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Abstract

Processing faces is difficult for individuals with autism spectrum disorder (ASD). However, it
remains unclear whether individuals with ASD are capable of making high-level social trait
judgments from faces. Here, we comprehensively address this question using naturalistic face
images and representatively sampled traits. Despite of intact underlying dimensions, people with
ASD showed atypical judgments and reduced specificity within each trait. Deep neural networks
revealed that these group differences were driven by discrepant judgments for certain types of
faces and differential attention to certain features within a face. Our results were replicated in well-
characterized in-lab participants and partially generalized to posed neutral faces (a preregistered
study). Finally, atypical social trait judgments from faces in ASD were associated with socio-
emotional experience during social interactions. Together, our results provide new insights into

the computational bases and behavioral consequences of social trait judgments in ASD.
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Introduction

People spontaneously make judgments of others’ enduring dispositions upon seeing their faces:
some look warm, some look competent, or feminine'-3. Although the accuracy of these trait
judgments remains debated*, they predict consequential behaviors in the real world, from dating
and hiring decisions® to voting and courtroom sentencing®’. Some studies have shown surprisingly
high consensus between perceiver groups from different cultures and different age groups®1°,
Others have found profound individual differences in such judgments!®?, For instance, a twin
study has found stable differences in trustworthiness impressions, which are mainly shaped by
unique personal experience!!. A global study has shown that the different personality structures of
people in one’s local environment lead to different structures of one’s trait judgments from faces*2.
However, little is known whether trait judgments from faces will also be different due to atypical

social functioning such as that occurs in autism spectrum disorder (ASD).

ASD is a neurodevelopmental disorder that has been linked to deficits in the primary visual
cortex'314, the mirror neuron system (e.g., in the inferior frontal gyrus)!>6, and the network of
structures implicated in social cognition (e.g., amygdala, fusiform face area)!’-?L. Individuals with
ASD demonstrate multiple quantitative deficits in various aspects of face processing, including
gaze processing, discriminating and memorizing different facial identities, and recognizing
emotions from facial expressions??2, They also spend less time engaging in social interactions
and looking at faces?®-3!, and of course a core part of the diagnostic criteria includes atypical social
interactions. Given these two sets of findings — atypical face processing and atypical social
behavior — a common 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

towards others.

Findings from prior research remains inconclusive on this hypothesis. Studies using computer-
generated faces generally find that individuals with ASD make similar trait judgments from faces
as controls®>34, For instance, one study investigated seven trait judgments (attractiveness,
competence, dominance, extraversion, likeability, threat, and trustworthiness) using computer-
generated faces and found no group difference between ASD and controls in any of the traits®. In
contrast, studies using photographs of real people have revealed abnormal trait judgments in

ASD?%*3, For instance, one study investigated judgments of trustworthy and approachability using
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black-and-white photos of real faces in natural poses and found that individuals with ASD gave
abnormally more positive ratings to these faces on both traits than controls®. Yet prior studies are
limited in their conclusions by the narrow range of traits that are investigated, and also by the often

narrow diversity 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 in comparison to controls. To maximize generalizability, we not only use naturalistic
face stimuli of celebrities of diverse races, face angles, gaze directions, and facial expressions
taken in naturalistic contexts (e.g., non-posing photos captured in the street or events)3, but also
compare our findings with more controlled face stimuli of unfamiliar individuals with neutral
expressions in a preregistered study. We investigate how people make judgments of these faces
for a set of eight traits that summarize the comprehensive dimensions of trait judgments from faces
(two traits for each of the four dimensions)3. Using these rich data, we leverage deep learning
techniques to characterize the specific patterns of atypical social trait judgment in ASD. We collect
trait ratings from two large samples of online ASD and control participants (one sample for
preregistered study), and a well-characterized in-lab sample of ASD and control participants. We
compare the ASD and control data for their respective correlational structure across traits and
ratings across faces within each trait. We characterize the types of faces as well as the features
within a face that drive differences in the trait ratings between groups. Finally, in a case study, we
show that our results have consequences for socio-emotional experience during social interactions.
We do so by measuring guilt experience following interpersonal transgression, which critically
depends on the transgressors’ perception of the victim’s reaction®” such as that based on the

victim’s face.

Results
. Intact psychological dimensions underlie trait judgments from faces in ASD

We recruited participants with self-identified ASD and controls (see Methods; autism confirmed
with AQ and SRS; results replicated with in-lab participants with ASD who had ADOS diagnosis).
Participants from each group (see Table 1 and Supplementary Fig. 1 for summary) rated the faces

on eight traits: warm, critical, competent, practical, feminine, strong, youthful, and charismatic
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(see Fig. 1a 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 (PCA) on the aggregate
ratings (averaged per face across participants) across the eight traits for each group. The first four
PCs (without rotation) explained most of the variance in each group: 44%, 23%, 14%, 11% in
online participants with ASD (total 92%) and 38%, 27%, 17%, 9% in online controls (total 92%).
These results indicate that four dimensions optimally summarized the eight trait judgments of our

naturalistic face stimuli.

Therefore, we extracted four PCs from each group and applied the varimax rotation for maximal
interpretability. The four dimensions from each group could be interpreted as warmth, competence,
femininity, and youth (see Fig. 1b for PC loadings and Supplementary Fig. 2a for correlations
between trait judgments), replicating the comprehensive four-dimensional space found in prior
research with posed neutral white faces using a different type of face stimuli (naturalistic faces of
famous people with different races and facial expressions) and different groups of participants 3.
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 PC loadings (i.e., cosine
distance between loadings). We found that the four dimensions found in both groups were highly
similar (Tucker indices = 0.99, 0.97, 0.99, 0.99 between ASD and controls). These results suggest
that the comprehensive psychological dimensions that underlie trait judgments from faces remain
intact in ASD.

I1. Atypical ratings for trait judgments along all dimensions in ASD

A highly similar correlational structure across trait judgments between groups does not guarantee
group similarity in the judgment of every trait. Here, we compared the judgment of each trait
between the two groups. We first analyzed the inter-rater consistency for each trait judgment (Fig.
1c, d). We found that participants with ASD were more heterogeneous with respect to each other
than controls for six of the eight traits distributed across all four dimensions (see Fig. 1c, d legend

for statistics), consistent with the widely reported heterogeneity in ASD®,
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Trait judgments were highly consistent for different face images of the same identity for both
participants with ASD and controls (Supplementary Fig. 2b). We next compared the mean of the
aggregate ratings across participants per trait between groups. We found that participants with
ASD gave atypical ratings for five of the eight traits distributed across all four dimensions (Fig.
le; see figure legend for statistics): warm, practical, feminine, strong, and youthful. ASD and
controls could be distinguished based on how they rated the faces on the eight traits (support vector
machine classifier with 10-fold cross-validation and 100 repetitions, accuracy = 79.62%+4.18%
[mean£SD]). These results suggest that individuals with ASD tend to evaluate faces differently

across all four comprehensive dimensions.

We further zoomed into each face identity and examined which face identities led to the most
discrepant ratings between groups. We rank-ordered the face identities according to the average
ratings from the controls. We found that for the judgments of warm, practical, strong, and youthful,
participants with ASD gave higher ratings for most of the face identities (Fig. 1f). These results
showed that the atypically positive trait judgments in ASD were not merely driven by certain face
identities. Interestingly, we found that for the judgments of competent, practical, and feminine,
participants with ASD demonstrated a compressed range in their ratings across faces. That is,
participants did not vary their ratings as much as controls across face identities (e.g., competent
and practical in Fig. 1f), leading to higher ratings on the faces that controls judged low and lower

ratings on the faces that controls judged high.

To formally quantify this observation, we compared the ratings between groups separately for the
10 face identities on which controls provided highest ratings (Fig. 1g) and the 10 face identities
on which controls provided lowest ratings (Fig. 1h). We found that compared to controls,
participants with ASD provided significantly lower ratings for the top 10 identities when judging
critical (Fig. 1g; t(806) = 3.33, P = 0.00090), competent (t(807) = 4.74, P = 2.49x10°%), practical
(t(802) = 2.05, P = 0.041), feminine (t(736) = 6.51, P = 1.39x10717), and youthful (t(829) = 2.24, P
=0.026); and they provided significantly higher ratings for the bottom 10 identities for warm (Fig.
1h; t(824) = 4.60, P = 4.80x107%), competent (t(807) = 5.52, P = 4.66x10°®), practical (t(802) =
5.48, P = 5.64x1078), feminine (t(736) = 6.17, P = 1.13x107°), strong (t(822) = 3.06, P = 0.0023),
and youthful (t(829) = 5.55, P = 3.93x1078). Therefore, the difference between the top 10 and
bottom 10 identities was significantly smaller in participants with ASD compared to controls
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across judgments of all four dimensions (Fig. 1i): warm (t(824) = 4.03, P = 6.10x10°°), critical
(t(806) = 3.30, P = 0.001), competent (t(807) = 9.82, P = 1.35x10?!), practical (t(802) = 6.85, P
= 1.52x1072), feminine (t(736) = 6.51, P = 7.01x107%3), strong (t(822) = 3.63, P = 0.0003), and
youthful (t(829) = 5.07, P = 4.89x107'). Together, these results suggest that participants with ASD
have a reduced discriminability for most social trait judgments. These findings are consistent with
the reduced specificity in emotion perception 3° and noisier and more random eye movement

behavior in autism in general 4°-42,
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Fig. 1. Social trait judgments from participants with ASD and controls. (a) Example stimuli ranked by average ratings
from controls for each social trait. (b) PCA loadings of social traits on the first four PCs. Each column plots the
strength of the loadings (x-axis, absolute value) across traits (y-axis). Color coding indicates the sign of the loading
(orange for positive and purple for negative). Saturated colors highlight each trait’s most strongly correlated PC. (c,
d) Inter-rater consistency. Inter-rater consistency of each trait was estimated using (c) the intraclass correlation
coefficient (ICC) ® and (d) the Spearman’s correlation coefficient (p). Inter-rater consistency was first calculated
between raters and averaged within each module, and then averaged across modules. Participants with ASD
demonstrated lower inter-rater consistency for most of the traits: warm (two-tailed paired t-test across 10 rating
modules; ICC: t(9) = 3.45, P = 0.0073; Spearman: t(9) = 3.19, P = 0.011), competent (ICC: t(9) = 5.43, P = 0.00042;
Spearman: t(9) = 5.78, P = 0.00027), practical (ICC: t(9) = 4.21, P = 0.0023; Spearman: t(9) = 3.26, P = 0.0099),
feminine (ICC: t(9) = 5.19, P = 0.00057; Spearman: t(9) = 7.28, P = 4.66x107%), strong (ICC: t(9) = 4.06, P = 0.0029;
Spearman: t(9) = 4.09, P = 0.0027), and youthful (ICC: t(9) = 4.49, P = 0.0015; Spearman: t(9) = 5.76, P = 0.00027).
(e) Aggregate ratings. Participants with ASD gave atypical ratings for five traits (two-way repeated-measure ANOVA,;
main effect of participant group: F(1,5613) = 12.82, P = 3.65x10°% main effect of trait: F(7,5163) = 255.3, P =
1.22x1072%; interaction: F(7,5613) = 4.27, P = 1.03x104): warm (two-tailed two-sample t-test across participants;
t(824) = 3.31, P = 0.00097), practical (t(802) = 3.13, P = 0.0018), feminine (t(736) = 2.65, P = 0.0082), strong (t(822)
= 3.10, P = 0.0020), and youthful (t(829) = 4.47, P = 9.03x107°). Error bars denote +SEM across rating modules.
Asterisks indicate a significant difference between participants with ASD and controls using two-tailed two-sample t-
test. *: P < 0.05, **: P < 0.01, ***: P < 0.001, and ****: P < 0.0001. (f) Ratings for each face identity rank-ordered
by mean ratings from controls. Red: ASD. Blue: controls. Error bars and error shades denote +SEM across rating
modules. (g) Average ratings for the 10 identities with the highest ratings from controls. (h) Average ratings for the

10 identities with the lowest ratings from controls. (i) Difference in ratings between the top 10 and bottom 10 identities.

Since our face stimuli were photos of celebrities, with whom participants might be familiar, we
investigated how familiarity of faces might influence trait judgments (Supplementary Fig. 2c, d).
Participants with ASD had more atypical ratings for unfamiliar identities (Supplementary Fig.
2¢) compared to familiar identities (Supplementary Fig. 2d). Specifically, participants with ASD
rated unfamiliar identities on warm, feminine, strong, and youthful substantially higher than
controls (Supplementary Fig. 2c¢), and rated familiar identities on practical and feminine slightly
higher than controls (Supplementary Fig. 2d; see figure legend for statistics). The distribution of
familiar and unfamiliar identities was similar between participant groups. Therefore, these results

suggest that individuals with ASD tend to make positive evaluations to strangers’ faces.

Since prior findings showed that people are biased by racial information when making trait
judgments 4344, we capitalized on our racially diverse stimuli and participants to analyze potential

cross-race effects (Supplementary Fig. 2e, f). We found that group differences in trait judgments
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were primary driven by same-race faces as the participants (Supplementary Fig. 2e; see figure
legend for statistics) rather than cross-race faces (Supplementary Fig. 2f). In addition, we found
that group differences in trait judgments were primarily driven by same-sex faces as the
participants (Supplementary Fig. 2g; see figure legend for statistics) rather than cross-sex faces
(Supplementary Fig. 2h). We also showed that race and sex information did modify social trait
judgments (see Supplementary Fig. 2 legend for details). Together, these findings suggest that
people with ASD give the most atypical trait judgments when no other biographical information

is known about the face (unfamiliar) and when it is of an in-group with respect to race and sex.

I11. Features across faces that contribute to atypical trait ratings in ASD

What types of faces drove the rating differences in ASD? Do the faces that participants with ASD
judged most atypically share common visual features? To answer these questions, we extracted
facial features from each image using a pre-trained deep neural network (DNN) VGG-16 *® and
constructed a two-dimensional face feature space using t-distributed stochastic neighbor
embedding (t-SNE) for each DNN layer. Although this DNN model was originally trained to
classify face identities, it has been shown that its features also predict various social trait judgments
4647 (note that other DNN models could derive similar results ). Furthermore, this model has
demonstrated correspondence to neural processing of faces in the human brain, at both single-

neuron level “8 and neural population level 4.

We next projected the difference in rating per trait between groups for each face onto the DNN-
derived 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 2D feature map;
Supplementary Fig. 3a, i). To formally quantify the difference in feature maps between groups
and identify discriminative feature map regions for each social trait (see Supplementary Fig. 3
for illustration of detailed procedures), we estimated a continuous density map in the feature space
from our sparse sampling (Fig. 2a-d left and Supplementary Fig. 3b, d, j, I) and used a
permutation test (1000 runs; Fig. 2a-d middle and Supplementary Fig. 3c, e, k, m) to identify
regions that had a significant group difference (Fig. 2a-d right and Supplementary Fig. 3h, p).
The identified region in the feature map of each DNN layer for each trait contained faces that were
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most discriminative for ratings between ASD and controls (note that an equal difference across
faces could not lead to a discriminative region; in other words, a discriminative region could not
be simply resulted from the gross difference in ratings).
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Fig. 2. Features across faces that contribute to atypical trait ratings in ASD. (a-d) Estimation of the rating density and
identification of the discriminative regions in the feature space. By comparing observed (left) versus permuted
(middle) difference in ratings between groups, we could identify a region in the feature space (right) where the
difference in ratings was significant (discriminative regions). These regions contain faces that are most discriminative
for ratings between ASD and controls (delineated by the outlines; also shown in (g)). Color coding shows density in
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practical. (c) Trait feminine. (d) Trait youthful. (e) Discriminative regions in the face feature space constructed by t-
distributed stochastic neighbor embedding (t-SNE) for the deep neural network (DNN) layer FC6. All stimuli are
shown in this space. The feature dimensions are in arbitrary units (a.u.). Outlines delineate the discriminative regions

for each trait. (f, g) Representation similarity between social trait judgment ratings and DNN features for each DNN
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layer. Solid circles represent a significant above-chance correlation (permutation test: P < 0.05, Bonferroni correction
across layers). Shaded area denotes £SD across rating modules. Dashed line denotes £SD across permutation runs.
Asterisks indicate a significant difference between participants with ASD and controls using permutation test. ***: P
< 0.001. Red: ASD. Blue: controls. (f) Trait practical. (g) Trait youthful.

Using this approach, we identified faces that were judged most atypically by participants with
ASD for each trait. For example, we found that judgments of competent primarily differed in
young, male, Caucasian faces (Fig. 2a, e), whereas judgments of youthful primarily differed in
African American faces as well as old, male, Caucasian faces (Fig. 2d, e; see Supplementary Fig.
4a for other discriminative regions across DNN layers). 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 different discriminative faces (Fig. 2a-e and
Supplementary Fig. 4a). These discriminative faces mainly appeared in the intermediate and later
DNN layers where facial features are abstracted towards semantic representations
(Supplementary Fig. 4a). These results suggest that the atypical social trait judgments in
participants with ASD may stem from different representations of more abstract facial features.
We further correlated the similarity across faces °° between social trait ratings and DNN features
(see Methods). Again, we found that the group differences in trait judgments were primarily in
the later DNN layers (Fig. 2f, g and Supplementary Fig. 4b), confirming that atypical social trait

judgments in ASD are driven by more abstract facial features.

IV. Features within faces that contribute to atypical trait ratings in ASD

Besides the different sensitivity to certain types of faces in ASD, the different ways that individuals
with ASD take cues from an individual face may also contribute to their atypical social trait
judgments. To understand which part of the face may be more informative for participants with
ASD compared to controls, we trained a DNN to predict the rating from each face image for each
trait (Supplementary Fig. 5a). A DNN was trained separately for participants with ASD and
controls (see Supplementary Fig. 5b for model performance). We visualized the critical pixels in
the face images that led to the correct prediction of social trait judgment using layer-wise relevance
propagation (LRP) (see Methods).
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We first confirmed that critical facial parts such as the eyes, mouth, and hair were important to
predict social trait judgments (see Fig. 3a, b for examples and Fig. 3c for group summary). We
then averaged LRP maps across face images for each participant group (Fig. 3c; note that critical
facial parts are aligned across stimuli %) and identified face regions that quantitatively differed
between groups (Fig. 3d). We found that controls relied more on information from the forehead
than ASD when judging warm, critical, practical, and strong. Controls relied more on information
from the eyes than ASD when judging practical and strong. Controls also relied more on
information from the mouth than ASD when judging warm, feminine, and strong. Interestingly,
participants with ASD utilized more information from the forehead and eyes when judging
youthful and charismatic than controls. Together, our results reveal features within faces that

participants with ASD differentially utilize to judge social traits compared to controls.
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Fig. 3. Features within faces that contribute to atypical trait ratings in ASD. Relevance of each pixel to classification
was revealed using layer-wise relevance propagation (LRP). Color coding shows LRP values in arbitrary units (a.u.).
Yellow pixels positively contributed to the classification whereas blue pixels negatively contributed to the
classification. (a, b) Two example faces and their corresponding LRP maps. (a) Trait warm. (b) Trait strong. (c)
Average LRP maps for each trait and each group. (Upper) Images from controls. (Lower) Images from participants
with ASD. (d) Difference in LRP maps for each trait. Red contours show the regions with a significant difference
between participants with ASD and controls using two-tailed paired t-test (P < 1078; cluster size > 5% of all pixels).
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V. Validation with well-characterized in-lab participants

The above results were based on online participants with self-identified ASD. We next confirmed
our findings by acquiring ratings from a sample of in-lab participants with confirmed ASD
diagnosis (n = 27) and matched controls (n = 21). We reproduced the same PCA structure (Fig.
4a), reduced inter-rater consistency (Fig. 4b, c; see figure legend for statistics), and atypical trait
ratings in ASD (Fig. 4d; note here controls showed more positive ratings; see Discussion).
Importantly, we confirmed that participants with ASD had reduced specificity in their ratings (Fig.

4e-h). Together, we validated our main findings in participants with confirmed ASD diagnosis and
matched controls.
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Fig. 4. Validation with in-lab participants. (a) PCA loadings of social traits on the first four PCs. (b, ¢) Inter-rater
consistency. Participants with ASD demonstrated lower inter-rater consistency for most of the traits: warm (two-tailed
paired t-test across 10 rating modules; ICC: t(9) = 6.98, P = 6.44x10°°; Spearman: t(9) = 12.78, P = 4.48x1077), critical
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(Spearman: t(9) = 4.97, P = 0.0007), competent (ICC: t(9) = 9.15, P = 7.44x10°%; Spearman: t(9) = 10.37, P =
2.64x107°), practical (ICC: t(9) =6.49, P = 0.0001; Spearman: t(9) = 7.98, P = 2.26x107®), feminine (ICC: t(9) = 3.00,
P = 0.015; Spearman: t(9) =5.41, P = 0.0004), strong (ICC: t(9) = 2.69, P = 0.025; Spearman: t(9) = 5.73, P = 0.0002),
youthful (ICC: t(9) = 7.82, P = 2.65x107°; Spearman: t(9) = 12.63, P = 4.99x107"), and charismatic (ICC: t(9) = 6.97,
P = 6.57x1075; Spearman: t(9) = 12.58, P = 5.14x107"). (d) Aggregate ratings. Controls had a significantly higher
rating for warm (t(397) = 2.76, P = 0.006), competent (t(369) = 3.87, P = 0.0001), practical (t(336) = 4.41, P =
1.38x107%), strong (t(403) =3.27, P = 0.001), and charismatic (t(395) =5.51, P = 6.37x107%). (e) Ratings for each face
identity rank-ordered by mean ratings from controls. Red: ASD. Blue: controls. Error bars and error shades denote
+SEM across rating modules. (f) Average ratings for the 10 identities with the highest ratings from controls. (g)
Average ratings for the 10 identities with the lowest ratings from controls. (h) Difference in ratings between the top

10 and bottom 10 identities. Legend conventions as in Fig. 1.

V1. Comparison with posed neutral faces

We derived the above results using complex, naturalistic face stimuli. How well could individuals
with ASD make social trait judgments from simpler, controlled face stimuli? To address this
question, we conducted a preregistered study (see Methods) using posed photos of real people
with neutral expressions from a previous study 3 (see Fig. 5a for examples). First, we replicated
that the comprehensive dimensional structure underlying trait judgments remained intact in ASD
(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, 0.99).
Second, we observed a reduced inter-rater consistency for warm, feminine, strong, and youthful
(Fig. 5c, d; see figure legend for statistics), consistent with the results from complex, naturalistic
face stimuli (Fig. 1c, d). Third, we observed a significant group difference in aggregate ratings
only for the trait critical (Fig. 5e; see Supplementary Fig. 2c for a comparison), and reduced
specificity in ratings only for strong and youthful (Fig. 5f-h; see Fig. 1f-h for a comparison). Thus,
the findings from complex naturalistic faces partially generalized to posed neutral faces (our
controls’ ratings highly correlated with those in the previous study 3, see Supplementary Fig. 6).
These findings suggest that, the differences between the two sets of face stimuli such as facial
expressions, backgrounds, and familiarity may play an important role in shaping how individuals

with ASD make social judgments from faces (see Discussion).
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Fig. 5. Validation with an independent sample of participants using unfamiliar face stimuli. (a) Example stimuli ranked
by average ratings from controls for each social trait. (b) PCA loadings of social traits on the first four PCs. (c, d)
Inter-rater consistency. (c) Intraclass correlation coefficient (ICC). Participants with ASD demonstrated a lower ICC
for warm (one-tailed two-sample t-test across participant pairs; t(60769) = 2.40, P = 0.0082), feminine (t(59782) =
25.6, P < 107%9), strong (t(61508) = 27.0, P < 1071%), and youthful ((60516) = 15.5, P < 107%9). (d) Spearman’s
correlation coefficient (p). Participants with ASD demonstrated a lower correlation coefficient for feminine (t(59782)
=21.4,P <1071, strong (t(61504) = 28.7, P < 1071%), and youthful (t(60516) = 23.2, P < 10719). (e) Aggregate ratings.
Participants with ASD had a significantly higher rating for critical (one-tailed two-sample t-test; t1(489) = 1.83, P =
0.034). (f) Ratings for each face identity rank-ordered by mean ratings from controls. (g) Average ratings for the 10
identities with the highest ratings from controls. (h) Average ratings for the 10 identities with the lowest ratings from

controls. (i) Difference in ratings between the top 10 and bottom 10 identities. Legend conventions as in Fig. 1. (j, k)
Ratings for in-group versus out-group faces. Grouping was base on how “autistic” the faces were perceived by an
independent group of participants %; and we used median-split to partition the stimuli into two groups. Solid bars: faces
that were perceived as more autistic (“High-autistic”). Open bars: faces that were perceived as less autistic (“Low-

autistic”). (j) Controls. (k) Participants with ASD. Error bars denote £SEM across participants. Asterisks indicate a
significant difference using two-tailed paired t-test. *: P < 0.05 and ****: P < 0.0001.

Interestingly, controls in the previous study provided ratings on how autistic the faces looked 3.
We next explored whether participants with ASD demonstrated an in-group/out-group bias in
social evaluation. We median-split the stimuli into “High-autistic” versus “Low-autistic” based on
those controls’ ratings, and compared the ratings provided by our participants for each trait. We
found that both controls (Fig. 5j) and participants with ASD (Fig. 5k) provided consistently more
positive ratings for faces that were perceived as less autistic. Although our results suggest no in-
group bias in participants with ASD, they suggest that the autistic impression of a face may

modulate social trait judgments in both controls participants with ASD.

VIII. Atypical link between social trait judgment and socio-emotional experience in ASD

Do the atypical social trait judgments in individuals with ASD shape their socio-emotional
experience in social interactions? To answer this question, we used a dot-estimation task and
measured transgressor’s guilt experience following interpersonal transgression as an exemplar

social interactive context (Fig. 6a; see Methods). This task has been shown to effectively induce
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guilt (see Methods). We recruited 47 online participants with self-identified ASD and 139 controls

(17 participants with ASD and 124 controls overlapped with the main study mentioned above).

We first examined the two groups’ performance in this task. We focused on comparing the self-

incorrect condition and the both-incorrect condition because the participants’ performance
feedback was the same (namely, “incorrect”) in these two conditions. Therefore, participants’

perception of their own performance in the dot-estimation task should not have any impact on the
comparison. We showed that our experimental conditions (self-incorrect versus both-incorrect)
had a significant main effect on self-reported guilt (linear mixed effect model; B = 12.01+2.71,
95% CI =[6.70, 17.33]; b =0.39, 95% CI = [0.22, 0.56]; t = 4.43, P = 1.15x10°°). However, there
was no main effect of group (B = —3.18+4.59, 95% CI = [-12.16, 5.80]; b = —0.10, 95% CI = [-
0.39, 0.19]; t = —0.69, P = 0.488). Importantly, we observed a significant group-by-condition
interaction for self-reported guilt (Fig. 6b; B = 6.91+£3.12, 95% CI =[0.78, 13.02]; b = 0.22, 95%
Cl1=[0.03,0.42]; t=2.21,P =0.027) and, to a lesser degree (marginal effect), the tendency towards
compensating the partner (i.e., compensatory tendency; Fig. 6¢; B = 0.37£0.21, 95% CI = [-0.03,
0.78]; b =10.12, 95% CI = [-0.01, 0.25]; t = 1.81, P = 0.071). These results suggest that for ASD
participants, responsibility in causing unpleasant outcomes to a social partner had less impact on

their negative self-conscious emotions (e.g., guilt) compared with controls.

We next investigated whether group differences in socio-emotional experience are associated with
social trait judgments from faces (Fig. 6d-i). As in the main study, we acquired trait ratings of
naturalistic faces from a subset of participants who completed the guilt task (34 ASD, 124
controls). We first showed that trait judgments of faces had significant main effects on self-
reported guilt (controlling for the effects of conditions, groups, and group-by-condition) for warm
(linear mixed effect: B = 9.56+3.87, 95% CI = [2.03, 17.09]; t = 2.47, P = 0.015), critical (B =
8.17+3.37,95% CI =[1.61, 14.72]; t = 2.43, P = 0.017), youthful (B = 9.88+3.90, 95% CI =[2.30,
17.47]; t = 2.54, P = 0.012), and charismatic (B = 9.88+3.57, 95% CI = [2.93, 16.82]; t = 2.77, P
=0.006). Importantly, we observed significant group-by-trait-judgment interaction effects on self-
reported guilt for warm (B = —22.73+8.48, 95% CI = [-39.24, —6.21]; t = —2.68, P = 0.008),
competent (B = —17.24+7.00, 95% CI = [-30.87, —3.62]; t = —2.46, P = 0.015), and charismatic
(B=-14.4247.13, 95% CI = [-28.30, —0.54]; t =-2.02, P = 0.045), indicating that the associations

between self-reported guilt and these social trait judgments were weaker in participants with ASD
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compared to controls. These results suggest that social trait judgments from faces are associated
with guilt experience in social interactions and such socio-emotional responses and consequences

in individuals with ASD are weakened.
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Fig. 6. Association between social trait judgment and guilt experience. (a) Procedure of the guilt induction task. At
the beginning of each trial, the participant was randomly paired with a Player (i.e., Partner). The participant and the
Partner then completed a dot estimation task, where they estimated the number of dots on the screen and compared it
with a reference number (21 in this case). The participant’s and the Partner’s performance was then presented. Failure
of either of them would lead to an unpleasant outcome for the Partner — viewing an aversive picture for 10 secs. In
different trials, participants were asked to report their feelings of guilt or willingness to share the Partner’s unpleasant
outcome as a hypothetical measure of compensation. (b) Self-reported guilt and (c) compensation as a function of
experimental condition and participant group. Our manipulation (i.e., responsibility) had stronger effects on (b) self-
reported guilt and (c) compensatory tendency in the control group than in the ASD group. Each gray dot denotes a
participant. The central black dot denotes the mean and the error bar denotes 95% confidence interval across
participants. The contour is a kernel density estimation to show the distribution shape of the data. Significance of main
effect and group-by-condition interaction: #: P < 0.1, *: P < 0.05, and ***: P < 0.001. n.s.: not significant. (d-f) Self-
reported guilt in the (d) Self-Incorrect condition, (e) Both-Incorrect condition, and (f) their difference as a function of
the participant's mean warm rating in the face judgment task. (g-i) Self-reported guilt in the (g) Self-Incorrect
condition, (h) Both-Incorrect condition, and (i) their difference as a function of the participant's mean critical rating
in the face judgment task. Blue line: control group. Red line: ASD group. Error shade denotes +SEM across

participants.
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Discussion

We conducted a comprehensive investigation of how individuals with ASD make social trait
judgments of faces compared to controls. Using a representative set of traits and naturalistic face
stimuli, we showed that the dimensional structure underlying social trait judgments from faces
remained intact in participants with ASD (Fig. 1b). However, participants with ASD showed
reduced inter-rater consistency and atypical ratings for individual traits (Fig. 1c-i). We applied
neural network modeling to show that these discrepant ratings could be explained by discrepant
judgments for certain types of faces (Fig. 2) and discrepant utilization of features within a face
(Fig. 3). We validated these findings using another sample of well-characterized in-lab participants
(Fig. 4 and Supplementary Fig. 1). We showed that these findings partially generalized to less
complicated face stimuli (Fig. 5). Finally, we showed that social trait judgments from faces were
associated with socio-emotional experience in social interactions: they were linked to guilt
experience, but such effect was weakened in individuals with ASD (Fig. 6). Together, these
findings provide a comprehensive characterization of the psychological structure and
computational basis of social trait judgments from faces in individuals with ASD. These results
provide initial insights into how atypical face processing in individuals with ASD may be linked

to atypical social behavior.

Correlational structure between trait judgments

Prior research using the most comprehensive set of English trait words to-date showed that the
hundreds of different trait judgments people make of faces could be summarized by four
dimensions: warmth, competence, femininity, and youth 3. That study was limited to posed photos
of neutral faces of white individuals. Here, we replicated this four-dimensional space in both
controls and individuals with ASD using diverse, naturalistic faces. 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 4352, However, our results indicate that
including these factors does not significantly change the correlational structure between different

trait judgments.
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The correlational structure between trait judgments have been shown to be extremely flexible. It
is shaped by factors such as perceivers’ understanding of the conceptual relations between the trait
words, and the perceivers’ experiential sampling of the personality structure in their local
environment 253, Individuals with ASD are known to have impairment in verbal ability *5 and
reduction in social interactions 2°-3, even for high-functioning ASD populations. Surprisingly, we
found that the correlational structure across trait judgments of faces were highly similar between
controls and individuals with ASD. These findings suggest that individuals with ASD share similar
understanding of the semantic relationship between different social trait descriptions and similar

understanding of the personality structure in everyday life as controls.

Judgments of individual social traits

In line with prior findings on the substantial heterogeneity among individuals with ASD %, we
showed that the between-subject consensus in social trait judgments of faces among individuals
with ASD was lower than that in controls. 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 utilization among individuals with ASD, which could be formally tested in
future research with dense individual data using the critical pixel analysis pipeline we provided
here. Second, there may be increased conceptual 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 participant. Third, there may be
increased mapping heterogeneity in ASD, such as different mappings between facial features and
social trait impressions. The analysis pipeline of DNN features in regressions we provided here
could be flexibly applied to comparing models trained on dense individual data, which will provide

insights into this possibility.

We observed atypical judgments within each trait in individuals with ASD compared to controls
(Fig. 1). Importantly, these group differences were not merely due to baseline differences (e.g.,
ASD rated all faces on a trait higher than controls). Instead, atypical judgments were most salient
for specific types of faces: the faces that received most extreme ratings from controls (Fig. 1g-i),

unfamiliar faces (Supplementary Fig. 2c-d), same-race faces (Supplementary Fig. 2e-f), same-
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sex faces (Supplementary Fig. 2g-h), and trait-dependent subsets of faces (Fig. 2). These findings
suggest that the atypical social evaluation of faces may be a results of different conceptual
associations between social traits and social groups (i.e., social stereotypes) in individuals with
ASD compared to controls (e.g., the most stereotypical faces for controls received less extreme
ratings in ASD; Fig. 1i).

We revealed that participants took different cues from faces for social trait judgments (Fig. 3),
consistent with the large eye-tracking literature showing that people with ASD view faces
differently 4056-58 For example, people with ASD show an increased tendency to saccade away
from the eye region of faces when information is present in those regions °, but instead have an
increased preference to fixate the location of the mouth %6, Furthermore, people with ASD
demonstrate active avoidance of fixating the eyes in faces, which in turn influences recognition
performance of emotions %8, In particular, our recent study has shown that the neural substrates
underlying fixations on faces are related to perceived social trait judgments . Therefore, atypical
social trait judgment in ASD may stem from atypical eye movement patterns when viewing faces.
Furthermore, atypical social trait judgment in ASD may be attributed to differential neural face

representation in the amygdala and hippocampus 22.

Comparison between trait judgments of naturalistic versus posed faces

Prior studies have shown inconsistent results regarding whether individuals with ASD make social
trait judgments of faces similar to controls. Earlier studies using photographs of real people have
shown that people with ASD have atypical evaluation of social traits such as facial trustworthiness
3235 Other studies using computer-generated faces have shown that adults with ASD are as capable
as controls to judge trustworthiness and dominance from faces ** and a variety of seven different
traits 3. These findings suggest that the complexity of the face stimuli may play an important role
in understanding how capable individuals with ASD are to make social trait judgments in

comparison to controls.

Our results provided initial empirical evidence supporting this possibility. Besides using a diverse
set of naturalistic face stimuli that varied in factors such as facial expressions, pose, gaze, and

background in our main study, we also conducted a preregistered study using an independent set
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of controlled face stimuli that were neutral, frontal, with direct gaze and uniform background. We
tested three preregistered hypotheses: the overall dimensional structure, inter-rater consistency,
and rating specificity. We found that the trait judgments from individuals with ASD made to these
less complex facial stimuli (Fig. 5) were more in line with controls than to naturalistic faces (Fig.
1): the overall dimensional structure remained intact in ASD as before; we again observed reduced
inter-rater consistency in ASD but for a fewer number of traits; and that we observed atypical
ratings in ASD also for a few number of traits. Thus, our findings reconcile the discrepancies in
prior research by varying the face stimuli, and predicts that individuals with ASD would

experience more difficulties when making social trait judgments in real-world interactions.

Advantages of our study
Our present study has the following main strengths:

First, we tested the generalizability of our conclusions using multiple sets of participants and
stimuli. We not only replicated the results in our main experiment with in-lab participants with
confirmed autism diagnosis but also conducted a preregistered study to show the generalizability

of our results to a different type of face stimuli.

Second, we used more naturalistic stimuli. Prior studies on social trait judgments of faces have
largely relied on highly controlled and artificial face stimuli, limiting the external validity of prior
conclusions. The computer-generated faces used in prior research were unnatural-looking and
limited to emotionally neutral and White faces 32-3*. Photographs of real people present more
naturalistic-looking faces, but those used in prior studies were limited to photos of White
individuals with direct gaze and neutral expressions taken in controlled lighting and backgrounds
3235 In real life, we see faces of diverse races, with different gaze directions, face angles, and facial
expressions, and in complex contexts. In order to obtain a more generalizable understanding of

trait judgments from faces in ASD, it is critical to examine more naturalistic face stimuli.

Third, we used a more comprehensive list of social traits for face judgments. As with increasing
the external validity and generalizability of face stimuli, it is equally essential to broaden the trait

judgments that we examine. Recent research shows that neurotypical individuals spontaneously
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make hundreds of different trait judgments from faces 3. Prior research on trait judgments in ASD
has examined a decent number of traits (with a maximum of seven traits), but they may not be
representative of the comprehensive space of trait judgments from faces. Understanding how
individuals with ASD make judgments along all trait dimensions will allow for maximal

generalizability to diverse trait judgments from faces.

Lastly, we used convergent analytic approaches (e.g., SVM, RSA, DNNs) that allowed a
multifaceted and comprehensive analysis of social trait judgment in ASD. We further explored the
implications of our results to individual differences in personality as well as socio-emotional
experience during social interactions to understand the driving factors as well as consequences of

atypical social trait judgment in ASD.

Together, the combination of diverse participant samples, stimulus sets, and analysis methods in
the present study provides the most comprehensive characterization of social trait judgments of
faces in ASD to date.

We further discuss possible caveats in Supplementary Discussion.

Future directions

In this study, we treated the ASD group as homogenous (using their group average ratings in our
analyses), even though there may be considerable heterogeneity in individuals with ASD (see
discussions above). Therefore, future studies using much large samples of participants will provide
valuable insights into the different subtypes of social trait judgments in individuals with ASD.
Furthermore, our present results may suggest potential intervention strategies: training people with
ASD to look at facial features in a certain way, or training them to be careful on specific social
judgments may increase their alignment with controls in evaluating faces on social dimensions. In
particular, we showed that people with ASD had less atypical ratings for familiar/famous faces
compared to those unfamiliar to them, suggesting that other biographical information about the
targets may compensate for and mitigate the otherwise atypical face judgments in ASD. Future
research using longitudinal designs will offer important empirical evidence on whether people with

ASD who showed atypical social evaluation of faces and even atypical social behavior towards
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unfamiliar people initially may adjust their social evaluation and behavior similar to controls once

they obtain more information about the targets.

Methods
Participants

We recruited 525 participants from the Prolific platform (referred to as online participants). We
only included participants who had English fluency, normal or corrected-to-normal vision, an
education level above high school, and a Prolific approval rate greater than 95%. Among these
participants, 113 participants had a self-reported diagnosis of ASD and 412 participants reported
no diagnosis of ASD and served as controls (see Table 1 for demographics). Self-identification 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.” And we only included participants whose response

was “Yes-as a child” or “Yes - as and adult” in the ASD group (not including any participants
whose response was “l am in the process of receiving a diagnosis”, “No - but | identify as being on

the autism spectrum”, “No” or “Don't know / rather not say”). To further confirm their ASD
demonstration, we acquired Autism Spectrum Quotient (AQ) and Social Responsiveness Scale-2
Adult Self Report (SRS) from the participants (89 participants with ASD and 307 controls
completed the questionnaires) and we confirmed that online ASD participants had a significantly
higher AQ (Supplementary Fig. 1a; ASD: 27.76+8.09 [mean+SD], controls: 20.28+6.82; t(427)
= 8.94, P = 1.15x10Y) and SRS (Supplementary Fig. 1b; ASD: 91.73+29.66, controls:
65.17+25.19; t(427) = 8.61, P = 1.38x10 %) than online control participants. Furthermore, the
online ASD participants had a comparable AQ (two-tailed two-sample t-test: t(113) = 0.86, P =
0.39) and SRS (t(110) = 1.64, P = 0.10) as in-lab ASD participants (see below). Lastly, based on

our screening criterion, online controls had no mental health conditions.

Due to a surge of female participants in the Prolific platform during our data collection for ASD

participants %°, the female population of ASD participants was over represented in our sample
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(Table 1; but see % for prevalence of ASD in the general population). However, we observed
qualitatively the same results with male participants with ASD only (Supplementary Fig. 1h). In
addition, although the two groups of participants that we sampled differed in age (Table 1 and
Supplementary Fig. 1c; t(523) = 3.25, P = 0.0012), we observed similar results when we

compared a subset of participants that matched in age (Supplementary Fig. 1g).

In our first control experiment, we recruited 27 high-functioning participants with ASD from our
laboratory's registry and 21 neurologically and psychiatrically healthy participants with no family
history of ASD as controls (see Table 1 for demographics; referred to as in-lab participants). All
of our in-lab ASD participants met DSM-V and Autism Diagnostic Observation Schedule (ADOS)
criteria for ASD (Table 1). We confirmed that in-lab ASD participants had a significantly higher
AQ (ASD: 29.57£12.06 [mean£SD], controls: 13.94+5.72; two-tailed two-sample t-test: t(38) =
5.00, P =1.31x10°) and SRS (ASD: 79.85+28.27, controls: 32.29+25.63; two-tailed two-sample
t-test: t(38) = 5.69, P = 1.54x107) than in-lab control participants.

In our second control experiment, we recruited another 247 participants with self-reported ASD
and another 251 control participants from the Prolific platform as an independent replication
sample (Table 1). The data collection and some data analysis were preregistered
(https://ost.io/bdrty/?view_only=089d0797257141e38564d6fffb9dadce).

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

We used photos of celebrities from the CelebA dataset . We selected 50 identities with 10 images
for each identity, totaling 500 face images. The identities were selected to include both sexes (33
male) and multiple races (40 identities were Caucasian, 9 identities were African American, and 1
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

accessories such as sunglasses and hats.
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In our second control experiment, we used 50 face stimuli 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 3. They were high-resolution studio photographs of human
participants from three popular databases: the Chicago Face Database ©, the Oslo Face Database
62, and the Face Research Lab London 8. All face stimuli were frontal, clear, with a neutral
expression, and presented at the center of the images with the eyes aligned to the same location.
All photos included the faces, necks, and hairs. All photos were colored, with a standard grey

background, and were cropped to a standard size and shape.

Online rating of social traits

Participants were asked to provide judgments of social traits on a 1 to 7 scale through an online
rating task. The social traits include warm, critical, competent, practical, feminine, strong,
youthful, and charismatic; and these social traits were well validated in a previous study 2.
Participants also indicated whether they could recognize the identity of the face (i.e., whether they

were familiar with each face identity) in the main experiment.

We divided the experiment into 10 modules, with each module containing one face image per face
identity (totaling 50 face images per module). Each module included all 8 social traits (rated in
blocks). In our main experiment, each online ASD participant completed 1 to 10 modules and each
online control participant completed 1 to 2 modules. In our first control experiment, in-lab
participants with ASD completed 4 to 10 modules and in-lab controls completed 1 to 10 modules.
In our second control experiment, each online ASD participant and control participant completed
one module. 50 face images (25 female, 25 male) were selected randomly from a representatively

sampled set of 100 White faces from a previous study 2.
We applied the following three exclusion criteria:

(1) Trial-wise exclusion: we excluded trials with reaction times shorter than 100 ms or longer than
5000 ms.
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(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 3 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 3 blocks were excluded from the

module per (2) above.

Inter-rater consistency

Inter-rater consistency of each trait was estimated using the intraclass correlation coefficient (ICC;
two-way random-effects model for the consistency of mean ratings) % and the Spearman’s
correlation 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
implementation written by Arash Salarian (2020)

(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 (PCA)

We conducted a principal component analysis (PCA). PCA is a statistical procedure that converts
a set of high-dimensional, possibly correlated variables into a set of lower-dimensional, linearly
uncorrelated PCs that preserve 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. Based on the aggregated data (500 faces x 8 traits), we extracted eight PCs (using R function
principal, without rotation) for each participant group. We retained PCs that explained a nontrivial
amount of variance (> 5%). After identifying the optimal number of PCs, we applied varimax

rotation to the PCs to generate orthogonal components that were most interpretable.

Classification of participants
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We employed a linear support vector machine (SVM) to discriminate whether a rating module was
from a participant with ASD or a control. 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 10-fold cross-validation (i.e., each time 9
portions of modules were used as the training set and the remaining 1 portion of modules were
used as the testing set). We had 100 runs in total (i.e., repeating the cross-validation procedure 100

times).

Feature extraction and construction of feature space

We used the well-known deep neural network (DNN) implementation based on the VGG-16
convolutional neural network (CNN) architecture *° to extract features for each face image. Fine-
tuning was performed on the pre-trained VGG-Face deep model using all images of the 50
identities in the CelebA dataset (16-30 images for each identity). Features that differentiated
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 variation of stochastic
neighbor embedding (SNE) ©, a commonly used method for multiple class high-dimensional data
visualization %. We applied t-SNE for each layer, with the cost function parameter (Prep) of t-
SNE, representing the perplexity of the conditional 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 utilized any information from social

trait ratings.

To identify the regions in the feature space showing a significant difference between groups (see
Supplementary Fig. 3 for a detailed illustration), we first estimated a continuous density map in
the feature space by smoothing the discrete rating differences between groups using a 2D Gaussian
kernel (kernel size = feature dimension range * 0.05, SD = 2). We then estimated statistical
significance for each pixel by permutation testing: in each of the 1000 runs, we randomly shuffled
the labels of participants. We calculated the p-value for each pixel by comparing the observed

density value to those from the null distribution derived from permutation. We applied a mask to
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exclude pixels from the edges and corners of the density map where there were no faces because
these regions were susceptible to false positives given our procedure. We lastly selected the region
with significant pixels (permutation P < 0.01, false discovery rate (FDR) ¢’ corrected for Q < 0.01,
cluster size > 5% of the pixels within the mask).

Representational similarity between social trait ratings and DNN features

We employed a pairwise distance metric “° 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 relationship) and
computed the correlation for each DNN layer. We performed this analysis separately for each
participant 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 and

calculated the pairwise distance metrics between face identities.

To determine statistical significance above chance, we used a non-parametric permutation test
with 100 runs. In each run, we randomly shuffled the face identity labels and calculated the
correlation between the two distance metrics. The distribution of correlation coefficients computed
with shuffling (i.e., null distribution) was eventually compared to the one without shuffling (i.e.,
observed value). If the correlation coefficient of the observed value was greater than 95% of the
values from the null distribution, it was considered significant. A significant correlation indicated

a representational similarity between social trait ratings and DNN features.

To determine statistical significance between groups, we further used a permutation test with 1000
runs to statistically compare the representational similarity between participants with ASD and
controls. In each run, we shuffled the participant labels and calculated the difference in

representational similarity between participant groups. We then compared the observed difference
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in representational similarity between participant groups with the permuted null distribution to

derive statistical significance.

Visualization of critical pixels within faces 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 where 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 was used as the initial model. We kept
all convolution layers, but replaced the last two fully-connected (FC) layers and the output layer
with a global averaging pooling layer, a FC layer, and a prediction output layer (see
Supplementary Fig. 5a for an illustration). When training our regression model, all convolutional
layers were frozen (i.e., weights were not updated), and only the top layers (the replaced layers)
were updated by training. Training was performed by the stochastic gradient descent (SGD)
optimizer with the base learning rate of 103, 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 224x224. We cropped the faces using a

bounding box that included the entire face and hair.

We perform 10-fold cross-validation in our experiment. In each training/testing run (separately for
each trait and each participant group), the dataset was randomly split into 10 subsets. One subset
served as the test set, and the remaining 9 subsets were used as the training set. To assess model
performance, we calculated the correlation between the observed trait values 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 values). The correlation coefficient (Pearson’s r) could indicate the
model’s predictability. Our VGG-16 network ran on the deep learning framework TensorFlow
1.15 using Python 3.6.

To explain our model’s output in the domain of its input, we applied layer-wise relevance
propagation (LRP) to our trained regression models. LRP can use the network weights created by
the forward-pass to propagate the output back through the network up until the original input

image. The explanation given by LRP is a heatmap of which pixels in the original image contribute
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to the final output. We used the toolbox iNNvestigate® (https://github.com/albermax/innvestigate)

for implementation.

Guilt task

In this online task, participants were paired with another hypothetical participant (hereafter,
“partner”). On each trial (Fig. 6A), the participant and the partner saw an array of dots (about 20)

displayed on the screen for a short interval (1.5 s). The participant and, ostensibly, the partner
indicated whether the number of the dots was larger or smaller than a reference number (e.g., 20).
Afterward, their performance were presented on the screen (i.e., the outcome feedback phase). If
one or both of them responded incorrectly, the partner had to watch an aversive image (i.e.,
unpleasant outcome), which was selected from the International Affective Picture System (IAPS)
69, This way, we were able to manipulate the participant’s responsibility in causing unpleasant
outcomes to the partner. To make sure that the number of trials was balanced across conditions,
unbeknownst to the participants, the outcome feedback was predetermined. There were 12 trials
for each of the four possible outcomes (i.e., both-correct, partner-incorrect, self-incorrect, both-
incorrect). The order of the outcome (or conditions) was randomized across participants. Our
previous studies have demonstrated the validity of this task in inducing different levels of
perceived guilt, negative self-conscious emotions, and compensatory behaviors 73, These studies
have consistently shown that participants perceive the highest level of guilt, report the highest level
of self-conscious emotions, and engage in the highest degree of compensatory behaviors when
they but not the partner respond incorrectly, less so when both the participant and the partner
respond incorrectly, followed by the situation where the partner but not the participants respond
incorrectly 7°. On the trials where the partner watched the aversive image, the participants were
instructed to watch the partner’s face via teleconference software after the partner ostensibly found
out about the outcome (i.e., the watch-partner phase). The video, lasting for 10 seconds each, was
presented such that the eye region of the partner aligns with a fixation cross on the screen, where

the participants were required to fixate at the onset of the virtual interaction.

Between the outcome feedback phase and the watch-partner phase, participants were prompted to

answer one of following questions: (1) how guilty they were for the partner’s unpleasant outcome,
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(2) their self-conscious emotions (e.g., remorseful), (3) the partner’s emotions towards them with
respect to their performance (e.g., anger, disappointment), (4) how much they would be willing to
experience the unpleasant outcome themselves, so that the partner could experience the unpleasant
outcome less. Each question was randomly presented twice in each condition (excluding the both-

correct condition), and participants indicated their responses on analog scales.

Data and code availability

All data and code are publicly available on Open Science Framework
(https://osf.io/e2kc6/?view_only=78f93622b0514268a6¢chf660fe817981).
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Table 1. Summary of participants. In our main experiment with naturalistic faces, we recruited
online participants with ASD and online controls. In our first control/validation experiment, we
recruited in-lab participants with ASD and in-lab controls. In our second control/validation
experiment, we recruited another population of online participants. For all of our in-lab participants
with ASD, their diagnosis has been confirmed using the Autism Diagnostic Observation Schedule-
2 (ADOS-2) ™. We used Module 4 for adults and older adolescents and Module 3 for younger
adolescents. The ADOS is a structured interaction with an experimenter, which is videotaped and
scored by trained clinical staff in our laboratory, yielding scores on several scales. Scoring
followed standard protocols for ADOS-2 as well as Calibrated Severity Scores. The values are

meanzSD.

ADOS
Race
Sex (% .
(M/F) Age Caucasia o IR Pl CO”.‘ Social
n) munic | Intera | Sum
ation | ction
Online ASD | 53/59 | 28.90+8.37 | 64.6% | 27.8+8.09 | 91.7+29.7 - - - -
Online 256/155 | 26.34+7.12 | 67.88% | 20.3+6.82 | 65.2+25.2 - - - -
Controls
105.04
In-labASD | 23/4 | 2878855 | 77.78% |29.8£6.53 | 85.0426.2 | .20 | 308 | 731 |1038
In-lab . 108.50
Controls 12/9 | 30.95¢4.19 | 57.14% | 115¢587 | 20.7+164 | 00| - - -
Replication | ;0191 | 98 49+7.32 | 78.78% | 32.0+0.37 | 1055:31.9 | - - - -
Online ASD
Replication
Online 158/93 | 25.88+7.11 | 68.13% | 20.127.04 | 65.2423.6 - - - -
Controls
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Supplementary Materials
Supplementary Discussion
Possible caveats

We primarily used positive (e.g., competent, warm) and neutral trait descriptions in the present
study. We used a symmetrical scale (e.g., 1 for not competent and 7 for competent) and the negative
traits were thus built in. Future studies using negative trait descriptions (e.g., incompetent,
untrustworthy) would better dissociate whether people with ASD tend to provide more intensive
(i.e., higher) or more positive ratings. Furthermore, participants with ASD demonstrated a
significantly lower inter-rater consistency compared to controls in most of the traits. This suggests
that participants with ASD were more variable in their ratings, consistent with the heterogeneity
in their symptoms and behavior 1. Because we did not retest participants, we could not differentiate
between-participant versus within-subject variability, although it has been shown that atypical
gaze patterns in autism are heterogeneous across participants but reliable within individuals 2,
consistent with our present results. It is also worth noting that we further confirmed our results
using non-parametric permutation tests so such heterogeneity (variance in ratings) did not affect

our comparisons on the central tendency in trait judgments.

In our main experiment, we used celebrity faces, and therefore, participants’ personal knowledge
of the celebrities may affect how they judge social traits from the celebrity faces 3°. Indeed, we
observed a greater difference for faces that the participants were not familiar with compared to the
familiar faces (Supplementary Fig. 2c, d), suggesting that the group differences in ratings were
due to processing of faces and facial features rather than different levels of familiarity or semantic
knowledge about the people (e.g., from watching different news). We were also able to replicate
our results with a different set of unfamiliar faces alone, suggesting that our results could not

simply be attributed to face familiarity.

In addition, we used a DNN pre-trained for face identity recognition to construct face feature
spaces for social trait comparisons. Such DNN can predict a wide range of social traits reliably .
Therefore, this DNN can extract facial information that is relevant to social judgment. In particular,
this DNN shows an organized structure for face representation, which can facilitate our

interpretation of what types of faces drive atypical social trait judgment in ASD. However, our
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results may be specific to the DNN architecture. Future research comparing feature spaces from
different pre-trained DNNs and using out-of-sample prediction (e.g., projecting novel faces to the

discriminative regions 7) will be useful for testing the generalizability of our results.

We found an intact PCA structure in participants with ASD but differences in individual ratings,
which could be further explained by facial features derived using DNNs and t-SNE. Furthermore,
we could accurately classify the raters. This was likely because PCA preserves the global structure
of the data while t-SNE preserves the local structure (i.e., the difference was between dimensions
versus clusters); PCA is sensitive to outliers while t-SNE is not; and PCA is linear and unique
(except for rotation) while t-SNE is nonlinear and not unique. This was also likely because PCA
computed a linear combination of features whereas the difference in ratings was disproportional

for different traits.

With an independent sample of in-lab participants, we replicated three key results: the intact
overall dimensional structure, the reduced inter-rater consistency, and the reduced rating
specificity in ASD. Although in the main experiment online participants with ASD had more
positive ratings whereas in the replication experiment in-lab participants with ASD had more
negative ratings, such differences were likely resulted from reduced rating specificity: depending
on the differences at the extremes, grand average could show either a positive or a negative
difference between groups. In other words, the grand average might be an oversimplified metric
to compare between groups. In addition, the differences in these results may be attributed to
different compositions of participants (see Methods and Table 1) and sex differences in social

trait judgment 8°,
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Supplementary Figures
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Supplementary Fig. 1. Characterization of participants. (a) Autism Spectrum Quotient (AQ). (b)
Social Responsiveness Scale-2 Adult Self Report (SRS-A-SR). (c) Age. (d) Percentage of male
participants. (e) Percentage of Caucasian participants. (f) Percentage of participants whose
education level is undergraduate or above. Error bars denote +SEM across participants. (g)
Aggregate ratings from a subset of participants that matched in age. Significant difference was
observed for traits warm (two-tailed two-sample t-test; t(744) = 3.73, P = 0.00021), practical
(t(723) = 3.14, P =0.0017), feminine (t(658) = 1.99, P = 0.047), strong (t(744) = 2.64, P = 0.0084),
and youthful (t(749) = 4.29, P = 2.04x107%). (h) Aggregate ratings from male participants only.
Significant difference was observed for traits warm (t(458) = 2.62, P = 0.0090), critical (t(447) =
3.49, P = 0.00053), practical (t(450) = 3.19, P = 0.0015), and youthful (t(463) = 3.09, P = 0.0021).
Error bars denote +SEM across rating modules. Asterisks indicate a significant difference between
participants with ASD and controls using two-tailed two-sample t-test. *: P < 0.05, **: P < 0.01,
***: P <0.001, and ****: P < 0.0001.

Page 41 of 49



a Controls ASD b Controls ASD
charismatic - ; ' !
youthful 0.9

strong
feminine 0.8

practical

Pearson’s r
Pearson’s r

0.7
competent

critical 0. 400 06

warm -

— . wasd Bos
100 200 300 400 500 100 200 300 400 500

Face Index Face Index

w
w
A
Rating for Same Sex @
|

Rating for Unfamiliar Face ©
£
Rating for Same Race @

w

5.5

d f h
@ g ;
w @ 2]
& § g
& i) ]
@ £ £ e
4 5 * a
8 5 B
g g 2
T 5 k|
i3 g «

o @
H

4.5

w
- B

2as

n

BN Controls ASD

Supplementary Fig. 2. Additional analyses for social trait judgments (a) Pearson correlations
between aggregate social trait judgments. (b) Similarity matrices calculated using face images.
Color coding shows similarity values. Pearson correlation was calculated for each pair of faces
(500 faces in total) across 8 social traits. Faces are organized according to identities (e.g., face
indices 1 to 10 correspond to face identity 1, face indices 11 to 20 correspond to face identity 2,
and so on). (c, d) Social trait judgment for (c) unfamiliar versus (d) familiar faces. Participants
with ASD had a slightly higher rating when judging familiar identities on practical (two-tailed
two-sample t-test; t(794) = 2.95, P = 0.0033) and feminine (t(729) = 2.17, P = 0.030) but had a
substantially higher rating when judging unfamiliar identities on four traits: warm (t(813) = 2.55,
P =0.011), feminine (t(727) = 2.83, P = 0.0048), strong (t(812) = 2.73, P = 0.0065), and youthful
(t(818) = 5.58, P = 3.27x10°®). (e, f) Social trait judgment for (e) same-race versus (f) different-
race faces. Social traits primarily differed between groups in same-race faces (two-tailed two-
sample t-test; warm: t(719) = 2.93, P = 0.0034; competent: t(701) = 3.38, P = 0.00077; practical:
t(697) = 4.23, P = 2.62x10°%; strong: t(712) = 4.38, P = 1.36x10°°; youthful: t(721) = 5.23, P =
2.21x1077; charismatic: t(711) = 2.63, P = 0.0086) rather than different-race faces. We also found
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that race information could modulate social trait judgments for competent, practical, feminine,
strong, youthful, and charismatic in controls, and competent, practical, feminine, strong, and
youthful in participants with ASD (two-tailed paired t-test: all Ps < 0.05). (g, h) Social trait
judgment for (g) same-sex versus (h) different-sex faces. Social traits primarily differed between
groups in same-sex faces (two-tailed two-sample t-test; warm: t(813) = 4.87, P = 1.34x10°5;
competent: t(796) = 3.36, P = 0.00082; practical: t(791) = 5.17, P = 2.93x1077; feminine: t(725) =
3.07, P = 0.0022; strong: t(811) = 2.08, P = 0.038; youthful: t(818) = 6.04, P = 2.33x10°%;
charismatic: t(808) = 3.00, P = 0.0027) rather than different-sex faces (feminine: t(725) = 2.97, P
= 0.0030; strong: t(811) = 2.64, P = 0.0083). We also found that sex information could modulate
social trait judgments for warm, feminine, strong, and youthful in controls, and warm, competent,
practical, strong, youthful, and charismatic in participants with ASD (two-tailed paired t-test: all
Ps < 0.05). Error bars denote +SEM across rating modules. Asterisks indicate a significant
difference between participants with ASD and controls using two-tailed two-sample t-test. *: P <
0.05, **: P <0.01, ***: P <0.001, and ****: P < 0.0001.
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Supplementary Fig. 3. lllustration of the procedure for identifying discriminative regions in the

face feature space. (a-h) Trait practical in the layer FC6. (i-p) Trait youthful in the layer FC6. (a,

i) Projection of the rating difference (control — ASD) onto the feature space. (b, j) Raw values

were smoothed by a Gaussian kernel to derive density maps for observed distributions. (c, k)

Density maps for permuted distributions. (d, e, I, m) Density maps were transformed to absolute

values for statistical comparisons. (d, 1) Density maps for observed distributions. (e, m) Density

maps for permuted distributions. (f, n) The difference maps between observed and permuted

distributions. (g, o) Statistically significant pixels identified by comparing the observed

distribution to the permuted distribution (permutation test for each pixel: P < 0.01, corrected by

false discovery rate [FDR] 19). (h, p) Identified regions after thresholding for the minimum number
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of pixels within the cluster. A mask (shown in magenta) was first applied to exclude pixels from
the edges and corners where there were no faces because the regions with a small number of faces
(i.e., the samples were sparse) were susceptible to false positives. Cluster size must be greater than
5% of the total number of pixels of the face space within the mask because small clusters were
likely to be false positive. Each color represents a different identity. The size of the dot indicates

the absolute value of the rating difference between groups.
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Supplementary Fig. 4. Additional results for features across faces that contribute to atypical trait
ratings in ASD. (a) Discriminative regions for social traits across deep neural network (DNN)
layers. (b) Representation similarity between social trait judgment ratings and DNN features for
each DNN layer. Legend conventions as in Fig. 2. *: P < 0.05.
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Supplementary Fig. 5. Model structure and performance for social trait prediction. (a) Model
structure. We applied transfer learning to a VGG-16 deep neural network (DNN) to build a DNN-
based regression model for each trait and each participant group. We kept all convolution layers,
but replaced the last two fully-connected (FC) layers and the output layer with a global averaging
pooling layer, a FC layer, and a prediction output layer. During model training, all convolutional
layers were frozen and only the top layers were updated by training. (b) Model performance.
Model performance was assessed by the correlation between the observed trait values and the
predicted trait values in the testing set. The correlation coefficient (Pearson’s r) could indicate the

model’s predictability. Error bars denote £SEM across cross-validation runs.
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Supplementary Fig. 6. Correlation of ratings between controls from the present study (the second
control experiment) and controls from a previous study ' for the unfamiliar faces. Each dot

represents a face, and the gray line denotes the linear fit.
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