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eLife Assessment

This valuable study uses naturalistic movie-viewing fMRI and stacked encoding models to
investigate sensory feature representations in autistic and non-autistic youth, showing a
relative shift toward low-level visual representations in higher-order social cortical regions
in autism. The evidence is solid overall, supported by preregistration, a relatively large
open dataset, and sophisticated encoding-model analyses, although several
methodological and interpretive issues require further clarification and validation. The
work will interest researchers in developmental cognitive neuroscience and naturalistic
neuroimaging.

https://doi.org/10.7554/eLife.111008.1.sa3

Abstract

Sensory—perceptual differences are widely reported in autism, yet their underlying mechanisms
remain unclear. We tested preregistered hypotheses using stacked encoding models applied to
naturalistic movie-viewing fMRI from children and adolescents with and without an autism
diagnosis from the Healthy Brain Network. We mapped cortical responsiveness to low- and high-
level auditory and visual feature spaces. Contrary to enhanced perceptual functioning predictions,
autism was not associated with increased low-level encoding in primary sensory cortices. Instead,
autistic children and adolescents had reduced high-level visual representations and a relative shift
toward low-level over high-level feature encoding in integration and social brain regions including
the pSTS and adjacent face/social areas. In pSTS, this high-low weighting tracked Social
Responsiveness Scale (SRS) scores. By contrast, audio-visual modality preference and sensory
dominance were broadly conserved across groups. Developmentally, encoding exhibited strong,
lateralized, modality-congruent age effects. Together, these findings favor weak central coherence
accounts over early sensory enhancement, constrain mechanisms to altered visual feature
weighting within social/multisensory networks, and demonstrate the value of naturalistic stimuli
and encoding models for characterizing sensory-perceptual neurodevelopmental differences.

Introduction

Sensory processing differences are a common and clinically meaningful feature of autism with a
profound impact on daily life (Ben-Sasson et al., 2007 @2 ; Chamak et al., 2008 ). As many as 90%
of autistic individuals exhibit altered sensory function (Leekam et al., 2007 (2 ; Tavassoli et al.,

abilities (Lefebvre et al., 2023 @ ; Mottron et al., 2006 (©; O'riordan, 2004 (¥ ; Mottron and Burack,
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differences in multisensory integration (MSI) (Stevenson et al., 2014b (3 ,a; Feldman et al., 2018 @).
These traits emerge early, track with social and cognitive outcomes, and vary across individuals
and modalities (Uljarevi¢ et al., 2017 &3; Williams et al., 20232 ; Georgiades et al., 2017 & ; Chen et
al., 20223 ; Simonoff et al., 2020 & ; Smith et al., 2012(%). Despite their prevalence and impact, the
neurobiological substrates of these altered sensory functions remain relatively uncharacterized
(Marco et al., 2011 ; Robertson and Baron-Cohen, 2017 (®&).

Theories of sensory differences

A number of different theories exist surrounding autistic sensory differences. Enhanced
perceptual functioning (EPF) emphasizes heightened low-level processing and improved
discrimination (Mottron and Burack, 2001 3 ; Mottron et al., 2006 %), while weak central
coherence (WCC) highlights a local-over-global perceptual preference (Frith, 1989 ; Happé et al.,
2006 @) (see Figure 12 A for an illustrated comparison). Related Bayesian accounts propose
altered use or updating of perceptual priors or an atypical balance between statistical likelihood
and priors (Pellicano and Burr, 2012 2; Schneebeli et al., 2022 ; Brock, 2012 @) and further,
predictive-coding, a process-level instantiation of these Bayesian ideas, implicates imbalances
between prediction errors and top-down predictions (Mumford, 1992 2 ; Rao and Ballard, 1999 (%;
Friston, 2005 (% ; Lawson et al., 2014(% ; Van de Cruys et al., 2014 (%; Lawson et al., 20177 ). More
mechanistically, neurobiological accounts emphasize excitation-inhibition (E/I) imbalances and
neural noise, with support from EEG, genetics, and animal studies (Rubenstein and Merzenich,
2003 Z; Dinstein et al., 2012(%; Puts et al., 20174 ; Wei et al., 2021 Z; Hollestein et al., 20237 ; Han
et al., 2012 @; Robertson et al., 2016 ). An integrative view links E/I alterations to disrupted
divisive normalization central to causal inference and predictive coding (Noel and Angelaki,

2023 (2). In recent years, “Sensory-first” accounts of autism argue that perceptual differences
precede and scaffold downstream social-communicative phenotypes (Levit-Binnun et al., 2013 (%;
Cascio et al., 2016 % ; Robertson and Baron-Cohen, 2017 (©; Falck-Ytter and Bussu, 2023 (3; Russo et
al., 2025 ; Takesian and Hensch, 2013 ).

Overall, these varied accounts yield some testable predictions for naturalistic representations,
among them: relatively amplified low-level and reduced high-level encoding and altered local-
global and unimodal-multisensory balance;

Another axis of sensory organization relevant to autism is the balance between auditory and
visual channels during naturalistic perception. Classic multisensory work shows that audiovisual
(AV) integration engages regions including the superior temporal sulcus (STS), which can be
supraadditive for congruent AV events (Calvert et al., 2000%, 2001 @), with multisensory
influences present even in regions often treated as unisensory (Ghazanfar and Schroeder, 2006 (;
Stein and Stanford, 2008 2). Developmentally, AV integration is protracted, approaching adult-like
levels around late childhood, and may follow altered trajectories in autism (Neil et al., 2006 (2;
Burr and Gori, 2012 (2; Russo et al., 2025 ). Behaviorally, autism has been associated with
differences in multisensory integration and temporal binding (e.g., widened temporal binding
windows and reduced MSI enhancements), with downstream implications for domains including
speech processing (Stevenson et al., 2014b (2 ,a; Feldman et al., 2018 & ; Wang et al., 2024 (2).
Classic work on sensory dominance shows a robust visual-dominance in adults (the Colavita
effect) that develops from earlier auditory predominance in childhood (Colavita, 19742 ; Hirst et
al., 2018 3; Ross et al., 2021 @). In autism, findings include reduced or reversed visual dominance,
including a reverse Colavita effect and a shift toward auditory bias (Ross et al., 2021 & ; Moro et al.,
2012(Z; O'Connor and Hermelin, 1965 (2), hinting at potentially altered audio vs. visual sensory
feature weightings in autism (see Figure 1 B(%).

Developmental maturation of sensory and association systems

Beyond autism, it is useful to note several robust developmental trends. Primary sensory cortices
mature relatively early, whereas higher-order association regions (e.g., pSTS, TP], FFA) show
protracted structural-functional specialization into adolescence (Thompson and Nelson, 2001 (Z;
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Figure 1.

(A) A visual depiction contrasting how perceptual processing is thought to be different in autism across the two prominent
theories of WCC and EPF. (B) An illustration comparing visual sensory dominance (the Colavita effect) with decreased visual
dominance or auditory sensory dominance (a reverse Colavita effect), which has been observed in autism.
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Sydnor et al., 2021 ). Multisensory processing also sharpens with age: audiovisual temporal
binding windows narrow, and cross-modal influences in STS become more reliable and congruent
with task demands (Neil et al., 2006 2 ; Burr and Gori, 2012 ). These maturational trends imply
that group differences observed in association cortices and multisensory networks must be
interpreted against a baseline of ongoing developmental tuning.

Neuroimaging evidence for altered sensory processing in autism

Within autism, neuroimaging findings have consistently implicated primary sensory brain regions
(e.g. motion-related differences in visual cortex (Robertson et al., 2014(2), enlarged population
receptive fields (Schwarzkopf et al., 2014 @), and heightened connectivity within primary visual
and auditory cortices (Martinez et al., 2020%; Cerliani et al., 2015 (®)). Increased trial-to-trial
variability of evoked responses has also been observed across early visual, auditory, and
somatosensory cortices (Dinstein et al., 2012(%). Atypical early auditory discrimination has been
further measured through mismatch negativity (MMN), with MMN amplitudes directly linked to
sensory over-responsivity and autistic traits (Cary et al., 2024 @). During audiovisual integration
tasks, autistic participants were found to exhibit auditory-led phase resets in visual cortex,
opposite the visual-led synchronization typical of neurotypical observers, consistent with altered
precision and reliability weighting of sensory cues and tying primary sensory processing
alterations to audiovisual perception (Ronconi et al., 2023 (%).

Alongside these early sensory processing differences, a growing body of research highlights
significant involvement of higher-order cortical regions. These include but are not limited to the
temporoparietal junction (TPJ; found to have decreased cortical thickness (You et al., 2024(%) and

altered connect1v1ty to the cerebellum (Igelstrom et aI 2017 @)), the posterlor superlor temporal

al.,, 20113; Feder|C| etal.,, 2020®) and altered intrinsic and dynamic functional connectivity
(Alaerts et al., 2015 @, 2014; Shih et al., 20112 ; Guo et al., 2019()), and the fusiform face area
(FFA; found to have altered volume and hemlspherlc asymmetry (Herbert et al., 2002 33 ; Floris et
al., 2025(2) along with reduced activation in response to faces (Pierce et al., 2001 (Z; Schultz et al.,

2003 (7 ; Hadjikhani et al., 2007 @), though some later studies found no difference for familiar faces
(Pierce et al., 2004 % ; Hadjikhani et al., 2007 (%)).

Beyond specific low- and high-level regions with altered connectivity, there have been widespread
reports of more generally altered connectivity across the brain, in the form of under-connectivity

(Damarla et al., 20107 ; Abrams et al., 20132 ; Alaerts et al., 2014 @), over-connectivity (Rudie and
Dapretto 20133; Keown et al., 2013(@), and differing local and global connect1v1ty (C

over-connect1v1ty in autism, perhaps explaining enhanced perceptual performance with increased
local connectivity in early sensory areas and disrupted social behavior with decreased local
connectivity in frontal areas (Keown et al., 2013 @ ; Supekar et al., 2013 ; Di Martino et al.,

2014 (Z; Rudie and Dapretto, 2013 ). While most studies assess activation or connectivity, fewer
examine what or how information is represented during rich, dynamic perception and a clear gap
remains.

Naturalistic stimuli and autism

Naturalistic stimuli (such as movies and narratives) in neuroimaging studies can improve
ecological validity and compliance while also implicitly including rich sensory, semantic, and
social features (Sonkusare et al., 20197 ; Nastase et al., 2020 Z; Vanderwal et al., 2019 ; Redcay
and Moraczewski, 20207 ; Haxby et al., 2014). In autism, movie paradigms have revealed
reduced ISC and ISFC and idiosyncratic responses (foundational and follow-up work by Hasson et
al. 20097 ; Salmi et al. 2013 & ;Byrge et al. 2015 (%), links to comprehension and symptomatology
(e.g., default-mode/control networks; Bolton and colleagues (2018 (2 ; 2020(2)), region- or event-

specific effects (TPJ, theory-of-mind; Pantelis et al. 20157 ; Lyons et al. 2020 @), and cross-national
replication of ISFC reductions (Lin et al., 2025 ). Deficits in audiovisual synchrony relevant to
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speech have also been reported (Wang et al., 2024 ). Most work to date leverages metrics of brain
synchrony, while feature-resolved accounts of what and where information may be differentially
represented in these naturalistic contexts remains relatively unexplored.

Encoding models

Encoding models enable the direct mapping of stimulus features to brain responses, allowing us to
quantify the representation of information across the brain (Naselaris et al., 2011 & ; Diedrichsen
and Kriegeskorte, 20172 ). Encoding models are readily adaptable to high-dimensional,

naturalistic features (Samara et al., 2025 ; Khosla et al., 2021 ; Huth et al., 2016 2 ; Haxby et al.,
2011 () and some specific implementations, such as as stacked encoding models (Lin et al.,

spaces. In stacked encoding models, instead of relying solely on the predictive performance of
separate feature models, the secondary “stacking” stage yields weights that index the relative
contribution of each feature space to the joint prediction, providing, for example, a direct measure
of high- vs. low-level or audio vs. visual perceptual preferences when these feature classes
compete to explain the same responses. Despite their successful applications in vision and
language research, encoding model approaches are relatively underutilized in autism research
relative to ISC based methods, particularly in studies using naturalistic designs (Dupré la Tour et
al., 20253 ; Kriegeskorte and Douglas, 2019 (%).

This study: dataset, features, analyses, preregistration,
hypotheses

Here, naturalistic movie-viewing fMRI data from children and adolescents with and without
autism is analyzed to test a set of preregistered hypotheses (accessible at http://osf.io/h92gr 2 and
http://osf.io/47kj6 2 ; summarized in Table 1@ ). Feature sets are constructed spanning low-level

(e.g., brightness, motion and loudness) through high-level (faces, bodies, and audio categories such
as speech and music), separately for audio and visual streams and feed these into whole-brain
grayordinate-level encoding models that quantify the explained variance for each feature class.
Primary hypotheses: (i) Relative to non-autistic peers, autistic participants will show greater
encoding of low-level perceptual features in primary sensory and other perceptual regions (H1.1),
with a shift in stacked-weight preference toward lowover high-level features (H1.2); (ii) autistic
auditory and visual cortices will be more unimodal (H2.1), preferentially encoding modality-
congruent information and exhibiting reduced visual dominance (H2.2). Secondary hypotheses:
Encoding-model metrics will covary with clinical phenotype including autism severity and sensory
symptoms (H1.3, H2.3).

Hypothesis

Feature sets / metrics

Low- vs. high-level encoding

1.1

1:2

1.3

Primary perceptual cortices will encode more information about low-level
perceptual features in an autistic relative to a non-autistic group.

Perceptual regions of the brain will be more tuned towards low- as op-
posed to high-level sensory information in an autistic relative to a non-

autistic group.
Encoding model-derived differences will be related to autism severity and
sensory symptoms.

Audio vs. visual encoding

2.1

2.2

23

Auditory and visual regions of the brain will be more unimodal in autistic
compared to non-autistic people and encode more congruent unimodal
information relative to incongruent cross-modal information.

Autistic individuals will have reduced visual dominance compared to non-

autistic individuals.
Audiovisual encoding model-derived differences in autistic participants
will be significantly correlated with autism severity.

Low-level audio and visual fea-
tures; R?, R?

Low- vs. high- level audio and vi-
sual feature classes; (Wy,—W; ),
Way=Wiy)

SRS/SSS associations with high-
and low-level, audio and visual R?,
R2, Wy-Wp)

Audio-only vs. visual-only contri-
butions; audio and visual R?, R?

Visual vs. audio stacked weights;
Wy =W,)

SRS/SSS associations with audio
and visual R?, R? and (W, —W,,)

Table 1.Table of preregistered hypotheses (accessible at osf.io/h92gr and osf.io/47kj6).
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Key findings

During naturalistic viewing fMRI, autistic children and adolescents have a relative shift toward
low-level over high-level feature encoding in integration and social brain regions (including the
pSTS), with a broadly conserved audio-visual feature balance but robust age-related effects. These
findings inform sensory theories, argue against large, pervasive shifts in modality dominance, and
demonstrate the utility of naturalistic encoding model methods for the investigation of sensory-
perceptual neurodevelopmental differences.

Results

Conventions

We report explained variance (R%), unique explained variance (Ruz, from variance partitioning),
and stacked encoding model weights (W) for audio and visual models. Perceptual preference
indices are defined as Wy, - Wy (visual vs. audio modality preference) and Wy - Wy, (high- vs. low-
level feature preference), with positive values indicating visual (or high-level) preference and
negative values indicating audio (or low-level) preference. Unless otherwise noted, all p-values are
FDR-corrected across parcels, and results are shown across three framewise displacement (FD)
thresholds of 40%, 60%, and 80%.

Encoding models recover known sensory hierarchies

Aggregating across all (both autistic and non-autistic) participants, audiovisual stacked encoding
models produced patterns of performance and feature representation in audio and visual cortical
regions that are in keeping with known sensory hierarchies. This is evident by examining the
perceptual preference index (the difference in visual and auditory model stacked weights (Wy, -
?). Mean R?
peaked along the superior temporal sulcus (STS), and split-half, Spearman-Brown-corrected noise
ceilings (an upper bound on explainable variance given response reliability/measurement noise)
were highest in parcels along the STS and in parietal/occipital cortices (Figure 2—figure

greater audio R? and increased audio model weights, whereas visual cortices showed the converse
pattern for visual performance and weights (Figure 2—figure Supplement 2 (?). Comparing
stacked low- and high-level models within audio and visual models further reproduced canonical
hierarchical gradients. For vision, low-level features dominated early visual cortex (e.g., V1/V2),
with relatively stronger high-level contributions in downstream ventral regions (e.g., FFC, Figure 2
—figure Supplement 3 A2). For the audition, high-level model R? and weights increased from A1
into association areas (A4/AS5, Figure 2—figure Supplement 3 B(%). Model weights followed this

same pattern along with the high vs. low preference index (W - Wy), which was negative in early

Supplement 3 C-F3, see Figure 2—figure Supplement 4% for a whole-brain mean visualization).
These results establish that the feature spaces and model architecture employed here are capable
of recovering known sensory hierarchies.

H1.1: No evidence for increased low-level encoding in primary
sensory cortices in autism

The preregistered hypothesis that primary perceptual cortices contain more information about
low-level perceptual features in autism was not supported. For the low-level auditory model, no
significant group differences in R? or Ru2 were observed in primary auditory regions (all FDR
g>0.05, Figure 3%, Figure 3—figure Supplement 1#). Outside auditory ROIs, some uncorrected
effects appeared for RuZ (V4t, MST) and R? (V4t, V7), but none survived FDR correction. Likewise,
no significant group-level differences in low-level visual performance were observed in primary
visual regions (all FDR ¢>0.05, Figure 3%, Figure 3—figure Supplement 2 %). Trends in STSvp,
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Figure 2.

(A) Visual vs audio perceptual preference (W, - W,) for all participants (ASD and nonASD) across visual (red), audiovisual
(purple), and auditory (blue) ROIs. Perceptual preference is calculated by taking the difference of visual and audio stacked
model weights. Perceptual preference is in the range -1 to 1 as stacked encoding model weights range from 0 to 1. (B) Whole-
brain plot of mean visual vs audio perceptual preference (W, - W,) across all participants (ASD and nonASD). This metric is
the same as in A, but now plotted at each grayordinate and colored on a scale of visual (red) to audio (blue) with purple
indicating regions with a relative balance between visual and audio feature weights.
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STSdp, and STGa (uncorrected p <.05) did not survive FDR correciton for R?, whereas STSvp

sensory-cortex encoding increases for low-level features in autism were not observed.

H1.2: In autism, pSTS is weighted towards low-level visual features

Although audio models had no significant difference in low- vs. high-level preference, stacked
visual models revealed a group difference in high- vs. low-level preference localized to the pSTS.
Visual Wy - W was significantly lower in the autistic group in STSvp across all three FD
thresholds and in STSdp at the strictest 40% threshold (Figure 3 (4, Figure 4(2).

H1.3: pSTS encoding differences are related to autism severity as
measured by the SRS

Across visual and auditory models and the SRS and SSS measures, visual high- vs. low-level
preference was significantly related to SRS after FDR correction in STSdp at the 40% threshold
where lower Wy - W (increased low-level preference) was associated with higher SRS score
(coefficients summarized in Figure 3®@).

Exploratory: High-level visual representations are reduced in face
and social brain regions in autism

Although the preregistered hypotheses focused on low-level feature representation and the
balance of low- and high-level feature weights, the stacked models also provide high-level feature

social-perception related regions including FFC, STS, STG, and inferior frontal cortex. The effects
were largely consistent across both R? and Ru2 (Figure 3—figure Supplement 4), indicating
robust differences in high-level visual information that are not explained by variance shared with
low-level features.

Exploratory: Whole-brain parcel-wise visual encoding differences
and ASD+ADHD stratification

Whole-brain low- and high-level stacked encoding model analyses identified additional parcels
beyond the a priori ROIs with significant visual encoding differences. At the 40% FD threshold,
low-level visual Ruz was greater in the autism group in left 8BL (lateral BA8, posterior superior
frontal gyrus; DLPFC; q < 0.005) and right SFL (q < 0.05); across thresholds, left 8BL also showed
higher high-level preference in the non-autistic group (Table 2% ; cortical maps in Figure 5%).

Other parcels with significant visual RZ/RuZ differences at one or more thresholds included right
TE1p, right PF, left IFSa, left STSvp, and striatal regions CAU-DA-1h and CAU-body-lh (Table 2 (@).

Right_SFL Right_TE1p Right_PF Left_8BL Left_6r Left_IFSa Left_STSvp CAU-DA-Ih CAU-body-lh

*

VL R?
VL R?
VH R?
VH R2
Pref. (Wyy —Wiy)
AH R2

* * *h kK
i ] = o
* * ko k
* * * ok * * *
* ok

wok

Table 2. Table of post-hoc whole-brain significance results. Only significant regions and features (after FDR
correction) are included in the table. In each column, results from FD thresholds of 40%, 60%, and 80% are
separated by commas. VL=low-level visual, VH=high-level visual, AH=high-level audio, W, ,=low-level visual model
weight, Wy, 4 =high-level visual model weight, R2=explained variance, Ru2=unique explained variance, -=g>0.05,
*=0<0.05, **=0<0.005
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Figure 3. Heatmaps of fixed-effect coefficients for (A) diagnostic group (Dx: nonASD vs. ASD), (B) SRS and
(C) sensory subset score (SSS), across 40%, 60% and 80% FD thresholds (left to right within each cortical
parcel column).

Within each of the three horizontal panels, rows denote encoding model-derived metrics (low-level Ruz, high-level Ruz, and
their preference index (W, - W;) and columns denote Glasser ROIs ordered from early visual areas through association
cortex and then auditory areas. Color indicates the magnitude and sign of the coefficient (purple=negative effect with
ASD>nonASD; green=positive effect with ASD<nonASD). Asterisks (*) mark FDR-corrected significance at q < .05; open circles
(°) mark uncorrected p < .05. The visual modality encoding models are coded with red text and the auditory with blue. Low-
level visual Ru2 was significantly different across diagnosis in STSvp and low-level audio Ru2 was not significant anywhere (A;
contradicting H1.1). Visual though not audio Wy, - W, was significantly different in STSvp and STSdp (A; supporting H1.2).
Visual but not audio Wy - W, was significantly related to SRS in STSdp at the 40% threshold (B; H1.3) but not SSS (C).
Generally, results were often consistent across the three FD thresholds.
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Figure 4.

(A) Box plot of audio stacked encoding model perceptual preference across ASD (white) and nonASD (gray) groups for all
perceptual ROIs. (B) Corresponding box plot of the visual stacked encoding models. Results correspond to the 40% FD
threshold. Boxes annotated with an asterisk indicate a significant group difference (FDR g<0.05) while a circle indicates an
initially significant difference between groups that did not survive FDR correction. Boxes show the quartiles of the dataset
and whiskers show the distribution with the exception of outliers. Each dot is the mean perceptual preference from a single
subject from all statistically significant grayordinates within each ROL
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Figure 5. Cortical surface maps showing visual encoding model-derived fixed-effect coefficients for
diagnostic group comparisons (ASD vs. nonASD) at the 40% FD threshold.

Colors represent coefficient magnitude and direction (pink: negative effect, ASD > nonASD; green: positive effect, ASD <
nonASD). Asterisks denote significance after FDR correction (*: FDR g < 0.05, **: FDR q < 0.005).
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Given the high ADHD comorbidity in the sample (and in autism generally), the autism group was
further subdivided into ASD+ADHD and ASD-ADHD subgroups. Across perceptual ROISs, significant
differences in visual encoding metrics were observed between nonASD and ASD-ADHD
participants, but not between nonASD and ASD+ADHD (note the nonASD control group has no
participants with a diagnosis of ADHD), and there were no differences between ASD subgroups
(Table 3(3). The ASD-ADHD vs. nonASD results largely mirrored the broader autistic group at the
ROI level as well as at the whole-brain level (e.g. a significant difference in left 8BL). A robust
auditory model finding also emerged at the whole-brain level in the left Middle Insular area (MI)

for low-level audio Ru2 at 40% FD in ASD+ADHD vs. nonASD.

IFSp  STSvp STSdp

VL R?(NT,ADHD") - T -
VLR? (NT,ADHD") - LT T
VHR? (NT,ADHD") A
VHR? (NT,ADHD") - Ll =
Pref. (Wy, — Wyy) (NT,ADH D") - S5 -

Table 3.Perceptual regions of interest ADHD subgroup significance summary. All effects listed here are
between the nonASD and ADHD+ASD subgroups, as there were no significant differences between nonASD and
ADHD-ASD and ADHD+ASD and ADHD-ASD. Only the three regions with significant effects after FDR correction are
included. In each column, the results from FD thresholds of 40%, 60% and 80% are separated by columns. VL=low-
level visual, VH=high-level visual

Exploratory: pSTS left-hemisphere predominance with ASDtADHD
corroboration

Given converging effects in the pSTS, hemispheric laterality in that region was examined in a
posthoc analysis. For low-level visual features, group differences in R were evident in right
STSVp but not left (Figure 6 A@). In contrast, for high-level v1sua1 Ru and Wy - Wy, group

________________ 2). Right STSvp trended in the same direction for both Ru and Wy - Wy but did not survive
FDR at the 40% FD threshold (uncorrected p <.05). Taken together, this pattern suggests a
hemispheric division of effects. ADHD-stratified analyses corroborated this laterality. Comparing
ASD-ADHD with nonASD reproduced the pSTS effects with the same left-hemisphere
predominance across metrics (Figure 6 D-F(%)).

H2: Audio-visual feature representation and modality preference
is conserved across groups and not related to autism severity

There were no significant ASD vs. nonASD differences in visual vs. audio preference (WV Wy,
7@)or audlo and v1sual R? (Flgure 7—f|gure Supplement 132)or R2 (Fi

increased auditory dominance) related to audio and visual feature representation in autism
during naturalistic viewing. Beyond diagnostic group differences, audio and visual model R?, Ru2
and Wy, - W, were also not significantly related to SRS or SSS (Figure 7—figure Supplement 3
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Figure 6. Visual encoding model metrics across left and right pSTS subregions.

(A) Low-level visual unique explained variance (Ruz) for ASD (white) and nonASD (gray) groups in left and right STSvp and
STSdp regions. (B) High-level visual Ru2 across the same groups and regions. (C) High- vs. low-level perceptual preference
(derived from the stacked visual encoding models), where positive values indicate a high-level preference, negative values
indicate a low-level preference, and values near zero indicate no preference. (D) Low-level visual Ru2 for ASD-ADHD (white),
ASD+ADHD (light gray), and nonASD (gray) groups across left and right STSvp and STSdp regions. (E) High-level visual Ru2
across groups in the same regions. (F) Stacked encoding model visual perceptual preference metrics (high- vs. low-level);
positive values indicate a preference for high-level features, negative values indicate a low-level preference, and values near
zero indicate no strong perceptual preference. All results are from the 40% FD threshold. Boxes annotated with an asterisk (*)
indicate significant group differences (FDR-corrected p < 0.05); circles indicate nominal significance prior to FDR correction
(uncorrected p < 0.05). Boxes represent quartiles; whiskers indicate data range excluding outliers. Individual dots represent
mean metrics per subject, averaged across statistically significant grayordinates within each left or right ROI. Pairwise
significance tests were conducted between all groups; annotations indicate significant differences, all of which occurred
between the ASD-ADHD and nonASD subgroups.
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Figure 7. Audio vs. visual modality preference.

Higher values indicate an audio preference and lower values indicate a visual preference. These results correspond with the
40% FD threshold. Boxes annotated with circles indicate a difference between groups that did not survive FDR correction
(uncorrected p<0.05 but FDR g>0.05). Boxes show the quartiles of the dataset and whiskers show the distribution with the
exception of outliers. Each dot is the mean value from a single subject from all statistically significant grayordinates within
each ROL

Mentch et al., 2026 eLife 15:RP111008. https://doi.org/10.7554/eLife.111008.1 14 of 51


https://doi.org/10.7554/eLife.111008.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

7 eLife

Neuroscience

Exploratory: Age exerts prominent effects on modality preference

Focusing on age without regard to diagnostic group, robust relationships emerged across

TPO]J3, and A4; auditory R? and Ru2 increased with age in VMV2, V3A, IFSa, IFSp, IFJa, STSdp, STGa,
TPOJ1, PBelt, A4, TA2, and A5. Modality preference (Wy, -W,) shifted with age in V3A, IFSa, IFSp,
A4, and A5, such that the visual region V3A had an increase in visual preference and the other
auditory and multisensory regions had an increased auditory preference. Notably, these age
effects were prominent at the 60% and 80% FD thresholds but not at the 40% threshold, plausibly
because this stricter criteria disproportionately excluded more younger participants due to their
increased motion.

Whole-brain analyses (where all cortical and subcortical parcels were considered separately
across the left and right hemispheres) confirmed many ROI effects and further revealed some
hemispheric specificities (Table 4 %): for example, auditory R related to age in A5 bilaterally,

whereas V3A/MT effects were right-lateralized and A4/STSdp/TPOJ1 were left-lateralized. Beyond
the predefined perceptual ROIs, additional parcels with significant age relationships included

auditory R? and R?, predominantly left-lateralized (Glasser et al., 2016 (). In all cases, the
directionality matched modality (auditory metrics increased with age in auditory regions; visual
metrics increased with age in visual regions), and modality preference became more congruent
with regional specialization (See Figure 8—figure Supplement 1 and Figure 8—figure
Supplement 2@ for examples from perceptual and whole-brain regions respectively).

Visual R Visual unique R Audio RZ  Audio unique R2  Pref. (Wy;ua — W audio)

Right V3A = . 2 =, -
Right MT - m - - -
Right IFSp - : = S -
Right OP4 = : 55" a e -
Right A5 - - S S S
Right LO3 - - - * - 5
Right WWC - o e - - -
Right TGv - : - S -
Left 55b - - == ¥ ST -
Left PSL - . S o .
Left SFL - - - T -
Left 45 - - S - -
Left 9a . - - ® y
Left RI _ _ _l*’** ‘,*,* _
Left A5 : - 5" iy -
Left STSda . = o . -
Left STSdp - a -t 5 -
Left TPOJ1 - - 5" Y -
Left DVT M ey - . X i ® i
Left LO3 - - i * e -
I_eft A4 B B _— *% - *I *%k — *

Table 4.Significance of Age effects on visual, audio, and audio-visual encoding model metrics across all left
and right hemisphere, cortical and subcortical parcels at the whole-brain level.

Post-hoc whole-brain ADHD subgroup comparisons revealed one region with consistent auditory
R? differences that survived correction across all 410 parcels: left PoI2 (insula), with ASD-ADHD
vs. noNASD differences across all three FD thresholds (FDR g = 0.03, 0.003, 0.008 for 40%, 60%, and
80%, respectively). No other pairwise subgroup contrasts (ASD-ADHD vs. ASD+ADHD; ASD+ADHD
vs. nonASD) yielded auditory effects that survived FDR correction.

Mentch et al., 2026 eLife 15:RP111008. https://doi.org/10.7554/eLife.111008.1 15 of 51


https://doi.org/10.7554/eLife.111008.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

Neuroscience

04
A Visual R” | | o oo o o of ool ool o oo ooffooo o ooloolsl |ood] l
Visual Unique R? | o i+ ofs| ool oo sl oo o o o Fo2
Audio 7] |4 oo ool el of+] off ool of ol lopf] o | [ offf | -00
Age | ~ i o |
Audio Unique R” | ‘ o ] o 0ol 00 \ off 00 HH oo i o o il oLl o
Preference w, — w, - | o ° ‘ el o \ ofsffolefz]| o looo| oo 00 o o oolofsft| oolofsf:] l
-—n - T -04
S VO T E L FLELPILE LI NOPITIRLITON ST I /LTSN a8 088D 5998 F$553 o
ol § £ T ye £y S S $ Ey g 3
§EFTEESESSS§TESTPPEEEEFTFFSEEFFFTFFFIT
B 5 5 b 6 2 e ™
Visual R? | a4 o o0 | [ loso
Visual Unique R ] ‘I o -
e e I R T s 1
Age:Dx Audio R7 000 ° oo -000
Audio Unique R? I ol - J ‘ ] ‘ J -025
R AT e B R T R R T A R S A T e A B L A L
T N ONLSAEES D L0 >N TE L 2 2 ok 8 8 8 8 3N SN0 &> >0 o
LY IES T RL2FTEFTTEFERS ST ETFFES 5SS8T 3T <
E @ & =T = Ll ppgpppragfdy & & & g
Cc i G 6 a4 2 &k il
Visual R | 00 lo 000 o | l’D"2
Visual Unique R? ] ‘ [ ] \ oo -001
Age:SRS audior o | boof ol of ooo| -000
Audio Unique R” m ‘ < | 000 - 001
Preference w, — w, | ‘ | ° 3 l o
i R - o - - < o R I ELE 82 8 FIIL T 99 555 b
Fodl O §F £ 5 S g & &8
S§TEETE EOPELE SIS FFF R
5 6 6 5 % £ & E ~ &4

Figure 8. Heatmaps of fixed-effect coefficients from exploratory parcel-wise linear mixed models
examining (A) main effects of age, (B) age-by-diagnosis (ASD vs. nonASD), and (C) age-by-SRS interactions.

Within each horizontal panel, rows represent encoding model-derived metrics (visual R and Ruz, audio R? and Ruz, and their
perceptual preference index W, - W,), while columns represent Glasser MMP parcels ordered roughly from early visual
through higher-order association to auditory areas. Each parcel is further subdivided by FD thresholds (40%, 60%, 80%, left to
right). Color indicates magnitude and direction of coefficients (green: positive effects; pink: negative effects). In panel A,
green indicates encoding metrics increase with age, pink indicates metrics decrease with age. In panel B (Age x Diagnosis),
green indicates the age-related slope is more positive in nonASD (greater increases with age), whereas pink indicates a more
positive age-related slope in ASD. Asterisks mark FDR-corrected significance (%= g < 0.05,% %= g < 0.005, % * *= g < 0.0005);
open circles mark uncorrected significance (p < 0.05). Visual metrics are labeled in red; auditory metrics in blue.
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Exploratory: Age-by-diagnosis and Age-by-SRS interactions are
sparse and localized

At the ROI level, only VMV3 showed a significant AgexDiagnosis interaction for visual R? where in
the autistic group, visual R% was relatively stable across age, whereas in the non-autistic group it
decreased with age (Figure 8—figure Supplement 3@ ). Whole-brain analyses identified two
additional AgexDiagnosis interactions for visual R,2: right area 52 and left p32pr, where visual R,
increased with age in autism but decreased with age in non-autistic participants. For AgexSRS,
only audio R? in IFJp showed a significant interaction at the ROI level (autism: slight increase with
age; nonautism: decrease), and at the whole-brain level, interactions appeared for visual R? and
Ru2 in right 7PL (the autistic group measure slightly decreasing with age while the non-autistic
group measure increases with age).

Results Summary

Overall, this study finds (i) no evidence for increased low-level encoding specific to primary
sensory cortices in autism; (ii) reduced high-level visual feature representations in social and face
brain regions (STSvp, STGa, FFC) in autism; (iii) a relative preference towards low-level visual
features in the pSTS in autism, strongest in the left hemisphere and linked to SRS score; and (iv)
conserved audio-visual modality dominance and feature encoding in autism. Further, results
show that feature encoding becomes increasingly more modality-congruent with age, with
lateralized parcelspecific trajectories, though interactions of age with diagnosis or SRS score are
sparse. Post-hoc whole-brain and ADHD-stratified analyses further identify additional brain
regions with significant encoding differences, including left 8BL and left PoI2.

Discussion

We asked where and how sensory features are differentially represented in the brain during
naturalistic viewing in autism. First, we found no evidence for stronger low-level encoding in
primary sensory cortices in autism; instead, differences localized to higher-order association
regions, most notably the pSTS and adjacent frontal parcels. Second, in the autistic group, pSTS
showed a preference for lower-level visual information over high-level visual encoding, with
perceptual preference significantly related to SRS scores. Third, audio-visual modality balance
was broadly conserved in autism, with significant effects predominantly observed
developmentally in relation to age rather than phenotypically across diagnostic groups.

Implications for sensory theories

The observed pattern of downstream, visual-specific alterations, with reduced high-level
representations in social and integration hubs, fits the theory of weak central coherence (WCC)
more readily than enhanced perceptual functioning (EPF), which predicts increased encoding in
early sensory cortex. At a minimum, high-level global integration differences appear to outweigh
any enhancements of early visual coding in this dataset and experimental context. A hybrid
account remains plausible, where both theories are true or where subtle early differences cascade
to association regions, for example, but our results do not directly support this.

pSTS, lateral pathway, and social perception

The emergence of the pSTS as a locus of autistic group differences in our results is mechanistically
informative. The pSTS is known to support perceptual functions including audiovisual speech
(Okada et al., 2013(), biological motion (Sokolov et al., 2012 @), and higher-order social

preference toward low-level visual features, with a left-hemisphere predominance for the high-
level reduction. This lateralized pattern sits within the context of the proposed third, lateral visual
pathway thought to be specialized for social perception, and raises the possibility that altered
visual components of socially relevant signals might underlie reported downstream effects, such
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as reduced audiovisual speech perception, observed behaviorally in autism. One key detail is that
the SRS association was specific to the perceptual preference measure (Wg -Wj) rather than raw
performance, pointing to an altered weighting of visual evidence rather than a uniform gain/loss.
Another key observation is that high-level visual R? itself was reduced in social brain regions
(FFC/STS/STG), consistent with a selective reduction in category-level visual information and not a
broader effect that might be attributable to something like increased noise.

Audio-visual dominance: largely conserved

Contrary to predictions related to behavioral “reverse Colavita” reports, we did not observe group
differences in audio-visual modality preference in sensory cortices. Naturalistic, passive viewing
and ceiling/floor constraints in unimodal cortices may attenuate sensitivity to cross-modal shifts
behaviorally measured under different contexts; moreover, the sensory dominance transitions
reported in psychophysics may precede our sampled age range or require task demands that are
absent here. An interpretation of these findings is that shifts in sensory modality dominance, at
least at the levels measurable by fMRI-based encoding models, are not a hallmark of autistic
perception during naturalistic movie viewing.

Developmental effects dominate audio and visual encoding

Age explained more variance than the diagnostic group when considering the stacked audio-visual
encoding models. Specifically, encoding performance increased with age within corresponding
modalities (visual model in visual cortex; audio model in auditory cortex, multisensory, and
language areas), and modality preference also became more congruent with regional
specialization. Effects were often lateralized (e.g., right dorsal-stream visual parcels; left language
network), consistent with known specializations and a general network-specific reweighting.
These results demonstrate the ability of encoding models to pick up broad developmental effects
while ruling out these same factors in relation to diagnosis and phenotype. Notably, most age-
related effects appeared only at looser FD thresholds, and stricter FD thresholds
disproportionately excluded younger participants. This highlights the importance of performing
analyses with an awareness and transparency around factors such as noise and data quality, as
this can be a critical factor that affects downstream results and inferences.

ADHD comorbidity

Post-hoc stratification results suggest that visual encoding differences are driven by autistic
participants without ADHD; the ASD+ADHD subgroup showed little divergence from the non-
autistic group, with a lone insular auditory effect under the strictest motion threshold. This
pattern motivates explicit modeling of ADHD comorbidity in future work and raises the possibility
of potentially opposing sensory feature encoding in ASD vs. ADHD. This finding is particularly
interesting, given that functional connectivity has been shown to predict SRS across both ADHD
and ASD (Lake et al., 2019).

Sex-based considerations

Autism shows sex-linked differences in prevalence, diagnostic presentation, and neurobiology,

powered to adjudicate sex-specific encoding effects. Consequently, the pSTS findings and high- vs.
low-level visual reweighting could be disproportionately driven by males. Future work should pre-
register sex-stratified analyses (and Sex x Diagnosis and Sex x Age interactions), recruit adequately
powered female cohorts, and incorporate pubertal status as a moderator. Such designs will clarify
whether the observed reductions in high-level visual encoding within social-perceptual networks
reflect a male-typical autistic phenotype, a shared mechanism across sexes, or qualitatively
different pathways in autistic females.
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Limitations and Future Work

Stimulus duration. The combined movie runs were comparatively brief, which limited
encoding performance, constrained the feasible feature space (due to overfitting when
increasing the number of features), and limited the ability to perform noise-ceiling and
within-subject reliability estimation. We therefore used compact, theoretically robust
features with crossvalidation and permutation testing. Future work using longer acquisitions
(and/or repetitions) would permit richer models to probe for finer-grained effects.
MSI-related inferences are limited by modality and design. With only mixed audiovisual runs,
no unimodal (A-only/V-only) acquisitions, and no behavioral MSI measures (e.g., temporal
binding window or Colavita task), direct tests of multisensory integration were not possible.
Moreover, many audiovisual interactions unfold at millisecond scales beyond the resolution
of the BOLD signal. We therefore used modality-resolved encoding and variance partitioning
to separate audio and visual contributions within fMRI's constraints. Future work should
incorporate unimodal runs and MSI tasks, and pair fMRI with EEG/MEG to capture fast
crossmodal dynamics.

Sensory phenotyping. No dedicated sensory-processing scales (e.g., SSP/SPM) were
available to map our results directly to sensory phenotypes. Using the scales available in the
dataset with sensory related questions (SRS-2 and SCQ) we aggregated and used a Sensory
Subset Score (SSS), though it was not psychometrically validated. Future work should pair
encoding model results with dedicated sensory-processing scales or validate the SSS.
Sample composition and generalizability. The dataset included only verbally fluent
participants and the autism cohort had a male-skewed sex distribution and high ADHD
comorbidity, limiting generalizability, particularly excluding minimally and non-verbal
autistic individuals and autistic females. We included age, sex, socioeconomic status, and site
as confounds in all analyses, and in exploratory analyses, stratified by ADHD diagnosis, but
future work should balance sex, ADHD, and verbal ability and model comorbidity a priori.
Preprocessing/parcellation choices and lack of functional localizers. We used MMP parcels
without full MSMAII alignment and without subject-specific functional localizers (e.g., a face
localizer for FFA) as they were not available. This may have introduced some degree of
registration imprecision and ROI mis-localization. We did perform MSMSulc cortical surface
registration, allowing for improved surface alignment. Future work could apply MSMAII
alignment, functional localizers, or subject-specific parcellations to improve anatomical
specificity.

Eye gaze and attention. Autistic differences in fixation patterns during naturalistic viewing
are well documented and can alter effective visual input (Klin et al., 20023 ). As eye-tracking
data was not directly collected during fMRI acquisiton and regressors were not gaze-
weighted, we cannot exclude eye-movement confounding or that our observed differences
may be due to autistic participants watching the movie differently. This warrants future work
incorporating eye-tracking and gaze-weighted features.

Network-level dynamics and directionality. Our analyses were regional and did not assess
how feature representations are coordinated across networks or the direction of
information flow. Within these constraints we limited inference to parcel-wise metrics.
Future work should relate encoding to static and time-varying functional connectivity and
apply effectiveconnectivity approaches to test directionality, with pSTS and adjacent social-
integration hubs as a priori targets.

Conclusion

In conclusion, through preregistered stacked encoding model analyses applied to naturalistic
movieviewing fMRI data from the Healthy Brain Network, we find little support for pervasive
early sensory enhancement accounts of autism at the level of feature-resolved cortical
representations. Instead, autism-related differences are concentrated in higher-order integration
and social-perceptual regions, most notably the pSTS, where high-level visual representations are
reduced and feature weighting shifts toward lower-level visual information in a manner that
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tracks social symptom severity. At the same time, audio-visual modality preference and unimodal
dominance appear largely conserved, arguing against large global shifts in sensory dominance
during passive naturalistic viewing. Developmental effects were prominent, lateralized, and
modality-congruent, underscoring the need to interpret group differences against ongoing
maturation and motion-related sampling constraints in pediatric datasets. Together, these results
support mechanistic interpretations related to altered visual feature weighting within
social/multisensory networks and demonstrate that naturalistic stimuli coupled with encoding-
models can provide a scalable, theory-relevant framework for characterizing how
neurodevelopmental conditions may reshape sensory representations in the brain.

Methods
Existing Data

This study is based on two pre-registrations (accessible at http://osf.io/h92gr @ and
http://osf.io/47kj6 2 ; summarized in Table 1) relying on data from releases 1-10 from the openly

characterized. The combination of a young population, naturalistic imaging acquisitions, and
scales like the social responsiveness score make it an ideal dataset for this analysis.

Explanation of Existing Data

As additional data is released, a growing body of prior research has analyzed the HBN dataset
(Kember et al., 2024 3 ; Mihailov et al., 2020 (Z; Tong et al., 20242 ; Cohen et al., 2022 2; Camacho
et al., 2023 (Z; Di et al., 2023 @). To our knowledge, at the time of this writing, there is no existing
research using naturalistic fMRI to predict autism diagnostic status and SRS score from this
dataset. Some metadata relevant to the research plan including summary statistics, phenotypic
data and quality control metrics from the fMRI data were accessed and analyzed prior to the pre-
registration of this work. As part of a pilot study to select features and set thresholds and
methodological parameters for the pre-registrations, functional data from 54 participants who are
neither in the autism nor control groups were accessed. These participants were withheld from all
subsequent analyses.

Behavioral Measures

Autism diagnosis

Autism diagnosis relied on clinically synthesized consensus DSM-5 diagnoses. These diagnoses
were generated by the HBN clinical team based on interviews including the Schedule for Affective
Disorders and Schizophrenia—Children’s version (KSADS) and all materials and questionnaires
collected during study participation in addition to behavioral observations, family history,
previous diagnoses, and history of therapeutic intervention. A limited subset of participants with
autism-related traits were administered the Autism Diagnostic Observation Schedule (ADOS). All
phenotypic data were accessed in accordance with a data usage agreement from the Child Mind
Institute.

Social Responsiveness Scale (SRS-2)

The SRS is a quantitative measure of autistic traits that is correlated with other commonly used
scales including the ADOS and ADI-R (Bélte et al., 2008 2 ; Constantino et al., 2003 % ; Constantino,
2007 32).

Sensory subset score

While we aim to link neural signatures to targeted behaviorally measured sensory differences in
autism, assessments that specifically target such differences, like the Short Sensory Profile (SSP),
were not included in the HBN study. To overcome this limitation, a sensory subset score (SSS) was
generated from 3 items on the SRS-2 and one item from the Social Communication Questionnaire
(SCQ) (Rutter et al., 2003 @), both of which all participants took part in. While the SRS-2 is a well-
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validated measure, the SSS is not psychometrically validated, but may be more specific to sensory-
related differences. SSS is composed of the sum of items 20, 42, and 58 of the SRS-2 and item 14 of
the SCQ relating to unusual sensory interests, sensory oversensitivities, and concentrating on parts
instead of the whole. Specifically, these are: “I have sensory differences that others find unusual (for
example, smelling or looking at things in a different way).”, “I am overly sensitive to certain sounds,
textures, or smells.”, “I concentrate too much on parts of things rather than seeing the whole
picture.”, and “Has he/she ever seemed to be unusually interested in the sight, feel, sound, taste, or
smell of things or people?”. SSS is a sum of these scores where 0=No/Not True, 1=Sometimes True,
2=0ften True, and 3=Almost Always True/Yes with the minimum SSS score being 0 and the max
being 12.

Group-level Confounds

All primary analyses will be conducted at the individual level before demographic confounds are
accounted for. Demographics including age, sex, and socioeconomic status along with site-level
variability will be included as confounds in all group-level statistical analyses. Family
socioeconomic status will be reported as the total score from the Barratt Simplified Measure of
Social Status (BSMSS).

fMRI data

The analysis focuses on two naturalistic movie-viewing fMRI acquisitions (Despicable Me, 10 min;
The Present, 4 min). All fMRI data (TR=0.8s) were acquired from 3 scanner sites in the Greater New
York area.

Quality Control Criteria

Motion-based exclusion criteria in neuroimaging studies of autistic children is an important
consideration (Elyounssi et al., 2025(%) and quality control criteria have been shown to alter the
distribution of included subjects. Specifically, subjects that are younger and have higher ADOS and
SRS scores, along with more inattentive, hyperactive/impulsive, and motor control features are
more likely to be excluded due to motion (Nebel et al., 2022 %). To account for this issue, all results
are reported across a sweep of 3 framewise displacement (FD) based functional motion thresholds.
Specifically, functional data is excluded if the number of time points in a run with a mean FD >
0.2mm is greater than 40%, 60%, or 80%. By starting with a more stringent threshold and sweeping
this across more lenient parameters, we aim to strike a balance between the best quality and more
fully characterizing as much of the dataset as possible. In this sample specifically, head motion
(fraction of volumes with FD > 0.2 mm) decreased with age (Spearman p= -0.40), but showed weak
linear associations with SRS Total T and SSS (p =-0.01 and 0.06, respectively), which remained
small after controlling for age (partial p = 0.03 and 0.08). As neither SRS nor SSS were correlated
with fractional FD, this pattern suggests that age is a primary driver of motion in this cohort and
not symptom severity (see Figure

Quality control is not limited to functional data and is also applied to T1 data. T1 quality is
assessed in a semi-automated procedure via a Bayesian DNN brain parcellation method which
provides an uncertainty metric highly correlated with T1 structural image quality (McClure et al.,

structural images and subjects with excessive artifacts and irregularities are excluded from all
analyses. In addition to these semi-automated approaches, a manual QC evaluation is performed
by examining the reconstructed surfaces both alone and overlaid on subject T1 images across all
subjects. This entire process is performed “blind”, i.e. all visual inspections are performed without
knowledge of which cohort a subject belongs to or any other demographic information.

Diagnostic Inclusion Criteria

A subset of the total subjects (n=4767 before quality control and before excluding pilot subjects)
are included in analyses based on their diagnostic status as determined by the clinician consensus
field from the phenotypic and demographic data. Subjects in the autism group are selected if they
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Figure 9. Head motion vs. age and behavioral measures.

Scatterplots show the fraction of volumes with framewise displacement > 0.2 mm in relation to (A) age, (B) SRS Total T-score,
and (C) Sensory Subset Score (SSS). Solid black lines denote linear fits. Reported coefficients are Spearman correlations (p);
“partial p” controls for age. (A) p = -0.40; (B) p = -0.01, partial p = 0.03; (C) p = 0.06, partial p = 0.08. Motion decreases with age
and shows only weak associations with SRS/SSS.
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have received the DSM-5 label of ‘Autism Spectrum Disorder’ (n=659 before quality control) and
non-autistic participants, referred to here as nonASD, are selected if they have the label ‘No
Diagnosis Given’ (n=373 before quality control). Individuals with the labels ‘No Diagnosis Given:
Incomplete Eval’ and ‘No Diagnosis Given: No Reason Given’ are excluded from all analyses. Any
individuals with co-occurring conditions including ADHD are not excluded from the autism group,
despite the significant overlap (n=176 autism only, n=483 both autism and ADHD) in order to fully
sample the phenotypic space of autism present in the dataset. Additional secondary analyses are
performed to compare the autism only group to controls.

Demographics

After quality control and filtering (see Figure 104 for a flow chart) at the most stringent FD
threshold, 63 non-autistic participants (mean + SEM age = 10.96 + 0.46 years; WISC-FSIQ = 110.8 +
2.05; Barratt Total = 54.4 + 1.39; SRS Total T = 49.3 + 0.97; SSS =1.25 + 0.21) and 108 autistic
participants (mean + SEM age = 12.76 + 0.37 years; WISC-FSIQ = 101.4 + 2.08; Barratt Total = 49.3 +
1.38; SRS Total T = 68.1 + 1.10; SSS = 4.71 + 0.28) were retained. Sex distribution differed
significantly between groups (y 2(1) = 14.23, p = 1.6 x 10~%), with a higher proportion of males in
the autism cohort. Normality (Shapiro-Wilk or D’Agostino’s K2) and homogeneity of variance
(Levene’s test) were assessed for each continuous measure within each diagnostic group. Where
both normality and equal variance held, Student’s t-tests were applied; where variances differed,
Welch’s t; and for non-normal distributions, two-sided Mann-Whitney U —tests were used. Sex
differences were evaluated via y 2, with Fisher’s exact test substituted if any cell count fell below
five. To control the family-wise error rate over six univariate comparisons, p—values were adjusted
via the Benjamini-Hochberg false discovery rate (a = 0.05). All demographic measures differed
significantly between non-autistic and autistic groups after FDR correction, but a multivariate
logistic regression (diagnosis ~ Age + FSIQ + Barratt + SRS + SSS + Sex) confirmed that, when
entered simultaneously, only SRS (z = -3.84, p = 1.2 x 10™%) and sex (z = 2.70, p = 6.8 x 1073)
remained significant independent predictors of diagnostic status.

Age WISCFSIQ BarrattTotal SRSTotalT SSS Sex
Group Statistic
Autism Mean 12.76 101.43 49.30 68.14 4.71
SEM 0.37 2.08 1.38 1.10 0.28
Min 5.25 51.00 9.00 44.00 0.00
Max 21.48 147.00 66.00 90.00 12.00
N 108 84 107 103 103 90M,18F
Control Mean 10.96 110.76 54.38 49.32 1.25
SEM 0.46 2.05 1.39 0.97 0.21
Min 5:35 81.00 15.50 38.00 0.00
Max 20.49 145.00 66.00 73.00 8.00
N 63 51 63 62 61 35M,28F
p-value 0.004 0.004 0.023 8.51e-19 7.55e-14 3.23e-04

Table 5. Descriptive statistics of demographic and clinical variables by diagnostic group. Continuous
measures (Age, WISC-FSIQ, Barratt Total, SRS Total T, SSS) are reported along with their mean, SEM, minimum-
maximum range in parentheses. “N” indicates the number of non-missing observations. Sex shows counts of
males and females. P-values are FDR-corrected (Benjamini-Hochberg, a=0.05).

fMRI Preprocessing

improved surface alignment compared to previous versions of fMRIprep. CIFTI2 outputs
(combined cortical surface and subcortical volume) were obtained in fsLR 32k space. All
subsequent analyses were performed using CIFTI images to better respect the geometry of brain
structures of interest and prevent issues such as smoothing across cortical folds. The first 10
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HBN dataset (through release 11)
n=4836

v

Meeting Diagnostic Criteria

n=1043 (670 ASD, 373 nonASD)

v

fMRI data available and pre-processed
successfully (MRIQC, fMRIPrep, XCP-D)
n=467 (309 ASD, 158 nonASD)

v

Pre-processed fMRI data from both movies
+ passed manual QC

n=323 (209 ASD, 114 nonASD)

v

FD Threshold:
Time points in a run with mean FD > 0.2mm

v

Less than 40% Less than 60% Less than 80%
n=171 (108 ASD, 63 nonASD) n=251 (157 ASD, 94 nonASD) n=301 (189 ASD, 112 nonASD)

Figure 10. A flow chart illustrating how participants were selected for the final sample including the
number that were excluded at each stage.
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timepoints from each run were discarded. Further preprocessing was performed using XCP-D
version 0.10.1 (Mehta et al., 2024 (?). Specific steps included: 4mm FWHM spatial smoothing,
despiking, 0.1 Hz low-pass filtering, confound regression of: six motion estimates and their
derivatives, five white matter, and five CSF ACompCor components, denoising and detrending.

Parcellation Scheme

The Glasser Multi-Modal Parcellation (MMP) (Glasser et al., 2016 &2) was used to select regions of
interest for all analyses. Regions were selected from auditory regions and across the dorsal,
ventral, and lateral visual streams.

Feature Selection

Movie features include automatically extracted and hand-labeled low- and high-level audio and
visual classes. These features were selected based on their performance on an independent set of
54 pilot subjects that were excluded from all subsequent analyses. Low-level auditory features
were extracted from the audio track of the movie files and include perceptual loudness extracted
via pyloudnorm (Steinmetz, 2023 %) and the first 5 principal components of the cochleagram
extracted via pycochleagram (McDermott, 2018 %). AudioSet (Gemmeke et al., 2017 &) labels
comprise the high-level auditory features and were extracted using YAMNet. Instead of a 521-
dimensional vector of all AudioSet classes, classes were combined across the highest level of the
AudioSet ontology yielding an 8-dimensional feature consisting of: ‘Human Sounds, Speech’,
‘Human Sounds, Non-Speech’, ‘Animal Sounds’, ‘Music’, ‘Natural Sounds’, ‘Sounds of Things’,
‘Source Ambiguous Sounds’, and ‘Channel, Environment, Background’.

Low-level visual features include mean perceptual brightness, extracted from the RGB values from
each movie frame and mean motion, calculated as the mean of 2,139 motion energy filters from
pymoten (Huth et al., 2012(Z ; Naselaris et al., 2011(% ; Nunez-Elizalde et al., 2022 (2). High-level
visual features here include hand-coded labels for the presence of faces and bodies obtained from
the EmoCodes dataset (Camacho et al., 2022 (7). While many more features could be extracted and
included in the models, here we limit features to this number as encoding models from the pilot
study with greater numbers of features resulted in overfitting.

Encoding Models

The hypotheses in this study are tested via encoding models, specifically looking at model
performance, unique variance explained, and model weights. Individual subject grayordinate-
wise stacked regression (Lin et al., 2024 () is used, training a separate encoding model for each
grayordinate to predict withheld brain activation for each subject. Three different stacked
encoding models are employed here: a low- and high-level audio model with only audio features, a
low- and high-level visual model with only visual features, and an audio and visual model with all
model and subject, the significance of each grayordinate is tested via a null model by repeatedly
temporally permuting the order of observations and retraining and testing the models. 1,000
iterations are performed for each subject. FDR correction is applied to account for multiple
comparisons for modeling and testing a separate model for each grayordinate across the brain.
Model weights and performance are interpreted by pooling data across significant grayordinates
within parcels of interest. The encoding models use 5-fold cross-validation, training on 80% of the
movie data and testing on the remaining 20% across successive folds. To account for the
hemodynamic response, all features are convolved with a canonical double gamma HRF function.
Features are z-scored to reduce the effect of scaling on model weights. Accuracy is quantified for
each region as the mean coefficient of determination (R%) and mean noise ceiling normalized R?.
Spearman-Brown corrected split-half noise ceilings are calculated to estimate the upper bound of
possible performance for each brain parcel. Unique low-level model R? is calculated by subtracting
the high-level model R? from the stacked encoding model R?. For this calculation, when high-level
R? is less than zero, it is clipped to zero, resulting in low-level R? = stacked R%. When high-level R?
exceeds stacked R? it is set to stacked R?, resulting in low-level R? = 0. Model weight difference is
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calculated by subtracting the high-level stacked encoding model weight ag from the low-level
weight a; (for the audiovisual model, the visual weight ay, is subtracted from the audio weight a,)
resulting in a value [-1,1] where 1 indicates a maximum high-level preference, -1 indicates a
maximum low-level preference and 0 indicates no preference between features.

Statistical Analysis

Linear mixed-effect models are used for significance testing for all hypotheses. While testing the
relationship between model performance (R?) and diagnostic group membership (control vs
autism), age, sex, socioeconomic status (SES), and site-level variability are accounted for as
covariates. IQ is not included as a covariate in the model due to too many participants with
missing data, but a multivariate logistic regression including all covariates and WISC full-scale I1Q
(the IQ assessment with the largest coverage across the included participants) confirmed that only
SRS and sex remained significant independent predictors of diagnostic status. R?, the coefficient of
determination, here represents model fit and serves as the dependent variable. Fixed effects
include group membership (binary: 0 or 1), age (continuous, in years), sex (binary: 0 = Female, 1 =
Male), and SES (continuous). Site (categorical, across 3 sites) is included as a random intercept to
account for unmeasured heterogeneity across sites, allowing the model to adjust for clustering
effects. A generalized linear mixed-effects model (GLMM) is fit using a logit link function. The
model is implemented in Python using the pymer4 library (Jo 18 (%). Fixed-effect estimates are
tested for statistical significance, and the variance of the random effect is assessed to quantify site-
level heterogeneity. This same procedure is applied to test the other dependent variables in the
low- vs. high-level and audio vs. visual hypotheses: unique explained variance and model weight
difference. To test for a relationship with autism severity and sensory symptoms, separate mixed-
effects models are employed for each of these metrics, but with the behavioral measures SRS and
SSS each included as independent variables of interest in place of diagnostic group membership.
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Figure 11. Brain regions of interest with labels selected from the MMP span the visual and auditory

systems and the dorsal, ventral, and lateral streams.

The schematic shows all perceptual regions of interest grouped by their classification from the MMP and with perceptual
streams labeled and some simplified connections illustrated. Note that the actual connectivity between these regions is

known to be far more complex, for vision, see Felleman and Van Essen (1991) &
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Figure 12. Schematic diagram illustrating the stacked encoding model approach used to relate movie
stimulus features to brain activation measured via fMRI in the case of the audio and visual stacked model.

From left to right: audio and visual features are extracted from a naturalistic movie stimulus. Each feature set independently
informs its own ridge regression encoding model, which predicts brain activation (R?) on held-out data. The audio and visual

Neuroscience

ridge regression models are subsequently combined into a stacked regression model, assigning each model a weight (a4, ay).
The performance of the stacked model is measured by predicting overall brain activation (R?). The difference between
stacked model weights (a, - a;) quantifies the relative perceptual preference toward audio or visual features.
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Figure supplements

Figure 2—figure supplement 1. Overall model performance across the cortex. (A) Whole-brain plot of the
percentage of subjects with a significant grayordinate at each region. The significance of each grayordinate was
tested via a null model by repeatedly temporally permuting the order of observations and retraining and testing
the models over 1,000 permutations. (B) The Spearman-Brown corrected split-half noise ceilings for each MMP

parcel.
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Figure 2—figure supplement 2.

(A) Model performance (R?) for the visual (red), audio (blue), and stacked (purple) encoding models across perceptual
regions of interest for all included participants (both ASD and nonASD). (B) Visual (red) and audio (blue) model weights from
the stacked encoding model.
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Figure 2—figure supplement 3.

(A) Model performance (R2) for the visual low- (light red) and high-level (dark red) and stacked (grey) encoding models
across all nonASD and ASD participants. (A) Corresponding R2 for audio models. (C) Model weights from the stacked visual
encoding model. (D) Model weights from the stacked audio encoding model. (E), (F) High- vs. low-level visual and audio
perceptual preferences (Wy - W,) are calculated by taking the difference of high- and low-level weights (shown in B and C).
Perceptual preference is in the range of -1 to 1, as the stacked encoding model weights range from 0 to 1. Positive values
here indicate a high-level preference, negative values indicate a low-level preference, and values around zero indicate no

preference.
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Figure 2—figure supplement 4.

(A) Whole-brain grayordinate-wise plot of mean high- vs. low-level perceptual preference across all participants (ASD and

nonASD). (B) The same corresponding plot but from the audio stacked encoding model.
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Figure 3—figure supplement 1.

(A) Box plot of low-level audio encoding model explained variance (R?) for ASD (white) and nonASD (gray) groups across all
perceptual ROIs. (B) Box plot of the unique explained variance (RUZ). The results correspond to the 40% FD threshold. Boxes
annotated with circles indicate an initially significant difference between groups that did not survive FDR correction. Boxes
show the quartiles of the dataset, and whiskers show the distribution, with the exception of outliers. Each dot is the mean R?
from a single subject from all statistically significant grayordinates within each ROI.
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Figure 3—figure supplement 2.

(A) Box plot of low-level visual encoding model R? for ASD (white) and nonASD (gray) groups across all perceptual ROIs. (B)
Corresponding box plot of Ruz. Results correspond to the 40% FD threshold. Boxes annotated with an asterisk indicate a
significant group difference (FDR p<0.05), while a circle indicates an initially significant difference between groups that did
not survive FDR correction. Boxes show the quartiles of the dataset and whiskers show the distribution with the exception of
outliers. Each dot is the mean R? from a single subject from all statistically significant grayordinates within each ROL
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Figure 3—figure supplement 3.

(A) Box plot of high-level audio encoding model R? for ASD (white) and nonASD (gray) groups across all perceptual ROIs. (B)
Corresponding box plot of Ruz. Results correspond to the 40% FD threshold. Boxes annotated with an asterisk indicate a
significant group difference (FDR p<0.05), while a circle indicates an initially significant difference between groups that did
not survive FDR correction. Boxes show the quartiles of the dataset and whiskers show the distribution with the exception of
outliers. Each dot is the mean R from a single subject from all statistically significant grayordinates within each ROI.
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Figure 3—figure supplement 4.

(A) Box plot of high-level visual encoding model B2 for ASD (white) and nonASD (gray) groups across all perceptual ROIs. (B)
Corresponding box plot of Ruz. Results correspond to the 40% FD threshold. Boxes annotated with an asterisk indicate a
significant group difference (FDR p<0.05), while a circle indicates an initially significant difference between groups that did
not survive FDR correction. Boxes show the quartiles of the dataset and whiskers show the distribution with the exception of
outliers. Each dot is the mean R? from a single subject from all statistically significant grayordinates within each ROL
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Figure 7—figure supplement 1.

(A) Box plot of audio encoding model R,% for ASD (white) and nonASD (gray) groups across all perceptual ROIs. (B) The same
but for visual R,. Results correspond with the 40% FD threshold. Boxes annotated with circles indicate a difference between
groups that did not survive FDR correction (uncorrected p<0.05, FDR g>0.05). Boxes show the quartiles of the dataset and

whiskers show the distribution with the exception of outliers. Each dot is the mean value from a single subject from all
statistically significant grayordinates within each ROL
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Figure 7—figure supplement 2.

(A) Box plot of audio encoding model R? for ASD (white) and nonASD (gray) groups across all perceptual ROIs. (B) The same
but for visual R%. These results correspond with the 40% FD threshold. Boxes annotated with circles indicate a difference
between groups that did not survive FDR correction (uncorrected p<0.05, FDR g>0.05). Boxes show the quartiles of the

dataset and whiskers show the distribution with the exception of outliers. Each dot is the mean value from a single subject
from all statistically significant grayordinates within each ROI.
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Figure 7—figure supplement 3. Heatmaps of fixed-effect coefficients for (A) diagnostic group (Dx: nonASD
vs. ASD), (B) SRS Total T-Score and (C) sensory subset score (SSS), across 40%, 60% and 80% FD thresholds
(left to right within each cortical parcel column).

Within each of the three horizontal panels, rows denote encoding model-derived metrics (visual R? and R,?, audio R? and R 2,
and their preference index (W, - W,) and columns denote Glasser MMP ROIs ordered left to right from early visual areas
through association cortices followed by auditory areas. Color indicates the magnitude and sign of the coefficient
(pink=negative effect with ASD>nonASD; green=positive effect with ASD<nonASD). Asterisks mark FDR-corrected significance
at g < 0.05; open circles mark uncorrected p < 0.05. The visual modality encoding models are labeled in red and the auditory

in blue.
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Figure 8—figure supplement 1. Scatter plots showing the relationship between age and perceptual
preference in three example cortical regions (A5, V3A, and IFSp) where significant effects were observed
across all participants.

Perceptual preference values above zero indicate an auditory preference, and values below zero indicate a visual preference.
Although no significant age-by-diagnosis interactions are displayed here, autistic (ASD; white) and non-autistic (nonASD;
gray) groups are colored separately for clarity. Lines show model fits for each group colored correspondingly, with estimated
age-related slopes (B4.) reported for ASD, nonASD, and the overall sample (black dashed line).
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Figure 8—figure supplement 2. Scatter plots showing the relationship between age and perceptual
preference in two example lateralized cortical regions, Right LO3 (a visual region between early visual
cortex and MT+) and Left DVT (Dorsal Visual Transitional area; a region located on the posterior bank of the
parieto-occipital sulcus), where significant effects were observed across all participants at the whole-brain
level.

Perceptual preference values above zero indicate an auditory preference, and values below zero indicate a visual preference.
Although no significant age-by-diagnosis interactions are displayed here, autistic (ASD; white) and non-autistic (nonASD;
gray) groups are colored separately for clarity. Lines show model fits for each group, with estimated age-related slopes (ﬁAge)
reported for ASD, nonASD, and the overall sample (black dashed line).
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Figure 8—figure supplement 3. Scatter plot showing the relationship between age and visual R%in

perceptual region VMV3 where a significant age:diagnosis interaction was observed.

Autistic (ASD; white) and non-autistic (nonASD; gray) diagnostic groups are displayed. Lines show model fits for each group,

with estimated age-related slopes (B4g,) reported for ASD, nonASD, and the overall sample (black dashed line).
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Peer reviews
Reviewer #1 (Public review):

Summary:

This study uses stacked encoding models to characterize differences in sensory (visual and
auditory) processing between autistic and non-autistic children and adolescents. The authors
found no significant enhancement of low-level feature encoding in either visual or auditory
cortex, but reduced high-level visual representations and a relative shift toward low-level
over high-level visual feature encoding in the posterior superior temporal sulcus (pSTS). The
shift in pSTS correlated with social symptom severity (SRS scores). These findings support
weak central coherence (WCC) theory over enhanced perceptual functioning (EPF) theory,
suggesting an altered visual feature encoding in pSTS in autism.

Strengths:

This study uses sophisticated methodology and an open data set with a relatively large
sample size. fMRI data are acquired during a naturalistic paradigm (i.e., movie watching),
which promotes attention and engagement among participants, and provides greater
ecological validity. The use of encoding models to explore population-level differences in
neural representations of stimulus-computable features is novel. Overall, results provide
somewhat modest yet still informative evidence for adjudicating between possible theories of
altered sensory processing in autism.

Weaknesses:

Some important methodological details are missing and/or require justification. Some
potential confounding factors or unconsidered differences between individuals and/or
diagnostic groups should be explored and possibly addressed. Specific major and minor
points are raised below.

Major comments:

(1) Unclear description of noise ceiling calculation (line 205-206, 632-634) and potential
heterogeneity: it is not clear what data were "split" for the split-half correlation used to
calculate noise ceilings. To our knowledge, each participant watched each movie once each,
so there is no within-subject repetition available. Were these correlations across participants
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(i.e., ISC)? If so, does this across-subject metric provide a fair representation of the true noise
ceiling, given that a) encoding models themselves are trained within subjects and b) autistic
individuals are known to exhibit more idiosyncrasy in responses to naturalistic stimuli (e.g.,
Hasson et al., 2008)? Moreover, do noise ceilings differ between individual participants,
diagnostic groups, and/or with age? If so, how might these differences affect the
interpretation of results (e.g., R2 differences)?

(2) Possibly underperforming visual model: given that the visual model in general performed
worse than the audio model, the visual vs audio perceptual preference analyses (line 281-290)
might be affected by the underlying mismatch between model performance. Though the
visual and auditory regions showed similar noise ceilings (Figure 2 S1B), the stacked model
performed better in auditory regions than in visual or multimodal regions (Figure 2 S1A).
Supporting the same idea, the visual model in general showed lower fitting R2 than the audio
model (Figure 2 S2A, Figure 2 S3A vs B). Instead of using mean motion (line 608-614),
applying PCA on the raw features might help reduce noise inherent in the raw motion energy
features (Malik et al., 2026), therefore improving model performance.

(3) The clipping procedure for unique variance (lines 634-637) requires justification: the
unique variance is defined by subtracting high-level R? from stacked R? with explicit clipping
when high-level R? is negative or exceeds stacked R2. However, in the original stacked
regression framework (Lin et al., 2024), unique variance is defined by simple subtraction
without such post-hoc adjustment, as the negative R2 is still meaningful, indicating the model
performs worse than predicting using the mean value. This requires justification. How
frequently does clipping occur, and in which brain regions? Is it an indicator of overfitting or
poor model performance? How substantially do results change if clipping is removed? E.g.,
the hemisphere dominance comparison (line 271-280, Figure 6). Critically, does this
procedure affect the key finding regarding SRS/sensory symptom severity correlations in
pSTS?

(4) The interpretation of the correlation between SRS with neural patterns is misleading (line
237-242, line 364-366): based on Figure 3, SRS and SSS showed more significant and robust
relationship with unique variance of high-level visual feature, meaning that the decrement of
high-level feature encoding in STSvp and STSdp, rather than the relative low-level preference,
is likely driving the relationship with autism severity and sensory symptom.

(5) Details are missing about how data from the two movie runs were combined. Were the
time series concatenated without regard to which movie they originally came from, or was
the distinction between movies taken into account for purposes of splitting data into
train/test cross-validation folds? The results would be stronger if the authors could show that
results replicate across the two movies when they are each analyzed independently, though
we recognize that there is perhaps not enough data, especially in the shorter [~4min] movie,
to do this. The authors discussed this in lines 412-417, but it would be helpful to provide a
justification in the Methods section as well.

(6) Potential feature weight differences across individuals and/or diagnostic categories: since
the encoding models were trained for each subject, is there significant variability in feature
weights across individuals and/or diagnostic categories (e.g., did the model predictions
heavily rely on face for the non-ASD group but not for the ASD group)? If so, how does this
change the interpretation of the R2 comparisons? The authors showed the results of stacked
feature weight differences between diagnostic categories and their relationship with autism
severity and sensory symptoms, but it might be informative to show the raw feature
weightings before diving into stacked-weight differences.

https://doi.org/10.7554/eLife.111008.1.sa2
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Reviewer #2 (Public review):

Summary:

This study by Mentch et al. uses naturalistic-movie fMRI and grayordinate-level stacked
encoding models to test preregistered hypotheses about low/high-level and audio/visual
feature encoding in autism and adolescence from openly available Healthy Brain Network
data. Null results reported that autism was not linked to increased low-level encoding in
primary sensory cortices. Exploratory analyses showed participants with autism showed
reduced high-level visual encoding in social regions (pSTS, face areas), with the high-low
feature shift tracking social responsiveness scale (SRS) scores. Age and laterality effects were
also found.

Strengths:
(1) This study and hypotheses were preregistered.

(2) The study utilised proper variance partitioning, split-half noise ceilings, FD-threshold
sensitivity analyses, and an explicit modelling framework that recovers known sensory
hierarchies in the aggregated sample. The developmental sampling adds to the interest.

(3) The manuscript is written clearly, laying out the background and theories to be tested with
encoding models. The analyses and reporting of results are clear.

Weaknesses:

(1) If T understand correctly, by only averaging the grayordinates that already passed a
significance threshold, the resulting parcel value is guaranteed to look stronger than if all
grayordinates had been included. This has been raised in neuroimaging (Kriegeskorte et al.,
2009; Vul et al., 2009). Can the authors justify these choices?

(2) T assume that the phrase "temporally permuting the order of observations" on Page 22
means random shuffling of time points. The details of this exact permutation are not
specified. Both the fMRI BOLD signal and movie features have strong temporal
autocorrelation, and random shuffling will destroy this structure. This is important as
grayordinate-level survivors will propagate to parcel pools. Circular shifting or phase
randomization preserving the autocorrelation spectrum is appropriate.

(3) In the movie feature selection, the low-level visual model contains only two scalars: mean
perceptual brightness and a single averaged value across 2,139 motion-energy filters. With
only two low-level visual features, the low-level visual model potentially would
underestimate low-level visual encoding. The H1.1 toward the null perhaps suggests to this.
Principal components of the motion-energy outputs, as was done for the cochleagram, could
be used.

(4) The pilot sample composition is not described. Features were selected based on their
performance on an independent set of 54 pilot subjects. Please provide age, sex, and
diagnostic composition of the pilot sample. The main point being whether the selected
features were optimised for a population that differs from the subject studied.

(5) The authors acknowledge the lack of eye-tracking in theory study. I think this should be
elaborated, especially why this modality is important for answering sensory and perceptual
encoding. Face encoding may not be degraded, but just that faces are not being attended to.

(6) I think a more nuanced distinction about the representational nature of encoding-model
R? should be mentioned, especially when the interpretation of findings is related to
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perceptual functioning (EPF theory). Rz measures how well a feature set predicts brain
activity, not perceptual function or cognitive integration.

(7) The literature also includes evidence for no Colavita effect, not just reverse Colavita in
autism, and the framing should reflect this more even-handedly.

(8) The 0.2 mm per-volume threshold is quite strict. The 40%/60%/80% sensitivity analyses
partially address this, but a brief justification for the choice of 0.2 mm would strengthen the
Methods.

(9) Figure 1 seems confusing and would benefit from more information or text in the figure.
(10) Figure 2 supplement has caption A labelled twice; please correct.

(11) Acronyms. Please spell out MSI on first mention (page 2) and ISC/ISFC on first mention
(page 4).
https://doi.org/10.7554/eLife.111008.1.sa1

Reviewer #3 (Public review):

Summary:

This study investigates the neural mechanisms underlying sensory-perceptual differences in

autism through a naturalistic movie-viewing fMRI paradigm. By employing encoding models,
the authors demonstrate that autistic children and adolescents exhibit a specific alteration in
visual feature weighting, characterized by a shift toward low-level visual feature encoding in
higher-order association regions, particularly the posterior Superior Temporal Sulcus (pSTS).
This shift is linked to social symptom severity, providing empirical support for Weak Central

Coherence accounts.

Strengths:

The study's primary strengths lie in its methodological rigor and innovative approach. The
use of a pre-registered analysis plan ensures transparency and enhances the credibility of the
findings, while the encoding models allow for a fine-grained dissociation of low-level versus
high-level feature representations across the cortex. Overall, the writing is clear, the logic is
sound, and the results offer a significant contribution to the field by refining our
understanding of how sensory processing is differentially organized in autism.

Weaknesses:

While the study presents compelling findings regarding visual feature encoding in autism,
several methodological and interpretive limitations warrant consideration. First, the
Discussion focuses primarily on WCC and EPF theories, failing to explicitly address how the
results intersect with other prominent frameworks mentioned in the Introduction, such as
Bayesian predictive coding or E/I imbalance hypotheses. Second, the demographic
characteristics and specific sample sizes of the ASD-ADHD and ASD+ADHD subgroups are not
reported, limiting the interpretability of the stratified analyses; furthermore, the
counterintuitive finding that the ASD+ADHD group resembles controls is not sufficiently
discussed. Third, given the significant group difference in IQ and the known relationship
between cognitive ability and neural processing, the potential confounding influence of IQ on
the neuroimaging results requires more explicit acknowledgment, particularly since IQ was
not included as a covariate in the primary models.
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