponding time lag to examine differences in coher-
ence magnitude and timing across leadership roles. To control for potential contributions of motor activity related to movement
execution, we also calculated the coherence for the different time lags between changes in participants’ instantaneous movement
frequencies and self-other error. As with self-other error, instantaneous movement frequency remains constant if there is no change
in forearm oscillations (contrary to movement position and its derivatives, and eye movement contaminating EEG), and therefore,
best captures changes in movement alignment with self-other error that might contribute to changes in EEG-Error coherence. Par-
ticipants’ instantaneous frequencies were calculated as the temporal rate of change of continuous phase computed using the Hilbert
Transform, and we then took the absolute values of the derivative to capture changes irrespective of their direction (i.e., acceleration
or deceleration). Topographies and source distributions presented in the figures were made using Letswave6’* and BrainNet.”®

CO/"EEG — Error (f) =

Statistical analyses
All statistical analyses were performed with R version 4.3.3. Repeated-measures ANOVAs were conducted with the package “afex”
version 1.3-1 with Greenhouse-Geisser correction applied when the assumption of sphericity was violated.”® Pairwise contrasts were
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used to examine the significant effects further, with Bonferroni adjustment for multiple comparisons. We also calculated Bayes
factors to quantify the evidence in favour of the alternative hypothesis over the null hypothesis (BF o), as implemented in the package
BayesFactor for R.”” Throughout the results our interpretation was informed by converging evidence from both frequentist and
Bayesian statistical approaches, allowing for a comprehensive understanding of the data. Significant p values (< 0.05), and
BF4o > 10, providing strong evidence in favour of the alternative hypothesis, were considered converging evidence. Graphics
were made with the package ggplot2.”%"°

Cluster-based permutation testing®” was also used to test significant differences in the channel space along the different
frequencies. We ran point-by-point paired t-tests to examine (i) differences in coherence between real (averaged across the three
leadership roles) and permuted data, and (ji) differences in power between designated and undesignated leadership roles. We
also ran point-by-point correlation to test (jii) relationships between EEG-Error coherence and the magnitude of visual self-other error.
We then determined clusters of adjacent frequencies above the critical t-value for a parametric two-sided test and the magnitude of
each cluster by calculating the sum of the absolute t-values constituting each cluster. We used 1000 random permutations (random
sign changes) to obtain a reference distribution of maximum cluster magnitude. The proportion of random partitions that resulted in a
larger cluster-level statistic than the observed one (p value) was calculated. Clusters in observed data were considered as significant
if their magnitude exceeded the threshold of the 95" percentile of the permutation distribution.
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