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A view-engage-predict framework for
enhancing brain-behavior mapping with
naturalistic movie-watching fMRI
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Most brain-behavior mapping studies rely on resting-state functional connectivity (FC), but this
approach has known accuracy limits and can be outperformed by movie-watching FC. Here, we
present a novel deep neural network framework to predict cognitive scores and sex from FC during
naturalisticmovie viewing, and examine howmovie content and its ability to synchronize brain activity
across individuals relate to prediction performance. We show that FC frommovie-watching generally
outperforms resting-state FC - even when compared to five times more temporal data - with sensory
and higher-order brain networks emerging as themost important for prediction. Using both static and
sliding-window dynamic FC approaches, we find that higher cognitive prediction accuracy is
positively associatedwith greater inter-subject synchrony and the duration of human faces and voices
in the movies; these effects were not found for sex prediction. This work underscores the promise of
naturalistic movie viewing as a powerful tool for probing individual differences in the brain and
revealing neural underpinnings of human behavior.

Understanding brain regions and circuits that underlie individual differ-
ences in cognition and behavior is a fundamental goal in neuroscience.
Functional MRI, which allows non-invasive recording of brain activity, has
revealed that functional connectivity (FC) patterns are uniquely identifiable
across individuals, i.e., FC fingerprinting, and are associated with various
behavioral traits1–5. Traditionally, FC fingerprinting and brain-behavior
mapping have relied on resting-state fMRI, but naturalistic paradigms such
as movie watching offer a more ecologically valid and engaging framework
that at times results in more accurate brain-behavior mappings6–10.
Watching a movie induces rich and dynamic neural responses, character-
ized by synchronized activity across individuals and structured temporal
fluctuations in FC11–14. The use of movie stimuli provides a controlled yet
immersive setting, capturing brain activity fluctuations that more closely
resemble real-world cognitive processes compared to static resting-state
paradigms, in which a person is told not to think about anything in
particular.

Recent studies have used FC to predict behavior, i.e., cognitive scores,
motor outcomes or diagnosis categories, or demographics like age or sex,
but existingmodels and data remain limited in their predictive power.Most
prior brain-behavior mapping studies have employed linear models like
linear regression1,15; however, thesemethodsmay be limited, as themapping
between FC and behavior may involve nonlinear components. The

application of deep learning to FC-based behavior prediction has been an
area of recent exploration, and may have the potential to uncover complex
mappings that traditionalmodels overlook16–21. In this study, we introduce a
novel deep neural network (DNN) framework for predicting cognition and
sex from FC patterns derived from movie-watching fMRI data, leveraging
machine learning techniques to enhance predictive performance and
interpretability. One commonly cited drawback of DNNs is that they suffer
from a lack of explainability, which is an important aspect of brain-behavior
mapping. Being able to reliably identify the functional connections, regions
or networks that are important for predicting a given task is of utmost
importance for the field of network neuroscience4,22–25. Knowing the neural
underpinnings of behavior or diagnoses would enable a better under-
standing of how we may intervene to enhance performance or reduce
symptoms.

Another largely unexplored aspect of FC-based behavior prediction
using movie-watching data is its relationship with neural synchrony, or the
level of temporal alignment across individuals during shared
experiences26–30. Increasedneural synchronyhasbeenassociatedwithhigher
levels of attentional engagement and cognitive processing31,32. However, the
connection between neural synchrony and brain-behavior prediction
accuracy remains underexplored.
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Finally, prior research has largely focused on static FC, overlooking the
temporal dynamics of FC duringmovie-watching.While static FC provides
an aggregate measure of connectivity over an entire scan or movie clip, it
cannot capture themoment-to-moment fluctuations that occur in response
to evolving stimuli33,34. Dynamic functional connectivity (dFC) can reveal
transient connectivity states that may be more informative for predicting
behavior35–40, and in the context of brain-behavior mapping, allow finer-
scale analysis of themovie features thatmay be driving prediction accuracy.

In this study, we introduce a novel deep learning-based framework for
predicting cognition and sex from FC during movie-watching and at rest.
We compare the predictive performance of various movie clips with dif-
fering content, systematically analyzing the contributions of individual
brain connections and regions to the predictions. Additionally, we explore
the relationship between neural synchrony and brain-behavior prediction
accuracy to test our hypothesis that higher neural synchrony generally
correlates with better prediction performance. At a finer temporal scale, we
segment the movie clips into sliding windows to capture the dynamic
fluctuations in neural synchrony andprediction accuracy, further testing for
correlations between synchrony and prediction performance. Finally, we
investigate the visual, auditory, and semantic features of the movies, iden-
tifying key factors that correlate with predictive performance at both the
level of the entire movie clip as well as the sliding windows within a clip. By
integrating these approaches, our work provides novel insights into the
relationship between functional brain connectivity, behavior, neural syn-
chrony, and the features of naturalistic stimuli, offering a more compre-
hensive understanding of the brain and stimulus features that drive brain-
behavior mapping using naturalistic paradigms.

Results
Brain-behavior mapping accuracy varies across movie clips
Weapplied aDNNto the static FC extracted fromdifferentmovie clips (and
resting-state) to predict individual traits, including cognitive scores and sex,
in a cohort of 176 participants (106 female, 70 male, aged 22–36) from the
7Tsubstudy in theHumanConnectomeProject’sYoungAdult dataset41, see
Fig. 1. Cross-validation was performed with 10-folds, ensuring family
members did not span folds; this cross-validation was repeated 100 times to
assess robustness. The prediction accuracy for cognitive scores was

quantified using the Spearman correlation coefficient between true and
predicted scores across participants in the test set, then averaged across the
100 iterations. To assess statistical significance, we used a cross-validated
permutation test in which the training labels were randomly permuted
within each CV fold and the DNNwas fully refit for each permutation. For
each of the 100 CV repetitions, 1000 such label-shuffled permutations were
performed. The resulting permutation accuracies were pooled across all CV
repetitions to construct a single empirical null distribution reflecting the
entire model-fitting process. The p value was then computed as the pro-
portion of pooled permutations with prediction accuracy greater than or
equal to the observed accuracy.

For sex classification, prediction performance was evaluated using the
area under the receiver operating characteristic curve (AUC) for the test set,
also averaged over 100 iterations.

For the comparison between movie-watching and resting-state pre-
diction performance, we constructed duration- and onset-matched resting-
state segments ("rest blocks”) corresponding to the 13 analyzed movie clips
(see Methods). For visual clarity in Fig. 2, the results from these matched
resting-state blocks are summarized within the cropped resting-state col-
umn rather than displayed as 13 separate bars. Detailed prediction results
for the individual resting-state blocks areprovided inSupplementaryFig. 15.

Our results show wide variability in the predictive performance across
the different movie clips. Several clips numerically outperformed resting-
statewith the same length,whereas otherswere comparable to orworse than
rest. Using the full 15 minutes of resting-state FC improved performance
relative to cropped rest and exceeded some clips; however, a subset of highly
predictive clips achieved comparable or higher accuracy despite being five
times shorter (Fig. 2a, b).

For total cognition, the highest prediction accuracies were observed for
models based on movie-watching FC, including Social Network (Spearman
r = 0.39 ± 0.02, permutation-based p < 0.001), Ocean’s 11
(r = 0.38 ± 0.02, p < 0.001), and Inception (r = 0.34 ± 0.02, p < 0.001). In
contrast, the lowest predictive performance was associated with clips from
the thirdmovie session, includingFlower (r=0.17± 0.04, p=0.031),Garden
(r = 0.12 ± 0.04, p = 0.088), and Dreary (r = 0.09 ± 0.05, p = 0.147). The
cropped 164s resting-state blocks derived from REST1 and REST4 also
demonstrate predictive power, with REST1 (r = 0.16 ± 0.04, p = 0.022)

Fig. 1 | Workflow of the study. Static functional connectivity (sFC) is computed by
correlating fMRI time series across pairs of brain regions, followed by vectorization
and PCA to reduce dimensionality. Neural synchrony is defined by across-subject
correlations of the same brain regions' fMRI time series and assessed by themean/std
of distribution across pairs of subjects. In parallel, a sliding-window approach is

applied to compute dynamic functional connectivity (dFC) and sliding-window
neural synchrony, capturing temporal fluctuations in connectivity patterns. The
extracted features from both static and dynamic FC are fed into a 3-layer multi-layer
perceptron (MLP) model with 500 nodes per layer for classification (sex prediction)
and regression (cognition prediction).
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Fig. 2 | Brain-behavior mapping model performance. a Prediction accuracy for
total, fluid, and crystallized cognition across allmovie clips and resting-state sessions
(full and cropped), measured by Spearman’s rank correlation (r). Bars show mean
accuracy across 100 cross-validation iterations, with gray error bars indicating
standard deviation and points showing individual iterations. All sessions were
cropped to 164s to ensure equal input length, except the full resting-state scan
(15 min). Regional average neural synchrony (green) is computed across 55 regions
showing significant synchrony in at least one clip, averaged over all subject pairs;
points indicate per-subject mean synchrony (averaged across pairs with other
subjects), with error bars showing standard deviation. b Prediction accuracy for sex

classification across all movie clips and resting-state sessions, measured by AUC.
Bars, points, and error bars are defined as in (a); regional average neural synchrony is
shown in green. cAcross movie clips, neural synchrony is positively associated with
total cognition prediction accuracy (r = 0.52, p = 0.0667) and, to a lesser extent,
related to sex classification accuracy (r= 0.38, p= 0.1971). Total cognition prediction
accuracy is significantly correlated with the percentage of clip duration containing
human faces (r = 0.79, p = 0.0014) and voices (r = 0.55, p = 0.0496). Sex prediction
accuracy also shows positive, though weak and non-significant, correlations with
face presence (r = 0.29, p = 0.3434) and voice (r = 0.18, p = 0.5494) presence.
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corresponding to the same day as the first and second movie sessions, and
REST4 (r=0.19± 0.03, p=0.018) aligningwith the third and fourth sessions
(Fig. 2a). Note that all movie clips and rest sessions were cropped to
164 seconds from their onset to ensure comparability across conditions. The
15-min full rest sessions show better prediction accuracy than the cropped
rest sessions (full REST1: r = 0.23 ± 0.02, p = 0.004; full REST4:
r= 0.27 ± 0.03, p< 0.001), but this result is numerically outperformed by the
movie clips from SocialNetwork, Inception,Ocean’s 11 andTwoMen, which
are five times shorter than the full rest sessions. The relative ranking of
prediction accuracy for other cognitive measures, including crystallized
cognition and fluid cognition, followed a similar trend to that of total cog-
nition (Fig. 2a). However, there are slight variations in the prediction
accuracy ranking for crystallized and fluid cognition; for example, while
Social Network yielded the highest predictive accuracy for total cognition
(r = 0.39 ± 0.02, p < 0.001) and crystallized cognition
(r = 0.42 ± 0.02, p < 0.001), Inception exhibited the highest predictive
accuracy for fluid cognition (r = 0.33 ± 0.03, p < 0.001). Results for all 12
individual NIH toolbox cognitive measures and chronological age are
presented in Supplementary Fig. 1; in the main text, we do not present the
individual cognitive scores as they are noisier than the composites, and we
do not present age, as the spread of age values is quite small in this popu-
lation, and thus the accuracy is quite low.

For sex classification, the highest predictive accuracies were observed
for Ocean’s 11 (AUC = 0.75 ± 0.02), Flower (0.75 ± 0.02), and Pockets
(0.74 ± 0.03), whereas Erin Brockovich (0.68 ± 0.02), Garden (0.67 ± 0.03),
andDreary (0.62±0.03)demonstrated the lowest predictivepower (Fig. 2b).
The cropped 164s resting-state blocks derived fromREST1 (0.71± 0.03) and
REST4 (0.73 ± 0.02) demonstrated predictive accuracies that were either
lower or higher than those of specific movie clips, as observed in cognition
prediction. The 15-min full rest sessions show slightly better prediction
accuracy (full REST1: AUC = 0.71 ± 0.02, full REST4: 0.74 ± 0.02), which is
numerically outperformed by shorter movie clips from Ocean’s 11, Flower,
Pockets andHotel. Notably, while somemovie clips consistently numerically
outperformed the rest of the sessions in both cognition and sex prediction,
the ranking of prediction accuracies for sex classification differed from that
of total cognition.

Key brain connections and networks for multiple cognitive
measures and sex prediction partially overlap inmovie-watching
sessions
We evaluated the contribution of specific brain connections and functional
networks to cognition and sex prediction using the Integrated Gradients
(IG) method. The importance of individual connections was quantified by
calculating the absolute IG values derived from the DNN model, averaged
across all 176 subjects. We identified the connections with the top 1%
average importance scores and mapped to their corresponding Yeo 7
functional networks42, and visualized using chord diagrams (Fig. 3 and,
alternatively, glass brain visualizations in Supplementary Fig. 3). During
movie-watching sessions, the most predictive connections involved inter-
actions between sensory networks—including the visual (VIS) and auditory
(within the somatomotor network, SMN)—and high-order networks such
as the default mode network (DMN), frontoparietal network (FPN), dorsal
attention network (DAN), and salience network (SAN).During the two rest
sessions, DMN, FPN, and SAN are the most important for behavior
prediction.

Although the most predictive connections across movie clips often
originate from the same functional networks, the clip-specific top connec-
tions vary considerably. For example, in Inception, the most predictive
connections were primarily within higher-order networks (DAN and
DMN), whereas in Ocean’s 11, they were more concentrated within the
lower-order visual network. Notably, during both movie-watching and rest
sessions,many connections important for cognitionprediction also played a
significant role in sex classification.

To directly quantify the relative contributions of clip identity and
behavioral outcome to feature-map similarity (Figs. 3b and 4b and

Supplementary Figs. SI4 and SI7), we modeled pairwise Fisher-z trans-
formed correlations using a mixed-effects regression framework (Methods
4.3.2). Similaritywas strongly explained by clip identity (edge-wise:β=0.53,
p < 10−6; region-wise: β = 0.74, p < 10−6), whereas outcome identity showed
no detectable effect once clip and stimulus covariates were accounted for
(p>0.6 in both analyses). Thus, the importancemap structurewasprimarily
organized by stimulus context rather than behavioral target.

To test whether outcome-specific differences generalize across stimuli,
we computedwithin-clip differencemaps (ΔIG= IGcognition− IGsex). Cross-
clip correlations of ΔIG maps were uniformly near zero (Supplementary
Fig. SI9), and the averaged consensus map had a small overall magnitude
that did not exceed permutation-based null expectations (p ≈ 0.11), indi-
cating no stable clip-invariant outcome-specific pattern.

Finally, cross-clip generalization analyses (Supplementary Fig. SI10)
showed that models trained on one clip predicted behavior above chance in
other clips, but performance varied substantially across train-test pairs.
Generalization was more robust for sex classification than for cognition
prediction and tended to mirror within-clip performance levels.

Together, these analyses indicate that while predictive information
transfers across stimuli, the specific FC features emphasized by the model
are primarily structured by stimulus context. The similarity between feature
importance maps was consistently stronger within the same clip for dif-
ferent outcomes than across different clips, suggesting that the relative
importance of FC features is strongly shaped by stimulus context43. This
pattern is also observed with the correlation of feature importance maps of
all individual NIH Toolbox cognitive measures (Supplementary Fig. SI4).

Higher neural synchrony is associated with better FC-based
cognition prediction accuracy under naturalistic viewing
conditions
We observe that different movie clips elicit varying degrees of regional
synchrony in the fMRI BOLD responses across subjects. Intuitively, movies
that induce higher neural synchrony across the brainmay bemore engaging
formost participants, as higher engagement likelymeansmore time-locked,
stimulus-driven brain activity. In addition, as neural activity increases in
stimulus-driven regions during suchmovies, the signal-to-noise ratio (SNR)
of the BOLD response and FC likely improves, potentially enhancing
behavior prediction. However, very high levels of neural synchronization
couldmean reduced inter-individual variability, whichmay limit prediction
capabilities across the population. Importantly, this intuition is specific to
naturalistic viewing, where participants share a common time-locked sti-
mulus; it is not expected to hold in resting-state scans, which contain
minimal shared time-locked activity across individuals. This raises the
question: how does neural synchrony impact brain-behavior prediction
during naturalistic viewing?44

To investigate this, we first examined whether stimulus-evoked neural
synchrony across all movie clips was correlated with prediction accuracy
(Fig. 2c). For each brain region, neural synchrony was quantified using
inter-subject correlation (ISC) of preprocessed fMRI BOLD signals across
the duration of a movie clip or rest session, averaged over all subject pairs.
The overall synchrony for amovie clip or rest sessionwas then computed by
averaging regional synchrony values across all 55 regions that had sig-
nificantly synchronized activity in at least one movie clip. We found a
positive, near-significant correlation between neural synchrony and total
cognition prediction accuracy (Pearson r = 0.52, p = 0.0667), and a weaker,
non-significant correlation between synchrony and sex prediction accuracy
(r = 0.38, p = 0.1971). Although the relationships did not reach statistical
significance (p < 0.05), the positive trend suggests that higher synchrony
may contribute to improved total cognition prediction accuracy.

Regional synchrony maps showing the average ISC across all pairs of
individuals for eachmovie clip and rest session are shown inFig. 4b, top row.
Duringmostmovie-watching sessions, the highest synchrony was observed
in auditory, visual, and language-related regions. For example, peak syn-
chrony reachedaround0.65 in the auditory cortexduring Inception and0.48
in Ocean’s 11. Generally, auditory region synchrony was higher than visual
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region synchrony, which has been shown in the past45 and may be ascribed
tomore variability in gaze location duringmovie watching than in what the
person is hearing, the latter of which should be identical across participants.
Neural synchrony during rest sessions was minimal across all regions. This
is expected given the absence of a shared time-locked stimulus at rest;
nonetheless, resting-state FC may still predict behavior via stable,
individual-specific network organization rather than shared stimulus-
evoked responses.

Next, we show region-wise feature importance maps, computed by
averaging the prediction importance scores of all 267 brain connections
involving that region, for total cognition and sex prediction, see Fig. 4a
(middle and bottom rows). We then assessed the correlation between
regional synchrony and regional feature importance for each movie clip.
The correlation between cognition and sex feature importance maps for
models based on the FC from the same movie clip exceeded 0.90,

highlighting a strong overlap in the predictive features for both outcomes.
This similarity remained significant after controlling for spatial auto-
correlation using a cortical spin-based permutation test46 across all movie
clips and resting-state sessions (pspin < 0.05). Additionally, the synchrony
maps showed consistent, moderate, positive correlations with bothmodels’
feature importance maps, indicating that regions exhibiting higher inter-
subject synchrony also tended to have greater predictive relevance for
cognition and sex. Spin-test results indicated that most of these correlations
between synchrony maps and feature importance maps are significant
(pspin < 0.05), except for theDreary clip (which elicited relatively low inter-
subject synchrony) and the two resting-state sessions. See scatter plots
showing these correlations in Supplementary Fig. 6. Notably, we also
observed considerable similarity in regional synchrony and feature
importancemaps across different clips, with correlations ranging from 0.67
to 0.95, see in Fig. 4b.
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Fig. 3 | Brain connections important to total cognition and sex predictions. a For
each clip and resting-state session, chord diagrams visualize the most important
connections—specifically, those within the top 1% of average importance scores—
for both total cognition and sex predictionmodels. Themost important connections
appear to vary across clips and remain consistent for total cognition and sex within a
clip. These critical connections are predominantly located in sensory networks (VIS,

SMN) and higher-order networks (DMN, FPN, SAN, DAN), though the specific top
connections vary across different movie clips. b Correlation of edge-wise FC
importance across all clips, for total cognition prediction and sex prediction. Edge-
wise FC importance similarity is assessed by correlating the importance scores of all
pairwise FCs across two fMRI sessions.
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Fig. 4 | Neural synchrony and static FC feature importances. a For each clip, the
first row shows regional neural synchrony maps (average across synchronized
regions listed at the top of the panel). The second and third rows display region-wise
prediction importance maps, i.e., the average of the importance scores of all edge-
wise FCs to that region, for total cognition and sex, with the average prediction
accuracy at the top of the panel. For all clips, neural synchrony and feature
importance maps are positively correlated, indicating that regions with higher

synchrony also tend to play a key role in behavior prediction. b Similarity of region-
wise importance maps across all clips, for total cognition prediction, sex prediction
and neural synchrony, respectively. Consistent with results from edge-level (see
Fig. 3b), the region-level prediction importance is positively correlated across all
clips. Neural synchrony is also consistent across clips, with the exception of clips
showing particularly low synchrony, such as Dreary, and the two rest sessions.
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To directly evaluate the role of high-synchrony regions in behavior
prediction, we conducted targeted predictions using FC in subsets of brain
regions with different levels of synchrony. As shown in Supplementary
Fig. 8,models basedonFC in regions exhibitinghigh synchrony consistently
outperformed models based on FC of the same number of randomly
selected regions inmultiplemovie clips,which in turnoutperformedmodels
based on FC of low-synchrony regions. These trends were consistent for
both cognition and sex prediction. This finding highlights that during
naturalistic movie viewing, regions with higher inter-subject synchrony
tend to contribute more to FC-based prediction, particularly for cognitive
outcomes.

Sliding-window FC prediction accuracy, neural synchrony and
movie features are correlated
At afiner temporal resolution,movie clips elicit rich dynamicfluctuations in
brain activity as visual and auditory stimuli unfold over time. To capture
these moment-to-moment changes, we segmented each movie clip into
overlapping slidingwindows (windowsize = 60 s; step size = 1s) and tracked
the temporal evolution of dFC prediction accuracy, neural synchrony, and
high-level movie features within each window (Fig. 5a). We measure the
coupling between sliding-window neural synchrony and behavior predic-
tion accuracy as the Pearson correlation between their window-level time
series. Because adjacent sliding windows are dependent due to overlap, we
estimated statistical significance using a circular time-shift permutation test,
which preserves each time series’ temporal structure while disrupting their
temporal alignment47,48.

Several clips exhibited significant positive correlations between
dynamic synchrony and total cognition prediction accuracy, including
Ocean’s 11 (r = 0.48, permutation-based p = 0.005), Inception
(r = 0.37, p = 0.011), Erin Brockovich (r = 0.26, p = 0.032), Home Alone
(r = 0.29, p = 0.025), Bridgeville (r = 0.31, p = 0.020), Flower
(r = 0.33, p = 0.016), and Garden (r = 0.40, p = 0.008). Similarly, significant
positive correlations between synchrony and sex prediction accuracy were
observed inTwoMen (r=0.19,p=0.049),HomeAlone (r=0.40, p=0.009),
Bridgeville (r = 0.48, p = 0.004), and Flower (r = 0.72, p < 0.001).

To gain a more comprehensive view across the different clips, we
aggregated all sliding windows from all movie clips and recalculated the
correlations. In this combined analysis, each point in Fig.5b represents a
sliding window, colored by its corresponding movie clip. Across all win-
dows, neural synchrony was significantly positively correlated with both
total cognition dFC accuracy (Pearson r = 0.37, permutation-based
p < 0.001) and, to a lesser extent, sex dFC accuracy (r = 0.22, p = 0.032).
These findings are consistent with the clip-level correlations shown in
Fig.2c, reinforcing the observation that periods of heightened neural syn-
chrony are generally associated with improved cognitive and (lesser so) sex
prediction.

We further explored how high-level, sliding window stimulus features
modulate dynamic FC prediction performance. Total cognition dFC
accuracy was positively correlated with the presence of human faces
(r = 0.50, p < 0.001) and to a lesser extent voices (r = 0.30, p = 0.006). Here,
face/voice presence was defined as the percentage of time points in which
these features appeared across each 60-second window. Sex prediction
accuracy was not correlated with face presence (r = 0.13, p = 0.134) or voice
presence (r = 0.03, p = 0.756). These results align with prior findings from
static FCprediction, where the presence of human faces was associatedwith
improved cognitive prediction accuracy6. Together, these results suggest
that socially rich moments in naturalistic stimuli may enhance both neural
synchrony and the predictive power of FC patterns inmapping to cognitive
scores - but not in sex classifications.

To further investigate the semantic content underlying accurate dFC
predictions, we analyzed frame-level WordNet features of the movie clips.
Within each sliding window, we computed the frequency of WordNet
features and weighted them by dFC prediction accuracy (for either cogni-
tion or sex). We then visualized the weighted feature distributions as word
clouds (Fig. 5c), where word size reflects the weighted average frequency

(weighted by prediction accuracy so more predictive windows are given
larger weights) and averaged across all windows and clips. For total cog-
nition, human- and social-related features emerged as most predictive,
including terms such as “male,” “man,” “person,” “adult,” “talk,” and “look.”
This further supports our finding that naturalistic stimuli with high social
content would elicit brain activity that has higher cognition predictive
power. For sex prediction, the associated features were more abstract and
general, including “entity,” “physical entity,” “object,” “living thing,” “arti-
fact”, “whole,” and “causal agent", suggesting that sex-relatedneural patterns
may be less tied to socially specific stimuli and more broadly distributed.

Discussion
In this study, we demonstrate the potential of DNNs to predict behavioral
traits from the brain’s FC duringmovie watching, using data from theHCP
7T substudy. We show that while certain movie clips induce FC that has
higher predictive power in terms of cognitive scores and sex than resting-
state, others do not. We identify that movie clips with higher across-subject
synchrony of brain activity also have better prediction performance for
cognition, but not for sex classification. On a dynamic, finer temporal scale,
we showthatneural synchronyandpredictionperformanceare significantly
correlated over time for both cognition and, to a lesser extent, sex. Impor-
tantly, these synchrony-performance relationships are evaluated only
within naturalistic viewing, where subjects share a time-locked stimulus,
and are not intended to generalize to resting-state scans, which lack shared
stimulus-locked responses. Additionally, cognitive prediction accuracy is
positively influenced by the presence of human faces and voices, while sex
classification accuracy is not. Finally, we demonstrate that semantic content
related to human and social stimuli enhances cognition prediction perfor-
mance, and content related to non-human objects enhances sex classifica-
tion performance. We find that connections within and between sensory
networks (VIS, SMN) andhigher-order networks (DMN,FPN,SAN,DAN)
are key for predicting both cognition and sex, with the most salient con-
nections for both cognition and sex being similar but varying across dif-
ferent movie stimuli and rest. In conclusion, our findings highlight the
importance of visual, auditory, and higher-order network connections in
behavior prediction under naturalistic stimuli, underscore the role of neural
synchrony in prediction accuracy, and suggest that human- and social-
relatedmovie content is especially effective in stimulating cognition-related
brain activity.

The proposed DNN for brain-behavior mapping introduces non-
linearity and complex feature spaces, effectively capturing intricate rela-
tionships between FC and behavioral traits. We highlight that movie-
watching FC yields a wide range of prediction accuracies for cognition and
sex, depending on each clip’s ability to elicit neural synchrony and the clip’s
content. Some clips numerically outperform resting-state FCs of the same
duration, and some even outperform rest sessions that are five times longer.
While themodel’s prediction results demonstrate its effectiveness, there are
some limitations. Compared to previous studies on cognition prediction
frommovie-watching connectivity using linearmodels (connectome-based
predictive modeling, CPM)6, our results are similar overall, but the pre-
diction accuracy is slightly higher for highly predictive clips (e.g., Social
Network) and lower for less predictive clips (e.g.,Dreary).We also note that
some studies can achieve higher sex classification accuracy from a training
set with more subjects and longer movie-watching49. This discrepancy may
be due to overfitting, which can arise from the high complexity of theDNN,
the high-dimensional input FC vectors, and the relatively small number of
training subjects. To mitigate overfitting, we employed several strategies in
the model design, applied strong regularization techniques, and reduced
dimensionality via PCA. While the PCA+MLP framework performed
better than other machine learning approaches (e.g., XGBoost, convolu-
tional neural networks) we have tried, future research could explore more
advanced non-linear approaches, including topography-based networks16,
convolutional-recurrent models19 and graph neural networks50,51.

Our findings also highlight the previously unexplored relationship
between inter-subject neural synchrony during movie watching and FC
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Social Network
r(total, syn) = 0.04, r(sex, syn) = -0.43

Ocean's 11
r(total, syn) = 0.48, r(sex, syn) = -0.13

Inception
r(total, syn) = 0.37, r(sex, syn) = -0.07

Two Men
r(total, syn) = -0.07, r(sex, syn) = 0.19

Erin Brokovich
r(total, syn) = 0.26, r(sex, syn) = -0.21

Hotel
r(total, syn) = -0.18, r(sex, syn) = -0.50

Pockets
r(total, syn) = 0.11, r(sex, syn) = 0.05

Home Alone
r(total, syn) = 0.29, r(sex, syn) = 0.40

Star Wars
r(total, syn) = 0.-43, r(sex, syn) = 0.10

Bridgeville
r(total, syn) = 0.31, r(sex, syn) = 0.48

Flower
r(total, syn) = 0.33, r(sex, syn) = 0.72

Garden
r(total, syn) = 0.40, r(sex, syn) = -0.04

Dreary
r(total, syn) = -0.11, r(sex, syn) = -0.50

Sliding-Window Synchrony

Total Cognition - Word Cloud

Face Presence Voice Presence

Total
Cognition

dFC

Sex
dFC

Sex - Word Cloud

a

b

c

Fig. 5 | Sliding-window dynamic FC prediction, neural synchrony, and movie
features co-fluctuate over time. a Sliding-window dynamic FC prediction
accuracies for total cognition (purple) and sex (green), neural synchrony (pink), and
percent of human face/voice presence (yellow/red, respectively) for all movie clips.
b Correlations between sliding-window dynamic functional connectivity (dFC)
prediction accuracies and sliding-window neural synchrony, face presence, and
voice presence are computed across all sliding windows in allmovie clips. Each point
represents a sliding window, each color a corresponding movie clip. Point trans-
parency indicates temporal position within the clip, ranging from 100% opacity at
the beginning to 50% at the end. Sliding-window synchrony shows a positive cor-
relation with both total cognition dFC prediction (r = 0.37, p = 0.001) and sex dFC

prediction (r = 0.22, p = 0.032), with r values calculated by Pearson correlation and p
values estimated using a 10,000-iteration permutation test. Total cognition dFC
prediction is also positively correlated with face (r = 0.50, p = 0.001) and voice
(r=0.30, p=0.006) presence percentagewithin sliding-windows. Sex dFCprediction
is non-significantly positively correlated with face presence (r = 0.13, p = 0.134) but
not correlated with voice presence (r = 0.03, p = 0.756). c The average frequency of
WordNet features within each sliding window, weighted by that window’s dFC
prediction accuracy for total cognition (left panel) or sex (right panel). The size of the
words represents the weighted average count; larger words correspond to a feature
that is present during more predictive sliding windows.
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prediction performance. Here, we focus exclusively on inter-subject syn-
chrony during movie watching and use synchrony as a stimulus-evoked
reliability marker within the naturalistic paradigm, rather than as a general
predictor across paradigms. There is a potential tradeoff in inducing neural
synchrony—on one hand, higher synchrony improves the SNR of BOLD
activity and corresponding FC; on the other hand, higher synchronymeans
less inter-subject variability, which may negatively impact behavior
prediction52. However, our overall finding of a positive correlation between
neural synchrony and cognition prediction performance (and to a lesser
extent sex classification) supports the conclusion that the primary benefit of
synchrony lies in improving SNRofFCs—at least for this level of synchrony.
While previous studies have pointed out that periods of high inter-subject
FC similarity tend to align across viewers and are linked to the brain’s
modular architecture33, we here directly examine how similarity in BOLD
responses affects brain-behaviormapping. Duringmovie watching, periods
of higher synchrony tend to provide more accurate predictions, and brain
regions of high synchrony tend to bemore informative in terms of cognitive
abilities and sex classification. This interpretation does not conflict with the
moderate prediction performance we observe at rest, which is plausibly
driven by stable, individual-specific connectivity organization rather than
shared time-locked neural responses. These synchronizing moments are
sometimes referred to as “events", though in the context of co-fluctuations in
z-scoredBOLDactivity across brain connections29. Thisfinding is especially
relevant for future fMRI experiment design, suggesting that stimuli that
evoke higher synchronymay be preferable. It would be of interest to try and
maximize synchrony to test if accuracy in predicting individual metrics
would hit a ceiling—it is our opinion that such a level of synchrony was not
inducible due to inherent inter-individual variability in brain activity
responses to the same stimuli.

At both static and dynamic scales, we found that the percentage of
movie frames with human faces and voices was positively correlated with
prediction accuracy for cognition, but not for sex. Additionally, we found
that predictions of fluid and crystallized cognition are strongly associated
with face presence (more so fluid), and to a lesser extent, voice presence, as
shown in Supplementary Fig. 2. These findings suggest that movies rich in
social content engage brain networks relevant to cognition, but not to sex.
This result aligns with previous findings at both the clip and dynamic levels:
at the clip level, studies have shown that the duration of face presence is
positively correlated with prediction accuracy during movie watching6; at
the dynamic level, movie watching has been shown to elicit co-fluctuations
in both core and extended face-processing regions, which in turn correlate
with face recognition scores53. The stronger correlation between cognitive
prediction and face presence than voice presence is also consistent with
previous findings that face-selective brain regions show more robust and
distributed identity-related neural patterns than voice-selective regions54.
On the other hand, objects not related to humans—both living and non-
living— were related to better sex classification. These findings have prac-
tical implications for designing future naturalistic viewing experiments—
the content of the movie may be varied to obtain more accurate brain-
behavior mappings, but this accuracy appears to depend on the specific
outcome one is trying to predict.

Together, our results suggest that naturalistic stimuli should not be
treated as interchangeable: different clips can engage partially distinct per-
ceptual and cognitive processes, modulating the reliability (e.g., synchrony/
SNR) and apparent salience of FC patterns. This implies an important
design consideration fornaturalistic fMRI studies: stimulus choice shouldbe
matched to the scientific goal and target phenotype. At the same time, this
stimulus dependence introduces a limitation for interpretability and gen-
eralization across arbitrary movies. However, the moderate-to-high simi-
larity of feature-importance patterns across clips at the edge and network
levels, togetherwith recurring sensory-association networkmotifs, supports
the existence of a shared substrate for prediction that is expressed to varying
degrees depending on stimulus properties.

Our implementation of DNNs in the brain-behaviormapping allowed
us to employ the IGmethod to identify the most predictive connections on

an individual subject basis. The gradient-based approach measures feature
importance at the connection level, while the interpolation method
enhances robustness. Our way to assess general feature importance across
the populationwas to average the individual-level feature importances from
the IG framework, however, one could also look at the variability of the
feature importances across individuals or subgroups within the overall
group. We observe that the top FC features important for predicting cog-
nition and sex are more consistent across movie clips than across the dif-
ferent outcomes that are being predicted, but that, generally speaking, the
entire vector of feature importanceswas stillmoderately to highly correlated
across movies (Figs. 3 and 4 and Supplementary Figs. 4 and 7). The most
important connections across the movie-watching FC mapping included
connections within and between sensory networks (VIS, SMN) and higher-
order networks (DMN, FPN, SAN, DAN). This finding is consistent with
prior work using support vector machine models25, which identified the
FPN, DMN, and DAN as key contributors to predicting cognitive states
duringmovie-watching. It also partly agrees with work using convolutional
models and deconvolution-based importance mapping49, which showed
that the DMN has the highest predictive power for sex classification, while
the FPN is most predictive of fluid and crystallized intelligence.

Importantly, our results reveal a high level of similarity between cog-
nition and sexprediction importancemapswithin a clip compared to across
a clip for the same outcome. Looking at the individual NIH Toolbox cog-
nition test scores, we see a similar pattern of moderate levels of agreement
across all movies (and rest) but tighter correlations within a movie for
different cognitive scores than across a movie for the same cognitive score.
Rather than reflecting a clip-invariant, outcome-specific FC signature, this
pattern suggests that differentmovies emphasize partially distinct subsets of
predictive connections. Interestingly, we see that the highest performing
movie FC (Ocean's 11, Social Network and Inception) feature importances
aremore similar to one another and tend to bemore different from theother
movie FC feature importance maps.

Finally, themovie FC feature importancemaps at both the regional and
edge-wise levels were correlated with those derived from resting-state FC to
a degree comparable to correlations observed across different movies. We
interpret this as evidence for a partially shared, trait-like predictive substrate
that generalizes across brain states. At the same time, movies can introduce
stimulus-dependent deviations in which connections are emphasized, and
within the naturalistic viewing paradigm, higher inter-subject synchrony
appears to enhance the reliability (SNR/stability) of FC estimates and
thereby improve prediction accuracy.

The analysis of movie-watching FC-based brain-behavior mapping is
crucial for understanding the unique value of this paradigm in under-
standing the neural circuits underlying behavior traits or demographics.We
find that two key elements correlated with movie-watching FC brain-
behaviormapping accuracy are across-subject neural synchrony andmovie
features;wefind that themovie featuresdriving accuracymaydependon the
metric we are trying to predict. Specifically, we find that movies with
human- and social-related content are most effective for cognition, and
non-human object elements drive sex classification. In summary, these
results highlight the importance of naturalistic viewing in fMRI neuroi-
maging and brain-behavior mapping, offering rich insights into brain
mechanisms, andpointingus to further explorationof themappingbetween
movie features, neural synchrony, and accuracy in brain-behaviormapping
using naturalistic paradigms.

Methods
Data
Dataset, participants, and behavioral measures. In this study, we use
functional magnetic resonance imaging (fMRI) and behavioral data from
the Human Connectome Project (HCP) 7T movie-watching dataset41.
The dataset comprises n=184 healthy adult participants (ages 22–35),
who underwent scanning using a Siemens Magnetom 7T scanner
equipped with an optimized multiband echo-planar imaging sequence
(TR = 1000ms, TE = 22.2ms, voxelsize = 1.6mm3). We use a subset of
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n = 176 subjects with complete data for all resting state and movie fMRI
runs, as well as behavioral data needed in this study.

In this study, we focus on predicting two items: biological sex (106
female, 70 male) and cognitive performance, both of which have been
associated with FC patterns. We use the total cognition score, which is the
average of crystallized cognition andfluid cognition,whichare derived from
the NIH toolbox cognition tests, including Picture Vocabulary, Reading
Recognition, Dimensional Change Card Sort, Flanker Inhibitory Control
and Attention, Picture Sequence Memory, List Sorting, and Pattern Com-
parison tests55. For completeness, we included the analysis for individual
cognitive measures in Supplementary Information, but generally speaking,
the individual cognitive scores are noisier than the composite scores.

fMRI acquisition and preprocessing. In the HCP 7T dataset, partici-
pants underwent four 15-min fMRI runs in which they viewed a total of
15 movie clips designed to engage cognitive and emotional processing.
These clips, ranging from 1 to 4.3 minutes in length, consisted of both
independent short films and excerpts from commercial Hollywood
movies. The individual clips were concatenated into 12- to 14-minute-
long .mp4 files, with a common Vimeo repeat validation clip included to
assess test-retest reliability56.

We excluded the test-retest clip, as well as another clip that was too
short compared to the others. This resulted in a final set of 13movie clips for
our analysis. The movies were displayed using VisuaStim Digital MRI-
compatible goggles to ensure consistent visual stimulation. We used brain
activity data from all movie clips between the 10th and 174th seconds from
the beginning of each clip, excluding the initial unstable period and aligning
the end of the window with the shortest clip duration to ensure compar-
ability across clips. The specific movie clips analyzed in this study were as
follows:

• MOVIE1 (first session, first day): Two Men, Welcome to Bridgeville,
Pockets

• MOVIE2 (second session, first day): Inception, The Social Network,
Ocean’s 11

• MOVIE3 (first session, second day): Flower, Hotel, Garden, Dreary
• MOVIE4 (second session, second day):Home Alone, Erin Brockovich,

Star Wars

Clips inMOVIE1 andMOVIE3 are freely available independent films
underCreativeCommons licensing, and clips inMOVIE2andMOVIE4 are
fromHollywoodmovies as prepared and published by Cutting et al. 201257.

Resting-state fMRI (rfMRI) data were collected in four separate runs,
each lasting approximately 16 minutes, at the beginning of each of the four
7T imaging sessions.During these runs, participantswere instructed to keep
their eyes open and maintain a relaxed fixation on a bright cross-hair
projected against a dark background in a dimly lit scanning environment.
For the primary movie-versus-rest comparisons in the main text, we used
the first (REST1) and fourth (REST4) resting-state sessions, as these were
acquired on the same days as the movie-watching sessions. To ensure a fair
comparison betweenmovie clips and resting-state data ofmatched duration
and temporal position,weadditionally segmented the resting-state runs into
duration-matched “rest blocks” using the same temporal boundaries as the
13 analyzed movie clips. Specifically, for each movie clip, a corresponding
resting-state block was extracted from the matched rest run using the
identical start and end TRs. For example, because the clip Two Men spans
TR 20 to TR 184 in MOVIE1, the corresponding resting-state block was
defined as TR 20 to TR 184 in REST1. In this way, we obtained 13 resting-
state blocks directly comparable to the 13 movie clips.

For visual directness inFig. 2, the results fromthematched resting-state
blocks are summarizedwithin the cropped resting-state column rather than
displayed as 13 separate bars. Detailed prediction results for the individual
resting-state blocks are provided in Supplementary Fig. 15. In addition, for a
control analysis addressing the unequal number of movie and resting-state

conditions, we also constructed matched resting-state blocks from REST2
and REST3 and report the corresponding results in Supplementary Fig. 15.

Head motion was quantified using the relative root-mean-square
(RMS) framewise displacement provided by the HCP 7T preprocessing
pipeline. For each subject and each fMRI run or movie clip, we computed
themean relative RMSmotion across all TRswithin the corresponding time
interval. For full resting-state runs, we used the subject-level mean relative
RMSmotion averaged across the entire session. For individual movie clips,
motion estimates were obtained by restricting the session-level motion time
series to theTRrange corresponding to each clip, yielding clip-specificmean
relative RMS values. In analyses involving dFC, motion was quantified
within each sliding window as the mean relative RMS across the TRs con-
tained in that window, ensuring that motion estimates matched the tem-
poral resolutionof the connectivity analysis.Group-level summaries of head
motion across sessions and clips are reported as mean ± SD across subjects
in Supplementary Table SI1 and Supplementary Table SI2, and the dis-
tribution of motion values is illustrated in Supplementary Fig. SI11.

Standard preprocessing of fMRI data, including motion correction,
distortion correction, high-pass filtering, and nonlinear alignment to MNI
template space58 was used in the FIX-denoised volume-space data from the
HCP7Trelease.Wealso appliedglobal signal regression (GSR)by removing
the global mean time series signal from each voxel’s BOLD time series,
thereby reducing potential confounds arising from widespread non-
neuronal noise, including physiological artifacts and scanner-related
fluctuations59.

Static and dFC construction
Static functional connectivity. To quantify static functional connectivity
(sFC), we employed the Shen 268-region brain atlas60. For each region in the
atlas, we computed the mean BOLD time series by averaging voxel-wise
preprocessed signals within that region for each subject, run, and time
frame.We thencomputedpairwisePearsoncorrelation coefficients between
all 268 regions, yielding a 268× 268FCmatrix for eachmovie clip or rest run
per subject. We then extracted the upper triangular portion of each matrix
(excluding the diagonal) and vectorized it into a 35,778-dimensional feature
vector6.

Dynamic functional connectivity. To capture temporal fluctuations in FC
during movie-watching, we adopted a sliding-window approach for dFC.
Each movie clip was segmented into overlapping time windows of 60 sec-
onds, with a step size of 1 second, resulting in 105 sliding windows for each
movie clip. Within each window, the mean BOLD signals were computed,
andPearson correlationwas used to generate a 268× 268FCmatrix for each
window, resulting in 105 sliding-window dFC matrices for each clip.

DNN prediction model
Model structure. We propose a novel DNN-based behavior prediction
model designed to capture the complex relationship between dynamic/
static FC and behavioral and demographic traits (Fig. 1). Themodel takes
as input a set of n = 176 FC vectors, each of size (35,778), representing the
upper triangular elements of the 268 × 268 FC matrix. The output cor-
responds to either cognition score (a continuous variable regression task)
or biological sex (a binary classification task). Given the relatively small
number of subjects, we employed a 10-fold cross-validation approach to
ensure robustmodel evaluation. The 176 subjects were randomly divided
into 10 groups, while making sure that individuals from the same family
were always assigned to the same group. This step prevents data leakage
and reduces the risk of inflated performance estimates due to genetic or
familial similarities in brain connectivity. In each cross-validation
iteration, the model was trained on nine groups and tested on the
remaining one group, ensuring that every subject was included in the test
set exactly once. Predicted values for all subjects were collected across the
10 folds and then correlated with the true values to evaluate model per-
formance. The division into 10 folds was performed 100 times to assess
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uncertainty due to varied groupings of individuals into training and
test sets.

The prediction model consists of two primary components:
(1) Principal component analysis (PCA) block:
To reduce dimensionality and minimize noise, we apply PCA to the

input FC vectors across all training subjects, retaining the first 100 principal
components. This results in a (#training subjects, 100) feature matrix,
capturing generally around 84% of the variance.

(2) Multi-layer perceptron (MLP) block:

• The PCA-reduced data is fed into a three-layer MLP, each layer
containing 500 nodes with ReLU activation.

• To reduce overfitting, we employ dropout (rate = 0.5) in each hidden
layer and apply L2 weight decay (0.01) as regularization.

• Themodel is optimized using the Adam optimizer with a learning rate
of 0.001.

• The output layer is:

• – Linear for cognition prediction (regression task).
• – Sigmoid for sex classification (binary classification task).

• The loss function is:

• –Mean Squared Error (MSE) loss for cognition prediction.
• – Binary Cross-Entropy Loss for sex prediction.

While overfitting remains a challenge due to the limited sample size
and the high-dimensional, noisy nature of fMRI-based FCmeasures61–64, the
model’s hyperparameters were carefully tuned to strike a balance between
learning the complex FC behavior mapping and avoiding excessive over-
fitting. The model is developed using Pytorch on a CUDA GPU environ-
ment. To evaluate the model’s predictive performance, we computed
Spearman’s correlation coefficient (r) between the predicted and true
behavior scores for cognition. For sex classification, we assessed the model
using the areaunder the curve (AUC)of the receiver operating characteristic
(ROC) curve.

Hyperparameter tuning andearly stopping. To prevent optimistic bias
from tuning on the held-out test folds, all model selection was performed
strictlywithin the training data of each outer cross-validation fold (nested
cross-validation). Specifically, for each outer 10-fold split (constructed
family-wise so that related individuals were always assigned to the same
fold), we performed an inner fivefold family-wise cross-validation on the
outer training set only. Subjects from the same family were always
assigned to the same fold in both outer and inner splits.

The grid search space included: PCA dimensionality
{10, 20, 50, 100, 200, 500, 1000, 5000}; number of hidden layers {3, 4, 5};
number of nodes per layer {100, 200, 500, 1000}; learning rate
{10−1, 10−2, 10−3, 10−4}; weight decay {10−2, 10−4, 10−6}; and dropout rates
{0.3, 0.5, 0.7, 0.9}.Within each inner split, PCA (and feature scaling) was fit
using only the inner training subjects and then applied to the corresponding
inner validation subjects. Hyperparameters were selected by maximizing
inner-loop validation performance (Spearman’s r for cognition prediction;
ROC-AUC for sex classification).

We examined the distribution of optimal hyperparameters selected
across outer folds and across movie/rest sessions. The selection frequencies
were highly consistent: PCA dimensionality of 100 was selected in 95% of
folds; a 3-layerMLParchitecture in 90%of folds; 500nodes per layer in 96%;
learning rate 10−3 in 100%; weight decay 10−6 in 98%; and dropout con-
figuration (0.5, 0.5, 0.3) in 90% of folds. Given this high consistency in
optimal hyperparameter selection, we adopted a single consensus hyper-
parameter configuration for all clips and sessions. This design choice was
made to minimize the influence of clip-specific model architecture differ-
ences and ensure that differences in prediction accuracy across movie clips
reflected stimulus-related effects rather than variability in model config-
uration. Based on this consensus selection, the final hyperparameter

configuration was fixed as follows: PCA dimensionality = 100; MLP with
three hidden layers, each containing 500 nodes; learning rate = 10−3; weight
decay = 10−6; and dropout rates of 0.5, 0.5, and 0.3 for the three hidden
layers, respectively.

We employed early stopping to reduce overfitting: during training,
validation loss (MSE for cognition; binary cross-entropy for sex) was
monitored on the inner validation fold, and training stopped when vali-
dation loss failed to improve for a fixed number of epochs (patience); the
model parameters from the epoch with the best validation loss were
retained. The model was refit on the full outer training set (again fitting
PCA/scaling on training subjects only) and evaluated once on the untou-
ched outer test fold. The outer 10-fold process was repeated 100 times with
different family-wise fold assignments.

Confound control in behavior prediction. Potential confounds related
to head motion and acquisition time were controlled in the behavior
prediction model. These two factors have been shown in previous work
on the HCP dataset to correlate with cognitive measures and can there-
fore influence predictive modeling results6,65. Because themovie stimulus
is identical for all subjects within a given clip, confound correction was
performed separately for each clip.

For cognition prediction (continuous outcome), head motion was
treated as a nuisance covariate and regressed out from the behavioral target
within each training fold using linear regression, followingmethods in prior
works6. Thefitted confoundmodelwas then applied to the held-out test fold
without refitting, ensuring that no information from the test subjects
influenced the confound correction procedure. This approach prevents
information leakage while removing variance in the behavioral target that
can be attributed to motion.

Consistent with prior reports on the HCP 7T dataset6, both head
motion and acquisition time show negative correlations with cognition
scores, but these relationships do not differ across runs. Therefore, these
factors are unlikely to explain the observed differences in prediction per-
formance betweenmovie-watching and resting-state conditions.Additional
clip-level analyses confirming this pattern are reported in Supplementary
Fig. SI12.

For binary outcomes (sex classification), residualizing the 0/1 label is
not appropriate. Instead, we performed two complementary analyses to
evaluate the influence of potential confounds. First, we trained a confounds-
only baseline classifier using logistic regression with head motion (mean
relative RMS) and acquisition time as predictors. Thismodel achieved near-
chance performance (ROC-AUC ≈ 0.5), indicating that these variables
alone do not carry predictive information about biological sex (Supple-
mentary Fig. 13).

Second, following the reviewer’s suggestion to include motion-related
covariates directly in the predictionmodel, we re-ran the FC-based classifier
after concatenating headmotion and session-related covariateswith the FC-
derived features (FC+confounds). Sex classification performance using FC
+confounds was unchanged relative to the FC-only model, indicating that
prediction accuracy was not driven by motion or session-related variables.
The results of these analyses are summarized in Supplementary Fig. 13.

Session-level factors such as imaging day, run identity, andmovie type
do not vary across subjects within a given clip and therefore cannot act as
subject-level confounds in the within-clip prediction models. These vari-
ables were instead considered in analyses that compare neural measures
across clips or sessions.

Statistical analysis of predictive connections and networks
Calculation of edge-wise and region-wise feature importance. To
quantify the predictive contribution of individual brain connections to
the predictions, we employed IG, a technique designed to estimate feature
importance in DNNs66,67. IG uses backward propagation to compute
gradients of the model’s output with respect to the input, and improves
robustness by integrating these gradients across a path between a baseline
and the actual input.
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In ourDNNbehavior predictionmodel, the IG procedure is as follows:

• PCA transformation: First, we performPrincipal Component Analysis
(PCA) on the training FC vectors, resulting in a (100,1) principal
component(PC) vector for each training subject.

• Baseline Definition: The baseline reference input is defined as the
average of each of the PC vectors across all training subjects (i.e., one
vector per PC).

• Interpolation: A series of intermediate vectors is generated by linearly
interpolating between the baseline and the actual input principal
component (PC) vector of a subject. Specifically, for an input PCvector
x and baseline x, we compute the kth step:

xðkÞ ¼ x þ k
m
ðx � xÞ

where m = 50 is the number of interpolation steps.
• Gradient Computation: For each interpolated vector x(k), we compute

the gradient of the DNN’s output (predicted cognition score or sex
classification probability) with respect to its ith fea-
ture xðkÞi ; i ¼ 0; :::; 99.

• Integration Along the Path: The importance of each feature i of the PC
vector is estimated by integrating these gradients over all interpolation
steps:

IGðxiÞ ¼ 1
m ðxi � xiÞ

Pm

k¼1

∂FðxðkÞÞ
∂xi

¼ 1
m ðxi � xiÞ

Pm

k¼1

∂Fðxþ k
mðx�xÞÞ
∂xi

; i ¼ 0; :::; 99

where F(x) is the DNN’s prediction function, and ∂F
∂xi

represents the
gradient of themodel output with respect to the ith entry of the input
PC vector, computed by backward propagation.

• PCA inverse: The gradient ismultiplied by the inverse of PCA loadings
to project back to the gradients of the whole set of 35,778 brain
connections.

• Feature ImportanceAssignment: For each subject, we obtain a set of IG
values for each functional connection (i.e., each of the 35,778 con-
nections). The absolute values of the IG for each connection are
averaged across all subjects to compute its importance score, reflecting
its contribution to behavior prediction.

At the regional level, we computed the average of the absolute values of
the importance scores for the 267 connections associated with each region,
which was used as its relative importance. At the functional network level,
we mapped the most important connections to their corresponding Yeo
canonical functional networks42 and analyzed which functional networks
contained the most predictive connections.

Analysis of feature map similarity and decomposition of clip vs.
outcome effects
Decomposing similarity into clip vs. outcome effects using a mixed-effects
regression model. To quantify the similarity structure of predictive feature
maps across movie clips and behavioral outcomes, we computed pairwise
Pearson correlations between all importance maps (both edge-wise and
region-wise), see Supplementary Fig. SI4 (edge-wise) and Supplementary
Fig. SI7 (region-wise). Correlations were Fisher-z transformed prior to
statistical modeling.

To explicitly disentangle stimulus-driven (clip-related) effects from
outcome-specific effects, wemodeled feature-map similarity using amixed-
effects regression framework. For eachpair of featuremaps (i, j), the Fisher-z

transformed similarity z(rij) was modeled as:

zðrijÞ ¼ β0 þ β1 same clipij þ β2 same outcomeij
þβ3 Δfaceij þ β4 Δvoiceij þ β5 Δsyncij

þuclipi þ uclipj þ εij:

ð1Þ

Here,same_clip indicateswhether the twomapswere derived from
the same movie clip, and same_outcome indicates whether they corre-
spond to the same behavioral outcome (cognition or sex). The Δ terms
represent absolute differences in clip-level stimulus covariates (face pre-
sence, voice presence, and neural synchrony) between the two maps. Ran-
dom intercepts were included for both clips in each pair to account for non-
independence.

This framework allowedus to quantify the relative contributions of clip
identity, behavioral outcome, and stimulus covariates to the observed
similarity structure of predictive FC maps.

Meta-analysis of outcome-specific ΔIG patterns. To test whether outcome-
specific FC patterns generalize across movie stimuli, we computed within-
clip difference maps defined as:

ΔIGðcÞ ¼ IGðcÞ
cognition � IGðcÞ

sex; ð2Þ
for each clip c. These ΔIGmaps quantify outcome-specific differences

in feature importance within a given stimulus context.
We first assessed cross-clip generalizability by computing pairwise

Pearson correlations between ΔIG(c) maps across clips (edge-wise). Corre-
lations were Fisher-z transformed prior to analysis.

To derive a potential clip-invariant consensus pattern, we averaged
ΔIGmaps across clips:

ΔIG ¼ 1
C

XC

c¼1

ΔIGðcÞ: ð3Þ

Wequantified the globalmagnitude of this consensusmap as themean
absolute value across edges:

k ΔIG k¼ 1
E

X

e

jΔIGej: ð4Þ

Statistical significance was assessed using a sign-flip permutation test
across clips, generating a null distribution under the assumption that
outcome-specific effects are not directionally consistent across stimuli.

Cross-clip generalization analysis. To evaluate whether outcome-relevant
FC information generalizes across stimuli, we performed a cross-clip gen-
eralization analysis. For each movie clip ctrain, we trained the PCA+MLP
model using FC derived from that clip and evaluated prediction perfor-
mance on FC from a different clip ctest, including both movie clips and
resting-state sessions.

Model training followed the same nested cross-validation framework
described above, with PCA fitted exclusively on the training data for each
iteration. For each train-test clip pairing, performance was averaged across
10 cross-validation iterations.

Predictionperformancewas quantified using Spearman correlation for
cognition and ROC-AUC for sex classification. The resulting train-test
performance matrices summarize the degree to which predictive informa-
tion learned from one stimulus transfers to another.

Neural synchrony and its relationship to prediction performance
Neural synchrony. During naturalistic viewing, people tend to exhibit
higher neural synchrony when watching engaging and cognitively sti-
mulating movies, whereas less engaging content often results in more
variable neural responses across individuals26–30. To quantify neural
synchrony, we calculated the inter-subject Pearson correlation of
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regional fMRIBOLDsignals over time, reflecting sharedneural responses
across participants. This resulted in 268 region-specific synchrony values
per subject pair.We then averaged these values across all subject pairs for
each region to obtain regional population-level synchrony.

For each movie clip, we identified significantly synchronized regions
based on thePearson correlation ofBOLDsignals across all subject pairs. To
correct for the large number of pairwise comparisons (176 × 175/2 total
pairs), we applied False Discovery Rate (FDR) correction using the
Benjamini-Hochberg procedure68. Regions with adjusted p values below
α = 0.05 were considered significantly synchronized. We took the union of
significant regions across clips (collected into the set called ROI), and then
averaged these to obtain a whole-brain synchrony measure; this procedure
excludes regions with non-significant synchrony across all movie clips.

• Pairwise neural synchrony for a pair of subjects (i, j), for a region v:

ri;j;v ¼ PearsonrðBOLDi;v; BOLDj;vÞ

• Region-wise synchrony for a region v for all subject pairs:

rv ¼
1

nðn� 1Þ=2
Xn

i¼1

Xn

j¼iþ1

ri;j;v; n ¼ 176

• Global, whole brain synchrony for a pair of subjects (i, j):

ri;j ¼
1

#ROI

X#ROI

k¼1

ri;j;vk ; vk 2 fROIg

Relationship between neural synchrony and behavior prediction
performance. To investigate the relationship between neural synchrony
and behavior prediction, we analyzed both whole-brain and regional
levels. At the whole-brain level, we computed an overall synchrony score
for each movie clip by averaging synchrony across all regions of interest
(ROIs). We then correlated this score with the prediction accuracy for
cognition and sex across all movie clips to assess whether a significant
relationship exists.

At the regional level, we examined the correlation between the region-
wise synchrony map and the region-wise prediction importance map. The
prediction importance map was calculated by averaging the importance
scores of all 267 functional connections linked to each brain region. A
positive correlation would indicate that regions with higher synchrony are
also more predictive. To verify the robustness of the correlation, we used
both Pearson and Spearman correlation metrics. This dual approach helps
ensure the correlation is not driven solely by low-synchrony regions, where
predictive power might still vary despite minimal synchrony.

To further evaluate the impact of high- and low-synchrony brain
regions on behavior prediction, we conducted targeted predictions using
subsets of brain regions exhibiting distinct levels of synchrony. For each
movie clip, we identified high-synchrony regions as those with ISC values
satisfying FDR-corrected p < 0.05. We then selected an equal number of
randomly chosen regions and an equal number of low-synchrony regions
(ranked in descending order of p values). Using these subsets, we trained
separate DNN prediction models while maintaining the same model
architecture and compared their prediction accuracies. This approach
allowed us to determine whether high-synchrony regions contribute more
strongly to behavior prediction compared to randomly selected or low-
synchrony regions.

Control for clip-level confounds in cross-clip analyses. When
examining relationships between clip-level neural synchrony, prediction
accuracy, and stimulus features, we additionally evaluated whether these

associations could be influenced by clip-level confounds. Because these
analyses operate at the level of movie clips rather than individual subjects
(n = 13 clips), potential confounds arise from properties of the experi-
mental design and stimulus characteristics rather than subject-level
variability.

For each clip c, we defined the clip-level prediction accuracy yc
(Spearman correlation for cognition prediction; ROC-AUC for sex classi-
fication), the clip-level predictor xc (e.g., mean ROI-averaged neural syn-
chrony, or stimulus features such as face or voice presence), and a set of clip-
level covariates Cc. The covariates included: mean head motion averaged
across subjects within the clip (motion_mean), imaging day (Day 1 vs. Day
2), movie category (movie_type, Hollywood vs. independent), and the clip
start time within the run (start_tr), which served as a proxy for order or
fatigue effects.

We first report the raw Pearson correlation between synchrony (or
stimulus features) and prediction accuracy across clips. To assess robustness
to potential confounds, we then performed two complementary analyses.
First, we computed partial correlations by residualizing both variables with
respect to the covariates and correlating the resulting residuals:

yc ¼ Ccγþ εy;c; xc ¼ Ccδ þ εx;c; rpartial ¼ corrðεy;c; εx;cÞ:

Second, we fit an equivalent multiple linear regression model,

yc ¼ β0 þ β1xc þ Ccβþ εc;

and evaluated the coefficient β1 for the predictor of interest.
Across clips, neural synchrony showed a positive association with

cognitionprediction accuracy in the rawanalysis (r=0.52, p=0.0667).After
adjusting for motion, imaging day, movie type, and order, the effect size
remained similar (partial r = 0.50, p = 0.0792; regression β1 = 0.79, t = 1.54,
p = 0.17). For stimulus content features, face presence was strongly corre-
lated with cognition prediction accuracy in the raw analysis (r = 0.79,
p = 0.0014) but was reduced after covariate adjustment (partial r = 0.52,
p = 0.0711), while voice presence showed a moderate raw association
(r = 0.55, p = 0.0496) that was attenuated after adjustment (partial
r = 0.31, p = 0.30).

When the movie-type covariate was excluded (due to its overlap with
stimulus content), the synchrony-accuracy relationship became stronger
after controlling for the remaining confounds (partial r = 0.62, p = 0.0244),
and face presence remained strongly associated with cognition accuracy
(partial r = 0.71, p = 0.0067). In contrast, none of the tested predictors
showed robust associations with sex prediction accuracy either before or
after covariate adjustment.

Full scatter plots and statistics for all confound-controlled analyses are
shown in Supplementary Fig. 14.

Sliding-window dynamic FC, neural synchrony and movie
features
Sliding-window dynamic FC. To capture temporal dynamics, we
employed a sliding-window approach that segments each 164-second
movie clip into overlapping 60-secondwindowswith a 1-second step size.
This resulted in 105 windows per movie clip, with each window defined
by its midpoint (e.g., the 30th second corresponds to the window from 0
to 60 seconds).

We trained separateDNNmodels topredict cognitive score and sex for
each 60-second sliding window dFC, ensuring that the model performance
reflected the predictive power of the FC for that specific timewindow under
the given naturalistic stimulus. While the structure of the DNNmodel and
cross-validation method were identical to those used for static FC, the key
difference was that the input FC vector was based on shorter temporal
segments. This approach allowedus to generate an accuracy curve over time
during the movie clip, which we later compared with fluctuations in neural
synchrony and movie features.
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Sliding-window neural synchrony. We use the same set of overlapping
60-second sliding windows and compute the ISC of fMRI BOLD time
series within the window to generate a dynamic sequence of whole-brain
neural synchrony levels. Similar to static neural synchrony, we took the
average of ISC across ROIs to obtain the whole-brain synchrony level for
each window. We can thus obtain the time fluctuation of the synchrony
level among the subjects. At the movie clip level, we computed the
Pearson correlation between neural synchrony and dynamic FC pre-
diction accuracies across the 105 windows for each clip. A strong positive
correlation would indicate a high degree of co-fluctuation and similar
temporal patterns between synchrony and FC prediction performance
over time. At a more aggregate level, we combined the sliding windows
from all 13 movie clips and computed the same Pearson correlation
between neural synchrony and dynamic FC prediction accuracies across
the 13 × 105 windows. This approach provides many more data points
compared to static FC, allowing for amore robust analysis and helping to
further validate the relationship between synchrony and behavioral
prediction performance.

For comparison, we also applied the same sliding-window analysis to
resting-state data. Resting-state runs (REST1,2,3,4) were segmented into
duration- and onset-matched blocks corresponding to the 13 analyzed
movie clips, using the same start and end TRs (164 s per block; seeMethods
above). Sliding-window analyses (window size = 60 s; step size = 1 s) were
then performed within each rest block to compute dynamic FC prediction
accuracy andneural synchronyusing the identical procedures applied to the
movie data. The resulting resting-state sliding-window trajectories and
synchrony-prediction relationships are presented in Supplementary Fig. 16.
As expected, resting-state windows exhibited near-zero inter-subject syn-
chrony and showed no significant association between neural synchrony
and dFC prediction accuracy for either cognition or sex.

Sliding-window movie features. We also investigated whether specific
high-level features of the movie, including the presence of human faces
and voices, influenced the accuracy of behavior prediction. To quantify
these features, we calculated the percentage of time each feature was
present within each 60-second sliding window, defined as the proportion
of TRs (time points) where at least one human face or one person talking
was detected. The presence of human faces in each frame was identified
using the open-source Python package pliers69. Human voice presence in
each frame is identified using the open-source Python packagewebrtcvad
(https://github.com/wiseman/py-webrtcvad). Note that the TR for fMRI
scanning in the HCP-7T dataset is 1 second, meaning the “frame" here is
also 1 second to align with the dataset’s temporal resolution. We then
examined the correlations between these features and the sliding-window
dFC prediction accuracy to explore how visual and auditory elements
shape dFC's predictive power.

Additionally, we used WordNet features to analyze the semantic
content driving high prediction accuracy for cognition and sex. The HCP-
7T dataset includes frame-wise word descriptions that label the content of
each frame, as specified by the HCP movie labeling pipeline70,71. For each
sliding window, we counted the occurrences of each word, then weighted
these occurrences by the behavior prediction accuracy for that window. The
average of these weighted occurrences was computed across all
13 × 105 sliding windows. This produced a weighted average for each word
in the movie labeling dictionary, reflecting the words most influential for
behavior prediction, which we visualized using word clouds.

Statistical inference for sliding-window correlations. Sliding-window
estimates obtained with overlapping windows are temporally auto-
correlated because adjacent windows share most time points (60s win-
dow; 1s step). Consequently, treating the 105 window-wise observations
as independent and using i.i.d. permutations of windows would violate
exchangeability by destroying the temporal dependence structure. To
obtain valid p values for correlations between sliding-window measures
(e.g., neural synchrony, dFC prediction accuracy, face/voice presence),

we therefore used a within-clip circular time-shift permutation test that
preserves each series’ temporal autocorrelation while disrupting their
temporal alignment47,48.

For each clip c, let xc(t) and yc(t) denote twowindow-level time series of
lengthTc (here Tc = 105), indexed by window t. We computed the observed
Pearson correlation robs either (i) within each clip using (xc, yc), or (ii) at the
aggregated level by concatenating windows across clips, x = [x1,…, xC] and
y = [y1,…, yC] where C = 13. To generate a null distribution that respects
temporal dependence, for each permutation b, we circularly shifted yc(t)
within each clip by a randomoffset sðbÞc (sampled independently for each clip
and permutation), yielding yðbÞc ðtÞ ¼ ycððt þ sðbÞc Þmod TcÞ. We excluded
small offsets to ensure meaningful misalignment (minimum shift = 60
windows), and then concatenated the shifted series across clips,
yðbÞ ¼ ½yðbÞ1 ; . . . ; yðbÞC �, and computed the permuted correlation
rb = corr(x, y(b)). The two-sided empirical p value was estimated as

p ¼ 1þPB
b¼1Iðjrbj≥ jrobsjÞ
Bþ 1

with B permutations.

Statistics and reproducibility
All prediction models were evaluated using 10-fold cross-validation repe-
ated 100 times with different family-wise fold assignments, where indivi-
duals from the same familywere always assigned to the same fold to prevent
data leakage. Performancewas averaged across the 100 repetitions; reported
values reflect themean ± standard deviation across iterations. For cognition
prediction, performance was quantified using Spearman’s rank correlation
coefficient between predicted and true scores. For sex classification, per-
formance was quantified using the area under the receiver operating char-
acteristic curve (AUC).

Statistical significance of prediction accuracy was assessed using a
cross-validated permutation test in which training labels were randomly
permutedwithin each cross-validation fold and themodel was fully refit for
each permutation (100 permutations per repetition, 100 repetitions). p
valueswere computed as theproportionof permutations achieving accuracy
greater than or equal to the observed accuracy, and the median p value
across the 100 repetitions is reported.

For sliding-window analyses, correlations between time series (e.g.,
dynamic FC prediction accuracy, neural synchrony, face/voice presence)
were assessed using a circular time-shift permutation test with 10,000
iterations to account for temporal autocorrelation introduced by over-
lapping windows. A minimum shift of 60 windows was enforced to ensure
meaningful temporal misalignment. Two-sided empirical p values were
estimated as the proportion of permuted correlations with absolute value
greater than or equal to the observed correlation.

Regional correlations between neural synchrony maps and feature
importance maps were assessed using Pearson and Spearman correlation,
with spatial autocorrelation accounted for using a cortical spin-based per-
mutation test. Feature map similarity analysis was modeled using a mixed-
effects regression framework with Fisher-z transformed pairwise correla-
tions as the outcome, with random intercepts for clip identity. ISC sig-
nificance was assessed using FDR correction (Benjamini–Hochberg
procedure) across all subject pairs, with regions considered significantly
synchronized at adjusted p < 0.05.

Statistical significance was considered at p < 0.05. The study used
n = 176 participants from the HCP 7T dataset with complete fMRI and
behavioral data across all sessions.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.
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Data availability
The preprocessed data fromHCP 7TDataset is publicly available at https://
www.humanconnectome.org/. Preprocessed shen268 atlasmovie-watching
BOLD time series data can be found at: https://github.com/esfinn/
movie_cpm.

Code availability
The code used in this study, along with usage instructions, is publicly
available at: https://github.com/Kyrrego/MovieFC_Behav_Mapping.git.
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