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Comprehensive Social Trait Judgments
From Faces in Autism Spectrum Disorder
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Lynn K. Paul®, Xin Li?, Chujun Lin®, and Shuo Wang!?

'Department of Radiology, Washington University in St. Louis; “Lane Department of Computer Science and
Electrical Engineering, West Virginia University; *Department of Psychological & Brain Sciences, University of
California, Santa Barbara; “Department of Chemical and Biomedical Engineering, West Virginia University;
SDivision of the Humanities and Social Sciences, California Institute of Technology; and “Department of
Psychology, University of California, San Diego

Abstract

Processing social information from faces is difficult for individuals with autism spectrum disorder (ASD). However,
it remains unclear whether individuals with ASD make high-level social trait judgments from faces in the same
way as neurotypical individuals. Here, we comprehensively addressed this question using naturalistic face images
and representatively sampled traits. Despite similar underlying dimensional structures across traits, online adult
participants with self-reported ASD showed different judgments and reduced specificity within each trait compared
with neurotypical individuals. Deep neural networks revealed that these group differences were driven by specific
types of faces and differential utilization of features within a face. Our results were replicated in well-characterized
in-lab participants and partially generalized to more controlled face images (a preregistered study). By investigating
social trait judgments in a broader population, including individuals with neurodevelopmental variations, we found
important theoretical implications for the fundamental dimensions, variations, and potential behavioral consequences
of social cognition.
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People spontaneously make judgments of others’ endur-  from faces will also be different because of different

ing dispositions upon seeing their faces: Some look
warm, some look competent, or some look feminine
(Lin et al., 2021; Todorov et al., 2015). Although the
accuracy of these trait judgments remains debated
(Bonnefon et al., 2015), they predict consequential
behaviors in the real world, from dating and hiring deci-
sions (Hamermesh, 2011) to voting and courtroom sen-
tencing (Lenz & Lawson, 2011; Wilson & Rule, 2015).
Some studies have shown surprisingly high consensus
between perceiver groups from different cultures and
different age groups (Cogsdill et al., 2014; Hester et al.,
2021; Walker et al., 2011). Other researchers have found
profound individual differences in such judgments
(Hester et al., 2021; Oh et al., 2022; Sutherland et al., 2020).
However, it remains unclear whether trait judgments

social functioning such as that occurs in autism spec-
trum disorder (ASD).

Individuals with ASD show multiple deficits in vari-
ous aspects of face processing, including gaze process-
ing, discriminating and memorizing different facial
identities, and recognizing emotions from facial
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expressions (Wang & Adolphs, 2017b). They also spend
less time engaging in social interactions and looking at
faces (Shic et al., 2020), and of course, a core part of
the diagnostic criteria includes patterns of social inter-
actions that are different from those of neurotypical
individuals. Given these two sets of findings—different
face processing and different social behavior—a com-
mon hypothesis is that they are causally related: that
face processing deficits include difficulties in the kinds
of social judgments from faces that drive our social
behavior toward other people.

Findings from prior research remain inconclusive on
this hypothesis. Studies using computer-generated faces
generally have found that individuals with ASD make
trait judgments from faces in a way that is similar to
neurotypicals (Forgeot d’Arc et al., 2016; Latimier et al.,
2019; Lindahl, 2017). For instance, one study investi-
gated seven trait judgments (attractiveness, compe-
tence, dominance, extraversion, likeability, threat, and
trustworthiness) using computer-generated faces and
found no group difference between individuals with
ASD and neurotypicals in any of the traits (Lindahl,
2017). In contrast, studies using photographs of real
people have revealed trait judgments in ASD that are
different from those of neurotypicals (Adolphs et al.,
2001; Forgeot d’Arc et al., 2016). It has been shown that
individuals with ASD gave more positive ratings to
these faces on both traits than neurotypicals when
using black-and-white photos of real faces in natural
poses (Adolphs et al., 2001). Yet prior studies are lim-
ited in their conclusions by the narrow range of traits
that are investigated and also by the often narrow diver-
sity of the face stimuli, leaving their relevance to real-
world social behavior unclear.

Here, we provide a comprehensive investigation of
social trait judgments from faces in individuals with
ASD (including both an online sample with self-
reported diagnoses and a well-characterized in-lab
sample with confirmed ASD diagnoses) in comparison
with neurotypicals. To maximize generalizability, we
used naturalistic face stimuli of celebrities of diverse
races, face angles, gaze directions, and facial expres-
sions taken in naturalistic contexts (e.g., nonposing
photos captured in the street or at events; Liu et al.,
2015). To reconcile discrepant findings in the literature,
we also used more controlled face stimuli of unfamiliar
individuals with neutral expressions, direct gaze, and
a uniformed background in a preregistered study. We
investigated how people make judgments of these faces
for a set of eight traits that summarize the comprehen-
sive dimensions of trait judgments from faces (two traits
for each of the four dimensions; Lin et al., 2021). It
is worth noting that these eight traits represent the
core dimensions of social trait judgments from faces
that were derived using the most comprehensive trait

Statement of Relevance

Faces are among the most important stimuli that we
perceive in everyday life. The spontaneous judg-
ments that people make of others on the basis of
faces have been shown to influence consequen-
tial real-world decision making. However, existing
research heavily relies on neurotypical individuals
and highly controlled nondiverse face stimuli. Tt
is important to include different populations and
more naturalistic stimuli to advance a more gener-
alizable understanding of how people make these
judgments and the biases reflected in them. Here,
we comprehensively characterized the similari-
ties and differences in trait judgments from natu-
ralistic faces between neurotypicals and people
with autism spectrum disorder, who often have
deficits in perceiving faces. Our findings provide
new insights into how people mentally represent
the relationship between different social trait judg-
ments, why people make different social judgments
from faces, and how these judgments may influ-
ence a wide range of behavior.

judgments to date (Lin et al., 2021). Therefore, our find-
ings provide precise predictions about how individuals
with ASD and neurotypicals would infer a wide range
of social traits from faces. Using these rich data, we
leveraged deep learning techniques to characterize the
specific patterns and computational bases of the differ-
ent social trait judgments between participants with
ASD and neurotypicals.

Method

Participants

In our main experiment, we recruited 525 participants
from the Prolific platform (referred to as online partici-
pants). We included only participants who had English
fluency, normal or corrected-to-normal vision, an edu-
cation level above high school, and a Prolific approval
rating greater than 95%. Among these participants, 113
participants had a self-reported diagnosis of ASD (SR-
ASD), and 412 neurotypical participants reported no
diagnosis of ASD and served as controls (see Table 1
for demographics). Self-report of ASD was probed by
the following question in Prolific: “Have you received
a formal clinical diagnosis of autism spectrum disorder,
made by a psychiatrist, psychologist, or other qualified
medical specialist? This includes Asperger’s syndrome,
autism disorder, high-functioning autism, or pervasive
developmental disorder.” We included only participants
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whose response was “Yes—as a child” or “Yes—as an
adult” in the SR-ASD group (not including any partici-
pants whose response was “I am in the process of
receiving a diagnosis,” “No-but I identify as being on
the autism spectrum,” “No,” or “Don’t know/rather not
say”). We further acquired Autism-Spectrum Quotient
(AQ; Baron-Cohen et al., 2001) and Social Responsive-
ness Scale-2 Adult Self-Report (SRS; Constantino &
Gruber, 2012) scores from the participants (92 partici-
pants with SR-ASD and 337 neurotypicals completed
the questionnaires). These data confirmed that online
participants with SR-ASD had significantly higher AQ
scores (see Fig. Sla in the Supplemental Material avail-
able online; SR-ASD: M = 27.76, SD = 8.09; neurotypical:
M = 20.28, SD = 6.82), #(427) = 8.94, p = 1.15x10777,
d = 1.05, 95% confidence interval (CD) = [5.83, 9.12],
and SRS scores (see Fig. S1b; SR-ASD: M = 91.73, SD =
29.60; neurotypical: M = 65.17, SD = 25.19), #(427) =
8.61, p = 1.38x1071°, d = 1.01, 95% CI = [20.50, 32.61],
than online neurotypical participants. Furthermore,
online participants with SR-ASD had AQ scores (two-
tailed two-sample 7 test), #(112) =0.92, p = .36, d = 0.22,
95% CI = [-6.21, 2.28], and SRS scores, 1(109) = 1.44,
p = .15, d = 0.36, 95% CI = [-4.00, 25.45], that were
comparable with in-lab participants with ASD (see
below). Lastly, based on our screening criterion, online
neurotypicals had no mental health conditions.
Because of a surge of female participants on the
Prolific platform during our data collection for partici-
pants with SR-ASD (Charalambides, 2021), the female
population of participants with SR-ASD was overrepre-
sented in our sample (see Table 1; but see Maenner
et al., 2020, for prevalence of ASD in the general popu-
lation). However, we observed qualitatively the same
results with male participants with SR-ASD only (see
Fig. S1h) as well as participants with a balanced distri-
bution of sexes across groups (see Fig. S1i). In addition,
although the two groups of participants that we sam-
pled differed in age (see Table 1 and Fig. S1c), #(523) =
3.25, p = .0012, d = 0.34, 95% CI = [1.01, 4.10], we
observed similar results when we compared a subset
of participants who were matched in age (see Fig. S1g).
In our first control experiment, we recruited 27 par-
ticipants with ASD who had typical intellectual func-
tioning (Full-Scale Intelligence Quotient > 80) from our
laboratory’s registry and 21 neurologically and psychi-
atrically healthy participants with no family history of
ASD as controls (referred to as in-lab participants; see
Table 1 for demographics). All of our in-lab ASD par-
ticipants met the criteria of the fifth edition of the Diag-
nostic and Statistical Manual of Mental Disorders
(DSM-5; American Psychiatric Association, 2013; con-
firmed by diagnostic interview with a licensed clinical
psychologist) and the Autism Diagnostic Observation

Schedule (ADOS; administered by a research reliable
investigator and confirmed with consensus coding by
a team of research reliable administrators; Hus & Lord,
2014; Lord et al., 1989) for ASD (see Table 1). We con-
firmed that in-lab participants with ASD had signifi-
cantly higher AQ scores (ASD: M = 29.57, SD = 12.00;
neurotypical: M = 13.94, SD = 5.72), two-tailed two-
sample 7 test: #(38) = 5.00, p = 1.31x107°, d = 1.56, 95%
CI = [9.40, 22.17], and SRS scores (ASD: M = 79.85,
SD = 28.27; neurotypical: M = 32.29, SD = 25.63), two-
tailed two-sample 7 test: £(38) = 5.69, p = 1.54x107°, d =
1.76, 95% CI = [31.37, 66.00], than in-lab neurotypical
participants.

In our second control experiment, we recruited
another 247 participants with SR-ASD and another 251
neurotypical participants from the Prolific platform as
an independent replication sample (see Table 1). The
data collection and some data analyses in this experi-
ment were preregistered (https://osf.io/bdrty/). Only
18 participants with SR-ASD and two neurotypical par-
ticipants from the main experiment participated in the
second control experiment.

All participants provided written informed consent
using procedures approved by the institutional review
board of West Virginia University (Protocol #2012188080)
and California Institute of Technology (Protocol

#19-234).

Stimuli

To increase generalizability, we used naturalistic face
images in our main experiment and the first control
experiment. These images were ambient photos of
celebrities from the CelebA data set (Liu et al., 2015).
We selected 50 identities with 10 images for each iden-
tity, for a total of 500 face images. The identities were
selected to include both sexes (33 male) and multiple
races (40 identities were Caucasian, nine identities were
African American, and one identity was biracial). The
faces were of different angles and gaze directions, with
diverse backgrounds and lighting. The faces showed
various facial expressions, with some having accesso-
ries such as sunglasses and hats.

Some prior studies also used highly controlled face
images. To reconcile prior discrepant findings that
might be due to image types, we used posed neutral
faces in our second control experiment. These were 50
face images of 50 different facial identities (25 female,
25 male). These faces were randomly selected from a
representatively sampled set of 100 White faces from
a previous study (Lin et al., 2021). They were high-
resolution studio photographs of human participants
from three popular databases: the Chicago Face Database
(Ma et al., 2015), the Oslo Face Database (Chelnokova
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etal., 2014), and the Face Research Lab London (DeBruine
& Jones, 2017). All face stimuli were frontal and clear,
with a neutral expression, and were presented at the
center of the images with the eyes aligned to the same
location. All photos included the face, neck, and
hair. All photos were colored, with a standard gray
background, and were cropped to a standard size
and shape.

Procedures

Participants rated the faces on eight social traits using
a 7-point Likert-type scale through an online rating task.
The social traits included warm, critical, competent,
practical, feminine, strong, youthful, and charismatic.
These social traits were well validated in a previous
study (Lin et al., 2021). Participants also indicated
whether they recognized the identity of the faces (i.e.,
whether they were familiar with each face identity) in
the main experiment. We did not find a significant cor-
relation between the percentage of familiar identities
and AQ score, SR-ASD: (90) = —.11, p = .28; neurotypi-
cal: (335) = —-.05, p = .32, or SRS score, SR-ASD: 1(90) =
—.16, p = .13; neurotypical: 1335) = —.005, p = .93,
suggesting that famous face recognition was not related
to autistic traits in our participants.

The celebrity faces were randomly divided into 10
modules, with each module containing one face image
per face identity (totaling 50 face images per module).
In each module, participants rated the faces on all eight
social traits (rated in blocks). Participants completed as
many modules as they wanted. In our main experiment,
online participants with SR-ASD completed one to 10
modules, and online neurotypical participants com-
pleted one to two modules. In our first control experi-
ment, in-lab participants with ASD completed four to
10 modules, and in-lab neurotypicals completed one
to 10 modules. In our second control experiment, each
participant rated all 50 highly controlled face images.

We applied the following three exclusion criteria:

(1) Trial-wise exclusion: We excluded trials with
reaction times shorter than 100 ms or longer than
5,000 ms.

(2) Block/trait-wise exclusion: We excluded the entire
block per module if more than 30% of the trials
were excluded from the block per (1) above or if
there were fewer than three different rating values
in the block (this suggests that the participant may
not have used the rating scale properly).

(3) Module-wise exclusion: We excluded a module
if more than three blocks were excluded from
the module per (2) above.

Interrater consistency

Interrater consistency of each trait was estimated using
the intraclass correlation coefficient (ICC; two-way
random-effects model for the consistency of mean rat-
ings; McGraw & Wong, 1996) and the Spearman’s cor-
relation coefficient (p). The ICC and Spearman’s p were
computed between raters for each trait in each module
and then averaged across modules per trait. The ICC was
calculated using MATLAB (The MathWorks, Natick, MA)
implementation written by Arash Salarian (https://www
.mathworks.com/matlabcentral/fileexchange/22099-
intraclass-correlation-coefficient-icc). The Spearman’s p
was computed between each pair of raters and then
averaged across all pairs of raters.

Principal component analysis

To characterize the psychological dimensions of social
trait judgments from faces in each participant group, we
conducted a principal component analysis, which is a sta-
tistical procedure that converts a set of high-dimensional,
possibly correlated variables into a set of low-dimensional,
linearly uncorrelated principal components that pre-
serve as much of the variance in the original variables
as possible. We first aggregated the rating data per trait
across participants within each participant group for
each face. On the basis of the aggregated data (500
faces x 8 traits), we extracted eight principal compo-
nents (using R function principal, without rotation) for
each participant group. We retained principal compo-
nents that explained a nontrivial amount of variance
(> 5%). After identifying the optimal number of principal
components, we applied varimax rotation to the prin-
cipal components to generate orthogonal components
that were most interpretable.

Classification of participants

To examine whether social trait judgments made by
participants with SR-ASD were different from those
made by neurotypicals across all faces and traits, we
employed a linear support vector machine, which dis-
criminated whether a rating module was from a partici-
pant with SR-ASD or a neurotypical. We used all ratings
(8 traits x 50 faces) in each module as features for model
training and testing. To assess model performance, in
each run, we randomly partitioned the modules into 10
equal portions and used tenfold cross-validation (i.e.,
each time nine portions of modules were used as the
training set and the remaining one portion of modules
was used as the testing set). We repeated the cross-
validation 1,000 times in total.
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Feature extraction and construction
of feature space

To investigate the visual computational mechanism
underlying social trait judgments from faces, we lever-
aged artificial neural networks (ANNs). ANNs have been
successfully applied by prior research to advance a
mechanistic understanding of face perception in ASD.
For instance, a recent study used brain-tissue-mapped
ANN models of primate vision to explore neural and
behavioral markers of atypical facial emotion recogni-
tion in ASD (Kar, 2022). The study revealed that the
image-level behavioral patterns of the ANNs matched
those of neurotypical individuals more closely than
individuals with ASD, and this behavioral mismatch was
most prominent when the ANN behavior was decoded
from units corresponding to the primate inferior tem-
poral cortex (Kar, 2022).

Specifically, here we used the well-known deep neu-
ral network (DNN) implementation based on the VGG-
16 (Visual Geometry Group, Oxford, UK) convolutional
neural network architecture (Parkhi et al., 2015) to
extract features for each face image. Fine-tuning was
performed on the pretrained VGG-Face deep model
using all images of the 50 identities in the CelebA data
set (16-30 images for each identity). Features that dif-
ferentiated identities (i.e., identity recognition) were
extracted using this transferred model. We subsequently
applied a t-distributed stochastic neighbor embedding
(t-SNE) method to convert high-dimensional features
into a two-dimensional feature space. t-SNE is a varia-
tion of SNE (Hinton & Roweis, 2003), a commonly used
method for multiple class high-dimensional data visu-
alization (van der Maaten & Hinton, 2008). We applied
t-SNE for each layer, with the cost function parameter
(Prep) of t-SNE, representing the perplexity of the con-
ditional probability distribution induced by a Gaussian
kernel, set individually for each layer. We implemented
t-SNE in the MATLAB platform. Notably, neither feature
extraction nor construction of feature space used any
information from social trait ratings.

To identify the regions in the face feature space that
elicited a significant judgment difference between par-
ticipants with SR-ASD and neurotypicals (for a detailed
illustration, see Fig. S4 in the Supplemental Material),
we first estimated a continuous density map in the
feature space by smoothing the discrete rating differences
between groups using a two-dimensional Gaussian ker-
nel (kernel size = feature dimension range * 0.05, SD =
2). We then estimated statistical significance for each
pixel by permutation testing: In each of the 1,000 per-
mutations, we randomly shuffled the labels of partici-
pants. We calculated the p value for each pixel by
comparing the observed density value with those from

the null distribution derived from permutations. We
applied a mask to exclude pixels from the edges and
corners of the density map where there were no faces
because these regions were susceptible to false posi-
tives given our procedure. We selected the regions with
significant pixels (permutation p < .01, false discovery
rate corrected for g < 0.01, cluster size > 5% of the
pixels within the mask; Benjamini & Hochberg, 1995).

Representational similarity between
social trait ratings and DNN features

We employed a pairwise distance metric (Grossman
et al., 2019) to compare representational similarity
between social trait ratings and DNN features. For a
given trait, we calculated the absolute difference in
average ratings for each pair of face identities as the
pairwise distance metric for social trait ratings, and we
calculated the Euclidean distance of all DNN units from
a layer for each pair of face identities as the pairwise
distance metric for DNN features. We then correlated
the two pairwise distance metrics using the Spearman
correlation (which does not assume a linear relation-
ship) and computed the correlation for each DNN layer.
We conducted this analysis separately for each partici-
pant group. Because the consistency between face
images for the same face identity in both social trait
ratings and DNN features could inflate the correlation
between the two distance metrics, we averaged the
social trait ratings or DNN features across face images
for each face identity first and then calculated the pair-
wise distance metrics between face identities.

To determine the statistical significance of the rep-
resentational similarity between social trait ratings and
DNN features, we used a nonparametric permutation
test with 1,000 permutations. In each permutation, we
randomly shuffled the face identity labels and calcu-
lated the correlation between the two distance metrics.
The distribution of correlation coefficients computed
with shuffling (i.e., null distribution) was compared
with the one without shuffling (i.e., observed value).
An observed value was deemed significant if it was
greater than 95% of the values from the null distribu-
tion. A significant correlation indicated a representa-
tional similarity between social trait ratings and DNN
features.

To determine the statistical significance of the rep-
resentational similarity in the social trait ratings between
groups (participants with SR-ASD and neurotypicals),
we used a permutation test with 1,000 permutations. In
each permutation, we shuffled the participant labels
and calculated the difference in representational simi-
larity between participant groups. We then compared
the observed difference in representational similarity
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between participant groups with the permuted null dis-
tribution to derive statistical significance.

Visualization of critical pixels within
Jaces for social trait judgment

We built a DNN-based regression model for each trait
and each participant group. We employed transfer
learning for the model. Transfer learning is a popular
deep learning method in which a model developed for
one task can be reused as the initial model for a second
related task. Here, a VGG-16 model (a classifier), pre-
trained using ImageNet stimuli (Deng et al., 2009;
Simonyan & Zisserman, 2015), was used as the initial
model. ImageNet contains stimuli of both faces and
objects. Prior research showed that DNNs trained on
objects alone performed poorly on face recognition,
whereas DNNs dual-trained on both faces and objects
can best capture recognition of both faces and objects
and their functional segregation (Dobs et al., 2022).
Furthermore, our prior work using DNN models trained
on faces as well as faces and objects revealed a novel
region-based feature code of faces in the human amyg-
dala and hippocampus (Cao et al., 2020).

Specifically, here we kept all convolution layers of the
VGG-16 model but replaced the last two fully connected
layers and the output layer with a global averaging pool-
ing layer, a fully connected layer, and a prediction output
layer (for an illustration, see Fig. S6a in the Supplemental
Material). When training our regression model, we froze
all convolutional layers (i.e., weights were not updated),
and only the top layers (the replaced layers) were
updated by training. Training was performed by the sto-
chastic gradient descent optimizer with the base learning
rate of 107, and we used mean squared error as the loss
function. The training stopped when the loss converged.
Before the images were fed into our model, they were
first cropped (using the dlib toolbox) and resized to 224 x
224. We cropped the faces using a bounding box that
included the entire face and hair region.

We performed tenfold cross-validation in our analy-
sis. In each training/testing run (separately for each
trait and each participant group), the data set was ran-
domly split into 10 subsets. One subset served as the
test set, and the remaining nine subsets were used as
the training set. To assess model performance, we cal-
culated the correlation between the observed trait val-
ues and the predicted trait values in the testing set (note
that the output was switched from classification to
regression to get a continuous prediction of trait val-
ues). The correlation coefficient (Pearson’s ») indicated
the model prediction accuracy. Our VGG-16 network
was run on the deep learning framework TensorFlow
1.15 using Python 3.0.

To explain our model’s output in the domain of its
input (i.e., face images), we applied layer-wise rele-
vance propagation (LRP) to our trained regression mod-
els. LRP can use the network weights created by the
forward-pass to propagate the output back through the
network up to the original input image. The explanation
given by LRP is a heatmap of which pixels in the
original image contribute to predicting social judg-
ments. We used the toolbox iNNvestigate (Alber et al.,
2019; https://github.com/albermax/innvestigate) for
implementation.

It is worth noting that in this analysis, we focused on
the VGG-16-based DNN models and LRP as an image-
based explanation. However, different DNN models and
visualization/explanation methods may yield varying
results. Prior research has demonstrated that features
from both face identification DNNs and object recogni-
tion DNNs outperform facial geometry across multiple
social trait judgments and out-of-sample data sets
(although object recognition DNN features’ predictions
are susceptible to superficial cues such as color and
hairstyle) and that face identification DNN features’ pre-
dictions are nonspecific, meaning that models trained
to predict one social judgment can also predict other
social judgments (Keles et al., 2021). In line with this
result, different DNN models, including object recogni-
tion models, may produce similar results for face coding
(Cao et al., 2020). Different visualization/explanation
methods may provide feature importance estimates that
are not superior to random designations of feature
importance (Hooker et al., 2019). This ambiguity poses
a significant challenge to the current DNN explainability
results and that different visualization/explanation meth-
ods could lead to different inferences from those pre-
sented here (Kar et al., 2022).

Results

The same set of psychological
dimensions underlies trait judgments
in ASD and neurotypicals

We recruited participants with SR-ASD and neurotypi-
cals online (see the Method section; results replicated
with in-lab participants with ASD who had an ADOS
diagnosis). Participants from each group (see Table 1
and Fig. S1 for summary) rated the faces on eight traits:
warm, critical, competent, practical, feminine, strong,
youthful, and charismatic (see Fig. 1la for ranking of
stimuli based on ratings for each trait). To understand
the overall structure of the data, we first analyzed the
core dimensions that underlie the eight trait judgments
in each group. To this end, we conducted a principal
component analysis on the aggregate ratings (averaged
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per face across participants) across the eight traits for
each group. The first four principal components (with-
out rotation) explained most of the variance in each
group: 44%, 23%, 14%, and 11% in online participants
with SR-ASD (total 92%) and 38%, 27%, 17%, and 9%
in online neurotypicals (total 92%). These results indi-
cate that four dimensions optimally summarized the
eight trait judgments of our naturalistic face stimuli.
Therefore, we extracted four principal components
from each group and applied the varimax rotation for
maximal interpretability. The four dimensions from
each group could be interpreted as warmth, compe-
tence, femininity, and youth (for principal component
loadings, see Fig. 1b; for correlations between trait
judgments, see Fig. S2a in the Supplemental Material).
These results replicated the comprehensive trait dimen-
sions found in prior research that used posed neutral
White faces (Lin et al., 2021) with a different type of
face stimuli (naturalistic faces of famous people of dif-
ferent races and with different facial expressions) and
different groups of neurotypical participants in the
present research. We confirmed that this replication was
not simply due to our selection of traits: Including
additional ratings on popular traits (trustworthiness,
dominant) that were not representative of the four
dimensions again replicated the four dimensions. We
computed the Tucker index of factor congruence
between the four dimensions found in each group using
their principal component loadings (i.e., cosine dis-
tance between loadings). We found that the four dimen-
sions found in both groups were highly similar (Tucker
indices = 0.99, 0.97, 0.99, and 0.99 between SR-ASD
and neurotypical). These results suggest that the com-
prehensive psychological dimensions that underlie
social trait judgments from faces are similar between
participants with SR-ASD and neurotypicals.

Different trait ratings along all
comprebensive dimensions in individuals
with ASD compared with neurotypicals

A highly similar correlational structure across trait judg-
ments between groups does not guarantee group simi-
larity in the rating values of every trait (e.g., correlation
removes information about the mean). Here, we com-
pared the judgment of each trait between the two
groups. We first analyzed the interrater consistency for
each trait judgment (see Figs. 1c and 1d). We found
that participants with SR-ASD were more heterogeneous
with respect to each other than neurotypicals for six of
the eight traits distributed across all four dimensions
(for statistics, see legends of Figs. 1c and 1d), consistent
with the widely reported heterogeneity in ASD (Happe
et al., 20006).

Trait judgments were highly consistent for different
face images of the same identity for both participants
with SR-ASD and neurotypicals (see Fig. S2b). We next
compared the mean of the aggregate ratings across
participants per trait between groups. We found that
participants with SR-ASD gave statistically different rat-
ings for five of the eight traits distributed across all four
dimensions (see Fig. le; see figure legend for statistics):
warm, practical, feminine, strong, and youthful. Par-
ticipants with SR-ASD and neurotypicals could be dis-
tinguished on the basis of how they rated the faces on
the eight traits (support vector machine classifier with
tenfold cross-validation and 1,000 repetitions; mean
accuracy across runs = 79.66%, SD = 0.66%). These
results suggest that individuals with SR-ASD tend to
evaluate faces differently across all four comprehensive
dimensions.

We further zoomed into each face identity and exam-
ined which face identities led to the most discrepant
ratings between groups. We rank-ordered the face identi-
ties according to the average ratings from the neurotypi-
cals. We found that for the judgments of warm, practical,
strong, and youthful—four traits that distributed across
all four comprehensive dimensions—participants with
SR-ASD gave higher ratings for most of the face identities
(see Fig. 1f). These results showed that the more positive
trait judgments in SR-ASD compared with neurotypicals
were not merely driven by certain face identities. Inter-
estingly, we found that for the judgments of competent,
practical, and feminine, participants with SR-ASD dem-
onstrated a compressed range in their ratings across
faces. That is, participants did not vary their ratings as
much as neurotypicals across face identities (see Fig. 1f
for examples), leading to higher ratings on the faces that
neurotypicals judged low and lower ratings on the faces
that neurotypicals judged high.

To formally quantify this observation, we compared
the ratings between groups separately for the 10 face
identities on which neurotypicals provided the highest
ratings (see Fig. 1g) and the 10 face identities on which
neurotypicals provided the lowest ratings (see Fig. 1h).
We found that compared with neurotypicals, partici-
pants with SR-ASD provided significantly lower ratings
for the top 10 identities when judging critical (see Fig.
1g), 1(806) = 3.33, p = .00090, d = 0.20, 95% CI = [0.11,
0.35]; competent, (807) = 4.74, p = 2.49x107°, d = 0.31,
95% CI = [0.15, 0.38]; practical, ((802) = 2.05, p = .041,
d =0.14,95% CI = [0.006, 0.25]; feminine, ((736) = 6.51,
p = 1.39x107° d = 0.48, 95% CI = [0.26, 0.48]; and
youthful, 1(829) = 2.24, p = .026, d = 0.15, 95% CI =
[0.01, 0.24]; they provided significantly higher ratings
for the bottom 10 identities for warm (see Fig. 1h),
1(824) = 4.60, p = 4.80x107°, d = 0.32, 95% CI = [0.16,
0.41]; competent, ((807) = 5.52, p = 4.66x107% d = 0.39,
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95% CI = [0.23, 0.49]; practical, (802) = 5.48, p =
5.64x107%, d = 0.39, 95% CI = [0.24, 0.51]; feminine,
(736) = 6.17, p = 1.13x107, d = 0.45, 95% CI = [0.28,
0.54]; strong, 1(822) = 3.06, p = .0023, d = 0.21, 95% CI =
[0.09, 0.40]; and youthful, ((829) = 5.55, p = 3.93x107%,
d = 0.38, 95% CI = [0.24, 0.50]. Therefore, the rating
difference between the top 10 and bottom 10 identities
was significantly smaller in participants with SR-ASD
compared with neurotypicals across trait judgments
along all four dimensions (see Fig. 11): warm, 1(824) =
4.03, p = 6.10x107, d = 0.28, 95% CI = [0.16, 0.46]; criti-
cal, 1(806) = 3.30, p = .001, d = 0.23, 95% CI = [0.10,
0.41]; competent, 1(807) = 9.82, p = 1.35x1072!, d = 0.69,
95% CI = [0.50, 0.75]; practical, 1(802) = 6.85, p =
1.52x107%', d = 0.48, 95% CI = [0.36, 0.64]; feminine,
1(736) = 6.51, p = 7.01x10713, d = 0.52, 95% CI = [0.50,
0.991; strong, 1(822) = 3.63, p = .0003, d = 0.25, 95% CI =
[0.16, 0.54]; and youthful, ((829) = 5.07, p = 4.89x107,
d =0.35, 95% CI = [0.30, 0.69]. Together, these results
suggest that participants with SR-ASD have a reduced
discriminability for social trait judgments across all four
comprehensive dimensions. These findings are consis-
tent with ASD’s reduced specificity in emotion percep-
tion (Wang & Adolphs, 2017a) and noisier and more
random eye movement behavior in general (de Wit
et al., 2008; Pelphrey et al., 2002; Wang et al., 2015).

Because our face stimuli were photos of celebrities,
with whom participants might be familiar, we investi-
gated how familiarity of faces might influence trait judg-
ments (see Figs. S2c and S2d). Participants with SR-ASD
rated the faces more differently from neurotypicals for
unfamiliar identities (see Fig. S2¢) compared with famil-
iar identities (see Fig. S2d). Specifically, participants
with SR-ASD rated unfamiliar identities on warm, femi-
nine, strong, and youthful significantly higher than
neurotypicals (see Fig. S2¢), and they rated familiar
identities on practical and feminine significantly higher
than neurotypicals (see Fig. S2d; see figure legend for
statistics). The distribution of familiar and unfamiliar
identities was similar between participant groups.
Therefore, these results suggest that face familiarity
moderated the differences in face judgments between
participants with SR-ASD and neurotypicals along all
four comprehensive trait dimensions.

Because prior findings showed that people are
biased by racial information when making trait judg-
ments (Hugenberg et al., 2011; Zebrowitz et al., 2010),
we capitalized on our racially diverse stimuli and par-
ticipants to analyze potential cross-race effects (see
Figs. S2e and S2f). We found that group differences in
trait judgments between individuals with SR-ASD and
neurotypicals were primarily driven by faces that were
the same race as the participants (see Fig. S2e; see
figure legend for statistics) rather than cross-race faces

(see Fig. S2f). In addition, we found that group differ-
ences in trait judgments were primarily driven by faces
that were the same sex as the participants (see Fig. S2g;
see figure legend for statistics) rather than cross-sex
faces (see Fig. S2h). Together, these findings suggest
that people with SR-ASD give the most different trait
judgments compared with neurotypicals when the face
being judged belongs to an in-group member with
respect to race and sex.

Finally, facial expressions of emotion may influence
whether individuals with SR-ASD and neurotypicals
make similar or different social trait judgments. To
investigate this question, two researchers labeled the
emotion of each face, and we redid our analyses using
only faces that were emotionally neutral (n = 225).
Highly similar results were derived (see Fig. S3 in the
Supplemental Material). These results showed that our
findings regarding the group differences between indi-
viduals with SR-ASD and neurotypicals were not merely
driven by faces with nonneutral facial expressions.

Features across faces that contribute to
different trait ratings in individuals
with ASD compared with neurotypicals

What types of faces drove the rating differences between
participants with SR-ASD and neurotypicals? Do the
faces that participants with SR-ASD judged most differ-
ently from neurotypicals share common visual features?
To answer these questions, we extracted facial features
from each image using a pretrained DNN VGG-Face
(Parkhi et al., 2015) and constructed a two-dimensional
face feature space using t-SNE for each DNN layer.
Although this DNN model was originally trained to
classify face identities, it has been shown that its fea-
tures also predict human judgments of faces on a wide
range of social traits (Keles et al., 2021; Parde et al.,
2019; note that other DNN models could derive similar
results; Cao et al., 2020). Furthermore, this model is
associated with neural processing of faces in the human
brain, at both the single-neuron level (Cao et al., 2020)
and the neural population level (Grossman et al., 2019).
Importantly, the dimensions (or axes) of the face fea-
ture space represented interpretable variations in faces
(e.g., gender). Faces that clustered in this space also
shared interpretable visual features. For example, faces
of the same identity were clustered, and darker skinned
faces were clustered at the bottom left corner of the
feature space. Therefore, identifying a region in the face
feature space would reveal what types of common
visual features in the faces drove most discriminative
judgments between groups.

We projected the difference in rating per trait
between groups for each face onto the DNN-derived
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face feature space per DNN layer (i.e., multiplying the
difference in rating of each face to its corresponding
location in the feature space to derive a rating-weighted
two-dimensional feature map; see Figs. S4a and S4i). To
formally quantify the difference in feature maps between
groups and identify discriminative feature map regions
for each social trait (see Fig. S4 for illustration of detailed
procedures), we estimated a continuous density map in
the feature space from our sparse sampling (see left side
of Figs. 2a—2d and Figs. S4b, S4d, S4j, and S41) and used
a permutation test (1,000 runs; see middle of Figs. 2a-2d
and Figs. S4c¢, S4e, S4k, and S4m) to identify regions that
had a significant group difference (see right side of Figs.
2a-2d and Figs. S4h and S4p). The identified region in
the feature map of each DNN layer for each trait con-
tained faces that were most discriminative for ratings
between individuals with SR-ASD and neurotypicals
(note that an equal difference across faces could not
lead to a discriminative region; in other words, a dis-
criminative region could not simply result from the gross
difference in ratings).

Using this approach, we identified faces that were
judged most differently by participants with SR-ASD
from neurotypicals for each trait. For example, we
found that judgments of competent primarily differed
in young, male, Caucasian faces (see Figs. 2a and 2e),
whereas judgments of youthful primarily differed in
African American faces as well as old, male, Caucasian
faces (see Figs. 2d and 2e; for other discriminative
regions across DNN layers, see Fig. S5a in the Supple-
mental Material). Therefore, this analysis systematically
revealed what types of faces drove group differences
in trait judgments from faces.

It is worth noting that different traits showed differ-
ent discriminative faces (see Figs. 2a-2e and Fig. S5a).
These discriminative faces mainly appeared in the inter-
mediate and later DNN layers where facial features are
abstracted toward semantic representations (see Fig.
S5a). These results suggest that the different social trait
judgments in participants with SR-ASD compared with
neurotypicals may stem from different representations
of more abstract facial features. We further quantified
these group differences by correlating the similarity
across faces (Kriegeskorte et al., 2008) between social
trait ratings and DNN features (see the Method section).
Again, we found that the group differences in trait judg-
ments were primarily in the later DNN layers (see Figs.
2f and 2g and Fig. S5b), confirming that different social
trait judgments in SR-ASD are driven by more abstract
facial features.

We further linked this result to reduced specificity in
social trait judgment (see Figs. 1f-11). We found that
faces in the discriminative regions were more likely to
be at the extremes according to neurotypicals’ ratings
(i.e., top 10 identities and bottom 10 identities of the

rank-ordered face identities; see Fig. 1f; y? test: p =
3.04x107° for competent, p = .013 for practical, and p <
107 for feminine). Therefore, the present analysis using
DNN feature space further informs what types of faces
are most likely to elicit a compressed range and thus
reduced specificity in social trait judgment in SR-ASD.

Features within faces that contribute to
different trait ratings in individuals
with ASD compared with neurotypicals

Besides different types of faces, the ways in which
individuals with ASD interpret cues within a face may
also contribute to their different social trait judgments
compared with neurotypicals. To understand which
types of cues in a face may be more informative for
participants with SR-ASD when making trait judgments
compared with neurotypicals, we trained a DNN to
predict participants’ ratings of the faces using the face
images as inputs (see Fig. S6a). A DNN was trained
separately for each trait and participants with SR-ASD
and neurotypicals, respectively (see Fig. S6b for model
performance). We visualized the critical pixels in the
face images that led to the correct prediction of social
trait judgment using LRP (see the Method section).

We first confirmed that critical facial parts such as
the eyes, mouth, and hair were important to predict
social trait judgments (see Figs. 3a and 3b for examples
and Fig. 3¢ for group summary). For example, for both
groups, the eyes were important for judging warm and
strong, and the mouth was important for judging practi-
cal and youthful (see Fig. 3c; note that critical facial
parts are aligned across stimuli; Cao et al., 2021). We
next revealed important regions of the face that were
associated with group differences in the judgments for
each trait (see Fig. 3d). Results showed that participants
with SR-ASD relied less than neurotypicals on informa-
tion (a) from the forehead when judging warm, critical,
practical, and strong; (b) from the eyes when judging
practical and strong; and (¢) from the mouth when
judging warm, feminine, and strong. Participants with
SR-ASD used more information from the forehead and
eyes when judging youthful and charismatic than neu-
rotypicals. Together, by combining DNNs and a wide
range of trait judgments, we discovered a nuanced rela-
tionship between facial features and the differences in
social trait judgments between individuals with SR-ASD
and neurotypicals.

Validation with well-characterized
in-lab participants
The above results were based on online participants

with SR-ASD. We next tested the validity of our findings
with ratings from a sample of in-lab participants with
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confirmed ASD diagnosis (7 = 27) and matched neuro-
typicals (7 = 21). We replicated the findings that par-
ticipants with ASD (a) shared the same psychological
structure of trait judgments as neurotypicals (see Fig.
4a), (b) showed lower interrater consistency than neu-
rotypicals (see Figs. 4b and 4c; see figure legend for
statistics), and (c) rated individual traits differently from
neurotypicals (see Fig. 4d; note that here neurotypicals
showed more positive ratings; see the Discussion sec-
tion); specifically, they showed reduced specificity in
social trait judgments (see Figs. 4e—4h). Together, we
validated our main findings from online participants in
participants with confirmed ASD diagnosis and matched
neurotypicals.

To directly compare the reduced specificity between
samples (online vs. in-lab), we next used a two-way
analysis of variance (participant group by sample) to
test the difference between the top 10 and bottom 10
identities (note that here we used the rank order from
online participants for both groups to have a direct
comparison, but this rank order led to a similar result
in in-lab participants; see Fig. 4h vs. Fig. 4i). We found
a remarkably similar pattern of reduced specificity
between samples (see Fig. 4i). Specifically, we found a
main effect of sample for charismatic, F(1, 1192) =
15.27, p = 1.30x107°, n? = .016, and we confirmed the
main effect of participant group for all traits: warm,
F(1,1203) = 41.18, p = 1.91x107, 02 = .03; critical, F(1,
1187) = 8.06, p = .0046, n? = .006; competent, K1, 1157) =
64.80, p = 2.04x107°, n* = .05; practical, K1, 1167) = 37.93,
p = 1.01x107, n? = .03; feminine, F(1, 1052) = 64.85,
p=217x10715, 02 = .06; strong, F(1, 1201) = 9.75, p =
002, n? = .008; youthful, F(1, 1212) = 56.47, p =
1.11x107, m? = .04; and charismatic, F(1, 1192) = 13.18,
p = 2.96x107% n? = .01. We also observed a significant
interaction between participant group and sample for com-
petent, F(1, 1157) = 4.11, p = .04, n? = .003, and charis-
matic, F(1, 1192) = 5.38, p = .02, n? = .004. These results
indicate that judgment specificity was comparable between
our online and in-lab samples. In both samples, partici-
pants with ASD demonstrated reduced specificity in their
social trait judgments compared with neurotypicals.

Comparison with posed neutral faces

We derived the above results using complex, naturalistic
face stimuli. How do individuals with ASD compared
with neurotypicals make social trait judgments from
simpler, controlled face stimuli? To address this ques-
tion, we conducted a preregistered study (see the
Method section) using posed photos of real people with
neutral expressions from a previous study (Lin et al.,
2021; see Fig. 5a for examples). First, we replicated that
both participants with SR-ASD and neurotypicals shared
the same comprehensive psychological dimensions

underlying trait judgments (see Fig. 5b): The two groups
shared the same number of optimal factors, and the
four dimensions extracted from the two groups were
highly similar (Tucker indices = 1.00, 0.99, 0.99, and
0.99). Second, we observed a reduced interrater con-
sistency for warm, feminine, strong, and youthful
in participants with SR-ASD (see Figs. 5¢ and 5d; see
figure legend for statistics), consistent with the results
using complex, naturalistic face stimuli (see Figs. 1c
and 1d). Third, we observed a significant group differ-
ence in aggregate ratings only for the trait critical (see
Fig. 5e; see Fig. S2¢ for a comparison) and reduced
specificity in ratings only for strong and youthful (see
Figs. 5f-5i; see Figs. 1f-1i for a comparison). These find-
ings showed that the social trait judgments that individu-
als with SR-ASD made for simpler, controlled faces were
less different from neurotypicals compared with judg-
ments for more complex, naturalistic faces (note that
our neurotypicals’ ratings in the present study were
highly correlated with those in the previous study; Lin
et al., 2021; see Fig. S7 in the Supplemental Material).
These findings suggest that the variations in face stimuli
such as facial expressions, backgrounds, and familiarity
may play an important role in shaping how individuals
with SR-ASD make social judgments of others in more
naturalistic contexts and may explain prior discrepant
findings in the comparison between individuals with
ASD and neurotypicals (see the Discussion section).

Discussion

We conducted a comprehensive investigation of how
individuals with ASD make social trait judgments of
faces compared with neurotypicals. Using a representa-
tive set of traits and naturalistic face stimuli, as well
as large samples of online participants and well-
characterized in-lab participants, we showed that indi-
viduals with ASD and neurotypicals shared the same
psychological structure underlying social trait judgments
from faces. However, participants with ASD showed
reduced interrater consistency and different ratings for
individual traits compared with neurotypicals. We
applied neural network modeling to show that these
discrepant ratings were explained by discrepant judg-
ments for certain types of faces and discrepant utiliza-
tion of features within a face. These group differences
persisted but were less severe when social trait judg-
ments were made for simpler and more controlled face
stimuli. Together, these findings advance a comprehen-
sive understanding of the psychological structure and
computational basis of social trait judgments from faces
in individuals with ASD. These results provide initial
insights into how different face processing in individuals
with ASD may be linked to their different social
behaviors.
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Generalizable psychological dimensions
underlying social trait judgments

It remains debated what fundamental psychological
dimensions underlie social cognition. Whereas some
researchers have argued that warmth and competence
summarize most of the variance in social cognition
(Fiske et al., 2007), a range of other theories has been
proposed (Sutherland & Young, 2022; Tamir et al.,
2016). One prior study using the most comprehensive
set of English trait words to date showed that the
hundreds of different trait judgments that people make
from faces could be summarized by four dimensions:
warmth, competence, femininity, and youth (Lin et al.,
2021). But even that study was limited to posed photos
of neutral faces of White individuals. Here, using
naturalistic face images of diverse individuals, we rep-
licated the four-dimensional framework in both neu-
rotypicals and individuals with ASD. Importantly,
much research has shown that factors such as facial
expressions, race, and contexts play an important role
in shaping how people make social trait judgments
from faces (Todorov, 2017; Zebrowitz et al., 2010). Our
results indicate that these factors do not significantly
change the correlational structure between different
trait judgments.

The correlational structure between trait judgments
has been shown to be extremely flexible. It is shaped
by factors such as perceivers’ understanding of the con-
ceptual relations between the trait words and the per-
ceivers’ experiential sampling of the personality
structure in their local environment (Oh et al., 2022;
Stolier et al., 2018). Individuals with ASD are known to
have impairment in verbal ability (i.e., speech, verbal
IQ, communication ability, and verbal fluency; Oliveras-
Rentas et al., 2012; Spek et al., 2009) and reduction in
social interactions (Chawarska et al., 2012; Jahr et al.,
2007; Shic et al., 2020), even for participants with ASD
who have typical intellectual functioning. Surprisingly,
we found that the correlational structure across trait
judgments of faces was highly similar between neuro-
typicals and individuals with ASD. These findings sug-
gest that individuals with ASD and neurotypicals may
share similar understanding of the semantic relationship
between different social trait descriptions and similar
understanding of the personality structure in everyday
life. Altogether, our results suggest that all of the
four dimensions—warmth, competence, femininity, and
youth—may be fundamental to social cognition.

Within- and between-groups
variations of social trait judgments

In line with prior findings on the substantial heteroge-
neity among individuals with ASD (Happe et al., 2006),

we showed that the between-subjects consensus in
social trait judgments of faces among individuals with
ASD was lower than that in neurotypicals. At least three
factors may contribute to this increased heterogeneity.
First, there may be increased perceptual heterogeneity
in ASD, such as more diverse patterns of feature utiliza-
tion among individuals with ASD, which could be for-
mally tested in future research with dense individual
data using the critical pixel analysis pipeline that we
provided here. Second, there may be increased con-
ceptual heterogeneity in ASD, such as more diverse
understanding of the trait words among individuals
with ASD, although in our study, we have provided a
one-sentence definition of the trait word for every par-
ticipant. Third, there may be increased mapping het-
erogeneity in ASD, such as different mappings between
facial features and social trait impressions. The analysis
pipeline of DNN features in regressions that we pro-
vided here could be flexibly applied to comparing mod-
els trained on dense individual data, which will provide
insights into this possibility.

Prior research on the variation of social trait judg-
ments from faces focused on three factors: targets, per-
ceivers, and contexts (Hehman et al., 2017). It has been
shown that these three factors mainly influence social
trait judgments independently (Xie et al., 2022). How-
ever, our findings indicate that these factors may interact.
For instance, the group differences that we found
between participants with SR-ASD and neurotypicals (see
Fig. 1) were not merely due to baseline perceiver differ-
ences (e.g., participants with SR-ASD rated all faces on
a trait higher than neurotypicals). Instead, perceiver dif-
ferences were most prominent for specific types of faces
(targets): the faces that received the most extreme ratings
from neurotypicals (see Figs. 1g—1i), unfamiliar faces (see
Figs. S2c and S2d), same-race faces (see Figs. S2e and
S2f), same-sex faces (see Figs. S2g and S2h), and trait-
dependent subsets of faces (see Fig. 2). These findings
suggest that the different social evaluation of faces may
be a result of different conceptual associations between
social traits and social groups (i.e., social stereotypes)
in individuals with SR-ASD compared with neurotypicals
(e.g., the most stereotypical faces for neurotypicals
received less extreme ratings in SR-ASD; see Fig. 11).

We revealed that social trait judgments from partici-
pants with SR-ASD were associated with different criti-
cal pixels of the face compared with neurotypicals (see
Fig. 3). These findings are consistent with the large
eye-tracking literature showing that people with ASD
view faces differently (Kliemann et al., 2010; Neumann
et al., 20006; Pelphrey et al., 2002; Spezio et al., 2007).
For example, people with ASD show an increased ten-
dency to saccade away from the eye region of faces
when information is present in those regions (Spezio
et al., 2007) but instead have an increased preference
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to fixate the location of the mouth (Neumann et al.,
20006). Furthermore, people with ASD demonstrate
active avoidance of fixating the eyes in faces, which in
turn influences recognition performance of emotions
(Kliemann et al., 2010). In particular, our recent study
has shown that the neural substrates underlying fixa-
tions on faces are related to perceived social trait judg-
ments (Cao et al., 2021). Therefore, different social trait
judgments in ASD may stem from different eye move-
ment patterns when viewing faces. Furthermore, differ-
ent social trait judgments in ASD compared with
neurotypicals may be attributed to differential neural
face representation in the amygdala and hippocampus
(Cao et al., 2022).

Reconciling prior literature comparing
social trait judgments between
individuals with ASD and neurotypicals

Prior studies have shown inconsistent results regarding
whether individuals with ASD make social trait judg-
ments of faces similar to neurotypicals. Earlier studies
using photographs of real people have shown that peo-
ple with ASD evaluated social traits such as facial trust-
worthiness (Adolphs et al., 2001; Forgeot d’Arc et al.,
2016) differently from neurotypicals. Other studies using
computer-generated faces have shown that adults with
ASD judge trustworthiness and dominance (Latimier
et al., 2019) as well as a variety of seven different traits
(Lindahl, 2017) similarly to neurotypicals. Without a
clear understanding of whether individuals with ASD
make different social trait judgments from faces, we are
uncertain whether these judgments may be linked to
the different social behaviors observed in ASD.

Our results provided initial empirical evidence that
the complexity of the face stimuli plays an important
role in determining whether individuals with ASD and
neurotypicals make different social trait judgments from
faces. In addition to using a diverse set of naturalistic
face stimuli that varied in factors such as facial expres-
sions, pose, gaze, and background in our main study,
we conducted a preregistered study using an indepen-
dent set of controlled face stimuli that were neutral and
frontal, with a direct gaze and a uniform background.
We tested three preregistered hypotheses: the overall
psychological structure, interrater consistency, and rat-
ing specificity. We found that the trait judgments made
by individuals with SR-ASD in response to the more
controlled facial stimuli (see Fig. 5) were more similar
to those of neurotypicals than to judgments made in
response to naturalistic faces (see Fig. 1), although dif-
ferences persisted for some traits. Our findings suggest
that the discrepant results in prior literature may be due
to the variation of face stimuli: More differences between
individuals with ASD and neurotypicals will be observed

when more complex, naturalistic stimuli are used. These
results suggest that the greater differences in social trait
judgments from faces between individuals with ASD and
neurotypicals in naturalistic contexts may help explain
the differences in social behavior observed between
these two groups in real-world interactions.

Limitations of our study

Although our study had advantages (see the Supplemen-
tal Material), several limitations of our designs con-
strained the generalizability of our conclusions.

First, we collected data from a large online sample
and confirmed that participants with SR-ASD had sig-
nificantly high AQ and SRS scores. This large amount of
data makes it possible to train more complicated models
(e.g., allowing nonlinearity) to provide new insights into
how features within and across faces contribute to atypi-
cal trait judgment in ASD. However, the validity of AQ
and SRS as indications of clinical ASD is still under
debate (Hadad & Yashar, 2022). The online sample with
SR-ASD may also include a wide range of autism sever-
ity, although it is most likely that our participants have
typical intellectual functioning. Specifically, the mean
AQ for online participants with SR-ASD was lower than
that of in-lab participants with ASD and might be below
the cutoff score of AQ for ASD (note that the cutoff
score of AQ is debatable), whereas the mean AQ for
online neurotypicals was higher than that of in-lab neu-
rotypicals. Therefore, online participants may exhibit
less variation in autism severity compared with in-lab
participants, although a greater difference in ratings was
observed. Future research is needed to investigate social
trait judgments as a function of autism diagnoses and
stratify participants on the basis of autism severity.

Second, using an independent sample of in-lab par-
ticipants, we successfully replicated three key results:
the intact overall dimensional structure, the reduced
interrater consistency, and the reduced rating specificity
in SR-ASD. However, the results regarding the magnitude
of trait ratings in ASD compared with neurotypicals show
less consistency between the two samples. Specifically,
in the main online experiment, participants with SR-ASD
had more positive ratings, whereas in the replication
in-lab experiment, participants with ASD had more nega-
tive ratings. These discrepancies in the results may be
attributed to various factors, including the different par-
ticipant compositions (see the Method section and Table
1), potential sex differences in social trait judgment
(Bosak et al., 2011; Wallach & Kogan, 1959), differing
functioning levels of participants, the specificity of ASD
diagnoses (as mentioned above), and variations in survey
modes. Furthermore, these differences were likely influ-
enced by reduced rating specificity, meaning that
depending on the variations at the extremes, the grand
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average could show either a positive or a negative dif-
ference between the groups. In other words, relying
solely on the grand average might oversimplify the com-
parison between the groups. Future research that quanti-
fies comprehensive differences between samples may
provide further insights into the extent and nature of the
differences in the magnitude of various trait judgments
between individuals with ASD and neurotypicals.

Third, we attempted to improve generalizability by
sampling social traits comprehensively along core
dimensions and using both ambient face stimuli and
photos taken in more controlled conditions. However,
these designs do not account for all possible factors
that may be associated with trait judgment differences
between individuals with ASD and neurotypicals. For
instance, all of our face stimuli were static, whereas in
real life, people usually see others move their faces
dynamically. Future research using dynamic face stimuli
will inform how atypical trait judgments from faces
might have behavioral consequences for real-life social
interactions in ASD.

We further discuss possible caveats of our study as
well as future directions in the Supplemental Material.
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