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Emotional events tend to be vividly remembered. While growing evidence
suggests that emotions have their basis in brain-wide network interactions,

itisunclear whether and how these whole-brain dynamics contribute to
memory encoding. Here we combined functional MRI, graph theory, text
analyses and pupillometry in a naturalistic context where participants
recalled complex narratives in their own words. Across three independent
datasets, emotionally arousing moments during narrative perception

were associated with anintegrated brain state characterized by increased
cohesion across functional modules, which in turn predicted the fidelity of
subsequentrecall. Network integration mediated the influence of emotional
arousal on recall fidelity, with consistent within- and between-network
interactions supporting the mediation across datasets. Together, these
results suggest that emotional arousal enhances memory encoding via
strengthening functional integration across brain networks. Our findings
advance a cross-level understanding of emotional memories that bridges
large-scale brain network dynamics, affective states and ongoing cognition.

Events that induce emotional arousal are often better remembered
than those that are emotionally neutral'*. For instance, a person is
more likely to recall witnessing a car accident than what they sawon a
routine drive home. Enhanced memory for arousing events prioritizes
the recall of experiences that are motivationally important, such as
those relevant to potential threats and rewards®”. This prioritization
facilitates the efficient allocation of cognitive resources towards events
thatimpact well-being, enabling individuals to respond more rapidly
and effectively to similar events in the future®’.

Emotional arousal is commonly defined as a subjective state of
heightened alertness and activation'™2, often accompanied by physi-
ological changes such as increased pupil dilation and electrodermal
activity”". Prevailing theories propose that emotional arousal triggers

the release of norepinephrine in the amygdala, which interacts with
other memory-related regions, most prominently the hippocampus,
to enhance the encoding of emotional experiences” %, Consistent
with this account, human functional MRI (fMRI) studies have found
that enhanced memory of emotional stimuliis associated with amyg-
dalar and hippocampal activation® >, aswell asincreased amygdalar-
hippocampal connectivity***. These findings have been recently cor-
roboratedinintracranial recordings in patients®*”. The administration
ofthe B-adrenergic antagonist propranolol, whichinterferes with nor-
epinephrine binding, reduces amygdalar and hippocampal responses
to emotional stimuli and diminishes the associated memory enhance-
ment, suggesting a causal role of arousal-dependent norepinephrine
release in mediating these effects®™",
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Audiovisual movie viewing

...The baby starts crying and she gets angry.
The woman picks up the needle and puts it...

Embeddings

...As the narrator says, “This is Keith Reynolds,
and today is promotion day.” Keith walks in the

The rock ends up among other rocks and debris
as sand, being swept off the road by a man...

Fig.1|Schematic of task and semantic similarity analysis between movie
annotations and spoken recall. Participants watched audiovisual clips in
the fMRIscanner and were instructed to recall what they had watched from
memory. Descriptions of movie events obtained fromindependent coders
and transcriptions of participants’ verbal recall were converted to vector
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But then like the baby starts wailing and crying,
and she’s like, | don't wanna have any more...

...Really waiting for his promotion that he knows
is gonna happen today. So he walks in, and...

And eventually, the rock ends up in a beach,
and now he’s very, very tiny, in among the sand

embeddings. Recall fidelity was computed as the cosine similarity between
the vector of scene annotations from an event and the transcript from the
matching eventina participant’s recall. The video screen captures are blurred
for copyright reasons.

Current models of arousal-dependent memory enhancement
have made foundational contributions to our understanding of the
brainregions involved, but they generally do not consider the role of
the large-scale functional network organization of the brain (but see
ref.32). Thereis growing recognition that the dynamic reconfiguration
of distributed functional brain networks in response to task demandsiis
crucial for adaptive behaviour®® and underlies emotional responses
and affective states'*~*2. Converging evidence suggests that height-
ened arousal promotes brain network integration—a brain state char-
acterized by increased connectivity and cohesion across functional
brain systems***~*¢, which have in turn been associated with memory
encoding and retrieval***°, Network integration is thought to be sup-
ported by therelease of norepinephrine, as demonstrated by pharma-
cological manipulations*®**, chemogenetic stimulation* and pupil
dilation****, awidely used proxy of norepinephrine activity®'. Building
onthiswork, we propose that functional network integration facilitates
the enhanced encoding of emotionally arousing memories, above
and beyond the contributions of the amygdala and the hippocampus.

While earlier behavioural and pharmacological studies on emo-
tional memories used narratives as stimuli**, neuroimaging studies
have primarily focused on the encoding and recall of static stimulisuch
as emotionally arousing images'>?°*** or words*>?*. Consequently,
less is known about the relationship between neural activity and the
emotional enhancement of narrative memories. Unlike static stimuli,
narratives represent complex experiences where interconnected
events unfold dynamically, requiring the accumulation and updating
of information over time. Advances in neuroimaging techniques and
natural language processing now allow for the study of how the brain
encodes and recalls these naturalistic episodes™. Here we take advan-
tage of these advances to investigate the neural basis underlying how
emotional arousal enhances what is remembered from temporally
extended narratives.

We used two publicly available fMRI datasets where participants
watched dynamic audiovisual narratives and verbally recalled what
they remembered. Arousal ratings of the movies were obtained by
analysing annotations of them using large language models (LLMs)
and from subjective ratings collected in separate behavioural experi-
ments. Applying graph theoretic analyses to the fMRI data, we com-
puted a dynamic measure of functional integration during narrative
perception. We assessed the fidelity of participants’ memory by using
text embedding models to measure the similarity between their recall
and detailed descriptions of the corresponding event. We then tested
whether functional integration during encoding mediated the effects
of emotional arousal on subsequent recall fidelity. Finally, we repli-
cated our results in a third dataset where we measured arousal using

pupillometry while participants listened to and recalled a suspense-
ful audio story, providing converging evidence of our results with a
physiological measure of arousal. Altogether, our work advances an
integrative view of arousal-dependent memory enhancement of nar-
rative memories that bridges affective states and ongoing cognition
through brain network dynamics.

Results

Our first set of analyses used two publicly available fMRI datasets that, to
our knowledge, are the only open datasets combining naturalistic nar-
rative stimuli with free spoken recall. These dataallow for fine-grained,
event-level assessment of memory fidelity within participants. In the
first dataset (Film Festival)¥, participants watched ten audiovisual
video clips (range, 2 min 12s-7 min 45 s; average duration, 4 min 32 s;
total duration, 45 min 22 s). In the second dataset (Sherlock)**, par-
ticipants watched a 50-minute segment from an episode of the British
TV show Sherlock. In both datasets, the participants were then asked
to describe what they remembered from the movies in as much detail
as they could. Each movie was divided into a set of events defined by
major shiftsinthe narrative, including changes in topic, location, time,
and characters (68 events in Film Festival; average length, 38.4 s; s.d.,
18.2's; 48 eventsin Sherlock; average length, 57.5 s; s.d., 41.76 s).

We first obtained detailed annotations of the movie events as a
ground-truth description of what occurred in each event. To assess
how well participants recalled the movie events, we quantified the
semantic similarity between participants’recall transcripts and these
annotations. We used Google’s Universal Sentence Encoder (USE)*
to convert the annotation and recall transcripts of each event into
numerical vectorsin ahigh-dimensionalembedding space (Methods).
We then calculated the cosine similarity between the vector encoding
the annotation and those encoding a participant’s recall of an event
as a measure of recall fidelity**® (Fig. 1). A high recall fidelity score
indicated thataparticipant’srecall closely matched the annotation of
anevent. Extended DataFig.1displays an example eventin each of the
two datasets with the transcripts and fidelity scores of the recall from
two different participants.

Functional integration during movie viewing is associated with
higher memory fidelity

We first examined how dynamic changes in brain network organi-
zation during movie viewing were associated with subsequent
memory fidelity. To that end, we parcellated the brain into 216 cor-
tical and subcortical regions. For each event in each participant, we
computed the functional connectivity between each pair of brain
regions as the Fisher z-transformed Pearson correlation between the
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Fig. 2| Functional integration during movie viewing is associated with higher
recallfidelity. a, Graphical representation of average B;. Each community
isshowninadifferent colour. Both networks contain the same number of

nodes and edges, but the network on the right has more connections between
communities, resulting in a higher average B;. b, Scatter plots depicting the
relationship between average B;, average recall fidelity and recall frequency.
Each datapointis an event. The size of each circle depicts the number of
participants that recalled that event. Red and blue circles correspond to example
events with high (red) or low (blue) average B;. The connectivity plots depict

John receives a
text from Sherlock

Sherlock discovers
an important clue

functional connections for the respective events, with colours denoting module
assignment. Each connectivity plot contains the same number of connections,
but there are more intermodular connections during events when average B;is
high. The video screen captures are blurred for copyright reasons. ¢, Posterior
distribution of the regression coefficient when predicting recall fidelity from
average By, estimated by a Bayesian multilevel model that pooled across Film
Festival and Sherlock. The 95% HDI of the distribution is indicated by the bold
horizontal line.

blood-oxygenation-level-dependent (BOLD) time courses. The con-
nectivity matrices were thresholded to retain the top 15% of connec-
tions and binarized to create sparse graphs, where nodes represent
brain regions and edges represent functional connections between
regions. This approach allowed us to leverage graph theory to quantify
network properties of large-scale neural dynamics and investigate
how functional modules inthe braininteract with one another during
movie watching.

Ineachgraph, brain regions were assigned to communities such
that regions within a community were more strongly connected to
one another than to regions in other communities*’, thereby parti-
tioning the brain into different functional modules (Methods). We
then quantified the diversity of intermodular connections of each
brain region at temporal segment 7 by calculating its participation
coefficient (B,)®. A brain region with a high B;has connections dis-
tributed across multiple modules, suggesting that it may play arole
in integrating information across modules®. Conversely, a brain
region with alow B;has most of its connections withinits own module,
suggesting more localized processing. High average Bracross brain
regions would then reflect high levels of intermodule connectivity,
indicating anintegrated brain state when there is stronger cohesion
across different functional modules.

For each event, we computed the average Bracross brain regions
as ameasure of whole-brain functional network integration®, We note
that each graph was thresholded to retain a fixed number of connec-
tions, and thus all graphs had the same number of connections. An
increase in B would thus not be due to a greater number of connec-
tions. Instead, graphs with high average B;had a greater number of
connections between functional modules, indicating greater integra-
tionacross networks (Fig. 2a). We hypothesized that events associated

with greater functional network integration during movie viewing are
more strongly encoded and are thus remembered with higher fidelity.

We used Bayesian multilevel models to test how functional net-
work integration during movie viewing was related to subsequent
event memory. To increase statistical power and estimate reliability,
we pooled dataacross the Film Festival and Sherlock datasets, treating
datasetasarandom effect to account for between-dataset variability.
Consistent with our hypothesis, average B;when viewing an event was
positively associated with recall fidelity (8 = 0.11; 95% highest density
interval (HDI), [0.07,0.16]; P(8 > 0) =1; Widely Applicable Information
Criterion (WAIC)=4,975; Fig. 2b,c). Model comparison showed that this
model outperformed anullmodelwithout average B;(WAIC,,; = 4,996;
Bayes factor (BF,,) =7,739), indicating strong evidence for the contribu-
tion of network integration to recall fidelity.

Functional integration mediates the effects of emotional
arousal on narrative recall

Giventhe well-established role of emotional arousal inenhancing mem-
ory encoding'®, we next sought to examine the impact of emotional
arousal on functional integration and narrative recall. To this aim, we
obtained ratings of emotional arousal based on text descriptions of
each narrative event using an open-access LLM®* (Methods). Addition-
ally, we collected emotional arousal ratings from 30 participants for
comparison and validation. Our approach parallels those of normed
affective datasets such as the Affective Norms for English Words®* and
the International Affective Picture System®, which use average rat-
ings of arousal and valence across participants to characterize the
emotional content of words orimages. Similarly, we treated both LLM-
and behaviour-derived ratings as normative, event-level estimates of
emotional arousal of the narrative content.

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-025-02315-1

aQ Effect of arousal on average B,

Average B,

Arousal
« Sherlock

Film Festival

N\,

Average B, \
. Illllll"lllll
—

Recall fidelity

LLM-generated
arousal ratings

Fig. 3| Functional network integration mediates the effects of emotional
arousal onrecallfidelity. a,b, Relationship between emotional arousal

and average B;(a) and recall fidelity (b). All variables were z-scored across
participants. Each point corresponds to an event, with the datasets differentiated
by colour. The marginal histograms display the distribution of arousal and
average Bror recall fidelity for each dataset. The corresponding posterior
distributions are shown in Extended Data Fig. 3. ¢, Mediation analysis testing
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whether average B, during an event mediates the effect of emotional arousal on
recall fidelity. The overlaid histograms show the posterior distributions of the
mediation (indirect) effect from Bayesian multilevel models estimated separately
for each dataset and for the pooled model. The 95% HDI of the regression
coefficient estimated using the pooled model is indicated by the bold horizontal
line. The video screen capture is blurred for copyright reasons.

Human behavioural ratings (Film Festival: median = 3.2; range
=1.3-4.7; Sherlock: median = 3; range = 1.5-4.7) were highly cor-
related across participants (Film Festival: one-to-average r=0.72,
non-parametric P < 0.001; Sherlock: one-to-average r=0.69,
non-parametric P< 0.001), indicating consistency across individuals
on the level of emotional arousal of each event. LLM-generated rat-
ings (Film Festival: median = 3.3; range = 1.6-4.9; Sherlock: median =
3.5; range =1.9-4.5) correlated with the average behavioural ratings,
providing convergent validity of the arousal measures (Film Festi-
val: Spearman’s p., = 0.60, P < 0.001; Sherlock: Spearman’s p,, = 0.75,
P<0.001; Extended Data Fig. 2). Subsequent analyses yielded similar
results for both the LLM-generated and average behavioural ratings.
For brevity, we report the results using the LLM-generated ratings here;
the results based on behavioural ratings are reported in ‘Robustness
checks’ inthe Supplementary Information.

We next sought to relate the arousal ratings to our graph meas-
ures of network integration. A Bayesian multilevel model pooling
across Film Festival and Sherlock indicated that average B, was
higher when participants viewed events rated as more emotionally
arousing (8= 0.12; 95% HDI, [0.07, 0.16]; P(8 > 0) =1; WAIC =5,078;
WAIC,,; = 5,105; BF,, = 4.6 x 10*; Fig. 3aand Extended Data Fig. 3a), and
that events rated as more emotionally arousing were recalled with
greater fidelity (8 = 0.14;95%HDI, [0.1, 0.18]; P(8 > 0) = 1; WAIC = 4,955;
WAIC,,; = 4,996; BF,, = 3.4 x107; Fig. 3b and Extended Data Fig. 3b).

Furthermore, average B, while viewing an event mediated the
effects of emotional arousal onrecallfidelity (8 = 0.01;95% HDI, [0.01,
0.02]; P(B> 0) =1; WAIC = 4,943; Fig. 3c), which accounted for 9% of the
total effect of arousal onrecall fidelity. Here we do not compare against
anull model, as removing the mediator tests the unique variance it
explainsinthe outcomerather than the presence of mediation. Instead,

we rely onthe proportion of the posterior distribution of the indirect
effect that is greater than zero to assess the strength of the evidence
for mediation®. To further assess the robustness of our results, we
show that the mediation effect replicates with global efficiency, an
alternative measure of whole-brain functional integration (8= 0.02;
95%HDI, [0.01,0.03]; P(8> 0) =1; WAIC = 4,918).

When event duration, visual intensity and audio intensity were
included as covariates, the mediation effect was attenuated but
remained statistically credible, indicating that network integra-
tion explained unique variance beyond these features (average B;:
£ =0.004;95% HDI, [0, 0.01]; P(B > 0) = 0.989; WAIC = 4,833; global
efficiency: §=0.005;95%HDI, [0, 0.01]; P(8 > 0) = 0.994; WAIC = 4,832).
Additionally, the mediation effect replicated independently in each
dataset, with functional connectivity matrices computed after global
signal regression, different parcellation schemes and network thresh-
olding parameters (see ‘Robustness checks’ in the Supplementary
Information). Altogether, these findings provide consistent evidence
in support of our core hypothesis that emotional arousal enhances
memory encoding by facilitating increased functional integration
across brain networks.

Network efficiency within and between canonical brain
networks mediates the effects of emotional arousal on
narrative recall

While average B;provides a measure of the overall levels of network
integration across functional modulesinthebrain, itisagnostic to the
brainregions that drive this integration. Thus, different configura-
tions of large-scale network organization might underlie the observed
effects. Are there specific networkinteractions that mediate the effects
of emotional arousal on memory encoding? To address this question,
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Fig. 4| Within- and between-network efficiency mediates the effects of
emotional arousal on recall fidelity in audiovisual datasets. a, The dots and
whiskers indicate the median and 95% HDI of the posterior distribution of the
mediation effect for each network connection, estimated from the pooled
sample of 32 participants. Data points are presented in blue if the mediation
effect was credible after controlling for multiple comparisons (expected
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visual network; MOT, somatomotor network; DAN, dorsal attention network;
VAN, ventral attention network; LIM, limbic network; CON, control network;
DMN, default mode network; SUB, subcortical network. b, Each node represents
afunctional network. The edges represent the credible connections after
controlling for multiple comparisons, and edge weights denote the median of the
posterior estimate. Black edges indicate connections that were identified only
inthe audiovisual datasets, while blue edges indicate connections that were also
identified in the Paranoia dataset.

we ranadditional analyses to characterize the contributions of connec-
tivity patterns within and between canonical functional brain networks.

We grouped the brain regions on the basis of their assignment to
seven functional networks defined by the Schaefer atlas (dorsal atten-
tion, ventral attention, control, default mode, visual, motor and limbic),
with the16 subcortical regions of interest (ROIs) grouped together as
one network. For each network, we calculated the within-network effi-
ciency®. For each pair of networks, we calculated the between-network
efficiency* (Methods). The within- and between-network efficiency
provided measures that are ofteninterpreted as reflecting the potential
efficiency of information transfer within and across different brain
networks, respectively*>®,

We tested whether within- and between-network efficiency
mediated the effects of emotional arousal on recall fidelity. To cor-
rect for multiple comparisons, we thresholded the results at an
expected posterior error probability (PEP) of 0.01 (ref. 67) (Methods).
Within-network efficiency in all eight functional networks and
between-network efficiency in 14 out of 28 possible network
pairs mediated the effects of emotional arousal on recall fidelity
(Fig.4a,b; see Extended Data Table 1for the full statistical details). The
between-network connections included connections across all eight
functional networks, suggesting that the enhanced encoding of emo-
tionally arousing experiences is supported by brain-wide integration.

Amygdalar and hippocampal engagement during emotionally
arousing events
Giventhe notable contributions of individual brain regions to memory
and emotional processing, we focused our subsequent analyses on two
specific ROIs commonly implicated in enhanced memory encoding®*":
the amygdala and the hippocampus. The eventsin our study spanned
30 seconds to over aminute (Film Festival mean, 38.4 s; Sherlock mean,
57.5s). As averaging amygdalar and hippocampal activity over the
course of an event fails to capture the time-locked neural responses
evoked by dynamic stimuli, we employed inter-participant correlation
(IPC) analyses®® to identify shared, stimulus-locked neural responses
across participants. Prior work using the Sherlock dataset found that
events with higher hippocampal IPC during encoding were more likely
to be remembered**. Here we calculated the IPC of the amygdala and
hippocampus for each event and tested their relationship with arousal,
integration and recall fidelity using Bayesian multilevel models that
pooled data across both datasets (Fig. 5a,b).

Amygdalar and hippocampal IPC were positively associated with
emotional arousal, consistent with the engagement of these regions

by emotionally arousing content (amygdala: 8= 0.07;95% HDI, [0.02,
0.11]; P(8 > 0) = 0.998; WAIC = 5,197; WAIC,,, = 5,203; BF,, = 1.5; hip-
pocampus: = 0.09; 95% HDI, [0.04, 0.13]; P(5 > 0) =1; WAIC =5,193;
WAIC, = 5,206; BF,, =33). Amygdalar IPC was positively associ-
ated with average B, (8= 0.07; 95% HDI, [0.02, 0.11]; P(3 > 0) = 0.998;
WAIC =5,094; WAIC,,,, = 5,105; BF,, =13), while hippocampal IPC was
not (8 =0.02; 95% HDI, [-0.03, 0.06]; P(5 > 0) = 0.78; WAIC = 5,102;
WAIC,,;,=5,106; BF, = 0.3).

Both amygdalar and hippocampal IPC were positively associ-
ated with recall fidelity (amygdala: f=0.07; 95% HDI, [0.02, 0.11];
P(8>0) = 0.999; WAIC = 4,987; WAIC,,, = 4,996; BF,, = 4.5; hip-
pocampus: f=0.07; 95% HDI, [0.03, 0.11]; P(8 > 0) = 1; WAIC = 4,986;
WAIC,,,, = 4,996; BF,, = 10). Additionally, amygdalar and hippocam-
pal IPC mediated the effects of arousal on recall fidelity (amygdala:
£=0.004;95%HDI, [0,0.01]; P(B > 0) = 0.992; WAIC = 4,950, 3% of total
effect; hippocampus: §=0.004; 95% HDI, [0, 0.01]; P(8 > 0) = 0.996;
WAIC = 4,948, 4% of total effect). Although inference was based on
the pooled model to maximize statistical power, the results from
individual datasets were directionally consistent in all cases. Most,
but not all, dataset-specific estimates met the predetermined cred-
ibility threshold of 0.95 (see ‘Dataset-specific IPC results’ in the
Supplementary Information).

These results are consistent with prior findings indicating the
importance of the amygdala and hippocampus to the enhancement
of emotional memories. The mediation effect of network integration
ontherelationship between emotional arousal and recall fidelity was
robust to controlling for amygdalar and hippocampal IPC (8= 0.01;
95% HDI, [0, 0.02]; P(5 > 0) = 1; WAIC = 4,933), as well as average activ-
ity in the amygdala, hippocampus and amygdala-hippocampus
functional connectivity (8= 0.01; 95% HDI, [0.01, 0.02]; P(8>0) =1;
WAIC =4,937), indicating a unique contribution of large-scale func-
tionalintegration above and beyond that explained by amygdalar and
hippocampal engagement.

Functional integration mediates the effects of pupil dilation
on narrative recall

Thus far, we have demonstrated that emotional arousal, as assessed
through subjective ratings and LLM-derived measures, is linked to
heightened network integration and enhanced recall fidelity. Next,
we assessed whether our findings would generalize to a physiological
measure of arousal. We collected a new dataset (n=27) where par-
ticipants listened to a suspenseful auditory story while their pupil
size was continuously measured as a physiological measure of arousal.
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Fig. 5| Emotional arousal was associated with hippocampal and amygdalar
engagement during encoding. a, Emotionally arousing events were associated
with greater IPCin the amygdala and hippocampus. The overlaid histograms
show the posterior distributions from each model for both brain regions, with
the 95% HDIs shown as bold horizontal lines. In the amygdala, greater IPC was
associated with increased arousal (left), stronger integration across functional
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modules (middle) and higher recall fidelity (right). In the hippocampus, greater
IPC was linked to increased arousal and recall fidelity, but not integration.

b, Mediation analyses testing whether IPC in the amygdala (left) and
hippocampus (right) mediates the effect of emotional arousal on recall

fidelity. The 95% HDIs of the posterior distributions are indicated by the bold
horizontallines.

We further used an open dataset (Paranoia, n = 22) of participants listen-
ing to the same story while undergoing fMRI®’. We chose an audio-only
stimulus to eliminate luminance-related confounds during pupillom-
etry and to isolate the effects of narrative-driven arousal. Emotional
intensity fluctuates over the course of the story*’, making it well suited
for examining how moment-to-moment changes in arousal relate to
event-level memory encoding. Furthermore, the story’s moderate
duration (-20 min) made it feasible to include both narrative listening
and free recallin a single session.

The story was segmented into 24 events, and pupil size was aver-
aged for each event. Pupil size across events was correlated between
participants (one-to-average r = 0.60, non-parametric P < 0.001), indi-
cating that the story evoked arousalinareliable manner across partici-
pants. Pupil size was associated with greater recall fidelity (8 = 0.13; 95%
HDI, [0.05, 0.2]; P(8 > 0) = 0.999; WAIC =1,794; BF,, =15.34; Fig. 6a),
indicating thatarousing events were better remembered. Pupil size was
also positively associated with greater functional network integration
(8=0.33;95%HDI, [0.26,0.4]; P(8> 0) = 1; WAIC = 1,743; BF, = 94 x 10"3;
Fig. 6b). Consistent with our earlier results, functional network integra-
tion atencoding was associated with subsequent recall fidelity (5 = 0.21;
95%HDI, [0.13,0.28]; P(8 > 0) =1; WAIC =1,776; BF , = 11 x 10*; Fig. 6¢).

Finally, we found that functional network integration mediated
the effects of pupil dilation on recall fidelity (8= 0.06; 95% HDI, [0.03,
0.09]; P(B>0) =1; WAIC =1,775; Fig. 6d), which accounted for 46%
of the total effect of arousal on recall fidelity. A post hoc robustness
analysis confirmed that the mediation effect wasreliable at the current
sample size (Extended Data Fig. 4). The mediation effect replicated
whenwe used global efficiency as the measure of network integration
(8=0.09; 95% HDI, [0.06, 0.12]; P(5 > 0) =1; WAIC =1,762) and was
robust to controlling for event duration and audio intensity (average
B;: B=0.05;95% HDI, [0.02, 0.07]; P(8 > 0) =1; WAIC =1,690; global
efficiency: f=0.06; 95% HDI, [0.03, 0.09]; P(8 > 0) =1; WAIC = 1,685).
These results demonstrate that our earlier findings generalize to a
physiological measure of arousal.

Within-network efficiency in five of the eight functional net-
works (ventral attention, control, default mode, visual and limbic)
andbetween-network efficiency in10 out of 28 possible network pairs
mediated the effects of emotional arousal onrecallfidelity (Fig. 6e; see

Extended Data Table 2 for the full statistical details). Of these 15 connec-
tions, 13 overlap with those that were identified in the pooled analysis of
the Film Festival and Sherlock datasets (Fig. 7). We note that differences
between Paranoiaand the audiovisual datasets should be interpreted
with caution as they may be related to lower statistical power in the
smaller Paranoia sample. Nevertheless, an overlap in the majority of
connections across datasets suggests that thereisacore set of network
interactions supporting the effects of arousal on memory encoding.

Discussion

Emotionally arousing experiences are often remembered with great
clarity and detail”. In the present study, we combined fMRI, graph
theory and a naturalistic memory paradigm to study the emotional
enhancement of narrative memories. Across three independent fMRI
datasets, we demonstrated that whole-brain functional network inte-
grationduring narrative perception mediated the effects of heightened
emotional arousal on the fidelity with which participants subsequently
remembered an event. Theresults replicated across measures of arousal
obtained from text analyses of the content, behavioural ratings and
pupil dilation, as well as across movies and audio stories. The mediation
effect was observed in interactions across multiple large-scale brain
networks, indicating that emotional arousal may enhance memory by
promoting coordinated activity across diverse brainregions. Together,
our findings suggest that functional network integration supports the
enhanced encoding of emotional memories by facilitating coordinated
activity across the brain.

Our findings extend the neuroscientific investigation of emo-
tional memories to complex, temporally extended narratives, which
are fundamental to how people make sense of experiences, share
knowledge and connect with others*>”*”, Prior work has demonstrated
that emotionally arousing content enhances the encoding of nar-
rative memories">*'. Here we show that this memory enhancement
is associated with increased network integration during narrative
encoding. Encoding narrativesinvolves the processing of multisensory
information’?, integration with existing knowledge and schemas’,
and alignment with ongoing goals and internal states™. An integrated
brain state, where different functional modules are highly intercon-
nected, facilitates information exchange and coordination across
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onrecallfidelity. a,b, Pupil size during story listening was associated with
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distribution of the mediation effect for each network connection, estimated
from asample of 22 participants. Data points are presented in blue if the
mediation effect was credible after controlling for multiple comparisons
(expected PEP < 0.01). Blue shading indicates network connections that were
alsoidentified in the audiovisual datasets (Film Festival and Sherlock).
Network connections are ordered by the median.

regions®*™7%, The enhanced connectivity across perceptual, associa-
tiveand memory-related regions may support the binding of narrative
events into a coherent memory representation, allowing for better
encoding of event details and their broader context.

The current results contribute to the growing body of literature
relating arousal to brain network organization. Our findings are con-
sistent with previous studies that demonstrated changes in network
organization following shifts in arousal states. For example, Kinnison
and colleagues® found increased functional integration across the
brain while participants viewed cues indicating potential threats (for
example, ashock) or monetary rewards. Similarly, electrophysiologi-
calstudiesinanimal models and fMRI studiesin humans have revealed
that fluctuations in autonomic arousal induce changes in functional
network topology®****>”7_Building on these findings, our study dem-
onstrates the behavioural consequences of these arousal-dependent
network dynamics. Specifically, we show that arousal may prioritize
information for encoding by facilitating communication across dif-
ferent functional brain networks, leading to greater fidelity during
subsequentrecall. These findings highlight the potentialimportance of
arousal-dependent network interactions in shaping ongoing cognition.

One of the strengths of graph theory is its ability to extract
network-level metrics that provide insights into how the brain func-
tionsas aninterconnected system. Thisapproach allows usto capture
emergent properties, suchasthe level of integration across functional
modaules, that become apparent only when considering the entire
network. As a network-level property, integration can arise from vari-
ous configurations of interactions between functional modules. By
framing these network interactions within the broader concept of
integration, our approach provides a unifying framework to explain
the diverse neural pathways that strengthen emotional memories.
Within this framework, we can also examine the specific within- and
between-network interactions thatreliably supportemotional memory

across contexts, identifying common network configurations that
facilitate the encoding of emotionally meaningful information.

To thatend, we identified a core set of network interactions that
consistently mediated the effects of emotional arousal on memory.
These include interactions between the control network and the
ventral attention network (that is, the “salience” network’®), consist-
ent with prior work showing increased connectivity between these
networks during emotionally arousing experiences*’. The ventral
attention network supports the detection of salient information’®,
and increased efficiency between these networks may enhance the
allocation of cognitive resources to emotionally charged narrative
moments. We also observed consistent mediation effects involving
the default mode and the ventral attention networks, which may
facilitate the incorporation of externally emotionally salient informa-
tion into internally constructed narrative models®*®®, Additionally,
mediation by the efficiency between the limbic network and both the
control and ventral attention networks suggests that arousal-related
memory enhancement may depend on coordination between affec-
tive processing systems and networks supporting executive control
and attentional allocation®.

Arousal-related memory enhancement was also mediated by
the efficiency between the dorsal attention and control networks.
The involvement of the dorsal attention network, which is typically
associated with the top-down control of attention, aligns with prior
evidence that the enhanced encoding of emotional stimulidepends on
attentional processes®’. From this perspective, attention and arousal
are interdependent processes that work in concert to prioritize the
encoding of emotionally charged narrative moments. This attentional
modulation is potentially supported by the locus coeruleus—-norepi-
nephrine system, whichisactivated by arousing stimuli and isknown to
enhance network integration®****and attention control®*®. Consistent
with this account, our study found that pupil dilation, a correlate of
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The edges represent the credible connections after controlling for multiple
comparisons, and edge weights denote the median of the posterior estimate.
Black edges indicate connections that were identified only in the Paranoia
dataset, while blue edges indicate connections that were also identified in the
pooled audiovisual dataset.

locus coeruleus-norepinephrine activity®, was associated with both
network integration and enhanced memory encoding.

The observed mediation effect between the somatomotor and
control networks aligns with a recent meta-analysis identifying the
pre-supplementary motor area, situated at the intersection of these
networks, as one of two regions consistently associated with arousal
states (the other being the anterior insula)®’. We also found that effi-
ciency within the visual network and between the visual and dorsal
attention networks mediated the effects of arousal on memory, even
in Paranoia, an audio-only story. Prior work has shown that listening
to stories activates early visual areas® and that visual cortex activity
encodes schema information from the stories™. These findings are
often interpreted as evidence of mental imagery during narrative
listening. Thus, one interpretation of the involvement of the visual
cortex in Paranoia is that arousing moments elicit vivid imagery and
are selectively prioritized by top-down attention, thereby enhancing
memory encoding. Future studies using decoding methods candirectly
test thisaccount.

While our findings emphasize theimportance of network dynam-
icsinenhancing memory encoding, itis equally important to consider
the roles of specific brain regions within these larger networks. The
amygdalaand hippocampus, forinstance, have been extensively stud-
ied for their roles in enhancing emotional memories'>**"*, Here we
found that emotional arousal engages the amygdalaand hippocampus
inastimulus-locked manner. While amygdalar engagement was posi-
tively associated with network integration, hippocampal engagement
was not, suggesting distinct roles for these regions in coordinating
arousal-dependent large-scale network dynamics. Both amygdalar
and hippocampal engagement were positively associated with recall
fidelity and mediated the effects of arousal on memory encoding,
extending prior work on images, words and sounds' to temporally
extended narratives. Importantly, the mediation effects of network
integration remained significant when controlling for amygdalar and
hippocampal engagement, indicating that the effects of emotional
arousal on memory encoding cannot be fully explained by activity in
theseregionsalone.

One potential concernaboutour designis that the narrative events
may not have been sufficiently arousing to engage neural processes
implicated in emotional memory enhancement. We consider this
unlikely for several reasons. Emotional words have been shown to reli-
ably elicit emotion-related memory effects*>*, engaging similar neural
processes as highly aversive images. All three narratives in our study
contained highly arousing scenes; for example, the Sherlock episode
included abattlefield sequence and amoment where amain character’s
life was under threat—events that are arguably more arousing than
isolated words. Indeed, behavioural ratings of emotional arousalin the
Sherlock and Film Festival datasets spanned nearly the full range of the
1-5scale, suggesting meaningful variability in event-level arousal. Fur-
thermore, heightened arousal was associated with increased amygdalar
engagement, replicating prior work using images and words. In the
Paranoia dataset, pupil dilation was synchronized across participants,
indicating stimulus-driven fluctuations in arousal that were shared
across listeners. These converging behavioural, physiological and
neural measuresindicate that the narrative eventselicited robust and
reliable arousal responses.

Nevertheless, it isimportant to recognize that watching a movie
or listening to a story may differ qualitatively from personally rel-
evant emotional experiences. Extending this work to autobiographical
experiences may help clarify how these mechanisms contribute to the
formation of vivid and enduring memories formed around personally
meaningful emotional events. This may be particularly relevantin the
context of trauma, where emotional memories are often intensely vivid
and disruptionsin network integration have been observed®. Another
limitation is that the three datasets were acquired under different
conditions and at different sites. While this heterogeneity strengthens
the generalizability of our findings, it also complicates cross-dataset
comparisons. Sex was relatively balanced across the audiovisual and
audio datasets, but the sample sizes precluded meaningful examina-
tion of sex-related differences. We note also that the participants were
primarily young adults, and future work is needed to assess how these
findings extend to older populations, particularly given evidence
thatlocus-coeruleus-linked arousal responses’ and neural responses
related to event perception undergo age-related changes®.

The mediation effects we observed were small and were con-
strained by the modest direct association between emotional arousal
and memory fidelity. This is possibly due to memory of complex, tem-
porally extended narratives being influenced by many factors beyond
emotional arousal, including prior knowledge’*®, the extent to which
an event aligns with existing schemas**%, and causal and semantic
relationships®*°*”. Additionally, our arousal measures were not col-
lected from the fMRI participants, which may have obscured mean-
ingful individual differences in emotional responses. Incorporating
participant-specific measures would yield stronger direct and media-
tion effects. Nonetheless, even modest effects can reflect meaningful
contributions in naturalistic settings, where memory formation is
subject to overlapping influences. Here we show that mediation via
networkintegration was larger in magnitude than mediation via either
hippocampal oramygdalar engagement alone. Rather than suggesting
that arousal-dependent changes in network integration are the sole
driver of memory encoding, our findings identify it as one notable and
previously underexplored contributor.

Takentogether, our findings provide robust, converging evidence
that emotional arousal enhances narrative memories through the
functional integration of large-scale brain networks. While our study
focused on memory, emotional arousal is also known to influence a
broad range of other cognitive processes, including attention’®"’,
perception'®*'and decision-making'°>'*>. Our work lays the founda-
tion for future research examining interactions operating at differ-
ent scales, from local activity in the amygdala and hippocampus to
brain-wide network dynamics, and how they facilitate the influence of
emotional arousal on human cognition and behaviour.
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Methods

Film Festival dataset

Fifteen participants (10 female, 5 male; ages 21 to 33; mean age,
27.5) watched ten short movie clips over the course of two func-
tional runs (repetition time = 1.5 s; echo time = 39 ms; flip angle,
50°; voxel size, 2 x 2 x 2 mm?). Each clip was approximately 5 min
long (2.15-7.75 min), and the clips varied in content, characters and
genre. Following movie watching, the participants were instructed to
verbally describe the clips from memory. The participants provided
informed consent and were compensated at $20 per hour. Raw ana-
tomical and functional data were downloaded from OpenNeuro'®*.
Additional details can be found in the original study®’. MRI data
were preprocessed using FSL/FEAT v.6.00 (FMRIB software library,
FMRIB). The stepsincluded motion correction of functional images,
removal of low-frequency drifts using a temporal high-pass filter
(100 s cut-off) and spatial smoothing (5-mm full width at half maxi-
mum). Functional images were registered to participants’ anatomical
image (rigid-body transformation with 6 degrees of freedom) and to
an Montreal Neurological Institute template (affine transformation
with 12 degrees of freedom). Following the original authors of this
study*>’, we discarded the first two volumes of each run to avoid the
non-specific transient increase in BOLD response at the beginning
of each run. The data from each run were shifted by 4.5 s to account
forhaemodynamiclagand then normalized by z-scoring across time
within each participant.

Sherlock dataset

Seventeen participants (7 female, 10 male; ages 19 to 26; mean age,
20.8) watched a segment from an episode of the British TV show
Sherlock over the course of two functional runs (repetitiontime =1.5s;
echo time =28 s; voxel size, 3 x 3 x 4 mm?®). Following movie watch-
ing, the participants were instructed to verbally describe the clips
frommemory. The participants provided informed consent and were
compensated at $20 per hour. Preprocessed functional and anatomi-
cal data were downloaded from Princeton University’s data storage
repository, DataSpace'®. The data had already undergone motion
correction, slice timing correction, linear detrending, high-pass fil-
tering, spatial smoothing, normalization to Montreal Neurological
Institute template, z-scoring across each run and shifting by 4.5 s to
correct for haemodynamic lag, as detailed in the original publication®.
No additional preprocessing was applied.

Paranoia dataset

Twenty-two participants (11 female, 11 male; ages 19 to 35; mean age,
27.0) listened to a 20-minute-long story involving a mysterious social
event over the course of three functional runs (repetition time=1s;
echo time =30 ms; flip angle, 8°; voxel size, 2 x 2 x 2 mm?). The par-
ticipants provided informed consent and were compensated with
$75 for the MRl session. Raw anatomical and functional data were
downloaded from OpenNeuro'®. Each run was approximately 7.2 min
long (5.5-8.7 min). Preprocessing steps (motion correction, smooth-
ing and registration) were identical to those of the Film Festival data-
set. The data from each run were shifted by five TRs to account for
haemodynamic lag and then normalized by z-scoring across time
within each participant.

Movie event segmentation and annotation

For the Sherlock stimulus, we used the event segmentation and annota-
tionreportedinref. 54. Briefly, the 50-minute episode was divided into
48 events (mean, 57.5s; s.d., 41.7 s) on the basis of significant shifts in
the narrative, suchas changesintopic, location, time and characters. An
annotator then provided written descriptions about what was happen-
inginthe movie during thatevent. K.G. repeated the procedure with the
Film Festival stimulus, generating 68 events (mean, 38.4 s;s.d.,18.2s)
and corresponding written annotations of each event.

The audio intensity of the Film Festival, Sherlock and Paranoia
datasets was computed using audioread in MATLAB (v.r2024b, Math-
works). Specifically, we extracted the sound envelope by applying the
Hilbert transform and taking the absolute value. The envelope signal
was then averaged over the event. Frame-wise visual intensity for the
Film Festival and Sherlock datasets was computed by converting each
video frame from RGB to HSV colour space using MATLAB’s rgb2hsv
function. We extracted the ‘value’ (V) channel, which corresponds to
brightness, and averaged the pixel values within each frame. The visual
intensity for each event was then obtained by averaging brightness
values across all frames within the event.

Recall transcripts

Transcripts of verbal memory recall were obtained from refs. 53 and
54.Thetranscripts were then segmented and manually matched to the
correspondingevents on the basis of the annotations that best matched
the verbal descriptions. For Sherlock, the onset and offset of the events
that were remembered were provided by Chen et al.**. For Film Festival,
the associated time stamps were identified by K.G.

Recall fidelity

We computed the fidelity of participants’ recall by assessing the
semantic similarity between participants’recall transcripts and movie
annotations. For each event, we converted both the participants’
recall transcripts and the corresponding movie annotations into
separate 512-dimensional vectors using Google’s USE™. Sentences
with similar meanings are encoded in vectors that are closer in the
embedding space. We chose the USE model because it generates a
single embedding vector that captures the overall meaning of text
spanning multiple sentences. We then calculated the recall fidelity
of each event as the cosine similarity between the vector encod-
ing a participant’s recall transcript and that encoding the movie
annotation. USE has been frequently employed to measure semantic
similarity between event descriptions®*****1%_ Qur approach draws
on prior work computing the cosine similarity between embedding
vectors encoding the annotation of an event and participants’ recall
as measures of memory fidelity**,

LLM measure of emotional arousal

We generated ratings of emotional arousal from the event annota-
tions using StableBeluga-13B (https://huggingface.co/stabilityai/
StableBeluga-13B), an open-access LLM®*. Researchers are increas-
ingly using LLMs as tools for automated text analysis'®®. For example,
LLM-generated valence and arousal ratings of text correspond well
to those obtained from behavioural participants'®"°. We provided
the model with event annotations and prompted it to rate the arousal
of each event on a scale from 1to 10. To facilitate comparison with
human ratings, which were collected on a 1-to-5 scale, we divided the
model-generated ratings by 2. As these ratings were z-scored prior to
analyses, the rescaling would not affect the results. As part of the model
prompt, we defined arousal as a state of “feeling very mentally or physi-
cally alert, activated, and/or energized” (see ‘Large language model
(LLM) prompt’ in the Supplementary Information for the full model
prompt). These instructions were adapted from our earlier work?and
drew on dimensional models of affect, where arousal reflects the level
of psychological activation or intensity associated with a stimulus or
experience and is orthogonal to valence, which reflects the degree
of pleasantness or unpleasantness'®". We avoided using the anchors
‘calm’ and ‘excited’, as employed in some prior studies”, because these
terms may be confounded with positive valence and could introduce
biasinto the LLM’s responses. Due to the inherent stochasticity in the
model’s responses, we ran 30 iterations for each event, effectively
simulating ratings from 30 ‘participants’. These ratings were z-scored
within each iteration to normalize the data and then averaged across
iterations to generate an average arousal rating for each event.
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Behavioural measure of emotional arousal

Asacomparisonand validation of the LLM-generated arousal ratings, we
collected behavioural ratings of emotional arousal from 30 participants
(5 male, 24 female, 1 non-binary; ages 21 to 36; mean age, 26.23). The
experimental procedures were approved by the University of Chicago
Institutional Review Board, and the participants provided informed
consent prior to the start of the study. The participants were compen-
sated with $30 for their time. The participants were provided with the
same definition of arousal as the LLM and were instructed to rate the
arousal of eachevent onascale of 1to 5 after watching each event. While
the LLM ratings used a 1-to-10 scale to capture finer-grained distinc-
tions, we opted for a coarser five-point scale for human participants
to reduce cognitive load and rating fatigue, given the large number
and extended duration of the narrative events. The participants were
allowed to pause the video to make their ratings. All participants pro-
vided ratings on both Film Festival and Sherlock, with a short break
in between. The ratings were z-scored within each participant and
averaged across participants to generate an average arousal rating for
eachevent. We correlated the LLM and behavioural measures to assess
the consistency across the two methods of eliciting arousal ratings.

Generating graphs from functional connectivity matrices
Corticalregions were parcellatedinto 200 ROIs taken from the Schaefer
atlas™. Subcortical regions were divided into 16 ROIs on the basis
of the Melbourne subcortex atlas™. Similar results were observed
when we repeated our analyses with the Shen parcellation scheme
thatincluded 268 parcels encompassing both cortical and subcortical
regions (see ‘Robustness checks’in the Supplementary Information for
additionaljustification of the parcellation scheme). We extracted ROI
time courses by averaging all voxels withineach ROI. We then regressed
out mean white matter and mean cerebrospinal fluid time courses, and
framewise displacement from each ROI time course to minimize the
influence of motion, non-neuronal noise and other nuisance signals on
the functional connectivity estimates. Global signal regression was not
includedinthe mainanalyses as it canintroduce spurious correlations
between brainregions™*""*, However, we note that our results remained
consistent when global signal regression was applied (see ‘Robustness
checks’inthe Supplementary Information).

For each event in each participant, we calculated the Fisher
z-transformed Pearson correlation between the BOLD time courses of
each pair of ROIs, resultingina216 x 216 functional connectivity matrix.
Each matrix was then thresholded to retain the top 15% strongest con-
nections and binarized to create an unweighted, undirected graph.
To ensure the robustness of our findings, we replicated our results at
different thresholds (10%, 20% and 25%; Supplementary Information).
Allgraphtheoretic metrics (see below) were then extracted using the
Brain Connectivity Toolbox™.

Average participation coefficient
Consistent with prior studies®****°, brain regions were assigned to
communities (that is, modules) using the Louvian algorithm, which
seekstoidentify acommunity structure that maximizes the number of
within-community connections and minimizes between-community
connections. Given the stochastic nature of the algorithm, the com-
munity assignment was repeated 1,000 times to obtain a consensus
community structure for each participant and event.

We then calculated B, for each ROI, which quantifies the extent
to which the region’s connections are distributed across different
communities:

2

k;
Bu=1- 3, (%)
meM i

where k; is the degree (that is, the total number of connections) of
region i, and k; ,, is the number of connections that region i has with

regions in community m. Thus, B;ranges from 0 to 1, with higher
values indicating that a region’s connections are evenly distributed
across communities, and lower values indicating that a region’s con-
nections are predominantly withinits assigned community. To assess
whole-brain network integration, we averaged B across all ROIs for
each participant and event. The average By was used as our primary
measure of network integration, with higher values indicating a more
integrated brain state during movie viewing.

Network efficiency measures

We calculated global efficiency (£,) as an alternative measure of net-
work integration®. £, is defined as the average inverse shortest path
length between all pairs of nodes in the network:

1 1
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where nis the total number of regions, Nis the set of all regions in the
network and djis the length of the shortest path between nodes i and
J-Higher E is indicative of greater network integration where fewer
connections separate any two brain regions.

Within-network efficiency was calculated as the average inverse
shortest path length between all pairs of regions within a network®.
Between-network efficiency of networks1and 2 was calculated as the
average inverse shortest pathlength between eachregionin network
land eachregionin network 2 (ref. 49). For all efficiency measures,
the shortest path was defined over all regions in the brain. In other
words, when calculating between-network efficiency between net-
works i andj, the shortest path may include regions outside of the
two networks.

Bayesian multilevel models

We used Bayesian multilevel models to analyse the relationship
between brain network metrics, emotional arousal and recall fidel-
ity. These models were chosen for their ability to account for the
hierarchical structure of the data, where events were nested within
participants, and to estimate uncertainty in the parameter estimates
directly. All models were implemented using the brms package
(v.2.21.0)"" in R v.4.3.2"¢ and were run with the random seed ‘123’ to
ensure reproducibility. The models included random intercepts for
predictors to account for random variability across participants. For
models pooling across the Film Festival and Sherlock datasets, we
additionally included dataset as a random intercept to account for
between-dataset variability.

Models were specified with weakly informative priorsto facilitate
convergence while still allowing the posterior distributions to be pre-
dominantly shaped by the data (see the Supplementary Information
for the full prior specification). Each model was run with four Markov
chain Monte Carlo chains, each with 4,000 samples, of which the first
1,000 samples were discarded as burn-in. The remaining samples from
allchains were concatenated to formthe posterior distribution of each
parameter. We checked for model convergence by ensuring that the
Gelman-Rubin diagnostic (R) was less than 1.01 for all parameters.
Posterior distributions were summarized by reporting the estimated
posterior means and 95% HDIs'’. We considered parameters to be
credibly above zero if more than 95% of the posterior distribution was
greater than zero.

To evaluate model fit, we computed the WAIC using the loo pack-
age (v.2.7.0)"%, Lower WAIC values indicate better out-of-sample
predictive performance. Where appropriate, we compared models
against null models that excluded the predictor of interest. We also
computed BF,, using the bayestestR package (v.0.13.2)"" to quantify
evidence relative to the null model. BF,, values greater thanlindicate
evidencein favour of the alternative model, with larger values reflect-
ing stronger support.
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Mediation analyses
Mediation effects were computed using the product-of-coefficients
method'®. Specifically, the posterior distribution of the mediation
effect of average B was obtained by multiplying the posterior sam-
ples of the effect of emotional arousal on average B; (‘path a’) by the
posterior samples of the effect of average B; on recall fidelity while
controlling for emotional arousal (‘path b’). To evaluate evidence for
mediation, we examined the proportion of the posterior distribution
ofthe mediation that was greater than zero. A mediation effect was con-
sidered statistically credible if more than 95% of the posterior distribu-
tion exceeded zero, and we report the 95% HDI to describe uncertainty
inthe estimated effect. For robustness checks, we fit separate models
thatincluded event duration, audio intensity and visual intensity (for
theaudiovisual datasets) as covariates. All other model specifications
andinference criteria were identical to those for the primary models.
We grouped the brain regions into the seven functional networks
defined by the Schaefer atlas (dorsal attention, ventral attention, con-
trol, default mode, visual, motor and limbic networks), with the 16
subcortical ROIs grouped together as one network. We then assessed
the mediation effect of the within-network efficiency of each network,
as well as the between-network efficiency of every pair of networks.
To account for multiple comparisons across networks and network
pairs, we thresholded the results within each dataset at an expected
PEP of 0.01, corresponding to a less than 0.01 probability of making
anincorrectinference (thatis, concluding that a parameter is greater
than O whenitisin fact less than 0)%. From a frequentist perspective,
this procedure is analogous to controlling for a false discovery rate at
g <0.01(ref.121). Among the networks and network pairs for which the
HDIwas above zero, we identified those that survived thresholding at
anexpected PEP < 0.01.

IPC analyses

We extracted the time-course data from the amygdala and the hip-
pocampus for eachevent. For each participantand event, we calculated
the IPCby correlating anindividual’s time-course data with the average
ofall other participants’ data. This provided an IPC value for the amyg-
dalaandthe hippocampus for each participant and each event. We then
tested whether the IPC was associated with arousal, memory and B;.

Paranoiabehavioural dataset

A total of 35 participants were recruited from the University of Chi-
cago research participation pool (SONA Systems). The experimental
procedures were approved by the Institutional Review Board at the
University of Chicago, and all participants provided informed con-
sent at the beginning of the study. Three participants were excluded
due to equipment failure; five additional participants were excluded
dueto noisy pupillometry data (see ‘Pupillometry’ in the Supplemen-
tary Information). Thus, 27 participants in total were included in the
analysis (12 male, 15 female; ages 20 to 33; mean age, 22.3). Detailed
procedures regarding noise detection and preprocessing are reported
inthe Supplementary Information. The stimuli were presented using
Psychopy (v.2022.2.5)'%,

Pupil size was recorded using the Eyelink 1000 eye tracker
(SRResearch) at asamplingrate of 500 Hz. Prior to recording, the par-
ticipants completed afive-point calibration sequence. The participants
were seated in front of the computer andinstructed to fix their eyes on
acrossdisplayed in front of them. After listening to the story, the par-
ticipants were allowed a short break before beginning the recall task.
For the recall task, the participants were asked to recount the story in
their own words. They were encouraged to speak for at least 10 min
and were permitted to returnif they later recalled additional details.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Theraw MRIdatafromthe Film Festival dataset are available via Open-
Neuro at https://openneuro.org/datasets/ds004042/versions/1.0.1.
The preprocessed MRIdata from the Sherlock dataset are available via
DataSpace at https://dataspace.princeton.edu/jspui/handle/88435/
dsp01nz8062179. The raw MRI data from the Paranoia dataset are
available viaOpenNeuro at https://openneuro.org/datasets/ds001338/
versions/1.0.0. The behavioural and pupillometry dataare available via
GitHub at https://github.com/jadynpark/arousal_integration.

Code availability
The custom analysis scripts are available via GitHub
at https://github.com/jadynpark/arousal_integration.
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Film Festival

Event 14: Dinner Table
The back of a man's head comes into view before the camera pans left to reveal a dinner table with a woman eating at the seat
across. The camera cuts back and forth as they cut up their food and eat it. The woman gets up, picks up a bottle of wine, and

goes toward the man. She aims to pour him a glass but he covers it with his hand and says, "Not for me dear." He continues to
eat. She sits back down at her seat.

( fidelity=0.72 ) ( fidelity=0.28 )

;The segment is subtitled High Maintenance. It opens with a 1 |

I'man and a woman Sitting at opposite ends of a long dinner ! 1 i ; But thev don't look h d thev're !
I'table. They're eating in silence. The woman goes to pour the I'! o U ey Lo 00K Yory 1appy, SnC ey s

g . . . o |
ing and the wife offers him some wine but he doesn't
I'man a glass of wine. He covers the glass with his hand, and ! ! qu::]te taot g - l -y !
I ; I : I
_says that he cannot drink.

But basically it's like a husband and wife together and just like !

Sherlock

Event 7: Get a Cab Discussion

View of London from the top of a building. October 12th a woman (Helen, a secretary) with a purple shirt and a black skirt is
speaking on the phone @s she walks across a room in a high rise building. A man'’s voice (Sir Jeffrey) is heared on the phone
saying: “What'd you mean, there’s no ruddy car?” Helen, his secretary, replies: “He went to Waterloo. I'm sorry.” Sir Jeffrey, a
middle-aged man is seen speaking with the woman on his cell phone while walking across the concourse of a busy london
railway station. Helen says to him on the phone: “Get a cab”. Sir Jeffrey replies while walking: “I never get cabs.” Woman looks
around to see if anyone is within earshot and says quietly, SHIGVENOUL on the phone. Sir Jeffrey asks: “When?” Woman giggles
and says “Get a cab!” Sir Jeffrey smiles, gets off the phone and looks around him to get a cab.

( fidelity=0.60 ) ( fidelity=0.37 )
1 So then | believe that's when we start to see the first murder. 1 | Oh but hold on, earlier there might have, | can't remember |
I'lt's like basica”y, this woman is Walklng around in her office ! | exactly when these scenes happeny but there are also a !
' and she's on the phone with this guy who | guess is her | I series of scenes where we see a few deaths and that

I
 husband. But he’s not in the office, he's lin‘a‘train'station, | | 1 presents sort of the plot for the episode, the conflict that SH !
i think. Also on the phone, kind of rushing, and she tells him to | 1 eventually have to solve. So the first scene is, we see a :
I
I

1 getacab, and he says no, | don't like, or I don't ever use cabs. 1 ' man talking with a woman and she says A, you know you

I And then she says OK, HUEMIWERENONSEENVEU soon, or I ! shoulq get a taxi and then sHEIaVEMMlove you; and B, get a
something, go get a cab. I

|

L e e e e e e e e e e e e e e e = = — — — dh o e e e - e e - e e e e e e e = = = = = 4
Extended Data Fig. 1| The semantic similarity between annotations of amovie with transcripts and fidelity scores of two different participants recalling
event and participants’ recall transcripts provide a measure of recall fidelity. that event. Colorsindicate matching details between the movie and recall,
Excerpts from the annotations of an example event in each dataset are shown hand-labeled for illustrative purposes.

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-025-02315-1

8.

6.

Count

4.
2.

0.

Film Festival

Count
"

0.

Human-rated arousal ratings

Count

1

2

3

4

5

Sherlock

Human-rated arousal ratings

1

2

3

4

Ly

Model-rated arousal ratings

5

1

2

3

4

5

Model-rated arousal ratings

B

(¢}

H

N

Model-generated ratings
w

-

3,

N

N

Model-generated ratings
w

-

Film Festival

2 3 4 5
Behavioral ratings

Sherlock

2 3 4 5
Behavioral ratings

Extended Data Fig. 2| LLM-generated arousal ratings align with human behavioral ratings. (A) Histogram of human- and model-rated arousal ratings. Arousal
ratings for each event were averaged across subjects and iterations (LLM ratings). The red vertical line represents the median. (B) Scatterplot of model-arousal ratings

against behavioral arousal ratings.
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B

Effect of arousal on average B, Effect of arousal on recall fidelity

Median=0.121
P(posterior > 0)=1

Median=0.142
P(posterior > 0)=1

‘ 0.075 0.164 ! 0.099 0.182
0.0 0.1 0.2 0.0 0.1 0.2
Posterior distribution Posterior distribution

Extended Data Fig. 3| Arousal is associated with functional integration and recall fidelity. Posterior distribution of regression coefficient when predicting (A)
average participation coefficient (BT), and (B) recall fidelity, estimated by a Bayesian multilevel model that pooled across Film Festival and Sherlock. The 95% HDI of
each distributionisindicated by the bold horizontal line.
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Empirical power of mediation effect across sub-samples

1.01
—
o 0.8
2
(]
20.61
S
= 0.4/
£
w 0.21
0.01__ . . ' . , . .
1 4 7 10 13 16 19 22
Sub-sample Size
Extended DataFig. 4 | Post-hoc robustness analysis of the mediation effectin empirical power, defined as the proportion of iterations in which more than 95%
the Paranoia dataset. We repeated the mediation analysis with randomly drawn ofthe posterior distribution of the mediation effect was greater than zero. Power
subsets of fMRI participants (with replacement), varying the sub-sample size exceeded 0.8 with as few as 10 participants and approached 1.0 at the full sample

from1to 22. For each subsample size, we conducted 100 iterations and computed  size, indicating high reliability of the mediation effect.
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Extended Data Table 1| Table reporting mediation effect of within- and between-network efficiency on the relationship
between emotional arousal and recall fidelity for the audiovisual datasets

Network 1 Network 2 Median 95% HDI p(b>0) Adjusted PEP WAIC

CON CON 0.00 [0, 0.01] 0.98 0.00 4,940
CON DMN 0.01 [0, 0.01] 1.00 0.00 4,937
CON SUB 0.00 [0, 0] 0.69 0.05 4,957
DAN CON 0.01 [0.01, 0.02] 1.00 0.00 4,944
DAN DAN 0.03 [0.02, 0.04] 1.00 0.00 4,924
DAN DMN 0.00 [0, 0] 0.92 0.01 4,954
DAN LIM 0.00 [0, 0] 0.81 0.02 4,956
DAN SUB 0.00 [0, 0.01] 0.90 0.01 4,955
DAN VAN 0.01 [0, 0.01] 1.00 0.00 4,947
DMN DMN 0.01 [0.01, 0.02] 1.00 0.00 4,927
DMN SUB 0.00 [0, 0.01] 0.99 0.00 4,953
LIM CON 0.01 [0, 0.01] 1.00 0.00 4,945
LIM DMN 0.02 [0.01, 0.02] 1.00 0.00 4,925
LIM LIM 0.02 [0.01, 0.03] 1.00 0.00 4,917
LIM SUB 0.01 [0, 0.02] 1.00 0.00 4,941
MOT CON 0.01 [0, 0.01] 0.98 0.00 4,953
MOT DAN 0.00 [0,0.01] 0.98 0.00 4,950
MOT DMN 0.00 [0, 0.01] 0.99 0.00 4,951
MOT LIM 0.00 [0, 0.01] 0.88 0.02 4,956
MOT MOT 0.00 [0, 0.01] 1.00 0.00 4,949
MOT SUB 0.00 [0, 0] 0.76 0.04 4,957
MOT VAN 0.01 [0, 0.01] 0.99 0.00 4,952
SUB SUB 0.01 [0, 0.02] 1.00 0.00 4,945
VAN CON 0.01 [0, 0.02] 1.00 0.00 4,941
VAN DMN 0.01 [0.01, 0.02] 1.00 0.00 4,929
VAN LIM 0.01 [0, 0.01] 0.99 0.00 4,953
VAN SUB 0.00 [0,0.01] 0.94 0.01 4,956
VAN VAN 0.01 [0, 0.02] 1.00 0.00 4,948
VIS CON 0.00 [0, 0] 0.52 0.07 4,958
VIS DAN 0.01 [0.01, 0.02] 1.00 0.00 4,933
VIS DMN 0.00 [0, 0] 0.55 0.06 4,958
VIS LIM -0.00 [0, 0] 0.45 0.08 4,957
VIS MOT 0.00 [0, 0] 0.80 0.03 4,953
VIS SUB 0.00 [0, 0.01] 0.94 0.01 4,953
VIS VAN -0.00 [0, 0] 0.44 0.10 4,958

VIS VIS 0.01 [0.01, 0.02] 1.00 0.00 4,921

Rows in bold font indicate networks and network pairs where the expected PEP was <0.01 and the 95% HDI were >0. p(b>0): proportion of the posterior draws that were >0. WAIC:
Widely Applicable Information Criterion.
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Extended Data Table 2 | Table reporting mediation effect of within- and between-network efficiency on the relationship
between pupil dilation and recall fidelity for the Paranoia dataset

Network 1 Network 2 Median 95% HDI p(b>0) Corrected PEP WAIC

CON CON 0.03 [0.01, 0.04] 1.00 0.00 1,783
CON DMN 0.09 [0.06, 0.12] 1.00 0.00 1,712
CON SUB -0.00 [-0.02, 0.02] 0.37 0.13 1,797
DAN CON 0.09 [0.06, 0.13] 1.00 0.00 1,757
DAN DAN 0.01 [0, 0.02] 0.90 0.01 1,795
DAN DMN 0.07 [0.04, 0.1] 1.00 0.00 1,774
DAN LIM 0.02 [0, 0.04] 0.98 0.00 1,792
DAN SUB -0.01 [-0.03, 0] 0.00 0.39 1,788
DAN VAN -0.01 [-0.03, 0] 0.05 0.29 1,794
DMN DMN 0.03 [0, 0.06] 0.99 0.00 1,717
DMN SUB -0.01 [-0.03, 0] 0.00 0.37 1,790
LIM CON 0.05 [0.03, 0.08] 1.00 0.00 1,713
LIM DMN -0.00 [-0.01, 0.01] 0.43 0.09 1,779
LIM LIM 0.01 [0, 0.03] 0.99 0.00 1,786
LIM SUB 0.00 [-0.01, 0.02] 0.66 0.07 1,797
MOT CON 0.08 [0.05, 0.11] 1.00 0.00 1,764
MOT DAN 0.00 [-0.01, 0.01] 0.72 0.04 1,788
MOT DMN -0.01 [-0.03, 0.02] 0.33 0.15 1,797
MOT LIM -0.00 [-0.01, 0] 0.18 0.20 1,795
MOT MOT -0.01 [-0.02, 0] 0.04 0.33 1,787
MOT SUB -0.01 [-0.03, 0.01] 0.11 0.22 1,768
MOT VAN 0.01 [0, 0.02] 0.88 0.01 1,795
SUB SUB 0.00 [-0.01, 0.02] 0.72 0.05 1,796
VAN CON 0.09 [0.06, 0.13] 1.00 0.00 1,741
VAN DMN 0.06 [0.04, 0.09] 1.00 0.00 1,752
VAN LIM 0.06 [0.04, 0.09] 1.00 0.00 1,745
VAN SUB -0.00 [-0.02, 0.02] 0.42 0.11 1,797
VAN VAN 0.04 [0.02, 0.07] 1.00 0.00 1,768
VIS CON -0.01 [-0.02, 0] 0.06 0.27 1,794
VIS DAN 0.03 [0.01, 0.05] 1.00 0.00 1,782
VIS DMN 0.00 [-0.01, 0.02] 0.74 0.03 1,797
VIS LIM -0.01 [-0.02, 0] 0.04 0.32 1,794
VIS MOT -0.00 [-0.01, 0.01] 0.28 0.18 1,792
VIS SUB -0.01 [-0.03, 0] 0.06 0.25 1,794
VIS VAN -0.01 [-0.02, 0] 0.03 0.35 1,791

VIS VIS 0.05 [0.03, 0.08] 1.00 0.00 1,767

Rows in bold font indicate the networks and network pairs where the expected PEP was <0.01 and the 95% HDI were >0. p(b>0): proportion of the posterior draws that were >0. WAIC:
Widely Applicable Information Criterion.
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Raw MRI data from the Film Festival dataset are available on OpenNeuro, https://openneuro.org/datasets/ds004042/versions/1.0.1.
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We do not believe that there would be self-selection effects. However, as participants were primarily young adults future
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Recruitment For the Film Festival and Sherlock datasets, participants were recruited from the Princeton community and compensated at
$20/hour. For the Paranoia dataset, participants were recruited from the Yale community and compensated $75 for the MRI
session. For all behavioral experiments, participants were recruited from the University of Chicago SONA Research Participant
Pool. Participants provided informed consent prior to the start of all studies.

Ethics oversight The behavioral experiments were conducted in accordance with the protocols approved by the University of Chicago
Institutional Review Board.
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Sample size 15 participants were included in the Film Festival dataset; 17 were in Sherlock, and 22 were in Paranoia. As these are existing datasets, sample
size was pre-determined based on available data. Results replicated independently across Film Festival and Sherlock, providing evidence of
the robustness of the results from the pooled sample. A post-hoc robustness analysis indicated that power exceeded 0.8 after 10 participants,
and approached 1 at the full sample size of n = 22 in the Paranoia dataset.

For the behavioral arousal experiment, 30 participants were recruited. This sample size was based on our previous work (Ke et al., PLOS Comp
Biol, 2025) where we found that the reliability of arousal ratings reached a plateau by this sample size.

For the pupillometry study, 35 participants were recruited. We show in the manuscript a reliable pupil timecourse across participants at this
sample size.
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Data exclusions | participants were excluded due to equipment failure, and five additional participants were excluded due to excessive noise in the data. In
total, 27 participants were included in the analyses.

Replication We found that emotionally arousing events were associated with greater integration across functional modules during encoding. Such events,
in turn, were more likely to be recalled subsequently. We demonstrate this finding in data pooled across the two audiovisual datasets (Film
Festival and Sherlock) as well as the audio-only dataset (Paranoia). The effects were replicated when tested in three datasets independently.

Randomization | Randomization was not performed, as this was an observational study and no experimental manipulations were involved.

Blinding Blinding was not necessary as our procedures did not involve explicit experimental manipulation.
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Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
Antibodies |:| ChlIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging

Animals and other organisms
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Dual use research of concern
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Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

Authentication Bg;&%ﬁé”gg-y atithentication-procedtures for-each seed stock-tised-ornovel-genotype generated—Describe-any-experiments-tised-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Magnetic resonance imaging

Experimental design

Design type The studies used naturalistic movie watching/story listening paradigms.

Design specifications Participants watched audiovisual movie clips, or listened to an audio narrative, in the MRI scanner. The audiovisual
movie clips (Sherlock, Film Festival) were 50-minutes long. The audio story (Paranoia) was 22 minutes long.

Behavioral performance measures  Participants were asked to recall the movie clips/story in the MRI scanner after encoding. For the purpose of the current
study, the accompanying neural data were not used.

Acquisition
Imaging type(s) Functional and structural
Field strength 3T
Sequence & imaging parameters Structural images were acquired using a high-resolution T1-weighted MPRAGE sequence (1Imm3 resolution). Functional
BOLD images were collected on a 3T Philips Ingenia
Area of acquisition Whole brain

Diffusion MRI [ ] Used X Not used




Preprocessing

Preprocessing software

Normalization
Normalization template

Noise and artifact removal

Volume censoring

No preprocessing was performed for Sherlock, as the data have already been preprocessed. We used FSL/FEAT v6.00 (FMRIB
software library, FMRIB, Oxford, UK) for the preprocessing of functional and structural images for the Film Festival and the
Paranoia dataset.

The functional images were normalized using affine transformation (12 dof).

The functional images were registered to the MNI 152 template.

The preprocessing steps include MCFLIRT motion correction, high-pass filtering of the data with a 100-ms cutoff, and spatial
smoothing using a Gaussian kernel with a full-width at half-maximum (FWHM) at 5mm.

Volume censoring was not applied.

Statistical modeling & inference

Model type and settings

Effect(s) tested

We tested which functional networks and network pairs were involved in the mediation effects of arousal on memory. As a
result, 36 tests were performed. To account for multiple comparisons across networks and network pairs, we thresholded
the results within each dataset at an expected Posterior Error Probability (PEP) of 0.01, corresponding to a less than 0.01
probability of making an incorrect inference. From a frequentist perspective, this procedure is analogous to controlling for a
false discovery rate at q < 0.01.

We tested which functional networks and network pairs were involved in the mediation effects of arousal on memory.

Specify type of analysis: [ whole brain || ROI-based || Both

Statistic type for inference

(See Eklund et al. 2016)

Correction

Models & analysis

n/a | Involved in the study

Graph theoretic analyses performed at the whole-brain level, which only involved a single metric. Thus, multiple comparisons
was not necessary. Network-based analyses were corrected for multiple comparisons using the Posterior Error Probability.
No voxel-wise or cluster-level inference was performed.

To account for multiple comparisons across networks and network pairs, we thresholded the results within each dataset at
an expected Posterior Error Probability (PEP) of 0.01.

D Functional and/or effective connectivity

I:, Graph analysis

IE D Multivariate modeling or predictive analysis

Functional and/or effective connectivity For all three fMRI datasets, we first extracted Blood Oxygen Level Dependent (BOLD) signals. The 200-ROI

Graph analysis

Schaefer atlas was used for cortical parcellations, and the 16-ROI Melbourne subcortical atlas for subcortex
parcellations. In total, there were 216 ROIs. To ensure the robustness of our results, we replicated our
methods using a different parcellation scheme (Shen atlas; Shen et al., 2013). We averaged the BOLD time
courses of all voxes in each ROI. For each dataset, the time courses were segmented into events, where the
event boundaries depicted changes in time, location, and/or narrative of the story. Following previous study
led by the original authors of the dataset, Sherlock had 48 events, Film Festival had 68, and Paranoia had 24.
Functional connectivity matrices were created for each event.

For each subject and each event, the functional connectivity matrices were thresholded such that only the
strongest 15 percent of functional connections were retained. To ensure robustness, we replicated the
results using different threshold values (top 10, 20, and 25 percent). The thresholded matrices were then
binarized. Once the graphs were constructed, different metrics were extracted to assess their properties. We
used the Brain Connectivity Toolbox (BCT; https://sites.google.com/site/bctnet/) to calculate participation
coefficient, a measure of integration across functional modules. Specifically, for each graph, functional
modules were first identified using a Louvain algorithm, which was run 1,000 times due to its stochastic
nature. We then calculated the participation coefficient for each ROI, and averaged across ROIs to obtain a
measure of average functional integration across the whole brain.
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