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In brief

Peng et al. show that a brief one-on-one
conversation with either a human or an
LLM-enabled Al instructor before a video
lecture aligns students’ brain activity
during learning and improves learning
outcomes. Greater gaze and neural
alignment between the human instructor
and students, as well as among students,
mediates the benefits of learning.
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SUMMARY

Social interactions are foundational to learning, yet scalable one-on-one instructor-student interaction re-
mains challenging in online video learning. We examine whether a brief, structured pre-lecture instructor-stu-
dent interaction, led by either a human or large language model (LLM)-powered Al instructor, can enhance
student engagement and learning. Integrating behavioral testing with simultaneous eye-tracking and fMRI,
we compared three groups in a between-subjects design (no interaction, human interaction, and Al interac-
tion; n = 57). Both human- and Al-led pre-lecture interactions improved learning and enhanced neural align-
ment in critical brain regions (e.g., the default mode network) among students during learning. Neural and
gaze alignments between instructor and students, as well as among students, jointly mediated learning
gains, revealing a reciprocal eye-brain-behavior correspondence. While the Al instructor approximated the
human instructor in learning gains, students reported lower social closeness and exhibited lower gaze align-
ment. These findings advance social learning theories and provide neurocognitive evidence that scalable

LLM-powered Al can transform online education.

INTRODUCTION

Human learning is inherently social. Yet millions of students now
learn alone, watching pre-recorded video lectures behind digital
screens without exchanging a word with their instructors. This
characterizes asynchronous online video learning, the predomi-
nant format for MOOCs (massive open online courses) and other
large-scale online courses where instructor-student interaction
is absent.”? But even in synchronous formats like live Zoom lec-
tures, scalable one-on-one instructor-student exchanges
remain a challenge.®* There is growing evidence, however,
that one-on-one instructor-student social interaction during
synchronous video lectures can enhance learning compared
with pre-recorded videos.®” The COVID-19 pandemic exacer-
bated this challenge. When education shifted entirely online,
insufficient teacher-student interaction had tangible conse-
quences: diminished engagement and compromised learning
outcomes.**

Given the fixed, unidirectional nature of pre-recorded video
lectures, interactive support during learning is inherently limited.
A brief, structured interaction immediately before the pre-re-
corded video lecture offers a rare opportunity to reintroduce so-
cial dynamics at a key moment of cognitive readiness prior to

learning. In this study, we ask (1) can a structured interaction—
briefly before a pre-recorded video lecture—enhance students’
neural engagement measured via fMRI, attentional focus during
learning indexed by eye gaze patterns, and learning outcomes,
as compared with no such interaction? Critically, providing
one-on-one human instructor-student interaction is resource
intensive and practically challenging for mass online education
featuring pre-recorded lecture videos. Thus, if such pre-lecture
interactions enhance learning, this raises a second key question:
(2) do these benefits essentially require human-specific social
cues, or can computational systems featuring similar communi-
cative capacities produce similar effects? We address this by
testing whether such pre-lecture interactions with either ahuman
instructor or a conversational Al could elicit comparable neuro-
cognitive engagement and learning outcomes.

Recent advances in large language models (LLMs), text-to-
speech synthesis, and video generation have enabled highly hu-
man-like Al systems with near-human communicative capac-
ities.®° These advances create an unprecedented opportunity
to test whether the neurocognitive patterns underlying social
interaction depend on biological agents or emerge from commu-
nicative exchange itself. However, in education, Al has served
primarily as a content provider in learning and assessment,'%~'?
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Figure 1. Schematic of experimental design, data collection, and data analysis
(A) Experimental conditions. Participants were randomly assigned to one of three groups: (1) no social interaction (control; n = 20), (2) human interaction (n = 19),
and (3) Al interaction (n = 18).

(legend continued on next page)
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rather than a social partner. A pressing question in the Al-perva-
sive era remains unknown: whether Al-mediated instructor-
student interactions engage similar socio-emotional, neurocog-
nitive, and computational mechanisms as human-human
interactions. '

The multimedia learning framework has yielded substantial in-
sights into student learning dynamics but has yet to address pre-
lecture social interaction in video learning (with either human or
Al instructors). Within this framework, the social agency theory'*
proposes that social cues (e.g., the instructor’s image) enhance
students’ social-affective responses and cognitive processing,
thereby improving learning outcomes. Nonetheless, most multi-
media learning research'® has focused on one-way instructor
social presence, rather than two-way interactive social ex-
change. Furthermore, while the embodiment principle of this the-
ory suggests that more human-like pedagogical agents enhance
learning, '° the communicative potential of LLM-powered agents
has not yet been tested.

Neuroscience studies have recently provided new perspec-
tives to address these gaps. They offer both conceptual insights
and powerful analytical tools to uncover the neural mechanisms
underlying social interaction, engagement, and learning. A key
tool is neural alignment, commonly measured through inter-sub-
ject correlation (ISC'®'") of fMRI data. By evaluating moment-to-
moment correlations in fMRI blood-oxygen-level-dependent
(BOLD) activity across individuals exposed to the same natural-
istic stimulus (often separately in time), we can quantify how
strongly different brain areas are driven by the content of the
stimulus, '® providing a measure of neural engagement —the de-
gree to which participants’ brains track the unfolding stimulus in
a temporally aligned manner.

Neural alignment, indexed by ISC, has been widely observed
in naturalistic video learning contexts,'®'® and alignment within
the default mode network (DMN), among students and between
students and experts, associated with comprehension and
learning outcomes. Nguyen et al.?® further showed that teachers’
neural activity during lecture delivery predicted students’ brain
responses during learning, especially within the DMN, and this
alignment was associated with learning success. Neural align-
ment is also modulated by and could predict social dynamics
such as friendship.?’? In classrooms, longitudinal, face-to-
face electroencephalography (EEG) hyperscanning studies
have linked neural synchrony with students’ engagement® and
perceived social closeness to the teacher in real-world class-
rooms.?* Most remarkably, neural alignment can be enhanced
even by brief, seemingly peripheral conversations. In Sievers
et al.,?® participants engaged in consensus-building discussions
about previously viewed movie clips. During a subsequent
viewing, including both seen and novel clips in the MRI scanner,
DMN neural alignment increased, suggesting that shared con-
versation recalibrated participants’ attentional and interpretive
schemas that generalized beyond specific content. De Felice
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et al.”® further found that even a brief, unrelated dyadic conver-
sation between two viewing sessions enhanced neural syn-
chrony in co-viewing pairs compared with pseudo pairs during
real-time fNIRs hyperscanning. These findings suggest that
consensus-building conversations, or even unrelated daily
conversations, align people as they interact, with effects that
persist in the subsequent processing of new information, thereby
enhancing neural alignment and shared understanding.?’

These findings underscore conversation as a catalyst for sub-
sequent shared understanding. Yet, whether these effects trans-
late to educational contexts remains unknown. Critically, whether
Al-mediated conversation can serve as an effective substitute for
human interaction remains untested, both in behavioral studies
and neurocognitive research. This gap is particularly pronounced
given the rapid emergence of conversational Al agents and the
scarcity of neural data on human-Al educational interactions.
We hypothesize that a brief social interaction, when strategically
inserted before learning begins, can align students’ attentional
and interpretative faculties, thereby better preparing them for
deeper engagement during subsequent learning. Positioned at
the intersection of social neuroscience, Al-mediated education,
and learning science, our study aims to (1) reintroduce social dy-
namics into online learning, (2) provide neural evidence underly-
ing the impact of brief social interaction on education, (3) bridge
theoretical gaps in multimedia learning by revealing how conver-
sation becomes a vehicle for cognitive alignment and educational
impact, and (4) evaluate the potential of Al, especially LLMs, to
scale personalized educational interactions while probing the
behavioral and neural mechanisms underlying human-Al interac-
tion in educational contexts.

Toward these goals, we implemented a naturalistic neuroi-
maging study with three conditions: (1) video learning without
prior social interaction, (2) video learning preceded by a struc-
tured human instructor-student pre-lecture interaction, and (3)
video learning preceded by a structured Al-mediated (GPT-4
empowered) interaction (see Figure 1A). We simultaneously re-
corded the human instructor’s and students’ eye movements
and neural activity, respectively, during lecture delivery and sub-
sequent video learning (see Figure 1B for sequential scanning).
Our study thus directly investigates how structured pre-
lecture interactions shape instructor-student social dynamics
(measured by students’ perceived social closeness with the hu-
man or Al instructor), neural alignment (student-instructor and
student-student), attentional focus (indexed by eye gaze pat-
terns), and ultimately learning efficacy. Critically, integrating
cutting-edge Al advances, this study also tests whether Al-medi-
ated instructor-student interaction can foster meaningful socio-
emotional and neurocognitive engagement, quantified by neural
alignment in cognitive and socio-emotional implicated networks.
When compared to human-based instruction, Al-mediated in-
struction could offer insights into scalable, socially enriched
online education.

(B) Data collection: simultaneous fMRI and eye-tracking recorded the human instructor during lecture delivery and each student during viewing the same 14.25-

min neuroscience lecture (with human or Al instructor face shown by group).

(C) Intersubject correlation (ISC) analysis applied to the eye gaze and fMRI data. We computed (1) student-instructor pairwise ISC, correlating each student’s
neural or gaze time series with the instructor’s, and (2) student-student leave-one-out ISC, correlating each student with the average of the remaining students.

Icons from Flaticon.com are used.
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Table 1. Learning performance comparison across groups

No interaction versus

human interaction F(1,36) p np? 95% ClI
Recall 0.004 0.947 <0.001 [0.000, 0.126]
Comprehension 4.33 0.045 0.107 [0.003, 0.343]
Comprehension (hard) 8.41 0.006 0.189 [0.028, 0.424]
Transfer 2.09 0.157 0.054 [0.000, 0.251]
Human interaction F(1,36) p np? 95% CI
versus Al interaction

Recall 0.06 0.807 0.031 [0.000, 0.144]
Comprehension 0.61 0.442 0.046 [0.000, 0.206]
Comprehension (hard) 0.05 0.822 0.002 [0.000, 0.059]
Transfer 1.50 0.229 0.076 [0.000, 0.277]
RESULTS

How does pre-lecture social interaction with either a human or an
Al instructor benefit video learning through behavioral and neu-
rocognitive measures? To address this, we adopted a be-
tween-subjects design and compared three conditions: (1) no
interaction (n = 20), (2) human interaction (n = 19), and (3) Al inter-
action (n = 18). All groups viewed the same ~14-min video lec-
ture in the MRI scanner, differing only in whether and how they
were engaged in a brief pre-lecture conversation. Each struc-
tured interaction followed a standardized protocol: the instruc-
tor’s and student’s self-introductions, discussion of how stu-
dents’ university majors and personal interests relate to
neuroscience, affirmative and elaborative instructor feedback,
and a short lecture preview. In the human-interaction condition,
this exchange was conducted face-to-face by a human
instructor. In the Al-interaction condition, students, explicitly
aware of the Al nature of the instructor, conversed naturally
with an Al instructor via a customized web-based interface.
The Al instructor closely resembled the human instructor in
appearance and voice, engaging students through live, contin-
gent dialogues powered by speech recognition, GPT-4-based
content generation, text-to-speech synthesis, and real-time talk-
ing-head animation. In the no-interaction condition, students
proceeded directly to the video lecture without any pre-lecture
conversation. The instructor’s face remained visible throughout
the lecture for all groups (human instructor for the first two con-
ditions and Al instructor for the Al condition; see Figure 1A),
ensuring equivalent exposure to instructor presence, instruc-
tional content, and total duration.

Pre-lecture student interaction with instructor, human
or Al, improves learning and learning experience

To test the impact of pre-lecture social interaction on learning
outcomes, we conducted ANCOVAs comparing the human-
and no-interaction groups, controlling for prior knowledge (no
group difference was found; see STAR Methods for details).
Learning outcomes were assessed with three tests: a recall
test for the lecture content, a comprehension test (i.e., 30 in-
scanner multiple-choice items, including 9 pre-defined difficult
items requiring integration across multiple concepts), and a
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transfer test (i.e., open-ended questions assessing knowledge
application to novel situations; see STAR Methods and
Table S4 for examples). No significant effects were observed
for recall or transfer scores (see Table 1 for statistical results) be-
tween these two groups. However, compared with the no-inter-
action group, the human-interaction group performed signifi-
cantly better on both overall comprehension (F(1, 36) = 4.33,
p = 0.045, sp? = 0.11, 95% confidence interval [CI] [0.003,
0.343]) and difficult comprehension items (F(1, 36) = 8.41, p =
0.006, np? = 0.19, 95% CI [0.028, 0.424]; see Figure 2A), sug-
gesting that pre-lecture interaction with a human instructor facil-
itated deeper learning.

To test the effect of instructor type on learning, we compared
the human and Al-interaction groups. ANCOVA results revealed
no significant differences across recall, comprehension,
difficult comprehension, and transfer scores (see Table 1 and
Figure 2A). Bayesian analyses corroborate equivalent learning
outcomes (see Table S5), supporting comparable effectiveness
of human and Al instructors in pre-lecture social interaction that
benefits learning. Furthermore, the Al-interaction group outper-
formed the no-interaction group on difficult comprehension
(F(1, 35) = 4.91, p = 0.033, yp? = 0.13, 95% CI [0.005,
0.349)), reinforcing the benefit of pre-lecture interaction regard-
less of instructor type.

We also assessed the effects of social interaction and
instructor type on the learning experience using ANCOVA with
prior knowledge as a covariate. The human-interaction group re-
ported greater effort in learning than the no-interaction group
(F(1, 36) = 4.77, p = 0.036, np° = 0.117, 95% CI [0.005, 0.337))
while reporting comparable effort ratings with the Al-interaction
group (F(1, 34) = 1.299, p = 0.262, 5p? = 0.037, 95% ClI [0.000,
0.205)). A similar pattern emerged for perceived instructor’s de-
livery quality (human versus no interaction: F(1, 36) = 4.73, p =
0.036, np2 =0.116, 95% CI[0.004, 0.374]; human versus Al inter-
action: F(1, 34) = 3.41, p = 0.074, 5p? = 0.091, 95% CI [0.001,
0.348]; see Figure 2B).

Furthermore, perceived social closeness after interacting with
the human instructor was rated higher than the Al instructor (F(1,
34)=12.09, p = 0.001, sp® = 0.263, 95% CI [0.072, 0.569]). None-
theless, both groups reported significantly increased closeness
with the instructor after, versus before, the interaction (human:
t = —3.888, p = 0.001, Cohen’s d = —0.892, 95% CI [—1.865,
—0.557]; Al: t = —3.011, p = 0.008, Cohen’s d = —0.710; 95%
Cl[-1.228, —0.216], paired t tests; see Figure 2D). These results
suggest that brief pre-lecture interactions, whether with a human
or an Al instructor, enhanced students’ engagement and
perceived connection with the instructor, although the human
instructor still elicited a stronger interpersonal closeness.

Pre-lecture conversation with a human instructor better
aligns subsequent visual attention

We quantified students’ visual attention by computing intersub-
ject correlation (ISC) of gaze trajectories (i.e., intersubject gaze
alignment or gaze ISC) based on their moment-by-moment
gaze positions (see an illustration in Figure 1C and STAR
Methods). Two types of gaze ISC were computed: (1) between
each student and the average of the remaining (N — 1) students
within the group (student-student leave-one-out ISC; computed
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Figure 2. Effects of pre-lecture interaction and instructor type on learning performance, learning experience, and eye gaze alignment

(A) Learning performance. The human-interaction group outperformed the no-interaction group on in-scanner comprehension questions, particularly for difficult
items. The Al-interaction group was statistically comparable to the human-interaction group (ANCOVA p values shown).
(B) Self-reported learning experience. Compared with the no-interaction group, the human-interaction group reported significantly greater learning effort and
rated the instructor’s delivery more favorably. The Al-interaction group was comparable to the human-interaction group (ANCOVA p values shown).
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for all three groups, n = 57) and (2) between each student and the
instructor (student-instructor pairwise ISC; for the human- and
no-interaction groups only, we leveraged available instructor
gaze and neural data to examine student-instructor gaze/DMN
ISC in relation to learning; n = 39).

We first examined student-student gaze ISC. Permutation
tests controlling for prior knowledge were used to assess the
impact of social interaction (no interaction versus human interac-
tion) and instructor type (human interaction versus Al interaction)
on student-student gaze alignment. The human-interaction
group demonstrated significantly higher gaze alignment than
both the no-interaction group (5 = 0.066, p = 0.017, 95% CI
[0.014, 0.110], two-tailed permutation) and the Al-interaction
group (# = 0.068, p = 0.007, 95% CI [0.019, 0.113], two-tailed
permutation; see Figure 2C).

We further examined student-instructor gaze ISC, a relatively
understudied marker of joint attention between the instructor
and students. The human-interaction group showed signifi-
cantly greater student-instructor gaze alignment than the no-
interaction group (8 = 0.049, p = 0.007, 95% CI [0.015, 0.079],
two-tailed permutation). Further, we found that student-stu-
dent gaze ISC was strongly associated with student-instructor
gaze ISC (partial Spearman r=0.784, p = 0.001, 95% CI [0.590,
0.883], one-tailed permutation, controlling for group; see
Figure 2C) for the no-interaction and human-interaction groups.
These results suggest pre-lecture interaction with the human
instructor promoted coordinated visual attention: students
aligned their gaze with the instructor’s and subsequently with
each other.

Pre-lecture conversation with human/Al instructor
aligns subsequent neural activity during learning

We performed ISC analyses on our neural data: (1) between the
student and the group average using the leave-one-out
approach (computed for all three groups, n = 57) and (2) between
the student and the instructor using the pairwise approach (for
the no- and human-interaction groups only; n = 39). Our analyses
were focused on three key brain networks implicated in compre-
hension and learning (DMN'#2?; see Figure 3A), socio-emotional
processing (the limbic system?®; see Figure 3B), and flexible or-
ganization and control of cognitive resources (the multiple-de-
mand network, hereafter the MD network®®>%; see Figure 4A).
Using two-tailed permutation tests,'® we assessed the effects
of pre-lecture social interaction (no interaction versus human
interaction) and instructor type (human interaction versus Al
interaction) on subsequent neural alignment.
Student-student neural alignment

Before group comparisons, we conducted whole-brain ISC ana-
lyses across 50 parcels®' to validate the expected neural align-
ment patterns. Consistent with prior work,'®?° robust I1SCs
emerged in early visual, auditory, and language-related cortical
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regions, extending to higher-order brain areas, including the
DMN (see Figures 3A and 3B).

Relative to the no-interaction group, the human-interaction
group showed significantly greater ISC in several key DMN re-
gions of interest (ROls), including the precuneus (PC), hippocam-
pus (Hipp), and superior temporal sulcus (STS; precuneus: Co-
hen's d = 0.678, 95% CI [0.151, 1.414], false discovery rate
[FDR]-corrected p = 0.027; hippocampus: Cohen’s d = 0.739,
95% CI [0.148, 1.478], FDR-corrected p = 0.027; STS: Cohen’s
d = 0.930, 95% CI [0.394, 1.605], FDR-corrected p < 0.001,
two-tailed permutation; see Figure 3B and Table S6 for full statis-
tics). The human-interaction group also exhibited greater stu-
dent-student ISC in the limbic area amygdala (Cohen’s d =
0.771, 95% CI [0.162, 1.441], FDR-corrected p = 0.021, two-
tailed permutation; see Figure 3C and Table S7 for full statistics).
Moreover, in the MD network, multiple ROls exhibited higher ISC
in the human-interaction group than the no-interaction group,
spanning bilateral parietal cortices, superior and middle frontal
gyri, precentral gyrus subregions, and orbitofrontal areas (Co-
hen’s ds > 0.679, FDR-corrected ps < 0.043; two-tailed permu-
tation; see Figure 4A and Table S8 for full statistics).

When comparing the human-interaction and Al-interaction
groups, no significant ISC differences were observed across
any DMN or limbic ROIs and most MD ROls. The only exception
was the right middle frontal gyrus (rMFG) in the MD network,
where the human-interaction group exhibited significantly higher
ISC (Cohen’s d = 1.046, 95% CI [0.437, 1.907], FDR-corrected
p = 0.018; two-tailed permutation; see Figures 3B, 3C, and 4B
and Tables S6-S8 for full statistics). Further comparing Al versus
no-interaction groups, we identified significantly higher ISC in
the Al-interaction group across several MD regions, including
left anterior, middle parietal lobe, and left middle frontal lobe (Co-
hen’s ds > 0.800, FDR-corrected ps < 0.026; see Table S8).

Together, student-student ISC suggests that structured pre-
lecture conversation with both human and Al instructors aligned
subsequent neural responses among students in three critical
networks, scaffolding video learning. We further applied a
multi-class support vector machine (SVM) classification with
leave-one-subject-out cross-validation to DMN and MD network
ISC values (see STAR Methods) to determine whether human
and Al-interaction groups showed more similar neural patterns
than the no-interaction group.

The classification demonstrated that ISC features carried pre-
dictive information about group membership, with an overall
classification accuracy of 53% for the DMN (p = 0.009; permuta-
tion test) and 63% for the MD network (p < 0.001; permutation
test)—substantially above the 33% chance level. Notably, the
no-interaction group was more readily distinguishable, achieving
the highest precision (DMN/MD = 0.75), recall (DMN: 0.60;
MD: 0.70), and F1 score (DMN: 0.67; MD: 0.72). By contrast,
misclassifications were more frequent between human and

(C) Intersubject gaze alignment. The human-interaction group exhibited significantly greater student-student and student-instructor gaze alignment than the no-
interaction group. Student-student gaze alignment was also significantly higher in the human-interaction group than the Al-interaction group. Student-instructor
alignment and student-student gaze alignment (n = 39) were strongly correlated (o values from permutation tests shown).

(D) Perceived closeness with the instructor. Both human and Al groups reported a significant increase in perceived closeness after the interaction session
(p values from paired t tests shown). Note: gray, no interaction; pink, human interaction; blue, Al interaction. Boxplots show medians and interquartile ranges;

error bars denote SE.
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Figure 3. Student neural alignment for the whole brain, DMN, and limbic regions for three groups
(A) Whole-brain ISC maps.
(B) Unthresholded ISC difference maps for human interaction > no interaction (left), human interaction > Al interaction (middle), and Al interaction > no interaction
(right). Both interaction groups exhibited enhanced neural alignment across widespread parcels relative to the no-interaction group, whereas differences be-
tween human and Al conditions were relatively limited and spatially restricted.

(legend continued on next page)
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Al-interaction groups (see the confusion matrices in Figure 4C
and Table S9 for detailed classification results). These findings
reinforce that pre-lecture interaction, whether with a human or
an Al instructor, promoted partially overlapping neural alignment
across students, whereas the absence of interaction yielded
more distinct alignment patterns.

Student-instructor neural alignment

For student-instructor neural alignment (n = 39), we focused on
DMN, given its established role in information transmission, in
this case between the instructor and students.”’ As neural
coupling between a sender and recipient may occur with a tem-
poral lag,®>*® we also examined delayed student-instructor
coupling by systematically shifting students’ time series relative
to the instructor’s time series by +1 to +6 s (instructor preceding
the students) in 1-s intervals.®?

Student-instructor ISC in the DMN was consistently higher in
the human than in the no-interaction group. At zero lag, this
was significant in the precuneus (Cohen’s d = 0.765, 95% ClI
[0.161, 1.556], FDR-corrected p = 0.042; see Figure 5A and
Table S10 for full statistics). For delayed ISC, both precuneus
and posterior cingulate cortex (PCC) showed significantly
greater student-instructor coupling in the human than no-inter-
action group at lags of 1-5 s (Cohen’s ds > 0.702, FDR-cor-
rected ps < 0.035; see Figure 5A and Table S10). These results
indicate that human pre-lecture interaction enhances students’
alignment with the instructor in core DMN regions, particularly
when accounting for processing delays.

Brain-eye-behavior correspondence

Student-student level

To examine the overall eye-brain-learning interrelationships, '®
we concatenated data across all participants (n = 57) and
applied permutation-based partial correlation analysis control-
ling for group membership (see Table S11 for details of separate
group analyses).

Eye gaze alignment significantly correlated with ISC in several
DMN regions (PCC, STS, Hipp, PC, temporoparietal junction
[TPJ], and ventromedial prefrontal cortex [vmPFCl; partial
Spearman rs > 0.23; FDR-corrected ps < 0.040, one-sided per-
mutation; see Table S12 for full statistics). It also correlated with
comprehension scores (partial Spearman r = 0.201, p = 0.040,
95% CI [0.077, 0.458], one-sided permutation).

Furthermore, STS ISC was significantly associated with
comprehension scores (partial Spearman r = 0.232, uncorrected
p = 0.046; 95%CIl [-0.026, 0.461], one-sided permutation).
Moreover, PCC ISC was significantly correlated with both
comprehension (partial Spearman r = 0.243, uncorrected p =
0.032, 95% CI [-0.012, 0.466], one-sided permutation) and
transfer scores (partial Spearman r = 0.37, FDR-corrected p =
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0.012, 95%CI [0.108, 0.585], one-sided permutation). While
STS and PCC ISC-comprehension associations did not survive
FDR correction, they were directionally consistent with the
FDR-corrected PCC ISC-transfer effect and with prior literature
on these regions’ role in learning.'®*°

These results prompt a question of directionality: does gaze
alignment drive brain alignment (i.e., bottom-up processing), or
does brain alignment facilitate gaze alignment (i.e., top-down)
during learning?®® To explore this, we conducted mediation an-
alyses involving student gaze ISC, ISC in STS and PCC, and
comprehension scores, which avoids circularity®* and allows
testing of directional hypotheses.

We first tested whether STS or PCC ISC mediated the relation-
ship between gaze ISC and comprehension performance. STS
ISC emerged as a significant mediator: greater gaze alignment
correlated with stronger STS ISC (8 = 0.335, 95% ClI [0.081,
0.560], p = 0.011), which in turn was associated with better
comprehension (3 = 0.31, 95% CI [0.053, 0.567], p = 0.019).
The indirect effect via STS ISC was significant (8 = 0.077, 95%
Cl [0.008, 0.195], p = 0.047), while the direct effect was not
(B = 0.239, 95% CI [-0.029, 0.506], p = 0.080; see Figure 5B
and Table S13 for full statistics), indicating full mediation. These
results suggest that shared gaze patterns enhance comprehen-
sion primarily via STS alignment, a region implicated in gaze pro-
cessing and social perception.*

We further reversed the mediation model to test whether gaze
alignment mediated the relationship between STS/PCC ISC and
comprehension. A significant indirect effect from PCC ISC to
comprehension via gaze alignment was identified (4 = 0.081,
95% CI [0.008, 0.218], p = 0.042; see Figures 5Band Table S13
for full statistics). These findings suggest a top-down pathway,
whereby increased PCC alignment, a core DMN region impli-
cated in shared mental models and internal attention,® may
facilitate more coordinated gaze and better learning.

Beyond DMN ISC and learning performance, we also exam-
ined how DMN ISC related to students’ perceived social close-
ness with the instructor. In the human-interaction group, precu-
neus ISC was correlated with increases in post-conversation
instructor closeness (r = 0.519, 95% CI [0.154, 0.828], FDR-cor-
rected p = 0.030, one-sided permutation). In the Al-interaction
group, vmPFC ISC showed a similar positive association with in-
creases in perceived closeness (r = 0.353, 95% CI [-0.210,
0.821], uncorrected p = 0.049, one-sided permutation). These
findings suggest that DMN hubs may support the experience
of social connection for both human and Al interactions.
Student-instructor level
We again concatenated data across human- and no-interaction
groups while statistically controlling for the group membership
(n = 39). Student-instructor gaze alignment significantly

(C) Student-student DMN ISC across groups. The human-interaction group exhibited significantly higher ISCs in the precuneus, hippocampus, and STS
(gs < 0.05, FDR-corrected, permutation test) than the no-interaction group. No significant differences were observed between the human and Al-interaction

groups in any DMN ROI.

(D) Student-student limbic network ISC across groups. The human-interaction group showed significantly greater ISC in the amygdala than the no-interaction
group (g < 0.05, FDR-corrected, permutation test). No significant differences were found between the human and Al-interaction groups across any limbic ROI.
Note: ISC values reflect leave-one-out ISCs for each ROI. Means are shown as unfilled markers with bold outlines, and individual data points are overlaid in their
respective colors. Error bars represent 95% Cls from 1,000 bootstrap resamples. Significant differences are marked with asterisks.

See also Tables S6 and S7.
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Figure 4. Neural alignment in the MD network and classification of interaction groups

(A and B) Student-student MD network ISC across groups. The human-interaction group exhibited significantly higher ISC in multiple MD regions (FDR-corrected
gs < 0.05, permutation test) than the no-interaction group. The Al-interaction group showed significantly lower ISC than the human-interaction group in the right
midfrontal gyrus only (FDR-corrected g < 0.05, permutation test). Error bars represent 95% Cls from 1,000 bootstrap resamples. Significant differences are
marked with asterisks.

(legend continued on next page)
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correlated with comprehension (partial Spearman r = 0.248, p =
0.043, 95% CI [0.027, 0.505], one-sided permutation) and trans-
fer scores (partial Spearman r = 0.389, p = 0.007, 95% CI [0.066,
0.651], one-sided permutation).

We focused our student-instructor ISC analysis on PCC,?° as
ample prior evidence has indicated a reliable time-lagged
speaker-listener neural coupling in PCC in verbal communica-
tion.®>" Instructor-student ISCs in the PCC at 1 to 5-s lags
were significantly associated with difficult comprehension ques-
tion scores (partial Spearman rs > 0.260; FDR-corrected ps <
0.048 across time lags; see Table S12).

Mediation analyses revealed bidirectional pathways. Student-
instructor PCC ISC predicted learning performance indirectly via
increased student-instructor gaze alignment at 3, 4, and 5-s lags
(#s > 0.103, FDR-corrected across 1-5-s lags ps < 0.049; see
Table S14 for full mediation results). At 3-s lag, greater stu-
dent-instructor gaze alignment was also associated with better
comprehension of difficult items via PCC coupling (3 = 0.094,
95% CI [0.007, 0.256], uncorrected p = 0.048; see Table S14).
Together, consistent with the student-student level results, stu-
dent-instructor gaze and neural alignment interact bi-direction-
ally to support learning.

DMN-limbic interaction predicts learning after human/
Al instructor-student interaction

Social agency theory'*'® posits that social cues elicit social-af-
fective responses in learners, thereby promoting deeper cogni-
tive processing and enhancing learning, a hypothesis rarely
tested with neurocognitive evidence. Here, we examined
whether enhanced social cues, operationalized as pre-lecture
interaction, would orchestrate functional interactions between
the DMN (implicated in comprehension and learning) and limbic
network (supporting socio-emotional processing) to predict
learning (see Figure 6A and STAR Methods).

For the human-interaction group, the pairwise DMN-limbic in-
tersubject functional connectivity (ISFC)*® similarity matrix in-
dexing DMN-limbic functional coupling significantly correlated
with the pairwise comprehension score similarity (r = 0.19,
95% CI [0.048, 0.326], p = 0.048, Mantel permutation test with
10,000 permutations). For the Al-interaction group, this ISFC-
representational similarity analysis (RSA)*° analysis showed a
marginal effect (r = 0.14, 95% CI [-0.029, 0.297], p = 0.060,
Mantel test with 10,000 permutations). By contrast, no such rela-
tionship between ISFC and comprehension scores was
observed in the no-interaction group (r = 0.04, 95% CI
[-0.111, 0.179], p = 0.372; Mantel permutation test with
10,000 permutations).

DISCUSSION
Natural conversations can shape how we process new incoming

information and understand the world.?®> Yet, in many con-
strained educational settings, especially online learning, natural
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conversation is absent, and critical social scaffolding is lacking.
In this study, we show that learners who had a brief structured
interaction (~8-10 min) with an instructor—whether human or
Al—demonstrated greater neural alignment during subsequent
video learning and improved learning performance compared
with those without such interaction. By integrating behavioral,
eye-tracking, and fMRI data, we identify multimodal pathways
linking (1) structured pre-lecture social interaction to (2) synchro-
nized visual attention allocation, (3) enhanced neural alignment in
attention, semantic and socio-emotional networks, and (4)
learning outcomes. Notably, our findings show that Al-led inter-
actions produced comparable learning outcomes and paralleled
the level of neural alignment obtained with human interactions.
Together, these results paint a convergent picture: brief, well-de-
signed social interactions—human or Al-led—are associated
with synchronized attentional and neural patterns that correlate
with enhanced learning, suggesting potential pathways for incor-
porating social scaffolding via Al-mediated communications in
online educational contexts.

Brain-eye-behavior correspondence: Mechanistic
pathways to improved learning

Our data show that student-student gaze alignment is associ-
ated with DMN neural alignment and learning outcomes,
converging with prior studies linkihng DMN alignment to
learning'®?° and supporting recent evidence for eye-brain-
learning correspondences. ' Critically, mediation analyses re-
vealed reciprocal dynamics: gaze alignment was associated with
better comprehension via STS alignment, consistent with STS’s
well-established role in visual social perception35 and language
processing,*’ supporting bottom-up sensory-semantic process-
ing. Concurrently, PCC alignment, implicated in shared internal
models and integrative processing,36 correlated with enhanced
learning alongside coordinated gaze behavior via top-down
attentional guidance.

Notably, our student-instructor analysis extends earlier
teacher-student neural coupling studies using fMRI° by demon-
strating the robustness of such alignment, not only in brain activ-
ity but also in gaze patterns. Student-instructor alignment,
expressed through coordinated gaze and delayed PCC align-
ment, was associated with learning outcomes as was student-
student alignment. These results suggest that aligning with the
instructor via visual attention and neural coupling establishes a
shared referential framework, which facilitates student-student
alignment.

A key contribution of our study is the integration of student-
instructor and student-student gaze and neural alignment,
revealing a possible multi-stage, reciprocal mechanism linking
attention and neural resource allocation to learning dynamics
(see Figure 7). Extending previous studies directly correlating
neural alignment with learning outcomes, '®*° our approach re-
veals that brief social interaction sets off a full cascade of neu-
rocognitive processes. Specifically, students first align their

(C) Confusion matrices from multi-class classification using DMN ISC values (left) and MD network (right). The no-interaction group was more easily distin-
guishable, whereas the human and Al-interaction groups were more frequently misclassified as one another, indicating overlapping neural patterns following pre-

lecture interaction.
See also Tables S8 and S9.
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Figure 5. Student-instructor neural alignment and mediation pathways supporting learning

(A) Student-instructor DMN ISC for the no- and human-interaction groups. The human-interaction group showed greater student-instructor alignment than the
no-interaction group in the precuneus at lag 0 s, extending to both the precuneus and PCC across the 1-5-s lag window.

(B) Mediation analyses for student-student (S-S) gaze alignment, neural alignment, and comprehension. Left: STS ISC mediated the relationship between S-S
gaze alignment and comprehension (indirect p = 0.047), suggesting that shared gaze patterns enhance comprehension via STS alignment. Right: S-S gaze
alignment mediated the relationship between PCC ISC and comprehension (indirect p = 0.042), suggesting that PCC coupling shaped shared gaze behavior that
supported comprehension.

(C) Mediation analyses for student-instructor (S-I) gaze alignment, neural alignment, and learning. Left: S-1 gaze alignment predicted delayed S-I PCC ISC at 3-s
lag, which in turn predicted comprehension of difficult content (indirect p = 0.048). Right: delayed S-I PCC ISC at 3-s lag predicted transfer performance via S-1
gaze alignment (indirect p = 0.044), together revealing bidirectional gaze-neural coupling in supporting learning. Note: ISC values reflect student-instructor
pairwise ISCs per ROI, means shown as unfilled markers with bold outlines, and individual data points overlaid in respective colors. Error bars represent 95% Cls
from 1,000 bootstrap resamples. Significant differences are marked with asterisks, significant paths are in red, and dashed paths denote indirect effects.

See also Tables S10, S12, S13, and S14. Icons from Flaticon.com are used.

mental representations to the instructor’s narrative stream, Joint attention indexed by gaze alignment then serves as
manifested as increased student-instructor PCC alignment, the behavioral channel through which this mental representa-
accompanying enhanced student-instructor joint attention.”®  tion alignment is expressed and refined.*®* Once locked onto
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Figure 6. ISFC-RSA

(A) Overview of the ISFC-RSA pipeline. For each participant, a time series of DMN regions was extracted and correlated with the leave-one-out average time
series of limbic regions to compute ISFC across all DMN-limbic ROI pairs. Each participant’s ISFC profile was reshaped into a feature vector. Pairwise similarity
between ISFC vectors was calculated using 1 - distance (e.g., Pearson), forming a participant-by-participant ISFC similarity matrix. We then conducted inter-
subject representational similarity analysis (ISRSA) by correlating this matrix with the corresponding pairwise learning performance similarity matrix.

(legend continued on next page)
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the instructor’s visual trajectory, coordinated visual attention
corresponds to stronger student-student neural alignment in
the STS, a representative semantic hub,*"*? reflecting a shared
internalization and uptake of the knowledge. Together, we pro-
pose a possible bidirectional pathway: top-down alignment of
internal mental states relates to enhanced attention allocation,
and bottom-up sharing of visual focus parallels convergent
sense-making and semantic integration. These dynamics
potentially offer a plausible pathway from instructor guidance
to peer convergence and enhanced learning under socially en-
riched contexts, coinciding with a recent fNIRS study*® illus-
trating reciprocal coordination of brain and behavioral signals
(e.g., mutual gaze and joint attention) during social learning.

Beyond these attention-neural cascades, our ISFC-RSA anal-
ysis adds a complementary dimension: DMN-limbic functional
coupling was associated with learning performance only in so-
cially enriched conditions following brief instructor-student inter-
action (whether human or Al). This pattern situates social
engagement as a critical scaffold that potentially orchestrates
higher-order sense-making and integrative processing, along-
side attentional and semantic pathways. By embedding socio-
emotional bonding within the brain-eye-behavior cascade, these
findings provide a direct neurocognitive account of social
agency theory,** highlighting how enhanced social factors relate
to coordinated engagement of cognitive and emotional systems
to jointly support learning.

Why does structured pre-lecture interaction work?
Several mechanisms likely underlie the observed effects of brief
social conversations. From a common ground building and in-
tentionality sharing perspective,*>*® our structured interactions
were purposefully consensus-oriented and intentionality-cali-
brating: the instructor explicitly connected course content to stu-
dents’ personal interests and majors, building consensus about
relevance that may have encouraged engagement. This was
evident in higher self-reported efforts and stronger student-
instructor and student-student DMN alignment during learning.
These findings extend prior work showing brief consensus-
seeking® or even unrelated conversations®® could align future
neural responses, demonstrating that such effects could poten-
tially operate in online educational contexts.

Beyond consensus, self-disclosure of both the instructor and
the students,*” motivational support expressed through genuine
interest in students’ hobbies and majors,*® and a consistently
positive tone’® may have fostered social bonding and motiva-
tion. Correspondingly, students reported greater instructor-stu-
dent closeness, mirrored in stronger neural alignment in the
amygdala and precuneus, with closeness significantly corre-
lating with precuneus alignment. Given the precuneus’s central
role in the mentalizing network and DMN,*%°" this alignment
likely reflects students’ internalization of the instructor’'s
perspective. Furthermore, a brief course preview at the end of
the interaction may function as “semantic grounding,”*? cali-

Neuron

brating students’ attention and expectations. This may explain
their heightened MD network alignment, which supports top-
down cogpnitive control during learning. Of course, it is important
to note that while we observe enhanced neural alignment in
several brain networks after pre-lecture social interaction and
associations between neural alignment and learning outcomes,
the functional significance of neural alignment and its underlying
mechanisms are subject to debate (see Chen et al.,*® Zadbood
et al.,>* Zada et al.,”>°® and Hasson et al.®” for a discussion of
asynchronous neural alignment measured using fMRI and Ham-
ilton,*® Holroyd,*® Moreau and Dumas,*® Novembre and lan-
netti,®" Jiang et al.,%” Feng and Lu,®® and Lu®* for discussion of
hyper-scanning neural synchrony typically using fNIRS). We
therefore consider neural alignment as an observable pattern
associated with—but not necessarily causally linked to—
enhanced learning outcomes.

Finally, positioning interaction before learning contrasts with
recent work showing that structured post-lecture discussions
also enhance learning,® likely through distinct mechanisms:
pre-lecture interaction establishes cognitive schemas and moti-
vational readiness before content exposure, priming sustained
attention and resource allocation for complex material.®® By
contrast, post-lecture interaction operates through knowledge
consolidation and integration of already-encountered content.
Our interaction template, combining affective bonding (social
closeness) with cognitive priming (relevance framing, semantic
grounding), may thus explain gains on challenging comprehen-
sion items requiring sustained, integrative processing.

The potential of Al instructors: Empathy,
personalization, realism, knowledge base, and (still)
divergence from the human instructor

Our study illustrates that LLM-based agents can effectively
simulate pedagogically effective interactions in a lab-based
educational setting. The Al-mediated interaction closely
mirrored the structured human instructor-student template:
both groups reported comparable effort levels, neural alignment
in the DMN, MD, and limbic systems and achieved equivalent
learning outcomes.

Several factors may explain this equivalence despite the stu-
dents’ explicit awareness of Al's non-human nature. First,
GPT-4 could potentially trigger socio-emotional responses in
students. It simulates theory of mind,®’ infers student needs,
and dynamically adapts to produce empathetic utterances.®®"°
For instance, when one participant coughed during the interac-
tion, the Al instructor responded: “l heard you coughing just
now; please take good care of yourself.” The Al-interaction
group reported significantly increased social closeness with
the Al instructor post-interaction, which correlated with vmPFC
alignment (though less robustly than the human-interaction
group), implying the involvement of the mentalizing network.*°
These findings align with the media equation theory,”" whereby
people tend to anthropomorphically apply human-human social

(B) ISFC-RSA results by group. In the no-interaction group, there was no credible evidence of significant correspondence between ISFC and compre-
hension similarity (r = 0.04, p = 0.372, Mantel test, 10,000 permutations). In the human-interaction group, pairwise ISFC similarity was significantly
correlated with comprehension similarity (r = 0.19, p = 0.048). For the Al-interaction group, the ISFC-RSA analysis showed a marginal effect (r = 0.14,

p = 0.060).
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Figure 7. Scaffolding from pre-lecture so-
cial interaction to enhanced learning: a neu-
rocognitive account

Brief pre-lecture instructor-student interaction
triggers a multi-stage cascade integrating neu-
ral alignment and gaze alignment across stu-

-® dent-instructor and student-student levels. (1)

During video learning, students align their
mental models to the instructor’s narrative, re-
flected in increased instructor-student (1-S) PCC
alignment. (2) This neural alignment is associ-

S-S gaze alignment :13 j S-S STS alignment ated wit.h joint visua! attentior.w, inde?<e.d by I-S
gaze alignment during learning. Bidirectional

@ coupling between neural alignment and gaze

Coor:i‘vtleart:il:r:'isué!,' d E alignment indicates reciprocal reinforcement. (3)
. (; _ | - ® Shared visual attention with the instructor co-
ordinates students’ gaze with their peers (S-S

~ gaze alignment). (4) Coordinated visual atten-

@ tion allocation further links to S-S neural align-

Students coordinating gaze patterns Coordinated visual attention allocation :: ment in the STS, reﬂecting internalization of
via aligning with the instructor’s gaze Shand - ! v= learning content. This cascade reveals both top-

Student-student (S-S)

down (neural alignment guiding attention) and

Enhanced learning . A
bottom-up effects (shared attention enhancing

neural convergence), ultimately linking to improved learning outcomes through coordinated engagement of cognitive, attentional, and socio-emotional

systems. Icons from Flaticon.com are used.

interaction norms to technologies exhibiting human-like so-
cial cues.

Moreover, Al instructor realism was enhanced through multi-
modal design, including realistic facial animations (e.g., eye
blinks and synchronized lip movements) and high-quality text-
to-speech synthesis.””"® These multimodal human-like affor-
dances, further combined with synchronized audiovisual feed-
back, social responsiveness, and linguistic personalization, likely
contributed to the observed parallel neural responses and
learning outcomes across interaction groups and advanced
the embodiment principle of multimedia learning.’” GPT-4's
extensive knowledge base enabled diverse and relevant utter-
ances that engaged learner interests and prompted cognitive
preparedness, consistent with the observed MD network align-
ment, suggesting that the Al instructor’s cognitive grounding
effectively supported top-down cognitive resource allocation,
paralleling the human-interaction group. This highlights Al’s
pedagogical strength in scaffolding learning through cognitive
structuring and its versatility in supporting scalable, personalized
educational interactions, consistent with broader evidence of
LLM effectiveness in education.”*"®

In our study, participants were explicitly informed of the Al’s na-
ture before interacting. That the Al instructor enhanced perceived
closeness and produced equivalent learning outcomes suggests
that advanced conversational Al can provide effective educational
support even when learners are fully aware of its artificial nature.
This is consistent with the literature”’ and a recent study’® sug-
gesting that people tend to anthropomorphize Al even when Al
does not truly possess human values, emotion, or empathy. Yet,
notable differences between Al and human instructor interactions
remained. Compared with the human-interaction group, the Al-
interaction group showed (1) lower perceived closeness despite
increased closeness ratings post-interaction, (2) reduced gaze
alignment during learning, and (3) only marginal DMN-limbic
coupling associations with learning outcomes. The reduced

closeness ratings align with recent findings that explicit Al labeling
could potentially diminish heightened perceived empathy,””"®
despite Al-generated content being empathetic.

These findings suggest that LLM-based Al can simulate social
interaction effectively enough to support learning, albeit via
partially distinct pathways. The Al-interaction group appeared
to leverage stronger top-down processing: robust MD network
engagement (cognitive scaffolding via GPT-4) supported DMN
alignment for higher-level comprehension and learning with
less reliance on the bottom-up visual attention alignment, re-
flected in reduced gaze alignment and affective resonance. By
contrast, the human-interaction group engaged both pathways
more equally with heightened cognitive scaffolding plus stronger
gaze alignment and DMN/limbic coupling. This dual-pathway
interpretation reconciles the observed equivalent learning out-
comes with divergent neural profiles and refines the media equa-
tion theory”": people apply social norms to human-like technol-
ogies but not always to the exact same depth or affective
intensity as with real humans. Critically, both pathways proved
educationally effective, suggesting multiple routes to successful
learning support. Thus, Al educational systems may be effective
not by being exactly like human instruction but by engaging suf-
ficient social-emotional resonance while leveraging computa-
tional strengths in knowledge access and personalization.

Limitations and future directions

Several constraints of our study suggest future directions. First,
future research could systematically manipulate interaction
components (e.g., self-disclosure, motivational content, and
relevance framing) to identify which drives specific neural and
behavioral effects. Second, while mediation analyses revealed
bidirectional pathways between neural alignment, gaze align-
ment, and learning outcomes, our design did not isolate inde-
pendent contributions of specific factors (e.g., physical pres-
ence, gaze dynamics, and interaction naturalness) that
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covaried across human and Al conditions. Future work could
manipulate these systematically (e.g., comparing embodied ro-
bots versus screen-based avatars to establish which factors
are necessary or sufficient for optimal learning support). Third,
text-to-speech and speech-to-text delays constrained real-
time dynamics between students and the Al instructor. Robust-
ness despite these constraints suggests resilience, though
smoother interaction might yield stronger effects. Fourth, while
our sample size is consistent with naturalistic fMRI standards
and provided adequate power for the moderate-to-large effects
observed, larger samples would increase sensitivity for nuanced
effects and enable examination of individual differences in re-
sponses to human versus Al instructors.

Building on our controlled laboratory findings, future work could
test whether these effects translate to authentic classroom con-
texts and generalize across diverse subject domains and student
populations. Longitudinal designs and applications in classroom
contexts could help further determine if neural and gaze alignment
effects persist across multiple sessions and whether these effects
predict long-term retention. Finally, one could ask whether short-
term instructor-student alignment not only enhances content
comprehension but also fosters social connectedness and trust,
key to sustained engagement in student learning in general.

Conclusion

Brief, structured pre-lecture social interactions, whether with hu-
man or Al instructors, energize an otherwise passive, isolating
environment in pre-recorded video lectures and turn solitary
screen time into a more dynamic, socially engaging experience.
By aligning students’ neural responses during the subsequent
video lecture, these interactions enhance learning through coor-
dinated engagement of attentional, semantic, and socio-
emotional brain networks, providing neurocognitive evidence
that social scaffolding fundamentally shapes how we process in-
formation. That Al instructors achieved comparable effects
through partially distinct mechanisms suggests multiple viable
routes to effective educational support. As Al systems grow
more sophisticated, understanding these pathways will be crit-
ical for designing scalable, socially enriched learning environ-
ments. This points toward a looming future for the social fabric
of education where even an Al instructor can pause, notice a stu-
dent’s cough, and respond with care. These subtle aspects of
human communication, if successfully realized in today’s Al-
mediated learning systems, may help cultivate what it means
to feel seen, heard, and socially connected in a digital classroom.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
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pre-lecture social interaction with each student. The instructor had three consecutive years of college-level teaching or teaching as-
sistant experience and consistently received high student evaluations for her teaching quality.

Seventy college students from the Hong Kong Polytechnic University participated in this study. All participants were right-handed
and native speakers of Mandarin Chinese. They all reported having normal hearing and normal or corrected-to-normal vision. Par-
ticipants had no history of mental or neurological disorders. The study was approved by the Institutional Review Board of The Hong
Kong Polytechnic University. All participants provided written informed consent before taking part in the experiment and received
monetary compensation for their participation.

Data from thirteen participants were excluded from the statistical analyses reported below due to nausea (2), excessive sleepiness
during the video lecture (3), excessive head motion (head movements > 3 mm; 3), eye tracker malfunctioning during scanning (3),
technical issues during Al instructor interaction (1), and failure to complete human instructor interaction (1). The final sample reported
below included 57 participants (33 women and 24 men; mean age 22.5 (SD = 2.18), range 18 to 27 years of age). Participants reported
their race or ethnicity as Asian = 57. Sex and gender were not considered in any analyses because we did not expect any differences
in gaze alignment, neural alignment or learning based on these variables.
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Our final sample included 57 participants (No interaction: n = 20; Human interaction: n = 19; Al interaction: n = 18). The choice of the
sample size in our study was based on consideration of other naturalistic neuroimaging studies that used similar designs and ISC
analyses as ours (e.g., n = 17°%; n = 18"9); effect sizes for ISC-based designs are difficult to estimate from traditional task-based
fMRI studies and there is no established framework for a priori power estimation for multi-level ISC analyses. Empirical validation
studies also demonstrate that ISC statistics with ~20 participants show high convergence (r = 0.92) with estimates of large-sample
participants of up to 130.

METHOD DETAILS

Design

This study adopted a between-subjects design. Participants were randomly assigned to three experimental conditions: no social
interaction condition (No interaction group; n = 20), human instructor social interaction condition (Human interaction group; n =
19) and Al instructor social interaction condition (Al interaction group; n = 18). A summary of the demographic information of the three
groups of participants can be found in Table S1.

Social interaction session

In this study, both the human and Al instructors followed a structured pre-lecture prompt (see Table S2 for full interaction tem-
plate). The interaction began with the instructor’s self-introduction highlighting her teaching experience in cognitive neuroscience
and a warm invitation for the student to share their name, major, and year of study. After the student introduced themselves, the
teacher responded using the student’s name directly, a subtle but important move to foster interpersonal connection and social
presence.“® The instructor next asked how the student’s field of study might relate to brain or cognitive science, followed by a
discussion of the student’s hobbies or leisure activities and whether they might connect to neuroscience. Each response from
the student was met with an affirming and curiosity-sparking elaboration. For instance, if a student expressed an interest in playing
badminton and noted that it benefited both the body and the brain, the instructor would first affirm the accuracy of this observation
with an encouraging tone. The instructor might then explain that physical activities activate the motor cortex and cerebellum, re-
gions involved in coordination, precision, and motor planning. Regular engagement in physical activity not only strengthens these
motor-related areas but also enhances attention, reaction speed, and executive functions, while promoting mental well-being
through the release of dopamine and endorphins. The structured interaction concluded with an encouraging preview of the up-
coming lesson, highlighting the relevance of neuroscience to daily life and motivating students to approach the content with cu-
riosity and engagement.

The human instructor was introduced by the experimenters (authors Y.H. and Y.L.) with the following statement: “Before you start
video learning in the scanner, the lecturer would like to have a chat with you.” Following this, the human instructor conducted the pre-
lecture social interaction with the student in a preparation room adjacent to the MRI scanner. To maintain a clearly defined instruc-
tional role and avoid conflating the instructor with the experimental facilitators, the remainder of the experiment, including all proce-
dural instructions, technical operations, and participant management, was handled solely by the experimenters. This arrangement
ensured that the human instructor was perceived exclusively as the lecturer within the context of the learning task.

The Al instructor was introduced by the same experimenters with the following statement: “Before you view the video lecture deliv-
ered by an Al instructor in the scanner, we would like you to have a chat with the Al instructor.” Following this introduction, the Al
instructor-student interaction commenced with the assistance of the experimenter. The Al instructor appeared on a computer screen
and followed a scripted prompt to complete the interaction session, resembling the human instructor. To maintain continuity with the
human instructor condition, the Al instructor featured a customized avatar based on the human instructor’s voice and appearance,
including matching outfit, hairstyle, and facial features. The technical implementation of the Al instructor was elaborated in Table S3
and Figure S1. The in-scanner video learning session commenced immediately after the interaction with the human/Al instructors to
ensure the efficiency and continuity of the procedure.

In the No interaction condition, participants proceeded directly to the video lecture without any pre-lecture interaction activity with
an instructor. Critically, however, all participants, regardless of condition, first completed an identical preparation phase that included
a 7-item self-rating questionnaire assessing prior knowledge and a 2-minute practice video with 2 comprehension questions to famil-
iarize participants with the in-scanner learning procedures. This ensured equivalent task familiarization and baseline orientation
across all groups. Following the preparation, experimenters provided only necessary procedural instructions, informing participants:
“You will now watch a video lecture in the scanner.” All participants then watched the same 14-minute video lecture, ensuring iden-
tical learning duration, content exposure, and instructor presentation across conditions. The absence of pre-lecture interaction re-
sulted in a shorter total session duration (8-10 minutes less than the Human and Al interaction groups). However, we interpret this
duration difference to weigh against a confounding factor: namely, if session length were driving results, the No interaction group
should show better learning due to reduced fatigue. Further, this condition also mirrors ecologically valid online learning contexts
(e.g., MOOCs and YouTube) where learners typically access content directly without preceding social activities, while duration-
matched controls would introduce their own confounds; e.g., artificial performance depression from filler activities or priming effects
from any social interaction (see De Felice et al.”® where irrelevant daily conversations may also induce enhanced neural synchrony
measured by fNIRS during subsequent movie co-watching).
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Stimuli

The instructor developed a 14.25-minute Lesson and a 2.5-minute Review (the 2.5-minute review was excluded from the main anal-
ysis and reasons for exclusion were elaborated in Sl Figure S2), both accompanied by PowerPoint slides (see Figure 1A). The instruc-
tional material was extracted and adapted from a college-level course on Neurolinguistics taught at The Hong Kong Polytechnic Uni-
versity. The slides were based on the first chapter of the textbook Cognitive Neuroscience of Language® and covered foundational
topics of cognitive neuroscience, including the basic structure of a neuron, information transmission between neurons, and hierar-
chical coding by neurons.

After the instructional slides were finalized, the instructor was scanned using fMRI while delivering the lecture. The instructor
repeated the same lecture three times across two separate scanning sessions. During the recordings, slides were presented using
PsychoPy2°* and displayed via a projector onto a rear-projection screen mounted at the back of the scanner bore. The instructor
viewed the slides through a mirror attached to the head coil and advanced them manually using a button box. Speech was captured
using an MRI-compatible microphone with real-time active noise cancellation (FOMRI Ill; Optoacoustics Ltd), allowing for high-qual-
ity audio recording in the scanner environment.

Following the instructor scans, the audio recording with the highest sound and presentation®® quality was selected and further
denoised using Adobe Audition. The cleaned audio was then transcribed, timestamped, and aligned with the corresponding slide
presentation. To simulate the instructor’s social presence, consistent with standard practices on mainstream video learning plat-
forms, the instructor later lip-synced to the denoised audio recording for the full duration of the lecture. The recorded talking-
head video was subsequently integrated into the lecture slides to create a cohesive video lecture. To validate the naturalness of
the lip syncing, eleven independent participants watched the full lecture video and were asked whether they noticed any unnatural
synchronization; none of the participants reported detecting that the audio and visual speech were not originally recorded together.
Behavioral Measurements
Following multimedia learning studies,'® seven self-rating questions were used as a pre-test to assess whether all learners had compa-
rable levels of prior knowledge in the subject domain prior to the video lecture. A one-way ANOVA showed no significant group differ-
ences in self-rated prior knowledge (F(2, 54) = 2.27, p = 0.112, 12 = 0.078, 95% CI [0.008, 0.277]). After the learning phase, participants
completed three standardized post-tests designed to measure comprehension (in-scanner; pre-defined as easy and hard comprehen-
sion questions), recall, and transfer (outside of the scanner; see specific questions in Table S4). Additionally, a learning experience ques-
tionnaire was administered to assess participants’ perception of the instructor, the instructor’s delivery quality and their own effort levels.
Procedure
The experiment involved two separate visits to the laboratory. During the first visit, participants signed the consent form and
completed a background questionnaire to collect demographic information.

During the second visit, participants first completed the prior knowledge test, followed by a practice session outside the MRI scan-
ner. For participants assigned to the Human interaction group and the Al interaction group, a social interaction session with the
instructor (Human or Al) was conducted as described above, typically lasting 8-10 minutes (duration varied slightly depending on
participants’ responses and follow-up questions). Participants in the No interaction group did not undergo the social interaction ses-
sion. Afterward, all participants proceeded with the MRI scanning for the video learning session.

Inside the MRI scanner, participants underwent a structural MRI scan and a functional MRI scan. During the main multimedia
learning session, simultaneous fMRI and eye-tracking data were collected using the fixation-related fMRI scanning paradigm.®*°°
This session included a preparation phase for the eye-tracking, a structural run and a functional run during which participants
watched a lecture video (lecture duration = 14.25 minutes) and answered comprehension questions (30 multiple-choice questions,
with a maximum of 30 seconds to respond to each). Students responded to the comprehension questions using an MRI-compatible
button box. The video lecture and comprehension test were presented using E-Prime 3.0.°” The total in-scanner session lasted
approximately 40 minutes.

After exiting the scanner, participants completed the post-learning recall and transfer tests, as well as the learning experience
questionnaire (see Table S4 for example questions).

Data Acquisition

Eye-movement data

In parallel with fMRI acquisition, both the instructor’s eye movements during in-scanner lecture delivery and the participants’ eye
movements during in-scanner video lecture learning were recorded. Eye-tracking was implemented using a long-range mount,
MRI-compatible eye-tracker (EyeLink 1000 Plus, SR Research), integrated with PsychoPy2 (for the instructor) and E-prime3 (for
the students) for synchronized data collection. The camera was positioned at the rear of the scanner bore and captured eye move-
ments via a reflective mirror mounted above the head coil. The distance from the eye-tracker camera to the reflected eye position was
approximately 120 cm. Monocular recording was performed on the right eye. A standard 13-point calibration and validation proced-
ure was conducted for the right eye, followed by a drift check to ensure data quality.

MRI data

MRI data was acquired using a 3T Siemens Magnetom Prisma Fit scanner with a 64-channel head coil. Functional data were acquired first
to minimize the delay from the social interaction session to the video learning phase and to maintain participants’ alertness. Because initial
calibration and validation for eye-tracking could prolong the scanning time, this order reduced the risk of fatigue and attentional decline.
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After an initial localizing scan, one run of functional images were acquired using a multiband T2*-weighted echo-planar imaging
(EPI) sequence (34 interleaved axial slices, TR = 1 s, TE = 30 ms, slice thickness = 3.5 mm, FOV = 240 x 240 mm?, matrix size =
80 x 80, in-plane resolution = 3 x 3 mm?, inter-slice gap = 10% of slice thickness, flip angle = 58°, multiband acceleration factor =
2, acquisition time depending on self-paced question answering speed ranging from 1239 s to 1499 s). The functional sequence
covered the whole brain except for the lower extent of the cerebellum. Immediately afterward, an anatomical T1-weighted
MPRAGE image was acquired (176 ascending sagittal slices, FOV = 256 mm, TR = 1570 ms, TE = 2.15 ms, flip angle = 9°,
GRAPPA in-plane acceleration factor = 2, acquisition time = 220 s).

fMRI data preprocessing
Anatomical and functional MRI data were preprocessed using fMRIPrep 23.2.3"° based on Nipype 1.8.6°° and Nilearn 0.10.2.%°

T1-weighted images were corrected for intensity non-uniformity (INU) with N4BiasFieldCorrection,”® distributed with ANTs 2.5.0,%° and
used as a reference throughout the workflow. The T1w reference was then skull-stripped with a Nipype 1.8.6 implementation of the ants-
BrainExtraction.sh workflow (from ANTSs), using OASIS30ANTSs as the target template. Brain tissue segmentation of cerebrospinal fluid
(CSF), white matter (WM), and gray matter (GM) was performed on the brain-extracted T1w image using FAST (FSL'?°). Volume-based
spatial normalization to MNI152 standard space (MNI152NLin2009cAsym) was performed through nonlinear registration with antsRegis-
tration (ANTs 2.5.0%°), using the ICBM 152 Nonlinear Asymmetrical template version 2009¢,"*" accessed via TemplateFlow 23.1.0."%

For each BOLD run per subject, the following preprocessing was performed using. First, a reference volume was generated using a
custom fMRIPrep methodology for use in head-motion correction. Head-motion parameters with respect to the BOLD reference
(transformation matrices and six rotation and translation parameters) were estimated prior to any spatiotemporal filtering using
MCFLIRT (FSL'%). The BOLD reference was then co-registered to the T1w reference using boundary-based registration imple-
mented in bbregister (FreeSurfer'®%), configured with six degrees of freedom. Several confound time series were calculated from
the preprocessed BOLD signal, including framewise displacement (FD'%?), DVARS, and region-wise global signals within CSF,
WM, and whole-brain masks. Volumes exceeding an FD threshold of 0.5 mm or a standardized DVARS threshold of 1.5 were flagged
as motion outliers. All spatial transformations including head-motion correction, co-registration to the anatomical reference, and
normalization to MNI152 space were composed and applied in a single interpolation step using cubic B-spline interpolation via ni-
transforms, minimizing interpolation-induced smoothing.

After the fMRIPrep preprocessing, spatial smoothing was applied to the functional data using a Gaussian kernel with a full-width at
half maximum (FWHM) of 6 mm. We then performed voxelwise denoising using a general linear model (GLM), which included the
following nuisance regressors: the six head motion parameters estimated during realignment, their first derivatives, the squares of
each term (i.e., 24 motion parameters in total), dummy regressors for volumes identified as outliers based on global signal deviation
and framewise displacement (temporal derivative), and average CSF signal. We did not apply a separate high-pass filter; instead,
linear and quadratic trends were modeled explicitly in the GLM to account for slow drifts and physiological artifacts. These prepro-
cessing steps were implemented uniformly for both the human instructor’s and the students’ MRI data. These further steps were per-
formed mainly using nltools®® on Python 3.10 (http://www.python.org).

Neural Time Series Extraction

We selected ROIs of three networks implicated in learning and comprehension (the default mode network; DMN'82° ), cognitive
resource allocation (the multiple demand network; MD?°) and socio-emotional processing (Limbic ROIs?®). DMN includes the ventro-
medial prefrontal cortex (VMPFC), dorsomedial prefrontal cortex (DMPFC), temporo-parietal junction (TPJ), precuneus (PC), and
posterior cingulate cortex functionally combined with posterior TPJ (pcc/pTPJ), the superior temporal sulcus extending into temporal
poles (STS/TP), and hippocampus (DMN regions depicted in Figure 3B2%2"). MD covers the middle frontal gyrus, inferior frontal sul-
cus, anterior insula, intraparietal sulcus, supplementary motor area, and anterior cingulate cortex (see MD network regions in
Figure 4A). Limbic ROIs comprise: the dorsal anterior cingulate cortex (dACC), anterior insula (Al), amygdala, and nucleus accumbens
(NAc), consistent with lyer et al.?® (see limbic regions in Figure 3C).

For each participant, we extracted the parcel-wise averaged BOLD time series by computing the mean time series across all voxels
within each labeled parcel within the DMN, limbic, and MD networks during the video learning. For the instructor, we conducted
similar operations for the neural responses during the lecture delivery for the DMN. Following prior recommendations, '® we excluded
the pre-video fixation period as well as the first 10 seconds of lecture delivery (for the instructor) and video watching (for the learners)
to minimize transient, non-selective responses to stimulus onset. After these exclusions, a total of 845 functional volumes were re-
tained for subsequent analyses. We used Python libraries Nilearn® and nibabel®' for neural time series extraction.

QUANTIFICATIONS AND STATISTICAL ANALYSIS

Behavioral data processing and analysis

Learning performance was assessed using comprehension, recall and transfer scores. Two independent groups of raters (each con-
sisting of two raters) scored the recall and transfer tests separately, yielding inter-rater reliability of 0.88 (95% CI: [0.7682, 0.9300],
p <0.001) and 0.89 (95% Cl:[0.7982, 0.9392], p < 0.001), respectively. SciPy®® and Pingouin®® libraries were used for behavioral data
analysis.
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Eye-tracking data processing and analysis

Eye-tracking data were analyzed primarily using EyeLink Data Viewer (Version 3.2.1; SR Research Ltd.) and Python 3.10 (http://www.
python.org). Following recent eye intersubject correlation (ISC) studies,**"'°® we computed student-student and student-instructor
gaze ISC during video lecture learning. For both analyses, we first extracted moment-to-moment eye gaze positions along the vertical
and horizontal axes from the instructor during lecture delivery and from the students during video watching.

For student-student eye ISC (n = 57), we applied a leave-one-out approach: for each participant, we computed the Pearson cor-
relation between their gaze position and the average gaze position of all other participants separately for the vertical and horizontal
directions. For student-instructor eye ISC (only for the No and Human interaction groups where the instructor’s eye gaze data was
available; n = 39), we used a pairwise approach, computing the Pearson correlation between each student’s gaze position and the
human instructor’s gaze position, again separately for vertical and horizontal axes. The vertical and horizontal ISC values were then
averaged to derive a student-student and a student-instructor gaze ISC score for subsequent analyses.

Prior to ISC calculation, missing gaze data due to eye blinks were linearly interpolated.®*"'°® We then performed two ANCOVAs,
each with the same covariate participants’ prior knowledge scores, to separately examine (1) the effect of social interaction (No inter-
action vs. Human interaction) and (2) the effect of instructor type (Human interaction vs. Al interaction). We mainly used python li-
braries Numpy,®' Pandas® and SciPy®* (e.g., interpolate and SciPy.stats) for gaze ISC computation and statistical analysis.

Student-student & student-instructor ISC
Neural alignment among subjects obtained via separate fMRI scanning were quantified using intersubject correlation (ISC'®'"). Two
ISC analyses were conducted: (i) student-student ISC (n = 57), calculated using a leave-one-out approach where each student’s
z-scored response time course was correlated using Pearson correlation to the average z-scored response time course of the re-
maining (N — 1) students at each ROI. (i) student-instructor ISC (for the Human and No interaction groups only, available neural
data was leveraged to examine student-instructor DMN neural alignment; n = 39), calculated using a pairwise approach where
ISC was calculated by correlating each student’s z-scored response time series to the instructor’s z-scored response time series
at each ROI. ISC values were computed separately for each ROl within the three networks of interest (the DMN, limbic network,
and MD network) and Fisher’s z-transformation was applied to normalize the correlation coefficients. We also tested for a lag be-
tween student and instructor neural responses during learning in the DMN as suggested by prior literature®”->* by shifting the stu-
dents’ time series by 1-6s° relative to the instructor’s time series (instructor preceding the students) and calculating ISC at each lag.
We assessed the impact of social interaction (No interaction vs. Human interaction) and interaction instructor type (Human inter-
action vs. Al interaction) on neural alignment by evaluating group differences using a non-parametric permutation test.'® Specifically,
we computed the observed difference in mean ISC between the No interaction and Human interaction groups as well as the Human
interaction and Al interaction groups, respectively. Then, we generated a null distribution by randomly shuffling group labels 1,000
times and recalculating the difference in mean ISC for each permutation. The empirical two-tailed p-value was calculated as the pro-
portion of permuted differences whose absolute value was greater than or equal to the absolute value of the observed difference. This
approach provides a non-parametric estimate of the statistical significance of group differences in ISC without relying on distribu-
tional assumptions. We corrected for multiple comparisons across ROIs in each network by controlling the false discovery rate
(FDR) at g = 0.05. We also computed 95% confidence intervals via non-parametric bootstrapping. ISC analysis was mainly conduct-
ed with libraries including nltools,®® nilearn,® nibabel,”’ Numpy,?' Pandas® and SciPy.®*

Classification of group

To evaluate whether the Human interaction, Al interaction, and No interaction groups exhibited comparable neural distinctiveness,
we conducted a multi-class classification analysis based on ISC features. We extracted ISC values from the DMN and MD network
and used them as input features.

We implemented a machine learning pipeline consisting of three sequential steps: 1) feature scaling via z-scoring, 2) univariate
feature selection using ANOVA F-tests, and 3) classification using a support vector machine (SVM) with a linear kernel (SVC with class
balancing enabled). To maximize statistical power while minimizing overfitting given the modest sample size, model evaluation was
performed using leave-one-subject-out cross-validation.

Classification performance was assessed based on overall binary accuracy, classification metrics (precision, recall, and F1 score),
and the confusion matrix. The binary accuracy was defined by whether the predicted group label matched the actual group label for
each participant. The theoretical chance-level accuracy for three groups was 0.33. To statistically assess whether the observed clas-
sification accuracy exceeded chance, we conducted a permutation test by randomly shuffling group labels and repeating the entire
classification procedure 10,000 times to generate a null distribution of classification accuracies. The empirical p-value was calculated
as the proportion of permutations in which the shuffled-label accuracy exceeded or equaled the observed accuracy. Here, python
library scikit-learn®” was used to implement SVM.

Correlational and mediation analysis

To examine how neural alignment and visual alignment jointly contribute to multimedia learning, we computed Spearman correlations
between neural ISC, gaze ISC, and learning outcomes (see a similar approach in Gu et al.'®). Statistical significance was assessed
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using a one-sided permutation test,'® in which student behavioral measures or eye-movement ISC values were randomly shuffled

1,000 times while keeping the neural ISC scores fixed, generating a null distribution of correlation values.

To assess broader relationships across groups, we concatenated data from all three conditions and computed partial Spearman
correlations between gaze ISC, neural ISC, and learning performance, controlling for group membership. Specifically, we regressed
out group effects from each variable and then computed Spearman correlations between the residuals. Statistical significance was
again assessed via a one-sided permutation test (1,000 iterations), where we randomly permuted the residual neural ISC values,
which were held constant across all correlation tests, while keeping the residuals of other variables fixed.

In both sets of correlation analyses, empirical one-tailed p-values were defined as the proportion of permuted correlations greater
than or equal to the observed correlation, following the method of Meshulam et al.'® Multiple comparisons across ROIs within each
network were corrected using false discovery rate (FDR) correction at g = 0.05. In parallel, we computed 95% confidence intervals
using non-parametric bootstrapping.

Furthermore, we conducted mediation analysis to test whether neural alignment served as a mediator between gaze alignment and
overall learning performance or whether gaze alignment mediated the relationship between neural alignment and learning perfor-
mance. In these models, both neural alignment and gaze alignment were tested as potential mediators. The analyses were conduct-
ed using nonparametric bootstrap resampling (5,000 iterations) with a significance level of a = 0.05. These mediation models were
theory-driven and focused on a small number of a priori hypothesized pathways (e.g., STS and PCC). Lastly, for the student-student
level mediation analysis, we conducted the analysis with the full sample (n = 57, all three groups) and performed a robustness check
restricted to Human and No interaction groups only (n = 39, matching the subsample for student-instructor analyses; results pre-
sented in Table S13). We primarily used Numpy,®' Pandas,®* SciPy,®® Scikit-learn®” and Pingouin®® libraries for these analyses.

ISFC-RSA analysis

In the present study, we leveraged ROls from DMN, implicated in comprehension and learning, and the limbic system, involved in
socio-emotional processing, to examine whether functional interactions between these networks were associated with learning
outcomes.

To assess the relationship between group-level socio-emotional engagement and individual cognitive processing, we computed
intersubject functional connectivity (ISFC) between each learner’s DMN ROI time series and the group-averaged time series of each
limbic ROI (leave-one-out approach by excluding the current participant). ISFC is used here due to its higher signal-to-noise ratio
compared to simple functional connectivity analysis (i.e., single out stimulus-driven functional connectivity by excluding individual
idiosyncratic patterns). For each subject, we Pearson correlated the time series of each DMN ROI with the corresponding group-level
limbic ROI time series separately, generating a vector of ISFC values across DMN-limbic ROI pairs.

Given the number of ROIs (7 from the DMN and 4 limbic regions), resulting in 28 ISFC values per participant, we operationalized the
analysis from a holistic perspective by adopting the framework of intersubject representational similarity analysis (ISRSA®9). Akin to
representational similarity analysis (RSA'?"), ISRSA computes the correlation between two subject-by-subject similarity matrices:
one derived from neural measures and the other from behavioral measures. Here, instead of constructing the neural matrix from pair-
wise ISC values, we adopted the ISFC values. Neural similarity matrices were constructed by reshaping each participant’s ISFC
values into a feature vector, computing pairwise correlation distances between participants, and converting these distances into sim-
ilarity values (1 — correlation distance). The behavioral similarity matrices were constructed upon the in-scanner comprehension
scores. Pairwise similarity between participants was computed such that participants with either higher or more similar scores
were treated as more similar, whereas those with lower or more divergent scores were treated as less similar. The ISFC-RSA corre-
lation thus quantifies the extent to which similarity in functional connectivity profiles, thus interaction across these two networks, pre-
dicts similarity in learning performance across participants.

Specifically, we constructed two types of pairwise similarity matrices to construct the pairwise learning performance matrices. This
decision was made as we did not hold specific hypotheses regarding the interaction between these two networks and learning per-
formance. There could be two possible scenarios: 1) those who exhibit high-performing individuals tend to exhibit more similar
network interaction patterns, while lower-performing individuals may show more idiosyncratic patterns (see Finn et al.’®®, and lyer
et al.?® for examples); 2) subjects with similar learning outcomes, regardless of performance level, will exhibit similar neural interaction
profiles (see Chen et al.’® for an example).

To entertain the first scenario, we followed ‘Anna Karenina’ or AnnaK principle.>® Specifically, we constructed pairwise learning
performance similarity matrices where higher pairwise similarity emerges among subjects with higher learning performance scores.
To do so, an absolute position on the behavioral scale for each subject was estimated by sorting learning performance where a lower
rank indicates lower performance. The similarity (i.e., Si,j) of each pair of subjects was computed using Equation (1), where P;i and Pj
were the absolute positions of subjects i and j respectively and N was the number of subjects. Hence, Si,j calculated from the pairs of
subjects with higher behavioral scores would be greater compared to Si,j obtained from the remaining pairs of subjects.

7+P)
2 x N

To accommodate the second situation, we also organized the pairwise similarity matrices in a way that higher pairwise similarity
emerges from similar behavioral scores, which is named as the ‘nearest-neighbor’ or NN principle.* We first obtained the absolute

S = (Equation 1)
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position on individual behavioral scale by sorting the learning outcomes measured by comprehension and transfer tasks. The sim-
ilarity (i.e., Sni,j) of each pair of subjects was computed using Equation 2, where Pi and Pjindicated the absolute positions of subjects i
and j respectively and N was the number of subjects. Therefore, Sni,j estimated from the pairs of subjects with similar learning out-
comes would be greater than Sni,j calculated from the pairs of subjects with less similar learning outcomes.

Note that during actual analysis, we followed the implementation details of Finn et al.*° to calculate the difference between two
subjects’ ranks using Euclidean distance. These distances were then converted to similarity scores to allow matrix correlation
with the ISFC similarity matrix.

P — P)

Sng; =1 - }( N (Equation 2)

Lastly, the statistical significance for the ISFC-learning representational similarity was assessed using a nonparametric Mantel
test.''® Specifically, we randomly permuted participant labels of the ISFC similarity matrix (i.e., rows and columns) 10,000 times
to generate a null distribution of surrogate Spearman’s correlation coefficients. The observed Spearman’s correlation coefficient
was then compared to this null distribution to derive a p-value for each analysis. To implement ISFC-RSA analysis, we used Python
libraries nltools,® nilearn,*° nibabel,”" SciPy®® and scikit-learn.®”

Graph abstract (Panel 1), Figures 1, 5, and 7 of this manuscript include several icon resources from Flaticon.com (https://www.
flaticon.com/). These resources are available for both personal and commercial use under the Flaticon License, provided that appro-
priate attribution is included.

Here we make the attribution statement in each respective figure caption:

Icons from Flaticon.com are used for the Graphical Abstract, Figures 1, 5, and 7 under Free license.
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