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b Research Unit in Affective and Social Neuroscience, Department of Psychology, Università Cattolica del Sacro Cuore, Milan, Italy
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A B S T R A C T

Background and aims: Interpersonal synchronization is a key component of effective teaching and learning, but 
little is known about how it differs between face-to-face and remote settings. This study investigates interper
sonal synchronization in face-to-face (FTF) versus remote learning (RL) environments through electroencepha
lography (EEG) and electrocardiography (ECG) hyperscanning.
Methods: Eight groups of 3 students and 1 lecturer (N = 32) engaged in both conditions, consisting of a baseline, a 
20-minute lecture, and a 20-minute interactive task. Neural synchronization was assessed using inter-individual 
Euclidean Distance (EuDist) across five EEG frequency bands (delta, theta, alpha, beta, gamma). Cardiac syn
chronization was assessed via intersubject correlation of heart rate (ISC–HR). Learning outcomes and perception 
were measured through a series of self-report measures and validated questionnaires.
Results: Results revealed a modest but significant effect of learning condition across all EEG bands, with 
significantly lower EuDist values in the FTF condition compared to RL, indicating higher inter-individual neural 
alignment when participants were physically co-present. Additionally, task-specific effects emerged in delta, 
theta, beta, and gamma bands, with interactive tasks generally associated with lower dissimilarity. Furthermore, 
ISC–HR was significantly higher in the FTF condition compared to the RL condition, while no significant task- 
specific differences emerged. Self-report measures further indicated higher perceived interpersonal closeness and 
lesson satisfaction in the FTF condition, while learning outcomes remained stable across modalities.
Conclusion: These findings demonstrate that physical co-presence enhances both cortical and autonomic syn
chronization during instruction, particularly under dialogic conditions, and underscore the role of embodied 
interaction in promoting shared cognitive and affective engagement in educational contexts.

1. Introduction

The educational landscape has faced a transformation led by the 
advent of technology-mediated learning, specifically in the context of 
remote learning [1]. This shift to online education was accelerated by 

the COVID-19 pandemic, which has provoked significant interest in 
understanding the differences between traditional in-person education 
and distance learning modalities [2]. Consequently, research has shown 
an increased interest in investigating the implications of the latter on 
students’ performance, interpersonal synchronization, and the overall 
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educational experience. As educational institutions worldwide rapidly 
transitioned to online learning, the strengths and limitations of 
technology-mediated learning became more apparent [3,4]. While some 
studies emphasize the challenges associated with distance education, 
such as more anxiety and reduced motivation [5,6], others point to the 
opportunity for innovative teaching practices and improved accessi
bility [7–9]. In courses supported by adequate technological infra
structure, students appear to be positively impacted by the 
characteristics of flexibility and accessibility [10–12]. Nonetheless, 
challenges such as limited access to technology, health concerns related 
to extensive computer use, and reduced interpersonal interaction persist 
[13–16]. Despite these issues, distance learning facilitates access to 
education by removing traditional constraints related to time and place 
[17,18].

These developments prompt critical inquiries regarding the optimal 
implementation of e-learning and question its efficacy as a universally 
successful educational strategy [19]. Among the possibilities to reduce 
the gap between the two learning modalities, it is important to consider 
interpersonal synchronization, which is a critical aspect of the learning 
process and refers to the tendency of individuals to attune and align their 
physiological and behavioral states while interacting with each other 
[20]. According to predictive processing and interactive alignment 
models, synchrony emerges when individuals can continuously update 
their internal predictions based on temporally contingent cues from 
others [21,22]. Theory of collective mind further suggests that when 
information arrives synchronously to a group, individuals are more 
likely to represent their mental states as shared, which amplifies rela
tional bonds and cooperative behavior [23]. In educational settings, 
co-experienced information in the classroom may support a unified 
collective mind among students and instructors, facilitating joint coor
dinated attention and shared representations. However, video-mediated 
communication is thought to weaken these contingency loops by 
degrading the fine-grained temporal and multimodal information 
essential for coordinating attention and shared experiences [24,25]. In 
the same direction, the disembodied disconnect hypothesis posits that 
digital platforms down-regulate “we-mode” processes (i.e., behavioral 
and physiological synchronization, shared attention, emotional attune
ment), which are considered foundational for interpersonal bonding and 
the development of collective identities. Taken together, these disrup
tions may have measurable consequences for learning, impacting social 
presence and immediacy as well as cognitive load [26,27].

Therefore, overall face-to-face (FTF) learning environments are 
thought to promote greater interpersonal synchronization due to the 
real-time interactions and enhanced social presence [28,29]. In contrast, 
online platforms allow students to reflect on their contributions before 
responding, which can foster more thoughtful and well-articulated in
teractions and, consequently, lead to an enhanced quality of discussions 
and deeper learning [30]. Additionally, the flexibility of remote learning 
(RL) can accommodate diverse communication styles, allowing students 
to engage in ways that feel most comfortable to them [31]. Ultimately, 
while some studies suggest that online learning can be as effective as 
traditional FTF learning [32], others highlight the importance of 
considering factors such as instructional strategies and learning envi
ronments [33,34].

While FTF settings provide richer social presence and more imme
diate, multimodal feedback, flexibility and accessibility offered by RL 
are a strong asset [35,36]. Existing research shows mixed outcomes for 
both modalities, suggesting that their effectiveness depends on a variety 
of factors such as instructional design, teacher behavior, and student 
engagement [37–39]. Understanding the underlying neurocognitive 
mechanisms becomes therefore crucial for explaining when and why 
such modalities can support learning more effectively.

From a neurocognitive perspective, the interactive dynamics be
tween the educators and students remain an essential yet underexplored 
area of research. Early research has examined neurophysiological 
markers in learning settings [40,41], emphasizing that such interactions 

are central for enhancing the learning process and engagement [42]. 
While traditional FTF communication naturally supports these dynamics 
through non-verbal cues (e.g., body movements and facial expressions), 
RL environments present significant obstacles. Importantly, in syn
chronous video-mediated environments, non-verbal information is 
substantially degraded, though not completely absent. Limited camera 
framing, reduced resolution, frame-rate variability, compression arti
facts, and latency alter the richness and timing of facial expressions, 
gestures, and posture [43]. These qualitative degradations interfere with 
the natural temporal contingencies that sustain interpersonal synchrony 
during learning [44]. Consistent with this view, recent neuroimaging 
work comparing live “in-person” faces with visually matched “Zoom-
like” faces has shown that social context matters, even when the visual 
features of the partner’s face are controlled [45]. Indeed, the overall 
findings suggest that FTF encounters uniquely engage neural mecha
nisms that support interpersonal synchrony and shared attention 
compared to video-mediated communication.

This disruption may impact learners’ cognitive engagement and 
weaken their emotional connection and sense of co-presence with the 
instructor and peers [46]. Consequently, video-mediated communica
tion may require greater neural resources to integrate fragmented cues 
and maintain shared attention, thereby increasing cognitive load 
compared to face-to-face interaction [47].

According to the theory of collective mind, proposed by Shteynberg 
and colleagues [23], shared stimuli tend to foster a unified mental state 
in groups of individuals with convergent experiences. In FTF environ
ments, this synchronous experience helps strengthen relational bonds 
and enhances cooperative behaviors, fostering and reinforcing inter
personal synchronization. In contrast, RL environments may lack the 
immediacy of real-time, co-experienced stimuli, resulting in less intense 
cognitive and emotional alignment between students and educators.

Despite a need for holistic approaches to study learning processes, 
multidisciplinary approaches that integrate educational psychology and 
pedagogy with evidence-based support from cognitive neuroscience 
remain rare [48,49]. Recent neuroscientific studies have explored 
asynchronous learning [50], lifestyle influences [51], and feedback 
dynamics for the education process [52]. In this context, hyperscanning 
(i.e., the simultaneous acquisition of neurophysiological data from two 
or more individuals engaged in a shared activity) has emerged as a 
highly informative methodological approach for investigating 
inter-individual coupling during social and cognitive interaction [53]. 
Among the diverse analytical approaches adopted within the hyper
scanning framework, the computation of Euclidean Distances (EuDist) 
applied to normalized power spectral density (PSD) values constitutes a 
robust, non-directional metric of inter-individual neural dissimilarity. 
This index enables a fine-grained quantification of divergences in 
oscillatory cortical dynamics across distinct frequency bands, thereby 
providing insight into the degree of neural decoupling between inter
acting individuals [54–56].

Recent empirical evidence has underscored the frequency-specific 
sensitivity of EuDist metrics in capturing functionally distinct neuro
cognitive processes. Increased EuDist in the delta and theta bands has 
been linked to interpersonal divergence in processes related to atten
tional allocation, motivational salience, and the encoding of temporally 
extended information streams, dimensions critically involved in didactic 
and instructional settings [57,58]. Alpha-band activity, often inter
preted as a marker of top-down inhibition and mental effort regulation, 
shows intersubjective desynchronization patterns that may reflect dif
ferential responsivity to task-relevant stimuli [59]. At higher fre
quencies, beta and gamma rhythms are associated with executive 
integration, semantic elaboration, and error-monitoring processes, 
which are typically mobilized during dialogic reasoning and collabora
tive problem-solving. Within this framework, the magnitude of EuDist 
across spectral topographies serves as a sensitive index of cognitive and 
attentional alignment – or misalignment – between individuals engaged 
in joint task execution, offering a window onto the dynamic interplay of 
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shared and divergent processing during educational interaction 
[60–62].

In addition to EEG, autonomic measurements such as heart rate 
variability (HRV) can indicate interpersonal physiological synchroni
zation [63]. Prior studies have shown synchronized HRV in emotionally 
charged interactions [64], group performances [65,66], and in-person 
social interactions [67,68]. Fewer studies have applied this method to 
asynchronous contexts [69,70], although promising findings exist [71]. 
Within this framework, autonomic synchrony offers a complementary 
index to EEG-based metrics, reflecting the dynamic regulation of shared 
arousal states, affective alignment, and co-regulatory processes, criti
cally involved in maintaining interactional stability and enhancing 
pedagogical experience over time.

Despite the methodological relevance of this multimodal framework, 
the use of hyperscanning-derived indices within educational research 
remains underexplored, not only concerning systematic comparisons 
between FTF and RL conditions, but also across distinct instructional 
formats. Existing studies have largely concentrated on dyadic exchanges 
or static paradigms, often neglecting how varying pedagogical struc
tures, such as expository instruction (frontal lecture) versus collabora
tive problem-solving (group-based interactive task), modulate the 
dynamics of neurophysiological alignment [72,73]. Addressing this gap, 
the present study combines EEG-based EuDist metrics with ECG-derived 
intersubject correlation of heart rate (i.e. ISC–HR), offering a 
multi-level characterization of interpersonal synchronization across 
both passive and dialogic learning phases within ecologically grounded 
educational scenarios.

Specifically, we hypothesized that: 

− FTF classes will induce higher inter-individual neural alignment, as 
indexed by lower EuDist values across EEG frequency bands, relative 
to the RL condition. This effect was expected to manifest particularly 
in the delta and theta bands, which are sensitive to attentional and 
motivational synchronization, as well as in the beta and gamma 
bands, which reflect higher-order integrative and executive pro
cesses. Moreover, task-related modulation was anticipated, with the 
interactive phase promoting enhanced synchrony compared to the 
lecture phase, due to its dialogic and co-regulated structure.

− FTF classes will promote stronger autonomic synchronization 
compared to the RL condition, measured by intersubject correlation 
indexes.

2. Methodology

2.1. Participants

A total of 25 unique participants took part in the study. Specifically, 
24 students (13 female, Mage=25.75, SD=3.08) were divided into the 
eight groups, while the same lecturer (male, aged 46) conducted all 
sessions in order to account for variability in teaching style. The allo
cation to groups was randomized, in order to control previous ac
quaintances between participants, and all groups were maintained the 
same for both conditions. In order to control for familiarity with the 
group in the second session, the order of the conditions was counter
balanced (i.e., half of the groups started with the FTF condition, while 
the other half started with the RL condition).

Due to personal reasons, two students completed only one of the two 
conditions; however, they were included in the analyses within the 
available condition.

Sample size calculation was determined using G*Power software (v. 
3.1.9.7) for a repeated-measures ANOVA model (baseline, lecture, 
interactive task). Based on previous observations, we assumed an alpha 
error probability of 0.05, power of 0.9, an effect size of 0.25, and an 
inter-measurement correlation of 0.65. The estimated minimum sample 
size calculated was equivalent to 26 participants. Inclusion criteria for 
study enrolment were: (a) being older than 18 years, (b) being proficient 

in the language used for activities (i.e., Italian), (c) lacking prior ac
quaintance with the other participants (i.e., neither the teacher nor 
fellow students), (d) having joined classes (e.g., university, professional 
courses, etc.) within the past two-year period, (e) being right-handed, (f) 
having normal or corrected-to-normal hearing and visual abilities, (g) 
absence of medical history of burnout in the previous 6 months and (h) 
absence of medical or neurological, psychomotor and psychiatric con
ditions that could potentially interfere with EEG or ECG assessments (e. 
g., epilepsy, cardiac disorders) and with tasks.

The study received approval from the Ethics Committee of the 
Catholic University of the Sacred Heart, Milan, in May 2022 (approval 
code: 18/22 “I meccanismi di sincronizzazione neurale interpersonale nella 
didattica in presenza e a distanza: uno studio EEG con tecnica 
hyperscanning”).

2.2. Procedure and materials

The study employed a 3 (task: baseline, lecture, interactive task) x 2 
(condition: FTF vs. RL) within-subjects design (Fig. 1).

2.2.1. Preliminary assessment
As stated in the previous section, all participants took part in both 

experimental conditions (i.e., RL and FTF) on two consecutive days, with 
the order of condition administration fully counterbalanced across the 
sample to control for potential sequence effects.

Each experimental session involved four participants (i.e. 3 students, 
1 lecturer) and was conducted in a controlled laboratory setting.

Upon arrival, participants were individually welcomed and seated in 
a sound-attenuated room with stable lighting and temperature condi
tions. After being briefly introduced to the general aims of the study, 
they were informed of their rights as research participants, including the 
right to withdraw at any time without justifying, and were asked to sign 
the informed consent form.

Participants then completed a brief sociodemographic survey (age 
and gender), in order to collect data on general characteristics of the 
sample.

2.2.2. Experimental task
Following this pre-experimental phase, the research team fitted each 

participant with a 32-channel EEG cap, as well as ECG sensors for pe
ripheral physiological monitoring. Signal quality was continuously 
monitored by a trained experimenter throughout the session.

The experimental session began with a 4-minute baseline recording 
(2 min eyes closed, 2 min eyes open). Participants then engaged in one of 
the two experimental conditions (RL or FTF). In the RL condition, stu
dents attended the lesson using iPads while seated in individual rooms. 
The visual field was constrained not to prevent mutual observation, as 
participants were already physically separated, but to eliminate extra
neous visual stimuli (e.g., laboratory furniture, passing staff, equipment) 
and to standardize the visual experience across participants. This 
ensured that any differences in neural or physiological responses re
flected the learning modality rather than environmental variability. The 
Skype interface was configured so that students could see only the lec
turer’s video feed and the lecture slides. Students did not see each other, 
and the self-view window was disabled to minimise distraction and 
ensure uniformity across participants. In the FTF condition, the lecturer 
and the three students were seated at a standardized interpersonal dis
tance of approximately 1.5 m, and this distance was kept identical across 
sessions and across all groups. Participants were arranged in a semicircle 
facing the lecturer to ensure equal visibility and comparable auditory 
access, while maintaining consistent social spacing across all groups.

The lesson structure was identical across conditions and consisted of 
two segments lasting 20 min each: (i) an instructional presentation by 
the lecturer (i.e. “lecture”), followed by (ii) a guided group discussion (i. 
e. “interactive task”). Although the educational content of the two ses
sions was not identical, both lessons focused on the same subject area to 
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ensure comparability. The instructor prepared two versions of the lesson 
that addressed the same topic and had similar complexity, length, and 
conceptual structure. This approach exposed participants to new, 
thematically equivalent content in both conditions, thus avoiding the 
effects of prior knowledge while maintaining ecological validity.

After each lesson, students participated in a problem-solving activity 
in which they collaboratively analyzed a short case study related to the 
lesson topic, discussing possible interpretations and solutions. This task 
was designed to stimulate joint reasoning, turn-taking, and dialogic 
exchange, using an identical structure and only differing in the mode of 
delivery (FTF vs RL). The total lesson duration was 40 min. For meth
odological and pedagogical reasons, the order of instructional segments 
remained fixed across sessions. Presenting the interactive task before the 
lecture would have created an asymmetrical cognitive structure because 
students would have been required to solve the task without first 
receiving the necessary content. Maintaining a lecture-first structure 
ensured ecological validity by reflecting the typical organization of 
university teaching.

2.2.3. Post-task evaluation
At the end of each session, the recording equipment (i.e., EEG and 

ECG) was removed, and participants completed a series of post- 
experiment measures. These included the Post-Experiment Satisfaction 
Questionnaire (PSQ), administered after each condition following the 
procedure outlined by Bevilacqua et al. [72], which comprised four 
Likert-scale items evaluating satisfaction, attention, and interest in the 
lesson.

Participants also completed the Inclusion of Other in Self (IOS) scale 
[74], which was administered to evaluate perceived closeness to the 
teacher after the experimental task, using a series of increasingly over
lapping circle pairs from which participants selected the one that best 

represented their sense of interpersonal closeness.
Finally, a Knowledge Evaluation Questionnaire (KEQ) was used to 

assess lesson-related learning outcomes through a content-specific 
checklist. This was composed of five questions concerning the topics 
covered in class, which required the participant to choose the correct 
answer out of four options. The questions were prepared by the teacher, 
in order to assure a coherence between what was explained and what 
was subsequently asked and then checked by the experimenters to assess 
the feasibility.

Each session concluded with a brief debriefing, during which the 
study’s aims were further explained and any questions from the par
ticipants were addressed. Participants were then dismissed and provided 
with the research team’s contact information for any subsequent 
inquiries.

2.3. EEG: Data acquisition and processing

EEG signals were continuously acquired throughout the baseline and 
task phases using a 28-channel direct current amplifier (SYNAMPS; 
Compumedics Neuroscan), operating in conjunction with the NEURO
SCAN 4.2 acquisition suite. Electrode placement followed the interna
tional 10–20 system [75] with extensions based on the 10–10 system, 
comprising 27 active Ag/AgCl electrodes (Fp1, Fp2, F3, F4, F7, F8, Fz, 
FC1, FC2, FC5, FC6, FCz, C3, C4, Cz, CP1, CP2, CP5, CP6, T7, T8, P3, P4, 
P7, P8, Pz, O1, O2), with FCz used as reference. To monitor ocular ar
tifacts, horizontal and vertical eye movements were recorded using two 
bipolar electrooculographic (EOG) channels positioned at the outer 
canthus and below the left eye. Electrode impedance was kept below 5 
kΩ throughout the recording to ensure optimal signal quality. EEG data 
were sampled at 1000 Hz and filtered online with a 50 Hz notch filter to 
suppress line noise.

Fig. 1. Overview of experimental procedure and study design. Each session included a 20-minute EEG and ECG setup phase, followed by a 4-minute resting baseline 
(2 min eyes closed + 2 min eyes open), a 20-minute lecture, a 20-minute interactive task, and 5 min allocated for post-task questionnaires. The same protocol was 
carried out under two conditions: FTF, where all participants and the lecturer were present in the same physical space, and RL, where the session was conducted via 
Skype. Each participant completed both conditions across two consecutive days, in a counterbalanced order. EEG and ECG data were recorded throughout all 
experimental phases in both modalities.
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Baseline activity was recorded before the task in resting-state con
ditions (2 min eyes closed, 2 min eyes open). This single baseline 
recording, obtained at the beginning of each experimental session, was 
used to normalize the PSD values of both the lecture and the interactive 
task within that same session. Since participants completed the FTF and 
RL conditions on different days, baseline normalization was therefore 
performed separately for each condition and for each participant, and no 
pooled baseline across conditions was used. During each experimental 
condition (FTF and RL), EEG was continuously acquired across two 
distinct instructional phases: the lecture and the interactive task. For 
subsequent analyses, for each instructional phase (lecture, interactive 
task), a 3-minute segment of artefact-free EEG was extracted from a time 
window located near the central portion of the task, to ensure stable 
engagement while minimizing potential confounds related to task onset 
or fatigue. This approach ensured uniform data quality across 
participants.

Offline preprocessing included bandpass filtering of continuous EEG 
signals between 0.01 and 50 Hz using a zero-phase IIR filter. Data were 
then segmented into consecutive 2-second epochs. Ocular and 
movement-related artefacts were manually identified and excluded 
through visual inspection by two independent researchers blinded to the 
experimental condition. Only artefact-free epochs were retained for 
further analysis. Across participants, the proportion of rejected epochs 
remained consistently low, with an average rejection rate below 2 % for 

all conditions.
PSD was estimated via Fast Fourier Transform (FFT), applying a 

Hamming window to reduce spectral leakage, with a spectral resolution 
of 0.5 Hz. Absolute power values were extracted for standard frequency 
bands: delta (0.5–3.5 Hz), theta (4–7.5 Hz), alpha (8–12.5 Hz), beta 
(13–30 Hz), and gamma (30.5–50 Hz).

To assess inter-individual neural similarity within each group, EuDist 
were computed on normalized PSD values between all unique partici
pant pairs (i.e., six combinations per group) for each frequency band, 
task phase (lecture, interactive task), and condition (FTF, RL). The 
normalized PSD values were computed for each channel and frequency 
band as: 

Normalized PSD =
PSDtask − PSDbaseline

PSDbaseline 

For each dyad (i,j), EuDist Dij was calculated across all selected 
channels k = 1, …, N (where N = 27) and within each frequency band, as 
follows: 

Dij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑N

k=1

(
PSDi,k − PSDj,k

)2

√
√
√
√

To derive participant-level indices, the five EuDist involving each 
participant (i.e., with the three other members of the group) were 

Fig. 2. Color-coded representation of the EuDist index for each participant, frequency band, task, and condition. Each column corresponds to an individual 
participant (subject ID 1–32), and each row represents the EuDist values for each experimental condition and task (FTF, lecture and interactive task; RL, lecture and 
interactive task). For each participant, the EuDist index represents the average Euclidean Distance between that participant and all the other members of the group (i. 
e., the three students and the lecturer) computed across all EEG channels within each frequency band. Colors reflect the magnitude of the EuDist, scaled across the full 
matrix and centered on the global mean: lower EuDist values are shown in blue, and higher values in red.
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averaged, yielding a single dissimilarity score per participant, per con
dition, and per task phase (for each frequency band) (Fig. 2): 

Di =
1
3
∑

j∕=i
Dij 

2.4. ECG: Data acquisition and processing

Cardiac activity was employed as an index of autonomic system 
activation, measured via ECG. The ECG signal was collected through 
BIOPAC Systems Inc (Goleta, CA, USA) for cardiac activity monitoring, 
examining heart rate frequency (HR), according to a 3-lead placement.

R studio (v. 4.4.0) was used to perform the analyses. Specifically, 
intersubject correlation of heart rate (ISC–HR) indexes, which are a 
measure of interpersonal synchronization, was computed for each 
experimental condition and task, in accordance with the procedure 
described in Pérez and colleagues [71]. Pre-processed IBI data were 
standardized in length by trimming them to the average length across 
participants to ensure alignment. Subsequently, linear interpolation was 
performed to estimate missing values within the time series by 
computing the average values, and remaining edge NAs were filled 
forward and backward to eliminate discontinuities. The interpolated IBI 
signals were then converted to HR, and each dataset was segmented into 
temporally consistent portions, calculated on the baseline length, in 
order to allow time-resolved ISC estimation. Within each segment, a 
correlation matrix was calculated and normalized using a Fisher-Z 
transformation, and individual ISC–HR scores were obtained by aver
aging the Z-values for each subject across all pairwise comparisons 
(Fig. 3). These values were then transformed using the inverse Fisher-Z 
formula to return ISC–HR scores on the original correlation scale. 
Finally, ISC–HR scores from the segments were averaged to obtain a 
single ISC–HR value per subject for each condition and task separately.

2.5. Statistical analyses

2.5.1. EEG EuDist analyses
For EEG EuDist statistical analysis, a set of five 2 × 2 repeated 

measures ANOVA (Condition, 2 levels: FTF vs. RL; Task, 2 levels: lecture, 
interactive task) as within-subject factor, was computed for each fre
quency band (delta, theta, alpha, beta and gamma band).

In cases where the assumption of sphericity was not met, the degrees 
of freedom were adjusted using the Greenhouse-Geisser correction to 
reduce the risk of Type I error. When statistically significant effects 
emerged, these were explored through pairwise post hoc comparisons 
corrected using the Bonferroni method. Effect sizes were quantified 
using partial eta squared (η²ₚ) to estimate the proportion of variance 
attributable to each factor. The threshold for statistical significance was 
fixed at α = 0.05.

Prior to conducting inferential analyses, the data underwent pre
liminary screening to assess univariate normality. Furthermore, a pre
liminary repeated-measures ANOVA was conducted to test whether 
dissimilarity scores differed between student-student and student- 
lecturer dyads across all five frequency bands. No significant effects 
emerged (all p > .05), indicating that neural dissimilarity was not 
modulated by dyadic role configuration. Accordingly, all pairwise 
combinations were considered equivalent and were retained in the final 
computation of inter-individual neural distance metrics

Skewness and kurtosis coefficients were inspected to ensure that 
values remained within the acceptable range for parametric testing 
(±2.0). All analyses were carried out using Jamovi (version 2.6.22; The 
Jamovi Project, 2022).

2.5.2. Cardiac synchronization analyses
For ECG data, a 2 × 3 repeated-measures ANOVA (Condition, 2 

levels: FTF vs. RL; Task, 3 levels: baseline, lecture, interactive task) was 
conducted on the ISC–HR indexes, with Condition and Task as within- 

subjects factors. This approach was motivated by the within-subject 
experimental design, maintaining methodological consistency with the 
EEG analyses. Given that the primary aim of the study was to compare 
average synchronization patterns across instructional contexts rather 
than to model individual differences or hierarchical variance compo
nents, a repeated measures framework was deemed appropriate for the 
present data. Effect sizes are reported as partial eta squared (η²ₚ) and 
interpreted according to Richardson’s [76] criteria (small = 0.01, me
dium = 0.06, large = 0.14). The alpha level was set to 0.05 for all an
alyses. Prior to statistical analyses, outliers were identified and 
addressed separately within each condition and task according to the 
interquartile range method to preserve the integrity of within-cell 
variability. Outliers (1.04 % of the data) were therefore imputed using 
the mean of the corresponding condition x task cell, in order to avoid 
distortion in the between-condition comparisons and case-wise elimi
nation in the repeated measures ANOVA. Assumptions for the ANOVA 
method were met by looking at diagnostic plots and carrying out the 
Shapiro test for normality and the Levene’s test for homogeneity of 
variance. Since the Levene’s test was significant, Greenhouse-Geisser 
correction was used to account for violation of the homogeneity 
assumption. Regarding pre-processing of the data, recordings were 
aligned in time between subjects and then, the raw ECG signals were 
processed using Kubios HRV Scientific (v. 4.1.2.1) [77], a software tool 
for HR analyses. Within Kubios, R-peaks were first detected automati
cally using the built-in QRS detection algorithm. To ensure signal 
integrity, each ECG signal was then manually inspected and corrected. 
This step allowed for the identification and removal of artifacts or noise 
that were not adequately detected by the automatic algorithm. Manual 
adjustments focused on ensuring the precision of R-peak detection and 
preserving physiologically plausible IBI sequences.

2.5.3. Self-report and behavioral analyses
Self-report and behavioral data (i.e., IOS, PSQ, KEQ) were analyzed 

using paired-samples t-tests comparing FTF and RL conditions. This 
approach was selected to estimate mean within-subject differences and 
corresponding effect sizes, which were estimated using Cohen’s d. As
sumptions were evaluated through visual inspection of Q-Q plots and 
Shapiro-Wilk tests on difference scores. Given the focus on effect esti
mation and the robustness of paired t-tests to moderate departures from 
normality, parametric analyses were retained. All analyses were carried 
out using Jamovi (version 2.6.22; The Jamovi Project, 2022).

3. Results

3.1. EEG EuDist results

EEG EuDist results are reported below for each band (Fig. 4).
Delta Band. The repeated-measures ANOVA revealed a significant 

main effect of Condition (F(1, 31) = 33.55, p < .001, η²ₚ = 0.520), 
indicating higher EuDist values in the RL condition compared to the FTF 
condition. A significant main effect of Task also emerged (F(1, 31) =
6.21, p = .018, η²ₚ = 0.167), with higher EuDist observed during the 
lecture phase relative to the interactive task. The Condition × Task 
interaction was likewise significant (F(1, 31) = 30.81, p < .001, η²ₚ =
0.498). Post hoc comparisons confirmed significantly higher EuDist in 
the RL condition compared to the FTF condition during both the lecture 
(p < .001) and the interactive task (p < .001). Furthermore, within the 
RL condition, EuDist was significantly higher during the lecture than 
during the interactive task (p < .001).

Theta Band. A significant main effect of Condition was found (F(1, 31) 
= 270.7, p < .001, η²ₚ = 0.897), with higher EuDist in the RL condition. 
A main effect of Task was also found (F(1, 31) = 130.1, p < .001, η²ₚ =
0.808), with higher EuDist in the lecture task. The Condition × Task 
interaction was significant (F(1, 31) = 34.9, p < .001, η²ₚ = 0.530). Post 
hoc comparisons showed higher EuDist values in the RL condition 
compared to the FTF condition for both the lecture (p < .001) and 
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Fig. 3. Correlation matrices of ISC–HR, computed pairwise between all participant couples, shown separately for each task (baseline, lecture, interactive task) and 
learning condition (FTF, RL). Each cell represents the Pearson correlation coefficient (r) between ISC–HR time series for a given subject pair. Warmer colors (red) 
indicate higher positive synchrony, while cooler colors (blue) reflect anti-correlation or desynchronization.
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interactive task (p < .001). Within the RL condition, EuDist was higher 
in the lecture task than in the interactive task (p < .001). Within the FTF 
condition, the lecture task was also associated with higher EuDist than 
the interactive task (p < .001).

Alpha Band. The analysis showed a significant main effect of Condi
tion (F(1, 31) = 12.07, p = .002, η²ₚ = 0.280), with higher EuDist in the 
RL condition compared to the FTF condition. No significant main effect 
of Task (p = .087) or Condition × Task interaction (p = .937) was 
observed.

Beta Band. The ANOVA revealed a significant main effect of Condition 
(F(1, 31) = 3043.9, p < .001, η²ₚ = 0.990), with higher EuDist in the RL 
condition. A significant main effect of Task was also observed (F(1, 31) =
456.2, p < .001, η²ₚ = 0.936), with higher EuDist in the lecture task. The 
Condition × Task interaction was significant (F(1, 31) = 73.6, p < .001, 
η²ₚ = 0.704). Post hoc comparisons indicated higher EuDist values in the 
RL condition compared to the FTF condition, during both the lecture (p 
< .001) and interactive task (p < .001). Within each condition, the 

lecture task was associated with higher EuDist than the interactive task 
(p < .001).

Gamma Band. A significant main effect of Condition was found (F(1, 
31) = 10.69, p = .003, η²ₚ = 0.256), with higher EuDist in the RL con
dition. The main effect of Task was also significant (F(1, 31) = 8.09, p =
.008, η²ₚ = 0.207), with higher EuDist in the interactive task. Finally, 
also the Condition × Task interaction was significant (F(1, 31) = 7.25, p 
= .011, η²ₚ = 0.190). Post hoc analyses showed higher EuDist values in 
the RL condition during both tasks compared to the lecture task in the 
FTF condition (p = .006 and p = .002, respectively). In the FTF condi
tion, the interactive task was also associated with higher EuDist than the 
lecture task (p = .006).

3.2. Cardiac synchronization results

The ANOVA revealed a significant main effect of Condition (F(1, 31) 
= 6.84, p = 0.014), indicating greater overall ISC–HR in the FTF 

Fig. 4. Boxplots of EuDist index across frequency bands (Delta, Theta, Alpha, Beta, Gamma), as a function of Condition (FTF, RL) and Task (Lecture, Interactive task). 
Black squares indicate group means; dots represent individual data points.
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condition compared to the RL condition. The associated effect size was 
small (η²ₚ = 0.014), indicating a modest magnitude of the condition 
effect. There was no significant main effect of Task (F(1.31, 40.64) =
0.26, p = .678, η²ₚ = 0.008), suggesting that baseline, lecture, and 
interactive tasks did not differ significantly in overall ISC–HR (Fig. 5). 
Concerning the Condition × Task interaction, no statistically significant 
result was found (F(1.49, 46.32) = 2.19, p = .136, η²ₚ = 0.066), indi
cating that the effect of condition did not vary depending on the task.

3.3. Self-report and behavioral measures

The paired samples t-test revealed a significantly higher IOS score in 
the FTF condition compared to the RL condition (t(23) = 5.09, p < .001, 
Cohen’s d = 1.04), indicating a stronger perceived interpersonal close
ness with the lecturer during the FTF modality.

Concerning the PSQ, participants reported significantly higher 
overall lesson satisfaction in the FTF condition compared to the RL 
condition (t(19) = 3.77, p = .001, Cohen’s d = 0.84). This result suggests 
greater subjective engagement and appreciation of the lesson when in
struction occurred in physical co-presence.

Finally, no significant difference emerged between FTF and RL 
conditions in knowledge acquisition, as measured by the KEQ (t(20) =
0.56, p = .584, Cohen’s d = 0.12). This suggests that, despite differences 
in interpersonal and affective dimensions, learning outcomes were 
comparable across instructional modalities.

4. Discussion

The present study aimed to investigate interpersonal synchroniza
tion in educational contexts by comparing neurophysiological alignment 
across FTF and RL modalities. Using EEG and ECG hyperscanning, the 
inter-individual similarity in cortical oscillatory activity (i.e. EuDist) and 

autonomic synchrony (i.e. ISC–HR) was assessed during both passive 
(lecture) and active (interactive discussion) instructional phases. The 
findings reveal relevant differences between learning conditions.

Firstly, EEG analyses revealed a systematic modulation of inter- 
individual neural similarity as a function of learning condition across 
all examined frequency bands. EuDist values were consistently higher in 
the RL condition relative to FTF, indicating reduced inter-brain align
ment in the absence of physical co-presence [78–80]. This effect was 
statistically robust across delta, theta, alpha, beta, and gamma bands, 
underscoring the widespread impact of embodied interaction on cortical 
convergence during group-based instructional settings.

Beyond this global effect, the interaction between Condition and 
Task revealed frequency-dependent differentiation. In the slower bands 
(delta and theta), both factors (i.e., Condition and Task) contributed 
independently and interactively to neural dissimilarity.

These bands are typically associated with attentional engagement, 
temporal integration, and encoding processes [78,81,82], and the 
observed pattern is consistent with the interpretation that physical 
co-location, combined with dialogic interaction, enhances alignment in 
these low-frequency rhythms.

EuDist values were highest during RL lectures, and consistently 
lower during interactive phases, especially in FTF settings. These find
ings point to the joint influence of spatial proximity and dialogic 
structure in stabilizing attentional and motivational synchrony.

In contrast, alpha-band results showed a different profile. While a 
significant main effect of Condition emerged (again with higher EuDist 
in RL) no effects of Task or Condition × Task interaction were found. 
This may indicate that alpha-band similarity is modulated primarily by 
the spatial configuration of the learning environment, rather than by the 
phase of the instructional task. Given the established role of alpha os
cillations in attentional gating and cortical inhibition [59,79], this 
pattern may reflect a general tonic modulation of attentional readiness, 

Fig. 5. Part 1: Distribution of ISC–HR values by learning condition (FTF in blue, RL in red) across all participants and tasks. The central line represents the median, 
the box indicates the interquartile range, and whiskers extend to ±1.5 × IQR. Part 2: (A) Within-subject ISC–HR comparisons between FTF and RL across tasks. Each 
subplot represents one experimental phase (baseline, lecture, interactive task). Dots represent ISC–HR values for individual participants in the FTF (blue) and RL 
(red) conditions. Lines connect repeated measures from the same individual, illustrating task-specific changes in intersubject synchrony. (B) Task-averaged ISC–HR 
by learning condition. Mean ISC–HR across all tasks for each participant is plotted by condition.
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influenced by physical co-presence but not substantially altered by 
variations in cognitive engagement between passive and active learning 
phases.

In both the faster frequencies – beta and gamma – significant effects 
of Condition and Task, as well as Condition × Task interactions, were 
observed. In beta, higher EuDist was found in RL compared to FTF, and 
during lectures compared to interactive tasks. These effects were more 
pronounced in RL, suggesting that beta-band synchrony is highly sen
sitive to both spatial separation and reduced interpersonal exchange. 
The interactive task, particularly in FTF, was associated with lower beta 
EuDist, consistent with prior research suggesting an involvement of this 
frequency range in predictive coding, motor simulation, and syntactic 
integration during socially coordinated action [83–85].

Gamma-band activity, while similarly affected by Condition and 
Task, exhibited an inversion of the task pattern observed in lower bands. 
Here, EuDist was higher during the interactive task than the lecture, in 
both RL and FTF, with the highest dissimilarity observed in RL- 
interactive. This result is compatible with the view that, unlike lower 
frequencies, gamma oscillations may be more sensitive to the semantic 
variability and individualized elaboration typical of spontaneous inter
action [85–88]. Notably, although the interactive phase increased 
gamma-band dissimilarity in both conditions, the effect was markedly 
less pronounced in FTF, suggesting that physical co-presence may 
partially mitigate variability even during open-ended exchanges.

Taken together, these findings delineate a layered structure of 

interpersonal synchronization across the EEG spectrum. While the effect 
of spatial proximity (FTF vs. RL) is globally observed across all bands, 
the influence of task structure (lecture vs. interaction) is more selective, 
with interaction enhancing alignment in slower bands and inducing 
divergence in gamma activity. Alpha-band responses appear to reflect 
generalized condition effects, insensitive to task demands. Importantly, 
the presence of non-significant effects, such as the absence of task 
modulation in the alpha band and the lack of interaction in that range, 
provides further support for the functional specificity of each frequency 
domain. This pattern supports a model in which neural synchronization 
during collaborative learning is structured along two primary axes: one 
determined by the physical configuration of the learning context, and 
the other by the cognitive and interpersonal demands of the instruc
tional phase. Importantly, these neurophysiological patterns converge 
with subjective reports of interpersonal closeness. Participants reported 
significantly higher IOS scores in the FTF condition, indicating a 
stronger perceived relational bond with the lecturer. This subjective 
dimension aligns with the reduced EuDist observed across frequency 
bands, supporting the interpretation of neural synchronization as a 
correlate of perceived interpersonal connectedness during learning. 
Fig. 6

Secondly, analysis of ISC–HR data revealed a statistically signifi
cant, though small, cardiac synchronization in the FTF condition 
compared to the RL condition. This supports our hypothesis that in- 
person interactions enhance autonomic alignment among participants. 

Fig. 6. Mean scores (±95 % confidence intervals) and medians for (a) Inclusion of Other in the Self (IOS), (b) lesson satisfaction (PSQ), and (c) knowledge evaluation 
(KEQ) in the face-to-face (FTF) and remote learning (RL) conditions. Paired-samples t-tests revealed significantly higher IOS and PSQ scores in the FTF condition, 
whereas no significant differences were observed for KEQ, indicating comparable learning outcomes across instructional modalities.
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This finding is consistent with an increasing body of literature empha
sizing that physical proximity and co-presence facilitate physiological 
synchronization, which may be interpreted as an indicator of shared 
engagement, joint emotional regulation, and effective social interaction 
[63,67,68]. While no significant differences were found between tasks 
(baseline, lecture, interaction) or Condition x Task interactions, the 
main effect of condition indicates that FTF environments naturally 
support autonomic synchronization regardless of the activity performed. 
This is consistent with prior findings showing that merely sharing the 
same physical space can induce physiological coupling among in
dividuals [66,89]. The absence of task-specific effects may suggest that, 
within structured educational contexts, passive (lecture) and active 
(interaction) phases do not substantially affect cardiac synchrony, at 
least under the current experimental conditions. From a theoretical 
standpoint, higher ISC–HR in the FTF condition aligns with prior work 
suggesting that physical co-presence can facilitate autonomic 
co-variation during social interaction. In the present study, ISC–HR 
should therefore be interpreted as an index of shared physiological dy
namics. Consistently, participants also reported greater overall lesson 
satisfaction in the FTF condition. Higher PSQ scores suggest enhanced 
affective engagement and perceived quality of the learning experience 
when instruction occurred in physical co-presence. Together with 
increased cardiac synchronization, these findings support the view that 
FTF environments facilitate shared emotional and motivational states, 
which may contribute to sustaining attention and interpersonal 
attunement throughout the instructional exchange. Additionally, recent 
evidence suggests that autonomic synchrony may also relate to 
socio-cognitive alignment in group settings [71,90]. On this basis, future 
research integrating validated behavioral, affective, and relational 
measures could help determine whether and how autonomic synchrony 
functions as a proxy for these dimensions in educational settings. 
Another important avenue for future research concerns the explicit ex
amination of relationships between interpersonal synchrony and 
educational outcomes, such as learning performance and neurophysio
logical synchronization. The present study deliberately adopted a con
servative analytic strategy focused on condition-level effects rather than 
correlational inference. This choice was motivated by several consid
erations, including sample size constraints for reliable correlation esti
mates, the group-level nature of EEG and ECG synchronization metrics, 
and the risk of overinterpretation in the absence of designs optimized for 
individual-level inference. Future studies could therefore employ larger 
samples and analytic frameworks explicitly aimed at linking synchrony 
measures with behavioral outcomes to clarify the functional significance 
of interpersonal alignment for learning.

Notably, despite marked differences in neural, autonomic, and sub
jective interpersonal measures, no significant differences emerged in 
objective learning outcomes, as indexed by the KEQ. This dissociation 
suggests that enhanced interpersonal synchronization primarily sup
ports relational, experiential, and motivational aspects of learning 
rather than immediate factual acquisition. However, such pattern aligns 
with previous literature indicating comparable short-term learning 
performance across instructional modalities, despite divergent experi
ential quality. Additionally, the absence of a shared baseline assessment 
on the instructional content is a further limitation. Although lessons 
were designed to be equivalent in complexity and structure, the use of 
different contents precludes direct comparisons of absolute learning 
gains across conditions. Future studies could therefore explicitly incor
porate baseline knowledge assessments or employ identical instruc
tional material across sessions to further disentangle synchrony-related 
effects on learning efficiency from content-specific or familiarity-related 
influences.

5. Conclusion

To conclude, the present findings offer converging evidence that FTF 
instruction fosters higher interpersonal synchronization at both central 

and autonomic levels. EEG analyses demonstrated significantly higher 
inter-individual neural similarity in FTF compared to RL, across all 
frequency bands examined. This effect was consistent yet spectrally 
differentiated: while slower rhythms (delta and theta) showed enhanced 
alignment, particularly during interactive tasks, higher-frequency 
components (beta and gamma) revealed sensitivity to both learning 
condition and instructional phase, with FTF-interactive phases yielding 
the higher convergence. Alpha-band synchrony appeared modulated 
only by condition, suggesting a tonic attentional effect of spatial prox
imity. Altogether, these results highlight the role of physical co-presence 
in supporting multi-frequency cortical alignment during learning, as 
captured by EuDist metrics.

Secondly, the insights from the cardiac synchronization dynamics 
revealing higher physiological coherence among participants in the FTF 
condition compared to the RL condition emphasize the need for inten
tional design strategies in remote education that enhance emotional 
resonance and interactivity in the absence of physical co-presence. Re
sults from the present study highlight the importance of physical pres
ence in promoting autonomic alignment and support the relevance of 
ISC–HR as an indicator of shared physiological dynamics during 
educational interaction.

Beyond neurophysiological indices, self-report measures further 
corroborated this pattern. FTF instruction was associated with higher 
perceived interpersonal closeness and greater lesson satisfaction, while 
learning outcomes remained comparable across modalities. Together, 
these findings indicate that physical co-presence primarily enhances the 
relational and affective dimensions of learning, without necessarily 
conferring an immediate advantage in knowledge acquisition.

When considered jointly, these neurophysiological and cognitive 
findings suggest that interpersonal synchronization in learning is not a 
unitary construct, but rather a multi-layered phenomenon involving 
distinct but interacting central and peripheral systems. EEG-based 
metrics reflect frequency-specific cognitive and attentional alignment, 
dynamically modulated by the instructional context, whereas ISC–HR 
captures broader patterns of emotional co-regulation and shared 
arousal. The convergence observed in FTF settings across both domains 
supports the hypothesis that physical co-presence enhances the tempo
ral, semantic, and affective coupling required for collaborative learning. 
Conversely, the increased neural and physiological divergence observed 
in RL highlights the potential risks of disconnection in digitally mediated 
education, especially in the absence of embodied feedback and real-time 
reciprocity. These findings point to the value of integrated hyper
scanning approaches in evaluating educational synchrony and underline 
the need to design remote formats that preserve or simulate the inter
subjective affordances of in-person interaction.

However, some limitations must be considered. First of all, although 
the use of a single lecturer across all conditions ensured consistency, it 
may introduce individual effects that are not representative of the whole 
teaching population. Future studies should therefore aim to extend these 
findings using larger, more diverse cohorts. A further methodological 
limitation concerns the potential influence of interpersonal familiarity 
on synchronization. Indeed, although participants were assigned to 
groups to minimize prior acquaintance and reported no pre-existing 
relationships with each other or with the lecturer, familiarity naturally 
increased between the first and the second session. Since interpersonal 
familiarity is known to enhance interpersonal synchrony and co- 
regulatory dynamics (e.g., [91]), this sequential exposure may have 
contributed to increased alignment in whichever condition was 
completed second. Although the order of conditions was counter
balanced to mitigate this bias at the group level, it is nonetheless 
important to take into consideration this variability when interpreting 
the results. Additionally, the use of ISC–HR indexes for autonomic 
synchronization may offer limited granularity in distinguishing the 
cognitive and emotional contributions to engagement and synchrony. 
Future research should therefore focus on further investigating to what 
extent physiological synchronization indexes can foster emotional 
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connection and interactive engagement, promoting effective synchro
nization in remote learning environments.

Together, the findings from the present study highlight the need to 
rethink learning not solely as an individual cognitive outcome, but 
rather an embodied and relational process shaped by the dynamics of 
interpersonal alignment.
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