
� For correspondence:
david.gruskin@columbia.edu

Data and code availability: The
raw HCP data used for this project

can be downloaded from

ConnectomeDB. Code for all

analyses will be posted on Github

upon publication.

Funding: See Acknowledgments.

Heritability of movie-evoked brain
activity and connectivity
David C. Gruskin 1�, Daniel J. Vieira 2 , Jessica K. Lee 2 , Gaurav H. Patel 2,3

1Medical Scientist Training Program, Columbia University Irving Medical Center, New

York, New York 10032, USA; 2Division of Experimental Therapeutics, New York State

Psychiatric Institute, New York, New York 10032, USA; 3Department of Psychiatry,

Columbia University Irving Medical Center, New York, New York 10032, USA

Abstract
The neural bases of sensory processing are conserved across people, but no two individuals

experience the same stimulus in exactly the same way. Recent work has established that the

idiosyncratic nature of subjective experience is underpinned by individual variability in brain

responses to sensory information. However, the fundamental origins of this individual variability

have yet to be systematically investigated. Here, we establish a genetic basis for individual

differences in sensory processing by quantifying (1) the heritability of high-dimensional brain

responses to movies and (2) the extent to which this heritability is grounded in lower-level

aspects of brain function. Specifically, we leverage 7T fMRI data collected from a twin sample to

first show that movie-evoked brain activity and connectivity patterns are heritable across the

cortex. Next, we use hyperalignment to decompose this heritability into genetic similarity in

where vs. how sensory information is processed. Finally, we show that the heritability of brain

activity patterns can be partially explained by the heritability of the neural timescale, a

one-dimensional measure of local circuit functioning. These results demonstrate that brain

responses to complex stimuli are heritable, and that this heritability is due, in part, to genetic

control over stable aspects of brain function.

Keywords: fMRI, heritability, movie-watching, functional connectivity, intersubject correlation

Introduction
Although the neural machinery that allows us to process sensory information is broadly conserved

across people, no two individuals experience the same sensory stimulus in exactly the same way.

What underlying factors give rise to this person-to-person variability in subjective experience? Re-

cent work has established that the idiosyncratic nature of subjective experience is reflected in id-

iosyncratic brain responses to sensory information, and that how an individual processes a stimu-

lus is shaped by their psychosocial background and previous experiences. For example, individuals

who share more similar personality traits (Finn et al., 2018) and political orientations (van Baar et

al., 2021) exhibitmore similar interpretations of, and functionalmagnetic resonance imaging (fMRI)

responses to, relevant audiovisual stimuli, as do individuals who are primed with more similar con-

textual information before listening to an ambiguous narrative (Yeshurun et al., 2017). Here, we

extend this work by investigating amore fundamental source of variability in sensory-evoked brain

responses and the experiences they represent: our genes.

Whether individual variability in a given trait is due to environmental or genetic factors is a

central question in biology, and the extent to which this variability is underpinned by variation in
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genetics is captured by heritability (or h2). Recent studies have quantified the heritability of various

aspects of sensory brain function, revealing a genetic basis for patterns of brain activity elicited by

auditory tones and visual gratings in sensory cortices (Alvarez et al., 2021; Pelt et al., 2012; Renvall et

al., 2012). However, the unimodal and low-dimensional nature of these stimulimay not capture the

full complexity of real-life sensory experiences and the brain responses they evoke. Consequently,

the extent towhich genetic factors influence brain responses tomore naturalistic stimuli, especially

in higher-level association areas that are less responsive to simple stimuli, remains unclear.

In addition to activity patterns within individual brain areas, information can also be encoded

in the functional connectivity (FC) between multiple areas or networks (Chen et al., 2014; Kohn et

al., 2016). Research into the heritability of FC and related measures has largely focused on data

acquired while subjects are at rest, during which an individual’s unique FC profile (i.e., pattern

of pairwise FC strengths), describes their brain’s intrinsic functional architecture (Anderson et al.,

2021; Burger et al., 2022; Busch et al., 2023; Dworetsky et al., 2024; Glahn et al., 2010; Sinclair

et al., 2015; van den Heuvel & Hulshoff Pol, 2010). These studies have demonstrated that a range

of resting state FC (rest FC)-derived measures are moderately heritable, and similar findings have

resulted fromwork characterizing the heritability of FC during task performance, which additionally

reflects the processing of information relevant to the task at hand (Cole et al., 2021; Elliott et al.,

2019; Korgaonkar et al., 2014). Although this work has shed significant light on the genetic basis

of FC during rest and cognition, the heritability of sensory-evoked FC patterns, which are known

to encode stimulus features (Chen et al., 2014) and track individual differences in behavior (Finn &

Bandettini, 2021), has yet to be investigated.

Finally, brain activity and connectivity patterns are complex phenomena that arise from a va-

riety of physiological processes. Although the heritability estimates established by previous work

could reflect emergent aspects of brain function, it might instead be possible to reduce them to

genetic control over lower-level neural, vascular, and metabolic processes. For example, although

the human cortex is topographically organized into areas that are specialized for processing spe-

cific kinds of information (e.g., facial features), the locations of these areas and the tuning patterns

within them vary widely across individuals (Gordon et al., 2017; Haxby et al., 2020; Petersen et al.,

2024). As such, these cortical topographies, or individual-specific maps of where stimulus features

are processed, emerge over the course of development and constrain the activity and connectiv-

ity patterns an individual will exhibit during sensory processing. Independent of where stimuli are

processed, stable aspects of brain function also shape high-dimensional activity and connectivity

patterns by influencing how information is processed. For example, recent work from Shinn et al.

(Shinn et al., 2023) showed that individual variability in higher-order aspects of brain function like

FC profiles can be traced back to variability in simpler, low-level phenomena like temporal autocor-

relation of the BOLD signal. More specifically, ameasure of temporal autocorrelation known as the

neural timescale (NT) is thought to reflect the strength of local recurrent excitation (Cavanagh et al.,

2020) but is also closely tied to the organization of brain-wide FC profiles (Shinn et al., 2023).Given

that lower-level properties like functional topography (Alvarez et al., 2021; Anderson et al., 2021;

Dworetsky et al., 2024) and BOLD temporal autocorrelation (Christova et al., 2022) are themselves

heritable, it remains unclear (1) to what extent high-dimensional brain responses to naturalistic

stimuli are heritable and (2) how much of this heritability can be reduced to genetic control over

these stable spatial and temporal aspects of brain function.

In the present work, we address these questions by analyzing 7T fMRI recordings of a twin

sample acquired by the Human Connectome Project (Van Essen et al., 2013) to quantify the her-

itability of stimulus-evoked brain activity and connectivity across the cortex. Here, we focus on

fMRI data acquired during movie-watching, as the rich and multimodal nature of movies engages

multiple sensory and associative regions as well as the connections between them, making them

well-suited for broadly assessing individual differences in sensory processing. Leveraging a multi-

dimensional estimator of heritability (Anderson et al., 2021), we first show that individuals who are

more genetically similar exhibit more similar blood oxygen level-dependent (BOLD) time courses
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during movie-watching, and that the relative heritability of BOLD time courses across the cortex is

stable across different movies/days of data collection. We also demonstrate that FC profiles dur-

ing movie-watching are similarly heritable, and that FC profile heritability in sensory networks is

higher during movie-watching than at rest. Finally, we ground the heritability of high-dimensional

BOLD time courses and FC profiles in genetic control over stable spatial (e.g., functional cortical

topography) and temporal (e.g., neural timescale) aspects of brain function. Taken together, these

results characterize the degree to which mesoscale sensory processing is controlled by genetics

and illustrate the benefits of a reductionist approach to studying the heritability of complex neu-

robiological phenomena, providing a foundation for future multi-scale studies of the mechanisms

that underlie heritable differences in brain function.

Methods
Participants

Data used for this project come from the 178 subjects in the Human Connectome Project (HCP)

Young Adult 7T release who completed every movie-watching run (Van Essen et al., 2013). All par-

ticipants were healthy individuals between the ages of 22 and 36 (mean age = 29.4 years, standard

deviation = 3.3) and provided informed written consent as part of their participation in the study.

Self-reported racial identity in this sample was 87.6% White, 7.3% Black or African American, 3.9%

Asian/Native Hawaiian/Other Pacific Islander, and 1.1% unknown/not reported, and 1.7% of the

sample identified as Hispanic/Latino. HCP twin zygosity was determined by genotyping (168 sub-

jects) or self-report (4 subjects), which identified 51 monozygotic twin pairs and 34 dizygotic twin

pairs in the present sample, as well as 2 pairs of non-twin siblings and 4 singletons. All sibling pairs

shared the same gender. Out of these 178 subjects, we identified 690 unrelated dyads who were

matched in gender and age in years. Because two of these participants (from two separateMZ twin

pairs) did not complete every resting state run, analyses involving resting state data use a sample

size of n = 176.

fMRI data

All fMRI data were collected on a 7T SiemensMagnetom scanner across four sessions spanning

multiple days. Each day involved two resting state (900 volumes) and two movie-watching scans

(variable durations) across two sessions, all with the following sequence: time of repetition (TR) =

1000 ms, echo time (TE) = 22.2 ms, number of slices = 85, flip angle = 45 degrees, spatial resolution

= 1.6 mm3. During movie runs, subjects passively watched short clips from either independent

films or major motion pictures as well as a montage of brief videos. More information on these

clips can be found at https://db.humanconnectome.org. Each video clip was preceded by 20 sec-

onds of rest, so we discarded all volumes that took place during these rest blocks as well as the

first 20 volumes of each clip to prevent rest data and onset transients from biasing our intersub-

ject correlation (ISC) measurements. Rest andmovie data from the same day were normalized and

concatenated, yielding one rest run (1800 volumes) and one movie run (1432 volumes Day 1, 1409

volumes Day 2) for each day of data collection.

Preprocessing and parcellation

The fMRI data used here were preprocessed as described in a previous publication (Gruskin &

Patel, 2022). Briefly, we used ICA-FIX denoised data from which the global signal and its temporal

derivative were removed. To examine the effects of parcellation resolution, data were parcellated

using the 10 resolutions of the Schaefer atlas (100 to 1000parcels; Schaefer et al., 2018). The ICA-FIX

data downloaded here were aligned across subjects using the HCP’s MSMAll (henceforth “MSM”)

method, which registers data based on several multimodal properties in a topology-preserving

manner (Feilong et al., 2021; Robinson et al., 2014).
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Intersubject correlation (ISC)

Dyadic ISC analyses were used to quantify BOLD time course similarity between all pairs of par-

ticipants. For each vertex or parcel, each participant’s BOLD signal time course from a given day’s

movie-watching scanwas normalized and (Pearson) correlatedwith the correspondingBOLD signal

time courses from all other participants to yield an ISC matrix. We used non-parametric permu-

tation testing to quantify average differences in ISC for each parcel in the Schaefer 400 atlas for

each day of data collection across three groups: MZ dyads, DZ dyads, and unrelated (UR) dyads,

where all UR dyads were matched for gender and age in years. All Pearson r values in this and

all other analyses were Fisher z-transformed before averaging (and converted back to Pearson r

for visualization). Because some participants contributed to ISC values for multiple dyads (thus

violating independence assumptions), we shuffled dyad labels 10,000 times to generate a null dis-

tribution against which we compared the empirical group difference using the following two-sided

test (which we used for all other permutation tests):

𝑃 =
1 +Number of |null values| >= |empirical value|

Number of permutations + 1

The resulting 2,400 p-values (400 parcels x 3 group differences x 2 days) were then false discovery

rate (FDR) corrected using the Benjamini-Hochbergmethod (Benjamini & Hochberg, 1995). For this

and subsequent analyses, we performed FDR correction separately for each day of data collection

and report the number of parcels (or vertices, networks, etc.) that were significant at FDR-corrected

P < .05 on both days.

Functional connectivity (FC)

We constructed resting state functional connectivity (rest FC) and movie-watching functional

connectivity (movie FC) matrices by (Pearson) correlating the time courses of all parcel pairings

from the 400-parcel Schaefer atlas, using data from the two concatenated rest scans. These ma-

trices were produced for each subject and for each day of data collection. We applied the same

procedure to the movie-watching data, enabling us to compare the heritability of rest and movie

FC profile similarities and strengths.

To evaluate the similarity of FC profiles for each combination of the 17 networks defined by

Yeo et al. (Yeo et al., 2011), we first vectorized the FC matrices of each subject. We then extracted

the correlation coefficients corresponding to the parcel-level connections comprising each Yeo net-

work combination and computed correlations for these vectorized profiles across all subject pairs.

We also assessed subject-level FC strengths for each network combination by averaging the cor-

relation coefficients for all parcel-level connections within a network combination. Significance

testing for the group (MZ, DZ, and UR) differences in FC profile similarity was performed with the

non-parametric permutation method used to test group differences in ISC in the previous section.

ISC and FC profile heritability analyses

BOLD time courses and FC profiles are high-dimensional variables, and reducing their dimen-

sionality in order to use classical heritability analyses would sacrifice both statistical power and

interpretability. As such, we quantified their heritability with a multidimensional estimator that

has been used in several similar studies (Anderson et al., 2021; Busch et al., 2023; Ge et al., 2016).

This model (detailed in Anderson et al., 2021) takes as input a Subjects x Subjects kinship matrix

describing the degree of genetic relatedness between individuals (1 for MZ twins, 0.5 for non-MZ

siblings, 0 for all other pairs) as well as a Subjects x Subjects phenotypic similarity matrix. Here,

each value of the phenotypic similarity matrix corresponded to a Pearson correlation coefficient

describing either BOLD time course (per parcel or voxel) or FC profile similarity (per network com-

bination) for a given subject pair. To estimate heritability, the variance in phenotypic similarity

is then partitioned into a component attributable to genetic factors, represented by the kinship

matrix, with age, gender, and per-scan head motion included as covariates. Significance testing
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of individual multidimensional heritability values was performed by shuffling the kinship matrix

10,000 times to generate a null distribution against which the observed value could be compared,

and the resulting p-values were FDR corrected. Standard errors (SEs) were derived through a block

jackknife method in which heritability was recalculated 90 times after leaving out all members of

one of the 90 families in the dataset on each iteration. We then used these SEs to generate 95%

confidence intervals (CIs).

To compare the heritability of movie and rest FC profiles, we used the following non-parametric

permutation approach. For each day of data collection, we randomly shuffled each subject’s movie

and rest FC matrices (and their corresponding FD covariates) and re-calculated FC profile heritabil-

ity using the shuffled FCmatrices. We then subtracted the two resulting heritability values for each

of the 153 unique network combinations and averaged these across networks to obtain 17 values

reflecting the null difference in FC profile heritability for each network. We repeated this procedure

10,000 times and then used the two-sided test described above to generate a p-value for each net-

work, and these 34 p-values (17 networks x 2 days) were then FDR corrected. Because complete

resting state datasets were not available for 2/178 movie-watching subjects, we only used movie-

watching data from the 176 subjects who also had complete resting state data for this permutation

test.

FC strength heritability analysis

Because FC strengths are inherently one-dimensional traits, their heritability was quantified

with SOLAR (Almasy & Blangero, 1998), which generates estimates using variance-component link-

age analyses. Age, gender, and head motion were used as covariates in all FC strength analyses,

and SEs were calculated using the block jackknife procedure described above. To test the signif-

icance of differences in rest vs. movie FC strength heritability, we compared the observed dif-

ferences to null distributions generated by 1,000 permutations of the same procedure described

above for FC profiles.

Hyperalignment

Weused piecewise response and connectivity hyperalignment (RHA and CHA, respectively), two

complementarymethods for aligning data into a topography-independent common space, to func-

tionally align BOLD time courses across subjects. We then repeated our BOLD time course and FC

profile heritability analyses using these hyperaligned datasets to quantify the extent to which brain

response heritability reflects genetic control over cortical topography. RHA: For each Schaefer atlas

parcel and day of data collection, we used iterative Procrustes transformations to align vertex-level

BOLD time courses to a common model information space. This yielded one invertible transfor-

mation matrix per parcel and per subject, which we then used to project data from the other day

of data collection (which was not used to generate the transformation matrices) into the common

information space. CHA: The same iterative Procrustes approach was used for CHA, but here the

input data consisted of rest FC profiles for each vertex within a given parcel. Each vertex’s func-

tional connectivity profile consisted of the Pearson correlation coefficients between that vertex’s

time course and the average time courses from all other parcels, the number of which varied with

different parcellation resolutions. After training a model whose dimensions correspond to shared

rest FC properties (instead of the shared response properties in RHA), we used the corresponding

transformation matrices to align movie-watching timeseries data from the other day of data col-

lection. To quantify the spatial scale at which cortical topographies contribute to brain response

heritability, we repeated the RHA and CHA procedures described above for each of the 10 Schaefer

atlas resolutions to yield 21 datasets per subject (10 RHA-aligneddatasets, 10 CHA-aligneddatasets,

and the original MSM-aligned dataset). We chose piecewise hyperalignment over searchlight hy-

peralignment because it has been shown to be both more accurate and more efficient (Bazeille

et al., 2021).
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Relationships between parcel area and heritability

We used power law modeling to characterize the relationship between cortex-level heritability

and hyperalignment area. To calculate parcel areas, we first generated vertex-level areas using the

-surface-vertex-areas function in wb_command and then summed the areas of all vertices included

in each parcel. Next, for each hyperalignment method and each day of data collection, we used

nonlinear least squares regression to fit a power law model (𝑦 = 𝑎 ⋅ 𝑥b + 𝑐) to the 11 heritability

values calculated from the 10 Schaefer atlas resolutions and one fromMSM-only aligned data and

the 10 average Schaefer atlas parcel areas as well as 0 (corresponding to no hyperalignment in the

MSM-only data).

Neural timescale (NT) analyses

Todetermine the extent towhichBOLD time course heritability reflects genetic control overNTs,

we took an approach used in numerous studies to calculate NT at rest (known as intrinsic neural

timescale, or INT;Watanabe et al., 2019; Wengler et al., 2020) and applied it tomovie-watching data.

NTs were calculated separately for each day of data collection as the sum of the autocorrelation

coefficients from the first lag until the first lagged timepoint with a non-positive autocorrelation

coefficient (Wengler et al., 2020) for each vertex.

Because time courses that are themselves more temporally autocorrelated will have a higher

variance in their correlations with each other (Shinn et al., 2023), and because stimulus-evoked

BOLD time courses tend to be positively correlated across subjects, we reasoned that pairs of in-

dividuals with longer collective NTs would have more correlated BOLD time courses. To test this

directly, we (Spearman) correlated ISC values from one day of data collection with NTs calculated

using the other day’s data across all possible subject pairs. We tested the significance of the re-

sulting vertex-wise correlation coefficients by randomly pairing the ISC values from one subject

pair with the summed NTs from another and repeated the process 1,000 times to generate a null

distribution against which we performed the aforementioned two-sided test.

We then averaged NT values across all vertices to get a single, cortex-wide NTmeasure for each

subject and each day of data collection. Dyadic NT similarity was quantified as the absolute value

of the difference between each subject pair’s cortex-wide NT values. This differencing approach

yielded several extreme values. We thus used the 1.5*IQR method to identify 4% of dyadic NT

values as outliers and excluded them from the group differences analyses. We then used the

permutation procedure described in section 2.4 to test the significance of these group differences

in NT similarity.

We also included subject-level NTs as covariates in somemultidimensional heritability analyses.

When calculating heritability at a given vertex for one day of data collection, the NTs for that vertex

from the other day of data collection were used as covariates. To evaluate whether including NTs

as covariates decreased BOLD time course heritability, we generated a null distribution of 1,000

heritability values by randomly shuffling vertex-level NT vectors such that the NTs for one subject

were paired with the ISC values and covariates from another subject. We then calculated two-sided

permutation p-values using the formula described above.

Permutation testing of heritability map reliability

We used Spearman correlations to quantify the reliability of ISC and FC heritability maps across

days. Because cortical spatial maps are significantly autocorrelated, we used the variogrammatch-

ing approach from BrainSMASH (Brain Surrogate Maps with Autocorrelated Spatial Heterogeneity;

(Burt et al., 2020) to assess the significance of these correlations. Briefly, this test works by gen-

erating autocorrelation-matched surrogates for one of the empirical maps from each correlation,

calculating Spearman correlations between these surrogates and the other empirical map, and

then comparing these null correlations to the correlation between both empirical maps. We per-

formed independent tests using 1,000 unique surrogates for each hemisphere and averaged the

two p-values to get the whole-cortex p-values we report in this manuscript. Because values in FC
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heritability matrices are similarly not independent of each other, we used Mantel tests with 10,000

permutations to test their reliability.

Analyses were performed in MATLAB (R2023b), Python, and R. All cortical surface visualizations

were performed with Connectome Workbench (Marcus et al., 2011).

Results
Similarity in movie-evoked brain activity and connectivity increases with genetic
relatedness
To characterize the heritability of brain responses to complex stimuli, we used 7T fMRI data from

178 HCP Young Adult subjects to (1) quantify the heritability of brain activity and connectivity pat-

terns during movie-watching and (2) determine the extent to which the heritability of these dy-

namic, high-dimensional brain responses is grounded in stable and fundamental aspects of brain

function like cortical topographies and neural timescales. We first aimed to determine how closely

movie-evoked brain responses were shared among pairs of individuals, and whether this similar-

ity was influenced by their genetic relationship. Using inter-subject correlation (ISC) of parcellated

BOLD time courses to index brain activity similarity, we found that identical (or monozygotic, MZ),

fraternal (or dizygotic, DZ) and age- and gender-matched unrelated (UR) dyads differed significantly

in their level of brain activity similarity in a manner consistent with their relative degrees of genetic

relatedness (although spatial distributions of ISC were consistent across groups, Fig. S1A). More

specifically, identical twins’ BOLD time courses were 59% more similar than those from pairs of

unrelated individuals, with this finding being statistically significant in 95% of brain parcels after

correcting for multiple comparisons (P < .05, FDR-corrected). When comparing identical twins to

fraternal twins, the identical twins' brain activity was still more similar, but by a smaller margin

of 24%, and with fewer brain parcels showing a significant effect (10% of parcels significant at P

< .05, FDR-corrected). Fraternal twins also had more similar time courses than unrelated pairs,

but again, this was less pronounced than the identical/unrelated comparison (29% higher ISC, with

20% of parcels significant at P < .05, FDR-corrected). We observed the greatest group differences in

parcels with medium levels of ISC (separation between the three traces in Fig. 1B), suggesting that

floor and ceiling effects may limit the degree to which genetic relatedness impacts brain activity

in regions that are not driven by audiovisual stimuli and regions that exhibit highly stereotyped

activity across all subjects, respectively.

Previous work has shown that sensory information is encoded not just in the activities of sin-

gle regions but also in functional connectivity (FC) patterns between multiple regions (Chen et al.,

2014). As such, we hypothesized thatmore genetically related pairs would exhibit more similar pat-

terns of functional connectivity during movie-watching. To test this hypothesis, we repeated the

group differences analysis described in the previous paragraph using movie-watching FC (movie

FC) profile similarity instead of BOLD time course similarity. Here, a given dyad’s movie FC profile

similarities were calculated for each pair of 17 Yeo networks as the correlation between each sub-

ject’s set of movie FC values for all connections between parcels in that pair of networks. Once

again, we observed that for all comparisons, the more genetically related the dyads, the more sim-

ilar their movie FC patterns (Fig. 1C, MZ>UR / MZ>DZ / DZ>UR: 49% / 26% / 18% greater similarity

across network combinations, 100% / 97% / 92% of combinations significant at FDR-corrected P

< .05 on both days). Compared to group differences in ISC, movie FC profile similarities showed

greater separation between groups (Fig. 1D, group average FC profile similarity shown in Fig. S1B),

likely becausemovie FC patterns integrate information over larger spatial and temporal scales com-

pared to ISCmeasures, potentially reducing the impact of noise and subject-specific responses that

do not relate to shared genetic factors.
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Figure 1. BOLD time course and FC profile similarity scales with genetic relatedness across the cortex. (A)

Group differences in average BOLD time course similarity (indexed by ISC) show that BOLD time course

similarity is greater among dyads who are more genetically related (51 MZ dyads, 34 DZ dyads, 690 UR dyads).

(B) Group-average ISC values used to create the difference maps in A, plotted in order of average ISC across

all subject pairs, show that group differences are most pronounced in parcels with medium to high ISC

(shading = SEM). (C–D) Same as (A–B) for FC profile similarity.

Patterns of brain activity and connectivity during movie-watching are heritable
After establishing that more genetically similar individuals share more similar movie-evoked BOLD

time courses and FC profiles, we next sought to quantify the extent to which these two aspects of

brain function are heritable. To do this, we leveraged a multidimensional estimator that has been

used to assess the heritability of similar brain phenotypes (Anderson et al., 2021; Busch et al., 2023;

Ge et al., 2016). Controlling for age, gender, and head motion, we found that movie-evoked BOLD

time courses were heritable across almost all of cortex on both days of data collection (Fig. 2A, Day

1 mean h2 = .064 ± .034, Day 2 mean h2 = .068 ± .036, 99% of parcels significant on both days at

FDR-corrected P < .05), and the spatial pattern of heritability across the cortex was very consistent

across days of data collection (Spearman ρ = .96, PbrainSMASH < .001).

Unsurprisingly, the spatial pattern of BOLD time course heritability was closely related to the

spatial pattern of ISC (Day 1: Spearman ρ = .88, PbrainSMASH < .001, Day 1: Spearman ρ = .86, PbrainSMASH

< .001), likely reflecting the presence of floor effects. To identify parcels in which BOLD time course

heritability was higher (or lower) than we would expect based on their ISC alone, we regressed

sample-average ISC values from heritability values across parcels and plotted the residuals in Fig.

2B. Here, we observed that BOLD time courses were disproportionately heritable in parcels special-

ized for the processing of visual information and eye movements (e.g., ventral occipito-temporal

cortex and posterior superior temporal sulci, and superior parietal and prefrontal oculomotor con-

trol areas), while BOLD responses in auditory and language-related areas were less heritable than

would be expected given their ISC.

We chose to initially analyze BOLD time courses parcellated using the Schaefer 400 atlas be-

cause parcellation reduces multiple comparisons, noise, and computational burden, as well as

because these results could be more directly compared to our FC results (where vertex-level anal-

yses would not be computationally feasible). However, we repeated our heritability analyses using

data parcellated with 9 other resolutions of the Schaefer atlas and found that heritability reliably

increased with average parcel size (Fig. 2C). Moreover, the interpretation of parcellated BOLD time
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course heritability is complicated by the fact that macroscale areal boundaries are known to be

heritable (Xu et al., 2016). As such, we use vertex-level data in our subsequent BOLD time course

analyses.

Figure 2. BOLD time courses are heritable across the

cortex in a resolution-dependent manner. (A) Cortical

surfaces show heritability of BOLD time courses

parcellated using the Schaefer 400 atlas, controlling

for age, gender, and head motion (mean h2 Day 1 /

Day 2 = .064 ± .034/ .068 ± .036). (B) Residuals after

regressing parcel-level ISC from parcel-level heritability

estimates show that BOLD time courses in

auditory/superior temporal cortices are less heritable

than would be expected based on ISC, whereas the

opposite is true for parcels in the

temporo-occipito-parietal junction. (C) Scatter plots

show that average BOLD time course heritability

across all parcels is higher for coarser Schaefer

parcellation resolutions (shading = SEM).

Given the greater between-group separa-

tion in FC profile similarity (vs. BOLD time

course similarity) in Fig. 1C-D, we expected

movie FC profiles to be more heritable than

movie-evoked BOLD time courses. Applying

the samemultidimensional heritability analy-

sis tomovie FCprofiles, we indeed found that

FC profiles were around six times as herita-

ble as BOLD time courses (Fig. 3, left column,

Day 1 mean h2 = .36 ± .035, Day 2 mean h2

= .37 ± .038, all network combinations signif-

icant on both days at FDR-corrected P < .05),

and the pattern of heritability values across

network combinations was very consistent

between days (Spearman ρ = .92, PPerm <

.001).

Although we are unaware of any previ-

ous studies that have investigated FC heri-

tability during movie watching, the heritabil-

ity of resting state FC (rest FC) measures

has been well established (Anderson et al.,

2021; Busch et al., 2023; Glahn et al., 2010;

Miranda-Dominguez et al., 2018). Compared

to rest FC, movie FC profiles serve as bet-

ter identifiers of individuals (Vanderwal et

al., 2017) and better predict individual differ-

ences in behavior (Finn & Bandettini, 2021).

Given movie FC’s increased sensitivity to in-

dividual variability, we reasoned that movie

FCprofileswould bemore heritable than rest

FC profiles. Using resting state data collected

from the same subjects and on the same

days of data collection, we calculated rest

FC profile heritability using the approach de-

scribed above and found that heritability was

indeed lower than for movie FC profiles (Fig-

ure 3, right column), but this effect was lim-

ited tomore sensory-oriented networks (Lan-

guage, Auditory, Somatomotor A and B, Vi-

sual A, B, and C, and Dorsal Attention B net-

works significant at FDR-corrected Pperm < .05

on both days). Across these networks, movie

(vs. rest) FC profileswere 20%moreheritable

on Day 1 (min. = 11%, max. = 30%) and 30%more heritable on Day 2 (min. = 19%, max. = 44%). Rest

FC profiles were not significantly more heritable than movie FC profiles in any network. Because

subjects tend to move more during resting state vs. movie-watching scans, and because this could

explain the higher heritability of movie FC profiles, we repeated our analyses after censoring all

frames with FD > 0.2 mm and found the with- and without-censoring results to be nearly identical
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(data not shown).

Our connectivity analyses thus far have focused on FC profiles (i.e., correlations across FC val-

ues) instead of FC strengths (i.e., the average of FC values), as the lowpower afforded by our sample

size precludes us from measuring the heritability of one-dimensional phenotypes with high preci-

sion (Benson et al., 2022; Busch et al., 2023). However, FC strengths are clinically and behaviorally

relevant, and measuring how task conditions and alignment approaches affect FC strength heri-

tability across the cortex requires substantially less power than resolving FC strength heritabilities

for individual network combinations. With this in mind, we used SOLAR to estimate the heritability

of FC strength in this and subsequent sections.

Figure 3. FC profiles are heritable across network combinations. Heatmaps show heritability of FC profiles for

all unique within- and between-network combinations of the 17 Yeo networks after controlling for age,

gender, and head motion. FC profiles during movie-watching (left column) were more heritable than resting

state FC profiles (middle column) for more sensory-oriented networks (red rows in the right column).

Heritable movie-evoked brain responses reflect heritable cortical topographies
Our analyses of anatomically aligned data have thus far shown that patterns ofmovie-evoked brain

activity and connectivity are heritable. However, these patterns are the product of at least two

separate fundamental aspects of brain function: how stimuli are processed and where stimuli are

processed. For example, when analyzing brain responses from themore dorsal brain region shown

in Fig. 4A, two twins (left and center) may appear to process stimulus information more similarly

than a third, unrelated individual (right) based on ISC in that region. However, in this example the

disparity is purely due to spatial differences in where the same information is processed across

individuals, as the unrelated individual exhibits the same brain responses as the twins (i.e., the

green and purple time courses) but in different cortical locations.

The idiosyncraticmaps that describe how shared brain functions are spatially distributed across

individual brains are known as cortical topographies (Haxby et al., 2011, 2020), and recent work has

shown that cortical topographies at rest are influenced by genetic factors (Anderson et al., 2021;

Burger et al., 2022; Busch et al., 2023). As such, we hypothesized that a portion of the heritability we
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measured in the previous sectionmight reflect genetic control over cortical topography in addition

to information encoding and processing.

To parse brain response heritability into topography-dependent and topography-independent

components, we used hyperalignment to project our data into a common functional space, thereby

eliminating topographic variability across subjects, and repeated our heritability analyses. Here,

the degree to which hyperalignment decreases brain response heritability reflects the extent to

which functional topographies are under genetic control. The idiosyncratic transformation matri-

ces used to align each subject’s movie-watching data to the common functional space for a given

day of data collection were learned from either the other day’s movie activity time courses (re-

sponse hyperalignment, or RHA) or from rest FC profiles calculated from the other day’s scans

(connectivity hyperalignment, or CHA). Although RHA and CHA align fMRI data with similar fidelity

(Guntupalli et al., 2018; Haxby et al., 2020), using both methods allows us to evaluate whether heri-

table functional topographies reflect the brain’s intrinsic functional architecture ormovie watching-

specific response functions. We performed both RHA and CHA in a piecewise fashion (Bazeille et

al., 2021), aligning data independently within each Schaefer parcel. By eliminating the topography-

dependent component of heritability and increasing response similarity more in unrelated dyads

than in twin pairs, we predicted that hyperalignment would decrease heritability across the cortex.

Startingwith the coarsest Schaefer atlas resolution (100 parcels, meanparcel area = 1,013mm2),

we found that RHA and CHA significantly decreased BOLD time course heritability to similar de-

grees across the cortex. Compared to MSM-aligned data (Fig. 4C, left column), hyperalignment

reduced BOLD time course heritability across the cortex by 33% on Day 1 (95% CI = [25–40%]) and

31% on Day 2 [22–39%] for RHA (Fig. 4C, middle column), and by 30% [21–39%] and 25% [18–33%]

for CHA (Fig. 4C, right column). These decreases were most apparent in visual cortex, but were

also prominent in associative areas like the right temporoparietal junction and bilateral area 55b

(Fig. 4D), and the spatial pattern of this effect was consistent across days (RHA: Spearman ρ = .66,

PbrainSMASH < .001, CHA: Spearman ρ = .69, PbrainSMASH < .001) and hyperalignment methods (Day 1:

Spearman ρ = .76, PbrainSMASH < .001, Day 2: Spearman ρ = .74, PbrainSMASH < .001).

To quantify the spatial scale at which cortical topography influences BOLD time course heri-

tability, we then repeated RHA and CHA using the 9 other Schaefer atlas resolutions (200 to 1000

parcels). Because hyperalignment can eliminate more heritable differences in cortical topography

when it is performed in larger parcels, we predicted that hyperalignment across larger parcels

would decrease BOLD time course and FC profile heritability to a greater extent. As expected, the

magnitude of these reductions decreased as hyperalignment was performed across smaller ar-

eas (Fig. 4E). To quantify this relationship, we fit power law models of the form 𝑦 = 𝑎 ⋅ 𝑥b + 𝑐 to
the 11 hyperalignment resolutions (corresponding to the average parcel areas for the 10 Schae-

fer atlases as well as 0 for no hyperalignment) and their corresponding average h2 values. We

found that these power law models accurately characterized how heritability scaled with hyper-

alignment resolution for both RHA and CHA on Day 1 (RHA: 𝑦 = −0.0008 ⋅ 𝑥0.32 + 0.023, R2adj. = .99,
CHA: 𝑦 = −0.0004 ⋅ 𝑥0.41 + 0.023, R2adj. = .99) and Day 2 (RHA: 𝑦 = −0.0007 ⋅ 𝑥0.34 + 0.023, R2adj. = .99,
CHA: 𝑦 = −0.0003 ⋅ 𝑥0.43 + 0.023, R2adj. = .99).

We next repeated our FC profile (and strength) analyses using the hyperaligned data. Similar to

the effects of RHA and CHA on BOLD time course heritability, hyperalignment within the Schaefer

100 parcels significantly reduced FC profile heritability across network combinations by 39% on

Day 1 (95% CI = [32–46%]) and 41% on Day 2 [34–48%] for RHA, and by 20% [13–28%] and 18%

[12–25%] for CHA (Fig. 5A). However, we did observe some consistent differences between effects

of hyperalignment on FC profile vs. BOLD time course heritability. First, RHA decreased FC profile

heritability to a significantly greater extent than did CHA, seen in the separation between purple

and orange traces in Fig. 5B. Second, hyperalignment’s effects on FC profile (vs. BOLD time course)

heritability were less variable across the different parcellation resolutions, seen in the relatively flat

slope between orange/purple dots. This is reflected in the lower power law b coefficient values for

FC profile (0.08–0.11, Fig. 5B) vs. BOLD time course heritability (0.32–0.43, Fig. 4E). We observed a
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Figure 4. Hyperalignment reduces BOLD time course heritability. (A) Cartoon illustrates the difference

between shared cortical topographies and shared (topography-independent) information content. (B)

Diagrams illustrate the inputs to response and connectivity hyperalignment (RHA and CHA, respectively) using

the Schaefer 100 atlas. RHA topographies were learned using BOLD time course data from the other day’s

movie-watching scans, while CHA topographies were learned from vertex-level FC profiles (i.e., correlations

between one vertex’s BOLD time course and the average time course from each of the 99 other parcels)

calculated from the other day’s resting state scans. (C) Vertex-level BOLD time course heritability is highest for

data aligned via MSM (multimodal surface matching) and lower for data hyperaligned within 100 Schaefer

atlas parcels using both response hyperalignment (RHA) and connectivity hyperalignment (CHA). (D)

Differences between the MSM-only and hyperaligned heritability maps shown in (C) are distributed across the

cortex but are most apparent in visual areas. (E) BOLD time course heritability decreases as a function of

hyperalignment parcel size according to a power law (purple and orange lines); each dot corresponds to

average cortex-wide heritability for data hyperaligned using one of the 10 Schaefer atlas resolutions (shading

= jackknife SEM).
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Figure 5. Hyperalignment reduces FC profile heritability. (A) Heatmaps show decreased FC profile heritability

for most combinations of 17 Yeo networks following RHA (left) and CHA (right) compared to the MSM-only

baseline. (B) Scatter plots show that hyperalignment, especially with RHA, decreases FC profile heritability

according to a power law function; each dot corresponds to average cortex-wide heritability for data

hyperaligned using one of the 10 Schaefer atlas resolutions (or MSM-only alignment, shading = jackknife SEM).

similar area-independent pattern of results for our FC strength analyses, although here only RHA

(and not CHA) significantly decreased FC strength heritability (Fig. S3).

Heritability of BOLD time courses is related to neural timescales
In the previous section, we found that individual differences in a stable aspect of brain function (cor-

tical topography) accounted for 30–40%of the heritability ofmovie-evoked brain responses. Impor-

tantly, cortical topography is a largely spatial trait. Although it captures significant inter-individual

variability in how brain function varies over space, it is not directly related to how brain responses

evolve over time. As such, we reasoned that the heritability of high-dimensional brain responses

might additionally be grounded in the heritability of stable, temporal properties of brain function.

One such property is the neural timescale (NT), which is thought to index the duration of infor-

mation storage in a given circuit or region such that individuals with longer NTs integrate sensory

information across longer periods of time (Wengler et al., 2020). NTs are commonly operational-

ized as the area under the curve of the autocorrelation function (ACF) until the lag preceding the

first negative ACF value (Wengler et al., 2020). Because stimulus-evoked time courses that are

more autocorrelated will tend to be more correlated with each other (see Methods), we suspected

that NTs could be an important determinant of ISC. To test this, we correlated the sum of each

dyad’s NTs from one day’s movie watching scan with their ISC from the other movie watching scan

and found that we could explain a considerable portion of the variability in pairwise ISC from NTs

alone (max/mean correlation Day 1: ρ = 0.56/0.10, Day 2: ρ = 0.65/0.11, 44% of vertices significant

at FDR-corrected Pperm < .05 on both days, Fig. S4). Given this relationship between NTs and ISC as

well as the fact that a similar measure of BOLD autocorrelation was recently shown to be heritable

(Christova, Uğurbil, and Georgopoulos 2022), we hypothesized that some of the BOLD time course

heritability not accounted for by topography is underpinned by heritability of NTs.

Before testing this hypothesis directly, we first sought to establish that more genetically similar

individuals have more similar NTs. After calculating NTs at each vertex from each day’s movie-

watching data, we averaged these values to generate a single cortex-wide NT for each subject and

each day of data collection. We then examined pairwise differences in NT across the three groups
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introduced in section 3.1: MZ twins, DZ twins, and age- and gender-matched unrelated (UR) dyads.

As expected, we found that differences inMZ twins’ NTswere significantly smaller than in unrelated

individuals’ NTs on both days (Fig. 6A, Day 1: ΔNTMZ = 0.15 ± .016, ΔNTUR = 0.24 ± .007, Pperm = .0005,

Day 2: ΔNTMZ = 0.15 ± .014, ΔNTUR = 0.27 ± .008, Pperm < .0001, and although the other comparisons

also went in the expected direction (MZ < DZ and DZ < UR), these differences were not statistically

significant (FDR-corrected Pperm > .05).

Figure 6. Controlling for neural timescales

(NTs) reduces heritability of BOLD time

courses. (A) Bar plots show average

pairwise differences in cortex-wide NT

across MZ, DZ, and unrelated dyads on

both days of data collection, where only MZ

and UR group means differed significantly

on both days (MZ Day 1/Day 2 means =

0.15/0.15, UR = 0.24/0.27, FDR-corrected

Pperm < .05). (B) Cortical surfaces show

decreases in BOLD time course heritability

after NTs calculated from the other day of

data collection were included as covariates

in the multidimensional heritability

analyses for MSM-aligned and RHA-aligned

(using the Schaefer 100 parcellation) data,

most prominently in mid-level auditory and

visual regions. These maps are thresholded

at Δh2 = ±0.01 to aid comparisons of MSM-

and RHA-aligned results. The maximum

differences in h2 after controlling for NTs

were -0.025 for MSM-aligned data and

-0.007 for RHA-aligned data, respectively.

To quantify the extent to which BOLD time course

heritability reflects genetic control over NTs, we re-

peated the heritability analyses from earlier for each

day of data collection, this time including vertex-level

NTs calculated from the other day’s data as covari-

ates (in addition to age, gender, and head motion).

We observed that controlling for NTs significantly re-

duced BOLD time course heritability on both days in

5.7% of vertices (Fig. 6B upper row, FDR-corrected

Pperm < .05), most prominently in speech and language

areas (e.g., auditory/superior temporal cortices, area

55b) and motion-sensitive visual areas (e.g., medial

temporal and medial superior temporal cortices). Al-

though these reductions in heritability weremore focal

than those observed following hyperalignment, they

reached similar strengths, with decreases of 20–30%

observed throughout the superior temporal gyri on

both days of data collection.

After establishing that cortical topographies and

neural timescales both contribute to the heritability

of high-dimensional brain responses, we next sought

to determine if these contributions are independent

of one another. To test this, we re-calculated BOLD

time course heritability following RHA using the Schae-

fer 100 parcellation (the most aggressive hyperalign-

ment approach from the previous section), this time

controlling for NTs calculated from these RHA-aligned

data. If cortical topography and neural timescale con-

stitute separable processes through which genetics

shapes brain responses, we would expect controlling

for NTs in the RHA- and MSM-aligned data to reduce

brain response heritability to similar degrees. Instead,

we observed a mixed result: although controlling for

NTs after hyperalignment further reduced BOLD time

course heritability on both days in 1.5% of vertices

(FDR-corrected Pperm < .05, Fig. 6B, lower row), the

average magnitude of this decrease across the cortex

was 40% smaller than for the MSM-aligned data. This

suggests that cortical topography and neural timescale

each account for some unique variance in brain re-

sponse heritability, but their contributions are not en-

tirely independent.
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Discussion
In this study, we examined the heritability ofmovie-evoked BOLD activity and connectivity. First, we

showed that BOLD time courses and FC profiles are heritable across the cortex, especially in and

between the sensory and associative regions that are most reliably activated by the stimuli. Sec-

ond, we showed that this heritability is underpinned by genetic control over fundamental spatial

and temporal characteristics of brain function that reflect both where and how individuals process

sensory information. More specifically, our findings demonstrate that genetics influences cortical

topography as a power law function of cortical area, and that a key property of brain function—the

neural timescale—is responsible for an additional portion of BOLD time course heritability, espe-

cially in auditory and speech-sensitive areas. Just as importantly, these results suggest a modest

ceiling for howmuch of this stimulus-driven activity and connectivity is under genetic control, leav-

ing the rest to non-genetic individual variation.

Studies using ISC to examine similarity of movie-evoked BOLD activity typically find highly con-

served responses in auditory and visual areas. We found that more genetically related individuals

exhibited greater ISC not only in these sensory areas, but also acrossmost of cortex. This increased

ISC could reflect more similar stimulus processing in a number of ways. For example, high-level

attentional effects, such as twins attending to more similar aspects of the stimulus, could account

for this increase (Ki et al., 2016; Song et al., 2021). Such an attentional effect would explain our

finding that BOLD time courses in auditory cortex (vs. visual and eye-movement related areas)

were less (vs. more) heritable than would be expected based on their overall ISC (Fig. 2B), as eye

movements gate incoming visual information but no analogous mechanism exists in the auditory

system, and eye movement patterns during complex scene viewing are themselves moderately

heritable (Kennedy et al., 2017). In addition, low-level stimulus processing effects, such as twins

having more similar population tuning than non-twins, could also lead to greater ISC. Future work

will be necessary to determine the specific aspects of sensory processing that these shared activity

patterns represent.

Our approach differs from previous studies of stimulus- or task-driven brain activity heritability

in that our ISC-based analyses don’t require assumptions about the nature of neural responses

that, if inaccurate, could decrease the sensitivity of heritability estimates. Furthermore, instead

of collapsing brain activity measurements across trials or epochs, our analyses exploit the high-

dimensional nature of BOLD time courses by considering the unique information present at each

timepoint. This multi-dimensional aspect of our analyses enabled us to detect small (h2 ≤ .15) but

reliable (spatial ρ > .9 for heritability maps across days) effects at the level of individual vertices.

Still, this and more standard approaches are not mutually exclusive, and future work using model-

based analyses would offer additional insight into the heritability of stimulus-evoked brain activity

patterns.

Compared to our activity-based analyses, our FC analyses weremore in line with previous work.

Indeed, the heritability of FC profiles has been investigated onmultiple occasions, sometimes with

the same multidimensional estimator of heritability used here (Busch et al., 2023; Elliott et al.,

2019; Miranda-Dominguez et al., 2018). Still, several aspects of our study allowed us to reveal

novel results and add new context to established findings. For example, by analyzing resting state

and movie-watching data from the same subjects, we were able to show that FC profiles involving

sensory-oriented networks were significantly more heritable during movie-watching than at rest.

This finding is consistent with reports that movie FC profiles better identify individuals (Vanderwal

et al., 2017) and predict variability in behavioral traits (Finn & Bandettini, 2021) than resting state

FC profiles, and that including task data increases estimates of FC profile heritability (Elliott et al.,

2019).

Although BOLD time courses and FC profiles often serve as the fundamental brain phenomena

to be studied in fMRI experiments, they are complex entities that are underpinned by a variety

of lower-level biological processes (Hillman, 2014). As such, the heritability of movie-evoked brain
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responses established here likely reflects genetic control overmore basic aspects of brain function.

We demonstrated how two of these aspects, cortical topography and neural timescale, contribute

to the heritability of stimulus-driven BOLD activity.

First, we found that controlling for idiosyncratic cortical topographies via response and connec-

tivity hyperalignment (RHA and CHA) decreased activity heritability across the cortex. This decrease

was bigger when data were aligned across larger parcels, but the rate of this decrease slowed as a

power law function of parcel area, illustrating that genetic control of cortical topography is great-

est at the fine scale. In addition to decreasing BOLD time course heritability, we found that RHA

and CHA also decreased FC profile heritability, echoing recent work showing that CHA decreases

rest FC profile heritability in a developmental population (Busch et al., 2023). Compared to our

activity-based analyses, we noticed a far weaker effect of hyperalignment resolution on FC pro-

file heritability, likely because this analysis was performed at the parcel level and across spatially

distributed brain networks (thereby reducing the impact of local functional alignment). Although

hyperalignment served to reduce heritable individual variability across our analyses, the residual

post-hyperalignment heritabilitymight bemore behaviorally relevant, as hyperalignment has been

shown to increase associations between FC profiles and cognitive test scores (Feilong et al., 2021).

With this in mind, future studies that investigate genetic correlations between brain function and

behavioral variables may benefit from hyperalignment in spite of the deleterious effects it had on

heritability here.

Just as cortical topographies spatially constrain individual responses to incoming stimuli, neural

timescales (NTs) are stable temporal features of brain function that shape high-dimensional activ-

ity and connectivity patterns (Shinn et al., 2023; Wengler et al., 2020). More specifically, longer NTs

are thought to reflect greater recurrent excitation at the micro-circuit level and yield more stable

integration of sensory information (Cavanagh et al., 2020; Watanabe et al., 2019). Here, we found

that MZ twins hadmore similar NTs than unrelated dyads, and the fact that NTs measured by fMRI

track electrophysiological activity (Watanabe et al., 2019) suggests that this reflects similarities in

how movie stimuli were neurally encoded. We next showed that this genetic similarity in NT mag-

nitude contributes to genetic similarity in movie-evoked BOLD time courses, such that controlling

for vertex-level NTs accounted for up to ~30% of BOLD time course heritability, an effect that was

strongest in speech-related areas like the superior temporal gyri. Importantly, controlling for NTs

had a weaker effect on BOLD time course heritability after hyperalignment. This is evidence that

the topographic distribution of NTs, over and above their magnitude, is under genetic control. Be-

yond genetics, our finding that subjects with longer NTs had more correlated movie-evoked BOLD

time courses suggests that decreased ISC in patients with schizophrenia (Patel et al., 2021; Tu et

al., 2019), autism (Salmi et al., 2013), and depression (Gruskin et al., 2020) may be underpinned by

shorter NTs in these same populations (Watanabe et al., 2019; Wengler et al., 2020; Zheng et al.,

2024).

Our work should be considered in light of an important demographic limitation. Almost 90% of

subjects in the present sample identified as White, and all subjects were between the ages of 22

and 36. As heritability estimates are known to differ across populations and age groups (Schmitt et

al., 2014; Zhang et al., 2023), the generalizability of our findings is limited by the demographic char-

acteristics of the HCP Young Adult sample used here (Ricard et al., 2023). In spite of this limitation,

this work constitutes an important first link between the growing fields of neuroimaging genetics

and “naturalistic” neuroscience. By considering BOLD time courses and FC profiles alongside corti-

cal topographies and neural timescales derived from independent data, we reveal a multi-layered

genetic influence that extends from basic features of brain function to complex, individual-specific

sensory processing patterns. This comprehensive approach paves the way for future research to

dissect the biological mechanisms that link genetics with sensory processing in both typical and

atypical populations. Finally, we note that less than half of the inter-individual variability we ob-

served in movie-evoked BOLD time courses and FC profiles was heritable, leaving the majority

of the variability to be explained by non-genetic factors such as differences in an individual’s ex-
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periences and current context. As such, additional work will be necessary to characterize these

non-genetic factors.
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probability of a first name being carried by a woman (Dworkin et al., 2020; Zhou et al., 2020). By

this measure and excluding self-citations to the first and last authors of our current paper, our ref-

erences contain 9.26% woman(first)/woman(last), 5.56% man/woman, 25.93% woman/man, and

59.26% man/man. This method is limited in that a) names, pronouns, and social media profiles

used to construct the databases may not, in every case, be indicative of gender identity and b) it

cannot account for intersex, non-binary, or transgender people. Second, we obtained predicted

racial/ethnic category of the first and last author of each reference by databases that store the

probability of a first and last name being carried by an author of color (Ambekar et al., 2009; Chin-

talapati et al., 2023). By this measure (and excluding self-citations), our references contain 14.59%

author of color (first)/author of color(last), 17.17% white author/author of color, 22.27% author of

color/white author, and 45.97%white author/white author. This method is limited in that a) names

and Florida Voter Data to make the predictions may not be indicative of racial/ethnic identity, and

b) it cannot account for Indigenous and mixed-race authors, or those who may face differential bi-

ases due to the ambiguous racialization or ethnicization of their names. We look forward to future

work that could help us to better understand how to support equitable practices in science.
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