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ABSTRACT

Preliminary studies suggest there are differences in the facial expressions produced by autistic and non-autistic individuals.
However, it is unclear what specifically is different, whether such differences remain after controlling for facial morphology and
alexithymia, and whether production differences relate to perception differences. Therefore, we (1) comprehensively compared
the spatiotemporal and kinematic properties of autistic and non-autistic expressions after controlling these factors, and (2) ex-
amined the contribution of production-related variables to emotion perception. We used facial motion capture to record 2448
cued and 2448 spoken expressions of anger, happiness, and sadness from autistic and matched non-autistic adults. Subsequently,
we extracted the activation and jerkiness of numerous facial landmarks across time, generating over 265 million datapoints.
Participants also completed an emotion recognition task. Autistic participants relied more on the mouth, and less on the eye-
brows, to signal anger than their non-autistic peers. For happiness, autistic participants showed a less exaggerated smile that also
did not “reach the eyes.” For sadness, autistic participants tended to produce a downturned expression by raising their upper lip
more than their non-autistic peers. Alexithymia predicted less differentiated angry and happy expressions. For non-autistic indi-
viduals, those who produced more precise spoken expressions had greater emotion recognition accuracy. No production-related
factors contributed to autistic emotion recognition. This mismatch could explain why autistic people find it difficult to recognize
non-autistic expressions, and vice versa; autistic and non-autistic faces may be essentially “speaking a different language” when

conveying emotion.

1 | Introduction

Emotion recognition challenges in the autistic population are
a topic of ongoing debate. Autism spectrum disorder (hereaf-
ter “autism”) is a neurodevelopmental condition, character-
ized by differences with social communication and interaction
(American Psychiatric Association 2013). While not regarded a
diagnostic feature, emotion recognition has been a focus of au-
tism research for over three decades because it is thought that
challenges in this area may contribute to putative social diffi-
culties (Hobson 1986). Thus far, the majority of this literature
has aimed to determine whether there are differences in emotion

recognition between autistic and non-autistic individuals [see
Keating and Cook (2020)]. This work has yielded mixed find-
ings [see Keating and Cook (2020)]: while some studies find
differences in emotion recognition between groups, others find
no differences, or emotion-, task-, or stimuli-specific differences
[e.g., in recognizing angry expressions (Ashwin et al. 2006;
Bal et al. 2010; Brewer et al. 2016; Keating et al. 2022; Leung
et al. 2019; Song and Hakoda 2018)]. Here, we focus on an under-
explored area: research shows that recognizing emotion from
body movements is influenced by the way a person uses their
own body to express emotion—here we extend this to the do-
main of facial expressions. We first ask whether autistic people
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Lay Summary

This study compared the facial expressions produced by
autistic and non-autistic people. Our findings demon-
strate that autistic and non-autistic adults produce differ-
ent angry, happy, and sad facial expressions, even after
accounting for other interfering factors. This mismatch in
facial expressions could explain why autistic people find
it difficult to recognize non-autistic expressions, and vice
versa; autistic and non-autistic faces may be essentially
“speaking a different language” when it comes to convey-
ing emotion. As such, what have previously been thought
of as intrinsic emotion recognition “deficits” for autistic
people may be more accurately described as difficulties
resulting from cross-neurotype interactions (i.e., interac-
tions between autistic and non-autistic people, as opposed
to interactions between two autistic people). Further re-
search is needed to test the impact of expressive differ-
ences on emotion recognition for autistic and non-autistic
people.

move their faces in a different way when expressing emotions
(compared to non-autistic people); second, we question whether
the production of one's own facial expressions relates to the rec-
ognition of others'.

A burgeoning body of research suggests that the way we move
our own bodies affects the way we label others’ body move-
ments. For example, leveraging evidence that fast movements
tend to indicate anger and slow movements indicate sadness
(Michalak et al. 2009; Montepare et al. 1987; Pollick et al. 2001;
Roether et al. 2009; Sawada et al. 2003), Edey and colleagues
(Edey et al. 2017) showed that people who typically walk fast
tend to perceive others' fast movements as less intensely angry
compared to people who typically walk slow; presumably be-
cause, for fast walkers high speed movement looks relatively
“normal.” Conversely, slow movers perceived fast movements as
appearing intensely angry. That is, the authors showed that peo-
ple use their own typical walking speed as a benchmark against
which to judge the movements of others, underscoring a con-
nection between the production and perception of whole-body
movements.

A breadth of evidence suggests that autistic individuals tend
to move their bodies in different ways from non-autistic
individuals and that production differences might be linked
to perception differences. Autistic individuals typically
exhibit more jerky whole-body (Nobile et al. 2011), upper limb
(Anzulewicz et al. 2016; Cook, Blakemore, and Press 2013;
Edey et al. 2016; Yang et al. 2014), and head (Torres and
Denisova 2016) movements [see (Cook 2016)]. Importantly,
(Cook et al. 2013) showed that within an autistic sample,
greater jerkiness in body movements was associated with
altered perception of biological motion. Autistic individuals
who moved in a particularly jerky fashion were less likely to
view smooth, minimally jerky, animations as “natural.” Thus,
with respect to bodily movement, production differences
have been linked to perception differences in the autistic
population.

Preliminary evidence suggests that there are differences in the
facial expressions produced by autistic and non-autistic people
[see Keating and Cook (2020) and Trevisan et al. (2018)]. The
majority of this evidence comes from studies where non-autistic
observers, blind to diagnostic status, make ratings about the
accuracy, quality, general appearance, and/or intensity of au-
tistic and non-autistic facial expressions. Autistic expressions
are generally perceived to be less accurate (i.e., less socially
congruous), lower in quality, and “atypical” in appearance [see
Keating and Cook (2020) and Trevisan et al. (2018)], being rated
as odd, awkward, or mechanical by (non-autistic) observers
(Faso et al. 2015; Grossman et al. 2013; Loveland et al. 1994;
Macdonald et al. 1989). Studies have also obtained ‘intensity’
ratings, though findings are mixed with some reporting that
autistic expressions are perceived to be more intense (Faso
et al. 2015; Grossman et al. 2013; Lampi et al. 2023), and oth-
ers less intense (Loveland et al. 1994; LegiSa et al. 2013; Stagg
et al. 2014; Yoshimura et al. 2015) than their non-autistic peers.
These studies—in which non-autistic observers subjectively rate
expressions—suggest that there is something different about
the facial expressions produced by autistic and non-autistic peo-
ple. If this is indeed the case, then perception differences might
be linked to differences in the production of emotional facial
expressions.

A handful of studies have employed more objective measures
to attempt to quantify the way in which facial expressions pro-
duced by autistic and non-autistic people differ, however, a clear
picture has not emerged. While some studies employing facial
electromyography (fFEMG) have reported reduced facial muscle
activation in autism (Yirmiya et al. 1989), the majority of ev-
idence contradicts that from subjective ratings, suggesting no
differences in levels of facial muscle activation between groups
(Rozga et al. 2013; Mathersul et al. 2013; Oberman et al. 2009).
Notably, this lack of an effect could arise due to fEMG not being
sensitive to differences in the activation of facial muscles: fEMG
is typically limited to studying just two muscle groups—one re-
sponsible for frowning (corrugator supercili) and one responsi-
ble for smiling [zygomaticus major (Zane et al. 2019)]. However,
while overall levels of facial muscle activation may not differ
between groups, other research employing fEMG suggests that
autistic children typically display less differentiated patterns of
activation for positive and negative (Yirmiya et al. 1989) and
happy, angry, and fearful (Rozga et al. 2013) facial expressions
than their non-autistic peers. This demonstrates that autistic
individuals may produce more overlapping facial expressions
across different emotions, even if mean levels of activation are
similar.

An important consideration concerns facial morphology. In
recent years, several studies have suggested that there may
be subtle differences in facial morphology between autistic
and non-autistic individuals (Aldridge et al. 2011; Hosseini
et al. 2022; Tripi et al. 2019; Tan et al. 2020). For example,
using sophisticated three-dimensional facial phenotyping,
one study found that autistic people tend to have a broader
mouth, upper face, and eye socket, combined with a flat-
tened nasal bridge and shorter philtrum, relative to their
non-autistic peers (Aldridge et al. 2011). Thus, it could be
that differences in the subjective appearance of expressions
reflect differences in overall facial morphology (the shape
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and structure of the face) rather than differences in facial
movement per se. Such differences in facial morphology may
underpin subjective ratings of autistic expressions as odd or
exaggerated (Faso et al. 2015; Grossman et al. 2013; Loveland
et al. 1994; Macdonald et al. 1989; Lampi et al. 2023), because
the appearance of different features contributes to judgments
of facial expressions [e.g., intensity judgments; see (Diego-
Mas et al. 2020)]. Thus, any studies comparing autistic and
non-autistic facial expressions should aim to minimize the
confounding influence of morphological differences.

A further issue is that alexithymia has not been accounted for
in most previous research. Alexithymia comprises a subclinical
condition, highly prevalent in the autistic population (Kinnaird
et al. 2019), characterized by difficulties identifying and de-
scribing one's own emotions (Nemiah et al. 1976). Popular
theories argue that autistic individuals' difficulties with emotion-
processing are caused by co-occurring alexithymia, and are
therefore not a feature of autism per se (Bird and Cook 2013). To
date, most of the support for this hypothesis comes from stud-
ies focusing on emotion recognition (Cook, Brewer, et al. 2013;
Milosavljevic et al. 2016; Ola and Gullon-Scott 2020) [though
see (Keating et al. 2022)]. However, alexithymia is linked to pro-
prioceptive differences [i.e., differences in perceiving the posi-
tion and movement of the body (Georgiou et al. 2016; Murphy
et al. 2018; Pollatos and Herbert 2018)], and proprioception is
essential for accurate motor control of both the body and the
face (Bard et al. 1995; Cobo et al. 2017; Hasan and Stuart 1988;
Sainburg et al. 1995). Thus, it is plausible that alexithymia could
be linked to differences in the production of facial expressions.
Indeed, there is preliminary support for this idea: Trevisan
et al. (2016) identified that alexithymic, but not autistic traits,
were associated with reduced expressivity of spontaneous facial
expressions in autistic and non-autistic children. As such, any
study comparing emotion recognition and production in autis-
tic and non-autistic individuals should model the contribution
of alexithymia to avoid erroneously attributing differences to
autism.

In sum, it is possible that differences in the ability to recognize
others' facial expressions of emotion are linked to differences in
the production of those same expressions. However, progress in
identifying such production differences between autistic and
non-autistic people has been hindered by methodological lim-
itations: studies have often used low-sensitivity methods, failed
to account for facial morphology, and have not modeled the con-
tributions of alexithymia. These limitations likely contribute to
the mixed findings in the literature, particularly for voluntarily
posed expressions, where results regarding the intensity (Faso
et al. 2015; Loveland et al. 1994; Lampi et al. 2023; Oberman
et al. 2009; Zane et al. 2019) and recognisability (Brewer
et al. 2016; Faso et al. 2015; Loveland et al. 1994; Macdonald
et al. 1989; Lampi et al. 2023) of facial expressions (among other
factors) are highly inconsistent. To make progress, research that
addresses these factors is needed.

When it comes to examining the relationship between produc-
tion and perception, an important question is what features
of one's own emotional expressions are likely to influence the
perception of others’ emotions? The body movement litera-
ture points a finger at relatively general aspects of movement:

individuals who move in a more jerky manner show more ex-
treme differences in labelling others' movements as natural
(Cook, Blakemore, and Press 2013). By extension, one might
predict that more jerky facial expressions are associated with
reduced emotion recognition accuracy.

However, a parallel literature concerning other domains of
emotion-processing draws attention to more specific features.
This literature reports that those with more precise and/or dif-
ferentiated emotional experiences or visual emotion represen-
tations tend to be better at recognizing the emotions of other
people (Keating and Cook 2023; Keating et al. 2023, in press;
Keating and Cook 2022). In this context, precision refers to how
consistently a person experiences or represents a specific emo-
tion across instances (i.e., the narrowness of the signal), while
differentiation refers to how distinct that experience or repre-
sentation is from other emotions (i.e., how far the signals are
from one another). Indeed, this literature has its roots in signal
detection theory [see McNicol (2005)], which argues that ‘signal’
distribution and “noise” distributions that are imprecise (i.e.,
wide) and indistinct (i.e., overlapping) provide low sensitivity to
discriminate between the “signal” and “noise.” In the domain of
emotion expression, one might predict that an individual whose
angry expressions are imprecise (i.e., inconsistent) and indis-
tinguishable from their sad expression (i.e., not differentiated)
would struggle to identify other people's angry and sad expres-
sions—perhaps because it is difficult to determine whether the
incoming facial expressions matches their own angry or sad sig-
nals. Offering preliminary support for this idea, one study found
that participants who were trained to produce emotional facial
expressions—using automated feedback that rewarded the cor-
rect activation of facial action units—showed greater improve-
ments in emotion recognition on an independent task, relative to
an active control group (Deriso et al. 2012). Notably, those who
improved the most in recognizing emotions were also the ones
who showed the greatest gains in the differentiation of their own
facial expressions over the course of training (Deriso et al. 2012).
This provides evidence for a link between the ability to produce
distinct emotional expressions and the ability to recognize
those emotions in others. It also suggests a potential extension
of signal detection theory—traditionally applied to perceptual
discrimination—into the domain of expression production.
However, further research is needed to determine whether both
the precision and differentiation of one's own emotional facial
expressions contribute to accurate recognition of others'.

1.1 | Current Study

In the current study, we compared posed expressions of anger,
happiness, and sadness from autistic and, age-, sex- and 1Q-
matched, non-autistic adults, after controlling for facial morphol-
ogy and alexithymia, across two conditions. Here, we focused
specifically on voluntarily posed expressions—which are ubiq-
uitous in everyday life, produced to deliberately communicate
one's thoughts, intentions, and emotions to interaction partners
(Parkinson 2005; Frith 2009; Jack and Schyns 2015)—to better
characterize this type of expression within the autism literature,
where findings have been mixed [e.g., (Brewer et al. 2016; Faso
et al. 2015; Loveland et al. 1994; Macdonald et al. 1989; Lampi
et al. 2023; Oberman et al. 2009; Zane et al. 2019)]. We included
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TABLE1 | Means, standard deviations, and group differences of participant characteristics.

Variable Non-autistic (n=26) Autistic (n=25) Significance
Sex 16 Female 13 Female 0.512

10 Male 11 Male

0 Prefer not to say 1 Prefer not to say
Age 27.73 (10.69) 29.92 (9.67) 0.448
1Q 116.85 (13.06) 112.60 (19.88) 0.375
AQ 13.81(7.62) 33.24(9.13) <0.001
TAS 43.12 (13.58) 62.24 (12.11) <0.001

Note: In the central columns, means are followed by standard deviation in parentheses. Age is in years.
Abbreviations: AQ: autism quotient; IQ: intelligence quotient; TAS: Toronto Alexithymia Scale.

two conditions: (1) a cued condition, in which participants posed
angry, happy, and sad facial expressions along to a series of audio
cues, and (2) a spoken condition, in which participants posed the
expressions while saying a standardized sentence. The inclusion
of these two conditions was motivated by the fact that, in ev-
eryday life, we produce expressions both in isolation (without
other concurrent movements, e.g., smiling politely while some-
one is talking to you), and while carrying out other movements
like talking (e.g., smiling politely while talking to someone else).
Despite the existence of these two types of expressions, thus far,
much of the literature has solely focused on comparing ‘isolated’
posed expressions that are free from other kinds of movements.
Therefore, it is unclear whether there are differences in the fa-
cial expressions posed by autistic and non-autistic individuals
when also carrying out other forms of movement (e.g., speech).

Here, to record the expressions of anger, happiness and sadness,
we employed facial motion capture. Recordings were standard-
ized to a common avatar face to minimize effects of any mor-
phological differences, and indices were calculated representing
(@) the extent of activation and (b) the jerkiness of movement,
of numerous facial landmarks across time. We examined the
contribution of both autism and alexithymia to differences in
the expression of anger, happiness and sadness. Finally, we ex-
plored whether features of participants’ own facial movements
contributed to their ability to recognize others’ dynamic emo-
tional expressions.

1.2 | Hypotheses

Based on findings that autistic people tend to exhibit more
jerky whole-body (Nobile et al. 2011), upper limb (Anzulewicz
et al. 2016; Cook, Blakemore, and Press 2013; Edey et al. 2016;
Yang et al. 2014), and head (Torres and Denisova 2016) move-
ments [see Cook (2016)], we predicted that autistic participants
would display significantly more jerky facial expressions than
their non-autistic counterparts. We made no formal predictions
regarding the magnitude of activation of facial landmarks since
this evidence was highly mixed (Faso et al. 2015; Grossman
et al. 2013; Loveland et al. 1994; Macdonald et al. 1989; Lampi
et al. 2023; Legisa et al. 2013; Stagg et al. 2014; Yoshimura
et al. 2015; Yirmiya et al. 1989; Rozga et al. 2013), and poten-
tially confounded by alexithymia (Keating and Cook 2020;

Trevisan et al. 2016). Finally, in line with signal detection theory
(McNicol 2005) and previous findings (Keating and Cook 2023;
Keating et al. 2023, in press; Keating and Cook 2022), we pre-
dicted that the precision and differentiation of participants’ own
productions would contribute to their ability to recognize others’
facial expressions.

2 | Method

This study was approved by the Science, Technology,
Engineering and Mathematics (STEM) ethics committee at the
University of Birmingham (ERN_16-0281AP9D) and conducted
in line with the principles of the revised Helsinki Declaration.
All participants provided informed consent.

2.1 | Participants

Twenty-five autistic and 26 age-, sex-, and IQ-matched non-
autistic participants were recruited from local autism research
databases and through a university mailing list. Our sample size
was determined through an a priori power calculation using
GLIMMPSE (Kreidler et al. 2013). To have 90% power to detect
a small difference between the autistic and non-autistic partici-
pants in our outcome variables (Cohen's d =0.25) at p <0.05, 25
participants were required in each group, with 16 repetitions of
each emotional expression (angry, happy, and sad) in each con-
dition (cued and spoken) per participant.

All autistic participants had previously received a clinical diag-
nosis of autism spectrum disorder from an independent clini-
cian. The autistic participants had significantly higher autism
quotient (AQ) scores (Baron-Cohen et al. 2001) than the non-
autistic participants (see Table 1.), with a mean AQ score com-
parable to large autistic population samples (e.g., 35.19) (Ruzich
et al. 2015). Participants’ ethnicities are reported in Supporting
Information A.

2.2 | Community Involvement

In accordance with participatory research guidelines (Fletcher-
Watson et al. 2019; Keating 2021), members of the autism

4
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community provided feedback on our research, which led to
several changes prior to data collection. For example, commu-
nity members suggested dividing the 16 trials per emotion, per
condition into two shorter blocks to help reduce fatigue. They
also recommended that participants complete the trials for all
emotions in one expression condition first (i.e., spoken angry,
spoken happy, and spoken sad), and then move on to the other
(i.e., cued angry, cued happy, and cued sad), to minimize the
strain of repeatedly using the same facial muscles. In addi-
tion, they advised that the testing setup should accommodate
both standing and seated recordings, to support participants
with physical disabilities. They also recommended informing
participants in advance that they would need to remove their
glasses and tie back their hair if relevant—allowing individuals
to prepare in ways that felt most comfortable, such as choosing
to wear contact lenses or bringing their own hairbands. Several
other suggestions were considered and helped shape a more ac-
cessible and inclusive study design. We carefully considered this
feedback and incorporated the recommendations into our study
design.

2.3 | Procedures

Participants first completed online questionnaires and tasks
assessing autistic traits [Autism Quotient (Baron-Cohen
et al. 2001)], alexithymia [Toronto Alexithymia Scale (Bagby
et al. 1994)], and emotion recognition [PLF Emotion Recognition
Task (Sowden et al. 2021)]. In-lab, participants completed
our FaceMap paradigm and then the two-subtest version of
the Weschler Abbreviated Scale for Intelligence (WASI-II)
(Wechsler 2011). All data were collected between January and
November 2022.

2.3.1 | Autism Quotient

The level of autistic traits was assessed via the Autism Quotient
(Baron-Cohen et al. 2001). This self-report questionnaire is
scored on a range from 0 to 50, with higher scores representing
higher levels of autistic characteristics.

2.3.2 | Toronto Alexithymia Scale

The level of alexithymic traits was measured via the 20-item
Toronto Alexithymia Scale (Bagby et al. 1994). The TAS com-
prises 20 items rated on a five-point Likert scale (ranging from 1,
strongly disagree, to 5, strongly agree). Total scores on the TAS
can range from 20 to 100, with higher scores indicating higher
levels of alexithymia.

2.3.3 | PLF Emotion Recognition Task

Participants’ emotion recognition performance was assessed
using the PLF Emotion Recognition Task [as in (Keating
et al. 2022; Sowden et al. 2021)]. In this task, participants
viewed silent, dynamic point-light displays of the face (PLFs)
which depicted actors saying sentences while expressing anger,
happiness, or sadness. The audio was intentionally removed, in

line with previous studies (Keating et al. 2022; Edey et al. 2017;
Sowden et al. 2021), to ensure that participants relied solely on
facial movements—not vocal cues—to interpret emotion. This
was critical for isolating the visual component of emotional ex-
pression and examining its relationship with expression produc-
tion. On each trial, after viewing each PLF video, participants
rated how angry, happy, and sad the actor appeared on three
visual analogue scales ranging from 0 (“Not at all angry/happy/
sad”) to 10 (“Very angry/happy/sad”). Participants completed
three practice trials followed by 108 randomly ordered experi-
mental trials, across three blocks. Breaks were offered between
blocks. Emotion recognition accuracy was calculated using a
differentiation-based measure: for each trial, the average of the
two incorrect emotion ratings was subtracted from the correct
emotion rating. This metric reflects not only whether the target
emotion was identified, but also how clearly it was discriminated
from the competing alternatives (see Supporting Information B
for analyses using raw intensity ratings).

2.3.4 | FaceMap

Before starting the FaceMap paradigm, participants were in-
structed to remove any glasses and tie back any long hair to
avoid obstruction to the face. Taking inspiration from previous
research (Sowden et al. 2021), we employed the FaceMap para-
digm to record facial movements during two conditions: a spo-
ken condition and a cued condition.

In the spoken condition, participants were asked to say a stan-
dardized sentence (“my name is Jo and I'm a scientist”) while
displaying the target emotion (anger, happiness, or sadness).
This ensured that any speech-related facial movements were
held constant across individuals and emotions, enabling mean-
ingful comparisons of emotional expression despite the presence
of articulatory movement. Before the recordings began, partic-
ipants were given the following instructions: “We will now ask
you to imagine you are in a number of emotional states and to
say a sentence whilst moving your face in a way which displays
the facial expression for this emotion. Please imagine that you're
experiencing the emotion as strongly as you can and then pose
the emotion as clearly as possible. Try to think about what your
own genuine expression looks like for the emotion and repeat it
on each trial.” They were told the procedure would be as follows:

1. “We will ask you to imagine you are in that emotional state
as strongly as you can. Tell the experimenter when you are
ready.”

2. “A beep will then signal when you should start saying the
sentence.”

3. “Along beep will mean the recording has finished and you
can relax.”

To help participants understand the task, we showed short ex-
ample videos of an actor saying a different sentence (“Today I
ate cereal for breakfast”) in either a neutral or surprised man-
ner—emotions not used in the experimental trials. Participants
then completed two practice trials for each emotion (two angry,
two happy, and two sad). Subsequently, they completed two ex-
perimental blocks, with participants posing eight angry, eight
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happy, and eight sad expressions per block (totalling 16 expres-
sions for each emotion), counterbalanced across participants.
For each trial, they were asked to imagine they were experienc-
ing the target emotion as intensely as possible and to inform
the experimenter when they felt ready. The experimenter then
initiated the trial by saying “the recording is about to start” and
activating a beep. Participants completed all eight trials for that
block in sequence.

In the cued condition, participants were asked to pose facial ex-
pressions in response to a timed sequence of auditory cues. They
were given the following instructions: “We will now ask you to
imagine you are in a number of emotional states and to pose
facial expressions in a different way. Please imagine that you're
experiencing the emotion as strongly as you can and then pose
the emotion as clearly as possible. Try to think about what your
own genuine expression looks like for the emotion and repeat it
on each trial.” They were then told the procedure would be as
follows:

1. “We will ask you to imagine you are in that emotional state
as strongly as you can.”

2. “When you are ready, listen for the first beep. At this beep,
pose a neutral facial expression.”

3. “You will then hear a second, higher-pitched beep. At this
point, move your face in your own time from the neutral
expression into the target facial expression we've asked you
to pose.”

4. “Hold the expression until you hear a third, lower-
pitched beep, at which point return your face to a neutral
expression.”

5. “Afinallongbeep will signal that the recording has ended.”

This sequence followed a fixed timing structure: beeps were
spaced at 3 s intervals, resulting in a total recording duration of
9 s per trial. Participants thus posed neutral in synchrony with
the first beep, the target emotion on the second beep, return-
ing to neutral at the third, with the recording ending after the
fourth beep.

To help participants understand the task, we showed example
videos of an actor posing surprised and disgusted expressions
using this same timing sequence—emotions not used in the
experimental trials. Participants then completed two practice
trials for each of the three emotions (two angry, two happy,
and two sad). They subsequently completed two experimental
blocks, each comprising eight trials per emotion (anger, happi-
ness, and sadness), counterbalanced across participants—to-
talling 16 trials for each emotion. As in the spoken condition,
participants were asked to imagine experiencing the target
emotion as strongly as possible and then to inform the exper-
imenter when they felt ready. The experimenter then initiated
the trial by saying “the recording is about to start” and acti-
vating a beep.

To facilitate the recordings, participants stood (or sat) 30 cm from
aniPhone 12 mounted on a tripod with a ring light. Facial expres-
sions were recorded using the Rokoko Face Capture tool. Rokoko
employs Apple ARKit technology, which has been validated for

facial motion tracking and is recommended for analyzing the fa-
cial movements of those with movement-related conditions [e.g.,
autism (Taeger et al. 2021; Oh Kruzic et al. 2020)]. The ARKit
technology employs a True Depth Camera that projects over
30,000 invisible dots to create infrared image representation of
the face (Nhan 2022; Vilchis et al. 2023), which can be then used
to extract levels of activation of 52 facial blendshapes, and the X,
Y, and Z coordinates of specific landmarks. Before release, this
technology was extensively tested across diverse ages and eth-
nicities, ensuring its suitability for tracking facial movements
in individuals with varied face morphologies (Panzarino 2017).

2.3.5 | WASI-II

The Intelligence Quotient (IQ) of participants was assessed via
the two-subtest version of the WASI-II (Wechsler 2011). The
two-subtest form consists of vocabulary and matrix reasoning
assessments. Scores on the WASI range from 70 to 160, with
higher scores representing higher intelligence.

2.3.6 | Data Processing and Extraction

As discussed, preliminary literature suggests possible differ-
ences in facial morphology between autistic and non-autistic
individuals (Aldridge et al. 2011; Hosseini et al. 2022; Tripi
et al. 2019; Tan et al. 2020), necessitating control for such differ-
ences when comparing emotional expressions. To address this,
facial expression recordings were retargeted onto a common av-
atar face (using Blender) before data extraction (see https://osf.
io/8a5yw/ for retargeting script).

To do so, we first extracted the activation of 52 facial action
“blendshapes” across all timepoints by analyzing the infrared
map (described above) with Apple's open-source neural network
algorithm. These blendshapes, akin to facial action units (e.g.,
EyeSquintLeft, BrowlnnerUp, MouthSmileLeft), have activa-
tion scores ranging from zero (no activation) to one (peak ac-
tivation). For the purposes of our statistical analyses, we used
the activation data directly, but excluded the eight gaze-related
blendshapes (e.g., eyeLookUpLeft, eyeLookDownRight), leaving
44 blendshapes for analysis (see Supporting Information C for
blendshape order). These data were extracted across all time-
points in the recordings—382 frames in the spoken condition
and 540 in the cued condition—for the angry, happy, and sad
expressions (96) of all participants (51).

We then applied the extracted activation values to animate
a uniform 3D face model on Blender, ensuring that all facial
movements were rendered on an identical facial structure (see
https://osf.io/8a5yw/). Then, drawing inspiration from the
OpenFace toolkit (Baltrusaitis et al. 2016), we defined 68 facial
landmarks on the avatar (see Figure S1) and extracted their X,
Y, and Z coordinates across time. This process ensured that all
expressions were mapped onto the same facial geometry and
scale, removing the influence of individual facial structure on
the extracted motion features. By retargeting expressions to
a common template, the displacement of facial landmarks—
and therefore movement jerk at these facial landmarks—were
made directly comparable across autistic and non-autistic
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participants, reflecting true differences in expression dynam-
ics rather than underlying morphological variation. After ex-
tracting these co-ordinates, we calculated absolute jerk as the
third order derivative of the raw co-ordinates, for each of the
facial landmarks (Fletcher-Watson et al. 2019) across all time-
points (378 in spoken condition and 536 in cued condition)
in the recordings. In our implementation, this involved se-
quentially computing movement (change in position), velocity
(change in movement), acceleration (change in velocity), and
then jerk (change in acceleration) from the co-ordinate data
over time. Each successive difference shortens the series by
one frame, so jerk is defined over N minus four timepoints; ac-
cordingly, the first four frames of each trial do not yield valid
jerk values. Here, jerk captures the smoothness or abrupt-
ness of movement, with higher values indicating more rapid
changes in acceleration, and lower values reflecting smoother
transitions.

By drawing inspiration from OpenFace (BaltruS$aitis
et al. 2016) while using the Rokoko Face Capture tool, we
were able to: (1) enable comparisons with previous studies that
used OpenFace; (2) conduct analyses using three-dimensional
movement data, rather than the standard two-dimensional
data typically analyzed by OpenFace; and (3) overcome the
limitations of OpenFace that have been identified in prior re-
search—specifically, difficulties in accurately tracking facial
landmarks (i.e., estimating the coordinates of facial points)
and in reliably estimating the activation of certain facial
action units (e.g., quantifying the degree of muscle activa-
tion) (Fydanaki and Geradts 2018; Namba et al. 2021; Savin
et al. 2021).

In sum, here we have two forms of data capturing different
aspects of facial expression. The blendshape data quantify
the activation of 44 specific groups of facial muscles (e.g.,
BrowInnerUp, MouthSmileLeft) across time, via values rang-
ing from 0 (no activation) to 1 (maximum activation). The
landmark data, in contrast, provide the X, Y, and Z coordi-
nates of 68 fixed points on the face (e.g., corners of the eyes or
mouth) across time. These coordinates were used to compute
jerk (change in acceleration), capturing the smoothness of fa-
cial motion. Thus, blendshape data describe what movements
occurred, while landmark data describe how those movements
unfolded over time.

2.3.7 | Resampling Spoken Recordings

Spoken recordings were resampled using the resample() func-
tion in MATLAB to ensure uniform length for statistical com-
parisons. This approach uses interpolation to generate an evenly
spaced time series that preserves the overall shape and tempo-
ral structure of the original signal while adjusting its length.
Resampling is a widely used and valid method in time-series
analysis and has been successfully applied in prior studies in-
volving kinematic data [e.g., Cook, Blakemore, and Press (2013)
and Hickman et al. (2024)]. Notably, before resampling, there
was no difference in the duration of spoken expressions between
the autistic and non-autistic participants, across all three emo-
tions (p>0.05). Resampling was not necessary for the cued con-
dition, as all recordings were already equal in length.

2.3.8 | Score Calculations

As discussed, we theorized that mean levels of jerk or activa-
tion, and/or the precision (i.e., consistency of same emotional
expression) and differentiation (i.e., differentiation across dif-
ferent emotional expressions) of one's own facial expressions
could contribute to the ability to recognize others' expressions.
Assuch, we calculated indices for each of these for both the cued
and spoken expressions, in terms of both jerk and activation.

First, to get an index of the overall level of jerk and activation for
cued and spoken expressions, we calculated the mean of (a) jerk
and (b) activation across timepoints, landmarks, repetitions and
emotions, for each condition.

Precision scores measure how consistently a person expresses
the same emotion across repetitions. These scores were calcu-
lated in four steps, separately for each participant and for each
emotion. First, for each of the 68 landmarks (for jerk) or 44 blend-
shapes (for activation), we calculated the mean value across all
timepoints within each recording (i.e., for each of the 16 repe-
titions). Second, we computed the standard deviation of these
means across the 16 repetitions, yielding a measure of variability
in jerk or activation for each landmark or blendshape. Third, we
calculated the average of these variability scores across all land-
marks or blendshapes, resulting in a single overall variability
score per emotion. Finally, we multiplied the variability score by
—1 so that higher values indicated greater precision (i.e., lower
variability across repetitions). This produced one precision score
per emotion (anger, happiness, sadness), for both jerk and activa-
tion, which were then averaged across emotions to yield overall
precision scores for the cued and spoken conditions. Higher pre-
cision scores indicate that a participant expressed an emotion in
a more precise (or consistent) manner across repetitions.

Differentiation scores quantify the extent to which a person's
facial expressions for one emotion differs from the facial expres-
sion for another emotion. These scores were calculated in three
steps: (1) we averaged jerk and activation across repetitions and
timepoints for each landmark/blendshape; (2) we calculated the
absolute difference in jerk and activation between emotion pairs
(angry-happy, angry-sad, and happy-sad) at each landmark; and
(3) we averaged these differences across landmarks to obtain a
single differentiation score for each emotion pair. Finally, we
averaged across emotion pairs to obtain an overall mean differ-
entiation score for both cued and spoken expressions in terms of
jerk and activation (e.g., cued jerk differentiation, cued activa-
tion differentiation, spoken jerk differentiation, and spoken jerk
activation).

2.3.9 | Data Analysis

Our analyses comparing the facial expressions produced by
autistic and non-autistic individuals were conducted using
MATLAB (version 2022b). Random forest and linear regres-
sion analyses assessing the contribution of emotion-production
factors to emotion recognition were conducted using R Studio
(version 2021.09.2). Bayesian analyses were conducted in JASP
(version 0.17.2.1). Heatmaps were generated using Blender (ver-
sion 3.6.5). For all permutation test analyses comparing autistic
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and non-autistic facial expressions (see description below), we
employed an alpha of 0.05 to determine statistical significance.
For all Bayesian analyses, we followed the classification scheme
used in JASP (Lee and Wagenmakers 2014), in which BF,, val-
ues between one and three reflect weak evidence, between 3
and 10 reflect moderate evidence, greater than 10 reflect strong
evidence, and greater than 100 reflect extreme evidence for the
experimental hypothesis.

3 | Results

To portray the contribution of autism and alexithymia to the
production of angry, happy, and sad facial expressions across
time, we rendered heatmaps (see https://osf.io/8a5yw/).

3.1 | Analyses With Data From the Cued Condition
3.1.1 | Activation at the Peak of Cued Expressions

First, we aimed to determine whether there were group differ-
ences in activation during peak expression for anger, happiness,
and sadness at specific blendshapes. Therefore, we extracted ac-
tivation data at the midpoint of the expression (timepoint 270),
for each blendshape, participant, and repetition, for each of the
emotions respectively. Following this, for each of the 44 blend-
shapes, we conducted a linear mixed effects model (LMMs) of
activation as a function of group (autistic, non-autistic) and TAS
score, with subject and repetition as random intercepts, for each
of the emotions. We used linear mixed-effects models because
they account for both fixed and random effects in our nested,
repeated-measures data, preventing underestimated variance
and inflated Type I-error rates and providing more accurate,
generalisable estimates (Baayen et al. 2008; Gueorguieva and
Krystal 2004) (see Supporting Information D for full details and
justification). In these linear mixed models, if we found a sig-
nificant main effect of group, this would suggest that there are
significant differences in activation between autistic and non-
autistic individuals at the specific blendshape, even after con-
trolling for alexithymia.

To account for multiple comparisons, we implemented a
permutation-based approach (see Supporting Information D
for full details). In short, for each permutation, we (1) randomly
reassigned participants’ activation data to the autistic or non-
autistic group, and (2) re-ran the linear mixed effects models to
generate a null distribution of F values for the group and alex-
ithymia effects. The shuffled F values were then ranked, and
the effects in the real data were only considered significant if
they exceeded the 95th percentile of this null distribution. Here,
permutation testing allowed us to control the family-wise error
rate while retaining greater statistical power than traditional
corrections like Bonferroni, which are often overly stringent in
contexts with numerous spatial and/or temporal units (e.g., neu-
roimaging) (Nichols and Holmes 2002; Groppe et al. 2011).

This analysis identified that there were significant group dif-
ferences in activation at specific blendshapes for the angry
[4.55% of blendshapes], happy [45.55% of blendshapes] and sad
[2.27% of blendshapes] expressions, even after controlling for

alexithymia. When posing an angry expression, the autistic par-
ticipants exhibited significantly lower activation of the left and
right brow down blendshapes [left F=—4.91; right F=-4.91] -
facial features typically considered to signal anger. Alexithymia
was a significant negative predictor of activation for the left and
right eye wide [left F=—5.47; right F=—5.49] and the left mouth
[F=-5.47] blendshapes. For happiness, there were significant
differences in activation at 45.55% of the blendshapes; the autis-
tic participants displayed lower activation of the left and right
eye squint [left F=-8.40; right F=-8.43], mouth smile [left
F=-15.67; right F=-14.97], mouth dimple [left F=—7.84; right
F=-6.82], mouth lower down [left F=-5.80; right F=-5.63],
mouth upper up [left F=-8.55; right F=-8.31], brow down
[left F=—7.13; right F=—7.12], and cheek squint [left F=—-10.43;
right F=-11.05] blendshapes, along with the upper mouth
shrug [F=—5.43] and left mouth stretch [F = —3.72] blendshapes.
Conversely, the autistic participants displayed higher activa-
tion at the upper mouth roll [F = 4.54], mouth close [F = 5.39],
mouth funnel [F = 5.18], and cheek puff [F=4.34] blendshapes
(see Figure 1). Thus, the autistic participants displayed lower
activation of many blendshapes considered to signal happiness
(e.g., mouth smile, cheek squint). Alexithymia was a significant
positive predictor of activation for the jaw open [F=5.07] and a
negative predictor of the mouth shrug lower [F=—5.94] blend-
shapes. Finally, for sadness, the autistic participants exhibited
significantly lower activation for the jaw forward [F=-4.02]
blendshape. Alexithymia was a significant positive predic-
tor of activation for the left and right eye blink [left F=5.86;
right F=5.94] and the right mouth [F=4.02] blendshapes (see
Figure 1).

3.1.2 | Activation Across the Time-Course of Cued
Expressions

Next, we aimed to determine whether there were any differences
between groups in activation for angry, happy, and sad facial
expressions at specific blendshapes and timepoints in the cued
condition. To test this, for each of the 44 blendshapes, at each
of the timepoints, we conducted a linear mixed effects model
of activation as a function of group (autistic, non-autistic) and
TAS score, with subject and repetition as random intercepts, for
each of the emotions. In these models, if we found a significant
main effect of group, this would suggest that there are signifi-
cant differences in activation between autistic and non-autistic
individuals at the specific blendshape, at the specific moment in
time, after controlling for alexithymia. As above, we conducted
a permutation test to determine which effects were statistically
significant (see Supporting Information D).

This analysis identified that there were significant group differ-
ences in activation for angry, happy, and sad facial expressions
at specific blendshapes at specific timepoints. For anger, the au-
tistic participants displayed significantly lower activation of the
left and right brow down blendshapes for numerous timepoints
when holding the angry expression (see Figure 2). In contrast,
the autistic participants displayed significantly higher activation
of the left and right mouth frown and mouth upper blendshapes
during this period. Thus, when producing cued expressions of
anger, the autistic participants may have relied more on the
mouth, and less on the eyebrows, to signal anger. Prior to and
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after the expression, the autistic participants also displayed
higher activation for the mouth pucker and left and right eye
blink blendshapes. Alexithymia was a significant negative pre-
dictor of activation for the left and right eye wide and eye squint
blendshapes when holding the angry expression.

For happiness, the autistic participants displayed significantly
lower activation of the left and right mouth smile, mouth dim-
ple, mouth shrug upper, mouth lower down, mouth upper up,
cheek squint, eyebrow down, and eye squint blendshapes at
specific timepoints when holding the expression. In contrast,
the autistic participants displayed significantly higher activa-
tion at the mouth close, mouth funnel, mouth roll upper, and
cheek puff blendshapes during this period (see Figure 3). These
results suggest that the autistic and non-autistic participants dis-
play different mouth and cheek configurations when expressing
happiness. Alexithymia was a significant negative predictor of
activation for the left and right eye wide, mouth press, and the
upper and lower mouth shrug blendshapes at peak expression.
Conversely, alexithymia was a significant positive predictor
of activation for the left and right mouth lower down, mouth
stretch, and mouth upper up blendshapes, at timepoints im-
mediately following the initiation of movement into the happy
expression. Alexithymia was also a significant predictor of the

jaw open blendshape at numerous timepoints when holding the
expression (see Figure 3).

Finally, for sadness, the autistic participants displayed signifi-
cantly lower activation of the jaw forward blendshape at nu-
merous timepoints when holding the expression. In contrast,
the autistic participants exhibited significantly higher activa-
tion for the left and right mouth upper up blendshapes at time-
points shortly after initiating movement into the expression (see
Figure 4). Alexithymia, on the other hand, was a significant neg-
ative predictor of the left and right mouth lower down, mouth
upper up, mouth stretch, the upper mouth roll, and right jaw
blendshapes during this period. Conversely, alexithymia was a
significant positive predictor of activation for the left and right
eye blink and the mouth right blendshapes at specific timepoints
when holding the expression (see Figure 4).

3.1.3 | Jerk Averaged Across the Whole Time-Course
of Cued Expressions

Next, we aimed to determine whether there were differences
between groups in the jerkiness of cued angry, happy, and sad
expressions at specific landmarks on the face. Due to previous
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FIGURE 2 | Graphs showing t-values for significant group (top) and alexithymia (bottom) effects on activation during cued angry expressions.
Positive values (orange/red) indicate higher activation in autistic participants or a positive correlation with alexithymia, while negative values (blue/
purple) indicate lower activation or a negative correlation. Heatmaps are included to visualize these effects.

findings that autistic individuals exhibit significantly more
jerky movements, independent of movement phase [see Cook,
Blakemore, and Press (2013)], we took an average of jerk across
all timepoints in the recording for each landmark, participant,
and repetition, for each of the emotions respectively (though
see Supporting Information E for analyses comparing the jerki-
ness of autistic and non-autistic facial expressions across time).
Following this, for each of the 68 landmarks, we conducted a
linear mixed effects model of jerk as a function of group (autis-
tic, non-autistic) and TAS scores, with subject and repetition as
random intercepts for each of the emotions. As previously, we
conducted a permutation test on the data to account for multiple
testing (see Supporting Information D).

This analysis revealed that there were significant group differ-
ences in jerk for angry and happy (but not sad) expressions at
specific regions on the face (note that the largest number of sig-
nificant differences were found for anger =32.35% landmarks;
happiness=4.41% landmarks). When posing angry expres-
sions, the autistic participants exhibited significantly higher
jerk than the non-autistic participants at all of the mouth facial
landmarks [mean significant F=4.19] and at specific nose land-
marks [22.2% nose landmarks; mean significant F=3.71], even
after controlling for alexithymia (see Figure 5). Alexithymia, on
the other hand, was a significant negative predictor at specific
eyebrow landmarks [10% eyebrow landmarks; mean significant
F=-3.87]: those higher in alexithymia exhibited lower jerk at a
specific eyebrow landmark when posing anger (see Figure 5). In
contrast, for happiness, the autistic participants displayed sig-
nificantly lower jerk at a third of the eyebrow landmarks (33.33%
eyebrow landmarks; mean significant F=-7.62). It is likely that
the autistic participants displayed significantly lower jerk at the
eyebrow region due to there being lower activation of the left and
right ‘eyebrow down’ blendshapes, as per our previous analysis.
Alexithymia was not a significant predictor of jerk at any of the
landmarks when posing happiness. Finally, there were no sig-
nificant group differences in jerk for sad expressions at any of
the facial landmarks. Nevertheless, alexithymia was a signifi-
cant negative predictor of jerk at specific eyebrow [40% eyebrow
landmarks; mean significant F=-4.56] and jaw [5.88% jaw
landmarks; F=-3.76] landmarks: those higher in alexithymia
exhibited lower jerk at specific eyebrow landmarks when posing
sadness (see Figure 5).

3.2 | Analyses With Data From the Spoken
Condition

3.2.1 | Activation Averaged Across the Whole
Time-Course of Spoken Expressions

Next, we aimed to determine whether there were group dif-
ferences in activation for the angry, happy, and sad spoken ex-
pressions at specific blendshapes. In this condition, since the
expression was produced across the whole recording, we took an

average of activation across all timepoints for each blendshape,
participant, and repetition, for each of the emotions respec-
tively. Following this, for each of the 44 blendshapes, we con-
ducted a linear mixed effects model of activation as a function
of group (autistic, non-autistic) and TAS score, with subject and
repetition as random intercepts, for each of the emotions. To ac-
count for multiple testing, we conducted a permutation test (see
Supporting Information D).

This revealed that there were significant group differences in
activation for spoken expressions of anger [15.91% of blend-
shapes], happiness [11.36% of blendshapes] and sadness [4.55%
blendshapes]. For anger, the autistic participants displayed sig-
nificantly lower activation of the left and right eye squint [left
F=-4.93; right F=-4.91], brow down [left F=-3.70; right
F=-3.70], and the mouth roll upper [F=-5.90] blendshapes,
and significantly higher activation of the left and right mouth
upper up [left F=3.94; right F=4.70] blendshapes. Thus, across
both the cued and spoken condition, the autistic participants dis-
played lower activation of the brow down blendshapes. Notably,
alexithymia was a significant positive predictor of activation
at the left and right mouth smile [left F=8.30; right F=8.97],
cheek squint [left F=4.21; right F=3.82], and left mouth
[F=6.88] blendshapes (see Figure 6). Hence, those high in alex-
ithymic traits showed increased activation of many of the blend-
shapes associated with happiness (mouth smile, cheek squint)
when posing anger, suggesting that these facial expressions
may be less well differentiated. For happy spoken expressions,
the autistic participants exhibited significantly lower activation
of the left and right eye squint [left F=—4.12; right F=-4.12],
brow down [left F=-10.45; right F=-10.42], and the mouth
roll lower [F=-3.78] blendshapes (see Figure 6). Thus, across
both the cued and spoken condition, the autistic participants
displayed lower activation of the brow down blendshapes when
expressing happiness. In addition, alexithymia was a significant
positive predictor of the left and right mouth frown blendshapes
[left F=5.35; right F=5.91], and a significant negative predictor
of activation for right jaw blendshape [F=—-4.39]. Hence, when
posing happiness, those high in alexithymic traits showed in-
creased activation of some of the blendshapes associated with
anger (e.g., mouth frown), suggesting once again that their
happy expressions may be less well-differentiated from their
angry expressions. Finally, for sad spoken expressions, the autis-
tic participants displayed higher activation of the left and right
mouth upper up [left F=8.39; right F=9.63] blendshapes (see
Figure 6). Alexithymia was not a significant predictor of activa-
tion for sad spoken expressions at any of the blendshapes.

3.2.2 | Activation Across the Time-Course of Spoken
Expressions

Next, we aimed to determine whether there were any differ-
ences between groups in activation for angry, happy, and sad fa-
cial expressions at specific blendshapes, at specific timepoints in
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the spoken expression, after controlling for alexithymia. To test
this, for each of the 44 blendshapes, at each of the timepoints, we
conducted a linear mixed effects model of activation as a func-
tion of group (autistic, non-autistic) and TAS score, with subject
and repetition as random intercepts, for each of the emotions. As
above, we employed a permutation test to establish which effects
were statistically significant (see Supporting Information D).

This analysis revealed that, for anger, the autistic participants
displayed significantly lower activation of the left and right brow
down and eye squint, the lower and upper mouth roll, and the
mouth close blendshapes at numerous timepoints throughout
the expression. In contrast, the autistic participants displayed
significantly higher activation of the left and right mouth
upper up blendshapes at numerous timepoints throughout, and
the mouth smile blendshapes early in the angry expression.

Alexithymia was a significant positive predictor of the left and
right mouth smile and cheek squint blendshapes at numerous
timepoints throughout the angry expression, thus suggesting
that angry and happy expressions are less well differentiated
for highly alexithymic individuals. In comparison, alexithymia
was a significant negative predictor of the brow down blend-
shapes later in the expression (see Figure 7 for all significant
differences).

For happiness, the autistic participants exhibited significantly
lower activation of the left and right brow down blendshapes at
every timepoint in the recording. In addition, the autistic par-
ticipants displayed significantly lower activation of the left and
right cheek squint, eye squint, and mouth shrug upper blend-
shapes at the start and end of the expression, and many of the
mouth-related blendshapes (e.g., left and right mouth lower
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down, mouth smile, mouth dimple, mouth press, etc.) at the
start of the expression. In contrast, the autistic participants dis-
played higher activation of the mouth pucker and mouth funnel
blendshapes at the start and end of the expression. Alexithymia,
on the other hand was a significant positive predictor of the left
and right mouth frown blendshapes at numerous timepoints
throughout, suggesting that highly alexithymic individuals tend
to activate action units associated with anger when expressing
happiness (see Figure 8 for all significant effects).

Finally, for sadness, the autistic participants displayed signifi-
cantly higher activation of the left and right mouth upper up
and brow outer up blendshapes, along with the left jaw blend-
shape, at numerous timepoints throughout the expression.
Concurrently, the autistic participants exhibited significantly
lower activation of the upper and lower mouth roll, and lower
mouth shrug blendshapes throughout the expression. Finally,
the autistic participants displayed lower activation of the left and
right eye squint and mouth frown blendshapes near the start
of the expression (see Figure 9). Alexithymia was a significant
positive predictor of the upper and lower mouth roll and mouth
shrug blendshapes, and the left and right mouth upper up and
mouth dimple blendshapes at various timepoints throughout the
expression. Alexithymia was a significant negative predictor of

the left and right eye squint blendshapes at the start and end
of the expression, and of the mouth pucker and mouth funnel
blendshapes near the start of the expression (see Figure 9).

3.2.3 | Jerk Averaged Across the Whole Time-Course
of Spoken Expressions

Finally, we aimed to determine whether there were significant
group differences in the jerkiness of spoken expressions across
the emotions. To fulfill this aim, we took an average of jerk
across all timepoints in the recording for each landmark, par-
ticipant, and repetition, for each of the emotions respectively
(see Supporting Information E for analyses comparing the jerk-
iness of autistic and non-autistic facial expressions across time).
Following this, for each of the 68 landmarks, we conducted a
linear mixed effects model of jerk as a function of group (autis-
tic, non-autistic) and TAS scores, with subject and repetition as
random intercepts, for each of the emotions. As previously, we
conducted a permutation test on the data to account for multiple
testing (see Supporting Information D).

Our analysis revealed that there were no significant group dif-
ferences in the jerkiness of movements for angry, happy, or sad
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spoken expressions at any of the facial landmarks. Similarly,
alexithymia did not predict jerk at any of the facial landmarks
for angry expressions. However, for happiness and sadness,
alexithymia was a negative predictor of jerk at specific mouth
facial landmarks [happiness: 15% mouth landmarks; mean sig-
nificant F=—4.41; sadness: 15% mouth landmarks, mean signif-
icant F=—4.45; see Figure 10].

3.2.4 | The Differentiation of Angry and Happy Facial
Expressions: Exploratory Analysis

As discussed previously, the results from our primary anal-
yses raise the possibility that those high in alexithymia pro-
duce less differentiated angry and happy facial expressions
than those low in alexithymia, even after accounting for

autism. That is, we found that individuals high in alexithy-
mia displayed elevated activation of the mouth smile blend-
shapes when posing anger, and the mouth frown blendshape
when posing happiness (relative to those low in alexithymia).
Thus, to formally test the contribution of autism and alexithy-
mia to the differentiation of angry and happy spoken expres-
sions, we conducted an exploratory random forests analysis
(Breiman 2001) using the Boruta wrapper algorithm (Kursa
and Rudnicki 2010).

In this analysis, alexithymia was deemed important [Mean
Importance Score (MIS)=9.59], and autism was deemed un-
important [MIS=2.13], for the differentiation of angry and
happy spoken expressions (see Figure 11, left). A follow-up
analysis identified the same pattern of results in the cued
condition (alexithymia [MIS=9.36]; autism [MIS=2.64]; see
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Figure 11, right). In sum, these results suggest that alexithy-
mia, and not autism, is associated with lower differentiation
of angry and happy facial expressions across both posing
conditions.

3.2.5 | The Link Between Production and Perception

Subsequently, we aimed to investigate whether features of
emotion-production contribute to emotion recognition accu-
racy. Building on the body movement and emotional experi-
ence literatures, we predicted that more jerky, and less precise
and/or differentiated, expressions would be associated with
reduced emotion recognition accuracy. We explored whether
this was the case for both autistic and non-autistic individuals
by conducting a random forests analysis (Breiman 2001) sep-
arately for each group, using the Boruta wrapper algorithm
(Kursa and Rudnicki 2010) [as in (Keating and Cook 2023;
Keating et al. 2023, in press)|. Here, we analyzed the groups
separately because prior research suggests that different abil-
ities or processes may underlie emotion recognition in autis-
tic and non-autistic individuals (Keating et al. 2023, in press;
Rump et al. 2009; Rutherford and McIntosh 2007; Walsh
et al. 2014). To test our predictions, we included emotion rec-
ognition accuracy as the outcome variable: feature variables
included mean jerk, mean jerk precision, mean jerk differenti-
ation for both cued and spoken expressions; mean activation,
mean activation precision, mean activation differentiation for
both cued and spoken expressions; plus AQ and TAS. We se-
lected this machine learning approach in part due to the high
degree of collinearity among several of our predictor variables;
for example, mean cued activation and mean spoken activation

were strongly correlated (r=0.829, p<0.001). Traditional re-
gression methods assume low multicollinearity, and violation
of this assumption can lead to inflated and unstable standard
errors, unreliable p values, and an increased risk of both Type
I and Type II errors (Hoffmann and Shafer 2015; Mason 1987;
Mela and Kopalle 2002; Tu et al. 2004). Random forests, by
contrast, are more robust to multicollinearity and can provide
more stable estimates of variable importance under these con-
ditions (Dormann et al. 2013; Tomaschek et al. 2018).

For the non-autistic participants, of the 15 variables tested, three
were classified as important, three as tentatively important,
and nine were deemed unimportant for emotion recognition.
Figure 12 (left) shows that spoken jerk precision [MIS=9.75],
TAS score [MIS =9.54] and mean spoken jerk [MIS=8.61] were
classed as important for emotion recognition. AQ [MIS=4.81],
cued jerk precision [MIS=4.61] and cued jerk differentiation
[MIS=4.37] were tentatively important for non-autistic emo-
tion recognition. All other variables were deemed unimport-
ant. Notably, here we found that variables corresponding to
the spoken condition were deemed important for emotion rec-
ognition, while those in the cued condition were deemed tenta-
tively important. This finding is expected; participants may be
more likely to draw on their own spoken productions since the
stimuli in the emotion recognition task also comprise spoken
expressions.

For the autistic participants, of the 15 variables tested, one was
classified as tentatively important, and 14 were classified as unim-
portant for emotion recognition. As shown in Figure 12 (right), IQ
was deemed tentatively important [MIS=6.35] and all other vari-
ables were deemed unimportant for autistic emotion recognition.
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Next, to verify the results from our random forests analyses, we
conducted a linear regression in each group, predicting mean
emotion recognition accuracy with the “important” and “tenta-
tively important” variables. In these regressions, we added the
predictor variables sequentially, starting with the variables with
the highest mean importance scores, until there was no longer
a significant improvement to the model. This follow-up analysis
was conducted to complement the strengths of the random for-
ests approach. While random forests combined with the Boruta
algorithm are well suited for robust feature selection—particu-
larly in the context of multicollinearity and high-dimensional
data—they do not provide direct estimates of effect size, di-
rectionality, or statistical significance. Linear regression, by
contrast, allows for clearer interpretation of the strength and
direction of associations, variance explained, and statistical in-
ference through p values. Thus, these regression models served
to validate and clarify the relationships between the selected
predictors and emotion recognition accuracy.

For non-autistic individuals, entering mean spoken jerk
precision as a predictor of emotion recognition signifi-
cantly improved the model [F change=16.59, p<0.001, R?
change =41.9%], accounting for 41.9% of the variance. Adding
TAS score in the second step marginally improved the model
[F change =4.27, p=0.051, R? change =9.9%], accounting for
an additional 9.9% of the variance. There were no further im-
provements to the model when we added the remaining im-
portant and tentatively important variables. These results
suggest that, for non-autistic people, those with more pre-
cise spoken productions (with respect to jerk) tended to have
greater emotion recognition accuracy.

To evaluate the strength of evidence for this model, we conducted
Bayesian analyses separately for each group. Unlike traditional

frequentist analyses, which only test whether an effect is statis-
tically significant, Bayesian methods quantify the degree of evi-
dence for both the presence and absence of an effect—providing
a more nuanced assessment. This was particularly useful in our
case, as it allowed us to determine whether the same predictors
that were informative for non-autistic individuals also explained
variance in autistic individuals. The results showed very strong
evidence for the model (where spoken jerk precision and alex-
ithymia predict emotion recognition) in the non-autistic group
[BF,,=87.55, R*=51.4%], but moderate evidence for the null
model in the autistic group [BF,,=0.22, R*=2.4%], supporting
the idea that different factors may be linked to autistic and non-
autistic emotion recognition.

For autistic individuals, IQ was a significant positive predictor
[t=2.60,b=0.48, p=0.016], accounting for 22.6% of the variance
in emotion recognition accuracy, and significantly improving the
model [F change =7.73, p=0.016, R? change =22.6%]. Bayesian
analyses demonstrated that there was moderately strong ev-
idence for this model relative to a null model [BF,,=3.62]. In
contrast, the same analysis demonstrated weak evidence for the
null model for non-autistic individuals [BF,,=0.94, R*=10.2%].

We also conducted additional analyses to ascertain (1) whether
the autistic participants produced more or less precise and id-
iosyncratic facial expressions than their non-autistic peers, (2)
whether age, gender, or IQ were associated with mean levels of
jerk or activation, (3) the (Bayesian) prevalence of our group ef-
fects, (4) individual differences that might be related to spoken
jerk precision in the non-autistic group, and (5) the contribution
of autistic and alexithymic traits to the precision and differentia-
tion of angry, happy and sad facial expressions. These analyses,
which are outside of the scope of the main manuscript, are re-
ported in Supporting Information F-K respectively.
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4 | Discussion

In this study, we first compared the facial expressions produced
by autistic and non-autistic individuals, after controlling for
differences in facial morphology and alexithymia, and second,
explored whether the jerkiness, activation, precision, and differ-
entiation of participants’ own emotional expressions contributed
to their ability to recognize others". Our results suggest that both
autism and alexithymia contribute to levels of activation and
jerk when producing emotional expressions, with these effects
varying by emotion (i.e., across anger, happiness, and sadness),
facial action unit (e.g., brow down blendshapes, mouth smile
blendshapes, etc.), and posing condition (i.e., cued versus spo-
ken). That is, compared to non-autistic participants, the autistic
participants did not show a consistent pattern of higher or lower
activation or jerk across all facial features, emotions, and condi-
tions. Instead, they displayed higher activation or jerk in some
facial regions for certain emotions and posing conditions, lower
activation or jerk in others, and in some cases, there were no
differences between groups. This evidence points to some dif-
ferences in both the configuration (i.e., relative activation) and
kinematics of facial features between autistic and non-autistic
individuals when expressing emotion. Such mismatches could,
at least partially, explain why autistic individuals find it difficult
to recognize the emotions of non-autistic people, and vice versa
(Keating and Cook 2020; Brewer et al. 2016; Lampi et al. 2023;
Love 1993); autistic and non-autistic faces may be essentially
“speaking a different language” when conveying emotion
(Keating 2023). Therefore, what have previously been thought
of as intrinsic emotion recognition “deficits” for autistic people
may be more accurately described as difficulties resulting from
cross-neurotype interactions. Further research is needed to test
the impact of expressive differences on emotion recognition for
autistic and non-autistic people.

For anger, across both conditions, the autistic participants dis-
played lower activation of the brow down blendshapes, and
higher activation of specific mouth blendshapes (e.g., mouth
frown, mouth upper up), than their non-autistic peers (even after
controlling for facial morphology and alexithymia). Autistic in-
dividuals also displayed significantly higher jerk for all mouth
facial landmarks in the cued condition. Together, this evidence
suggests that autistic people may rely more on the mouth, and
less on the eyebrow region, to signal anger than their non-
autistic counterparts, both during cued and spoken emotional
expressions. Interestingly, autistic individuals typically attend
more to the mouth, and less to the eye region (than their non-
autistic peers), when recognizing emotional expressions (Klin
et al. 2002; Riby et al. 2009; Calder et al. 2000). One possible ex-
planation that develops from our current findings is that, since
autistic individuals rely more on the mouth, and less on the
eyebrows, (than non-autistic individuals) to signal anger them-
selves, these participants may expect there to be more expressive
information in the mouth region, and thus attend to this area
more. Such attentional biases could then lead to downstream
difficulties recognizing anger since the majority of expressive
information is thought to be conveyed in the upper half of the
face (Calder et al. 2000; Smith et al. 2005). Further research is
necessary to test whether differences between groups in the pro-
duction of emotional facial expressions contribute to differences
in the sampling and recognition of them.

For happiness, there were large differences between groups in
activation for both cued and spoken expressions, even after con-
trolling for facial morphology and alexithymia. Specifically, the
autistic participants displayed significantly lower activation of
many blendshapes typically associated with happiness in both
conditions—the left and right mouth smile, cheek squint, eye
squint, and brow down blendshapes. By contrast, we found
that the autistic participants exhibited higher activation for
other cheek and mouth blendshapes (e.g., mouth funnel, mouth
pucker, cheek puff, and mouth roll upper) in both conditions.
Together, these results suggest there are group differences in
mouth configuration when expressing happiness, with autistic
individuals displaying a less exaggerated, and more puckered
smile. Moreover, our results suggest that autistic participants
rely less on the eyes, eyebrows, and cheeks than their non-
autistic peers when posing happiness. This may explain why
autistic expressions have been rated as less natural in previous
experiments (Faso et al. 2015): in the neurotypical literature,
genuine (i.e., natural) happy expressions are said to be character-
ized by activation of both the zygomaticus major muscle—which
pulls the lip corners upwards (i.e., mouth)—and the orbicularis
oculi muscle—which lifts the cheeks, gathers the skin around
the eye, and pulls the brow down—while non-genuine happy
expressions only involve the former (Ekman and Friesen 1982;
Frank and Ekman 1993; Iwasaki and Noguchi 2016). Hence, au-
tistic happy expressions may be perceived as less genuine (by
non-autistic observers), as they mostly involve activation of the
zygomaticus major muscle (i.e., the mouth). Notably, although
these expressions may be perceived as less genuine according to
neurotypical criteria, this does not necessarily mean that autistic
individuals produce less authentic or more forced expressions.
Rather, it could be that genuine happy expressions for autistic
individuals do not involve the orbicularis oculi to the same ex-
tent as for non-autistic individuals. Further work is necessary
to characterize genuine and posed autistic facial expressions,
and to ascertain whether autistic expressions are rated as less
natural or atypical in appearance (Faso et al. 2015; Grossman
et al. 2013; Loveland et al. 1994; Macdonald et al. 1989) due to
lower activation of the orbicularis oculi.

For sadness, there were fewer group differences in activation
(relative to anger and happiness), and no group differences in
jerk, after controlling for facial morphology and alexithymia. In
the cued condition, the autistic participants exhibited signifi-
cantly lower activation of the jaw forward blendshape at peak
expression, and higher activation of the mouth upper up blend-
shape when transitioning into the expression. In the spoken
condition, the autistic participants displayed significantly lower
activation of the mouth frown, mouth roll, and eye squint blend-
shapes (at specific moments in time), but higher activation of the
mouth upper up, brow outer up, and jaw left blendshapes. Thus,
once again, our results point to different facial configurations
for both cued and spoken sad expressions between groups. Most
notably, the autistic participants tended to raise their upper lip
more (cued and spoken condition), and pull the corners of their
mouth down less (spoken condition), to display the downturned
mouth that is characteristic of a sad expression (than their non-
autistic peers).

The results of the current study partially support our hypothe-
sis concerning the jerkiness of facial movements. Based on prior
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research showing jerkier whole-body, upper-limb, and head
movements [see Cook (2016)], we predicted that autistic partici-
pants here would display significantly more jerky facial expres-
sions than their non-autistic counterparts. However, whilst the
autistic participants (relative to non-autistic participants) exhib-
ited higher jerk at all mouth landmarks for cued expressions of
anger, thus supporting our hypothesis, we also found lower jerk
at specific eyebrow landmarks for cued expressions of happi-
ness, and no differences in jerk for sadness, contradicting our
hypothesis. Moreover, there were no differences in jerk between
groups in the spoken condition, in contrast to our hypothesis.

In this project, we found that alexithymia significantly con-
tributed to the production of emotional facial expressions, both
in terms of activation and jerk. For example, alexithymia, and
not autism, was associated with less differentiated angry and
happy facial expressions for both cued and spoken expressions.
Specifically, in the spoken condition, we found that individuals
high in alexithymia displayed elevated activation of the mouth
smile blendshapes when posing anger, and the mouth frown
blendshape when posing happiness. Concurrently, for both cued
and spoken expressions, we found that there were smaller differ-
ences in activation between angry and happy facial expressions
across blendshapes for those high, relative to low, in alexithy-
mia. These results suggest that highly alexithymic individuals
may produce more overlapping or ambiguous, angry and happy
facial expressions. This challenges previous findings which have
attributed less differentiated expressions in autistic individuals
to autism, rather than alexithymia (Yirmiya et al. 1989; Rozga
et al. 2013). Further research is needed to determine whether
alexithymia leads to greater overlap between other emotional
expressions (e.g., anger and disgust, surprise and fear, etc.), and
to investigate whether observers have difficulty recognizing the
less differentiated expressions of highly alexithymic individuals.

Another key aim of this study was to explore links between the
production and perception of emotional expressions in autistic
and non-autistic individuals. Leveraging the body movement
and emotional experience literatures we predicted that less pre-
cise and/or differentiated facial expressions would be associated
with reduced emotion recognition accuracy. We found that pre-
cision was an important contributor for non-autistic individuals,
accounting for 41.9% of the variance in emotion recognition ac-
curacy: those who produced highly variable spoken expressions
(in terms of jerk) typically had poorer accuracy on an indepen-
dent emotion recognition task. In a further exploratory analysis,
we also identified a potential mechanistic pathway by which
alexithymia contributes to emotion recognition difficulties (see
Supporting Information I): alexithymia may lead to more vari-
able productions of emotional expressions, which may in turn
lead to greater emotion recognition difficulties (i.e., an indirect
effect). Nevertheless, since mediation analyses cannot defini-
tively determine causality (Bollen and Pearl 2013), future studies
employing causal manipulation are necessary to confirm this.

While the precision of spoken productions predicted emotion rec-
ognition for non-autistic individuals, no production-related fac-
tors contributed to emotion recognition for autistic individuals.
For this group, IQ was the only significant contributor, explain-
ing 22.6% of the variance in accuracy. These results contribute
to a growing literature suggesting that different psychological

mechanisms are involved in autistic and non-autistic emotion
recognition (Keating et al. 2023, in press; Rump et al. 2009;
Rutherford and McIntosh 2007; Walsh et al. 2014). Within this
literature, there is evidence that the precision of visual emotion
representations (i.e., emotional expression in the “mind's eye”)
contributes to emotion recognition accuracy for non-autistic in-
dividuals, but not autistic individuals (Keating and Cook 2023;
Keating et al. 2023). Taken together, these studies suggest that
autistic individuals may not be using their visual representa-
tions and productions of facial expressions to help them recog-
nize others’ emotions (as much as their non-autistic peers). This
idea aligns with Bayesian theories of autism which propose that,
compared to non-autistic people, autistic individuals are less
influenced by prior expectations (Lawson et al. 2014). In this
framework, a visual representation of an emotion can be consid-
ered a prior—an internal prediction about what a given emotion
should look like. While non-autistic individuals may recognize
emotions by comparing incoming sensory information (i.e., fa-
cial expressions) to this prior, autistic individuals may place less
weight on such priors, potentially relying more on the incom-
ing sensory information. This reduced influence of priors could
help explain why the precision of one's own facial expressions
is linked to emotion recognition for non-autistic individuals but
not for autistic individuals.

If autistic individuals rely less on stored visual representations
and productions of facial expressions, how are they recogniz-
ing other people's emotions? One plausible explanation is that
autistic individuals may have developed cognitively or ver-
bally mediated compensatory strategies (Keating et al. 2023, in
press; Rump et al. 2009; Rutherford and McIntosh 2007; Walsh
et al. 2014). For example, a “rule-based” strategy where the in-
coming expression is matched to a list of features associated
with different emotions (e.g., anger: “furrowed eyebrow”; happi-
ness: “lips raised”; sadness: “downturned mouth”) (Rutherford
and McIntosh 2007; Walsh et al. 2014). If autistic individuals
are employing these cognitively or verbally mediated rule-based
strategies, then we might expect emotion recognition perfor-
mance to be related more to verbal or cognitive ability in the
autistic than non-autistic group. Supporting this idea, here we
found that IQ was a significant predictor of emotion recogni-
tion for the autistic [F (1,23) =6.73, p=0.013, R*=22.6], but not
non-autistic participants [F (1,23) =2.62, p=0.120, R>=10.2%)].
Concurrently, if autistic individuals are employing more cogni-
tive strategies, rather than automatically comparing to their vi-
sual representations or productions, this could also explain the
longer emotion recognition response latencies found for autis-
tic individuals (Georgopoulos et al. 2022; Hileman et al. 2011;
Loth et al. 2018; McPartland et al. 2004; O'Connor et al. 2005;
O'Connor et al. 2007; Webb et al. 2006). Further research is nec-
essary to test whether autistic people adopt a rule-based strategy
to recognize others' emotions, and to identify what other factors
contribute to autistic emotion recognition.

4.1 | Strengths, Limitations and Future Directions

A key strength of this study is that we adopted a landmark de-
tection approach—in which we extracted activation and jerk for
numerous facial landmarks—rather than an emotion detection
approach—wherein coarse estimations are computed regarding
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the extent to which anger, happiness, and/or sadness is displayed
[e.g., FaceReader, Facet, FaceVideo; see (Dupré et al. 2020)]. This
approach offers several advantages. First, it allowed us to move
beyond capturing global differences in angry, happy, and sad
facial expressions and instead comprehensively compare levels
of activation and jerk across all facial features, for these emo-
tions. This approach enabled us to disentangle mixed findings
on emotional expressivity in autism, showing that expressions
may appear more or less intense depending on the facial region
being studied. Second, examining numerous facial features al-
lowed us to identify what specifically is different about autistic
and non-autistic expressions, thus addressing a critical gap in
the literature [see (Keating and Cook 2020)], and opening ave-
nues to interventions aimed at enhancing cross-neurotype emo-
tions recognition. Third, our approach does not require software
to assume, or make a prediction about, the emotion being dis-
played. This is pertinent given that previous work has critiqued
the accuracy of the predictions made by automated emotion de-
tection software (Burgess et al. 2023; Dupré et al. 2018; Kiintzler
et al. 2021).

While this study provides valuable insights into the differences
in voluntarily produced facial expressions between autistic and
non-autistic individuals, further research is needed to charac-
terize and compare spontaneous expressions. Here, we focused
specifically on voluntary expressions, which are ubiquitous
in everyday life, posed in order to deliberately communicate
one's thoughts, intentions, and emotions to interaction partners
(Parkinson 2005; Frith 2009; Jack and Schyns 2015). However, it
is important to note that spontaneous expressions are also com-
mon in day-to-day life, may comprise more accurate indicators
of an individual's emotions (Jia et al. 2021) and may be enervated
via different pathways to (Rinn 1984; Morecraft et al. 2001) and
look different from (Namba et al. 2017; Park et al. 2020) posed
expressions. As such, the patterns we observed may not reflect
how autistic and non-autistic individuals express emotions in
spontaneous, emotionally charged situations. It is also possible
that autistic and non-autistic people differ more in their ability
to deliberately pose facial expressions than in their spontaneous
productions, and thus we may overestimate expressive differ-
ences here. Supporting this possibility, there is evidence that
autistic individuals produce less recognizable happy expressions
(than their non-autistic counterparts) only when posing, and not
when expressions are naturalistically elicited (Faso et al. 2015).
This suggests that there are differences in the appearance of
posed and spontaneous happy expressions among autistic peo-
ple. Thus, in sum, the findings documented here may not gener-
alize to spontaneously produced emotional expressions. Future
research should examine how autism and alexithymia contrib-
ute to the spatiotemporal and kinematic properties of sponta-
neous expressions.

Beyond this, further research is needed to compare the facial
expressions produced by autistic and non-autistic individuals for
additional emotions, such as fear, disgust, and surprise. In the
present study, we focused on anger, happiness, and sadness for
both theoretical and practical reasons. Theoretically, these emo-
tions were chosen based on previous work showing that autistic
adults exhibited selective difficulties recognizing angry—but
not happy or sad—facial expressions posed by non-autistic peo-
ple, relative to their non-autistic peers (Keating et al. 2022). This

raised the possibility that autistic and non-autistic individuals
might also differ more in their production of angry, compared
to happy or sad, expressions—potentially contributing to the ob-
served recognition differences. However, our findings did not
support this hypothesis: the largest group differences emerged
in the production of happy expressions. These three emotions
were also selected because they span a broad range of affective
space within the circumplex model of emotion (Russell 1980),
representing both positive and negative valence as well as high
(anger) and low (sadness) arousal. Moreover, they capture a wide
portion of “expression-space”—a conceptual extension of face-
space that accounts for variation in facial expressions of emo-
tion (Calder et al. 2001). From a practical standpoint, including
additional emotions (e.g., fear, disgust, and surprise) would have
substantially lengthened the recording session, as multiple repe-
titions of each expression were required to ensure adequate sta-
tistical power. This was not feasible within the broader testing
battery, and we were mindful that such tasks could be especially
fatiguing for autistic participants, potentially introducing con-
founds related to exhaustion.

A further limitation concerns our sample size and composi-
tion. The relatively small group sizes mean we may not have
fully captured the breadth of facial expressions produced by
autistic and non-autistic individuals. Autism is highly hetero-
geneous, with variability in genetics, neural systems, cogni-
tive attributes, social communication, focused interests, and
repetitive behaviors (Georgiades et al. 2013; Geurts et al. 2021;
Cruz Puerto and Sandin Vazquez 2024; Qi et al. 2020), and
is often accompanied by a range of co-occurring conditions
that further contribute to unique phenotypes (Hobson and
Petty 2021). In the present study, we observed that this het-
erogeneity extends to facial expressions, with autistic partic-
ipants producing more idiosyncratic expressions than their
non-autistic peers (see Supporting Information F). Given this
heightened heterogeneity, the facial expressions recorded
here may not fully represent the diversity of emotional dis-
plays within the autistic population. Future research with
larger, more demographically representative samples will be
essential for mapping the full range of expressive styles and
for understanding how such heterogeneity influences emotion
recognition both within and across neurotypes.

Author Contributions

C.T.X. and S.S-C. designed the study. C.T.K. collected the data, pro-
cessed and analyzed the data, and wrote an initial draft. H.O.D. assisted
with data-processing. C.T.K. and J.L.C. reviewed and edited the initial
draft. Supervision was conducted by J.L.C. All authors read and ap-
proved the final manuscript.

Acknowledgments

‘We would like to thank the Birmingham Psychology Autism Research
Team Consultancy Committee for providing feedback prior to us con-
ducting the study. Special thanks also go to Dagmar Fraser for his help
with data-processing.

Funding

This project was supported by the Medical Research Council (MRC,
United Kingdom) MR/R015813/1 and the European Union's Horizon

24

Autism Research, 2026



2020 Research and Innovation Programme under ERC-2017-STG Grant
Agreement No 757583.

Disclosure

No materials are reproduced from other sources.

Ethics Statement

This study was approved by the Science, Technology, Engineering and
Mathematics (STEM) ethics committee at the University of Birmingham
(ERN_16-0281AP9D) and was conducted in accordance with the prin-
ciples of the revised Helsinki Declaration. All participants provided in-
formed consent before taking part.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are openly available in
Open Science Framework at https://osf.io/8a5ywy/.

References

Aldridge, K., I. D. George, K. K. Cole, et al. 2011. “Facial Phenotypes
in Subgroups of Prepubertal Boys With Autism Spectrum Disorders
Are Correlated With Clinical Phenotypes.” Molecular Autism 2: 1-12.
https://doi.org/10.1186/2040-2392-2-15.

American Psychiatric Association. 2013. Diagnostic and Statistical
Manual of Mental Disorders. 5th ed. Am J Psychiatry. https://doi.org/10.
1176/appi.books.9780890425596.744053.

Anzulewicz, A., K. Sobota, and J. T. Delafield-Butt. 2016. “Toward
the Autism Motor Signature: Gesture Patterns During Smart Tablet
Gameplay Identify Children With Autism.” Scientific Reports 6, no. 1:
31107. https://doi.org/10.1038/srep31107.

Ashwin, C., E. Chapman, L. Colle, and S. Baron-Cohen. 2006.
“Impaired Recognition of Negative Basic Emotions in Autism: A Test of
the Amygdala Theory.” Social Neuroscience 1, no. 3—4: 349-363. https://
doi.org/10.1080/17470910601040772.

Baayen, R. H., D. J. Davidson, and D. M. Bates. 2008. “Mixed-Effects
Modeling With Crossed Random Effects for Subjects and Items.”
Journal of Memory and Language 59, no. 4: 390-412.

Bagby, R. M, J. D. Parker, and G. J. Taylor. 1994. “The Twenty-Item
Toronto Alexithymia Scale—I. Item Selection and Cross-Validation
of the Factor Structure.” Journal of Psychosomatic Research 38, no. 1:
23-32. https://doi.org/10.1016/0022-3999(94)90005-1.

Bal, E., E. Harden, D. Lamb, A. V. Van Hecke, J. W. Denver, and S. W.
Porges. 2010. “Emotion Recognition in Children With Autism Spectrum
Disorders: Relations to Eye Gaze and Autonomic State.” Journal of
Autism and Developmental Disorders 40, no. 3: 358-370. https://doi.org/
10.1007/s10803-009-0884-3.

Baltrusaitis, T., P. Robinson, and L. P. Morency. 2016. “Openface: An
Open Source Facial Behavior Analysis Toolkit.” In 2016 IEEE Winter
Conference on Applications of Computer Vision (WACV), 1-10. IEEE.

Bard, C., M. Fleury, N. Teasdale, J. Paillard, and V. Nougier. 1995.
“Contribution of Proprioception for Calibrating and Updating the Motor
Space.” Canadian Journal of Physiology and Pharmacology 73, no. 2:
246-254. https://doi.org/10.1139/y95-035.

Baron-Cohen, S., S. Wheelwright, R. Skinner, J. Martin, and E. Clubley.
2001. “The Autism-Spectrum Quotient (AQ): Evidence From Asperger
Syndrome/High-Functioning Autism, Males and Females, Scientists
and Mathematicians.” Journal of Autism and Developmental Disorders
31, no. 1: 5-17.

Bird, G., and R. Cook. 2013. “Mixed Emotions: The Contribution of
Alexithymia to the Emotional Symptoms of Autism.” Translational
Psychiatry 3, no. 7. https://doi.org/10.1038/tp.2013.61.

Bollen, K. A., and J. Pearl. 2013. “Eight Myths About Causality and
Structural Equation Models.” In Handbook of Causal Analysis for Social
Research, 301-328. Springer Netherlands.

Breiman, L. 2001. “Random Forests.” Machine Learning 45, no. 1: 5-32.
https://doi.org/10.1023/A:1010933404324.

Brewer, R., F. Biotti, C. Catmur, et al. 2016. “Can Neurotypical
Individuals Read Autistic Facial Expressions? Atypical Production of
Emotional Facial Expressions in Autism Spectrum Disorders.” Autism
Research 9, no. 2: 262-271. https://doi.org/10.1002/aur.1508.

Burgess, R., I. Culpin, I. Costantini, H. Bould, and I. Nabney. 2023.
“Quantifying the Efficacy of an Automated Facial Coding Software
Using Videos of Parents.” Frontiers in Psychology 14: 1223806. https://
doi.org/10.3389/fpsyg.2023.1223806.

Calder, A. J., A. M. Burton, P. Miller, A. W. Young, and S. Akamatsu.
2001. “A Principal Component Analysis of Facial Expressions.” Vision
Research 41, no. 9: 1179-1208.

Calder, A. J., A. W. Young, J. Keane, and M. Dean. 2000. “Configural
Information in Facial Expression Perception.” Journal of Experimental
Psychology. Human Perception and Performance 26, no. 2: 527-551.
https://doi.org/10.1037/0096-1523.26.2.527.

Cobo, J. L., A. Solé-Magdalena, I. Menéndez, J. C. de Vicente, and J. A.
Vega. 2017. “Connections Between the Facial and Trigeminal Nerves:
Anatomical Basis for Facial Muscle Proprioception.” JPRAS Open 12:
9-18. https://doi.org/10.1016/j.jpra.2017.01.005.

Cook, J. 2016. “From Movement Kinematics to Social Cognition: The
Case of Autism.” Philosophical Transactions of the Royal Society, B:
Biological Sciences 371, no. 1693: 20150372. https://doi.org/10.1098/rstb.
2015.0372.

Cook, J., S. Blakemore, and C. Press. 2013. “Atypical Basic Movement
Kinematics in Autism Spectrum Conditions.” Brain 136: 2816-2824.
https://doi.org/10.1093/brain/awt208.

Cook, R., R. Brewer, P. Shah, and G. Bird. 2013. “Alexithymia, Not
Autism, Predicts Poor Recognition of Emotional Facial Expressions.”
Psychological Science 24, no. 5: 723-732. https://doi.org/10.1177/09567
97612463582.

Cruz Puerto, M., and M. Sandin Vazquez. 2024. “Understanding
Heterogeneity Within Autism Spectrum Disorder: A Scoping Review.”
Advances in Autism 10, no. 4: 314-322.

Deriso, D. M., J. Susskind, J. Tanaka, et al. 2012. “Exploring the Facial
Expression Perception-Production Link Using Real-Time Automated
Facial Expression Recognition.” In European Conference on Computer
Vision, 270-279. Springer Berlin Heidelberg.

Diego-Mas, J. A., F. Fuentes-Hurtado, V. Naranjo, and M. Alcaiiiz.
2020. “The Influence of Each Facial Feature on How We Perceive and
Interpret Human Faces.” I-Perception 11, no. 5. https://doi.org/10.1177/
2041669520961123.

Dormann, C. F,, J. Elith, S. Bacher, et al. 2013. “Collinearity: A Review
of Methods to Deal With It and a Simulation Study Evaluating Their
Performance.” Ecography 36, no. 1: 27-46.

Dupré, D., N. Andelic, G. Morrison, and G. McKeown. 2018. “Accuracy
of Three Commercial Automatic Emotion Recognition Systems Across
Different Individuals and Their Facial Expressions.” In Proceedings of the
International Conference on Pervasive Computing and Communications,
627-632. Institute of Electrical and Electronics Engineers (IEEE).
https://doi.org/10.1109/PERCOMW.2018.8480127.

Dupré, D., E. G. Krumhuber, D. Kiister, and G. J. McKeown. 2020. “A
Performance Comparison of Eight Commercially Available Automatic
Classifiers for Facial Affect Recognition.” PLoS One 15, no. 4. https://
doi.org/10.1371/journal.pone.0231968.

Autism Research, 2026

25


https://osf.io/8a5yw/
https://doi.org/10.1186/2040-2392-2-15
https://doi.org/10.1176/appi.books.9780890425596.744053
https://doi.org/10.1176/appi.books.9780890425596.744053
https://doi.org/10.1038/srep31107
https://doi.org/10.1080/17470910601040772
https://doi.org/10.1080/17470910601040772
https://doi.org/10.1016/0022-3999(94)90005-1
https://doi.org/10.1007/s10803-009-0884-3
https://doi.org/10.1007/s10803-009-0884-3
https://doi.org/10.1139/y95-035
https://doi.org/10.1038/tp.2013.61
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1002/aur.1508
https://doi.org/10.3389/fpsyg.2023.1223806
https://doi.org/10.3389/fpsyg.2023.1223806
https://doi.org/10.1037/0096-1523.26.2.527
https://doi.org/10.1016/j.jpra.2017.01.005
https://doi.org/10.1098/rstb.2015.0372
https://doi.org/10.1098/rstb.2015.0372
https://doi.org/10.1093/brain/awt208
https://doi.org/10.1177/0956797612463582
https://doi.org/10.1177/0956797612463582
https://doi.org/10.1177/2041669520961123
https://doi.org/10.1177/2041669520961123
https://doi.org/10.1109/PERCOMW.2018.8480127
https://doi.org/10.1371/journal.pone.0231968
https://doi.org/10.1371/journal.pone.0231968

Edey, R., J. Cook, R. Brewer, M. H. Johnson, G. Bird, and C. Press.
2016. “Interaction Takes Two: Typical Adults Exhibit Mind-Blindness
Towards Those With Autism Spectrum Disorder.” Journal of Abnormal
Psychology 125, no. 7: 879-885. https://doi.org/10.1037/abn0000199.

Edey, R., D. Yon, J. Cook, I. Dumontheil, and C. Press. 2017. “Our Own
Action Kinematics Predict the Perceived Affective States of Others.”
Journal of Experimental Psychology. Human Perception and Performance
43, no. 7:1263-1268. https://doi.org/10.1037/xhp0000423.

Ekman, P., and W. V. Friesen. 1982. “Felt, False, and Miserable Smiles.”
Journal of Nonverbal Behavior 6: 238-252.

Faso, D. J., N. J. Sasson, and A. E. Pinkham. 2015. “Evaluating Posed
and Evoked Facial Expressions of Emotion From Adults With Autism
Spectrum Disorder.” Journal of Autism and Developmental Disorders 45:
75-89. https://doi.org/10.1007/s10803-014-2194-7.

Fletcher-Watson, S., J. Adams, K. Brook, et al. 2019. “Making the
Future Together: Shaping Autism Research Through Meaningful
Participation.” Autism 23, no. 4: 943-953. https://doi.org/10.1177/13623
61318786721.

Frank, M. G., and P. Ekman. 1993. “Not All Smiles are Created Equal:
The Differences Between Enjoyment and Nonenjoyment Smiles.”

Frith, C. 2009. “Role of Facial Expressions in Social Interactions.”
Philosophical Transactions of the Royal Society of London. Series B,
Biological Sciences 364, no. 1535: 3453-3458. https://doi.org/10.1098/
rstb.2009.0142.

Fydanaki, A., and Z. Geradts. 2018. “Evaluating OpenFace: An Open-
Source Automatic Facial Comparison Algorithm for Forensics.”
Forensic Sciences Research 3, no. 3: 202-209. https://doi.org/10.1080/
20961790.2018.1523703.

Georgiades, S., P. Szatmari, M. Boyle, et al. 2013. “Investigating
Phenotypic Heterogeneity in Children With Autism Spectrum Disorder:
A Factor Mixture Modeling Approach.” Journal of Child Psychology and
Psychiatry 54, no. 2: 206-215.

Georgiou, E., S. Mai, and O. Pollatos. 2016. “Describe Your Feelings:
Body Illusion Related to Alexithymia in Adolescence.” Frontiers in
Psychology 7: 1690. https://doi.org/10.3389/fpsyg.2016.01690.

Georgopoulos, M. A., N. Brewer, C. A. Lucas, and R. L. Young. 2022.
“Speed and Accuracy of Emotion Recognition in Autistic Adults:
The Role of Stimulus Type, Response Format, and Emotion.” Autism
Research 15, no. 9: 1686-1697.

Geurts, H. M., J. A. A. van Rentergem, T. Radhoe, C. Torenvliet, W. J.
Van der Putten, and A. P. Groenman. 2021. “Ageing and Heterogeneity
Regarding Autism Spectrum Conditions: A Protocol Paper of an
Accelerated Longitudinal Study.” BMJ Open 11, no. 3: €040943.

Groppe, D. M., T. P. Urbach, and M. Kutas. 2011. “Mass Univariate
Analysis of Event-Related Brain Potentials/Fields I: A Critical Tutorial
Review.” Psychophysiology 48, no. 12: 1711-1725.

Grossman, R. B., L. R. Edelson, and H. Tager-Flusberg. 2013. “Emotional
Facial and Vocal Expressions During Story Retelling by Children
and Adolescents With High-Functioning Autism.” Journal of Speech,
Language, and Hearing Research 56, no. 3: 1035-1044. https://doi.org/
10.1044/1092-4388.

Gueorguieva, R., and J. H. Krystal. 2004. “Move Over Anova: Progress
in Analyzing Repeated-Measures Data Andits Reflection in Papers
Published in the Archives of General Psychiatry.” Archives of General
Psychiatry 61, no. 3: 310-317.

Hasan, Z., and D. G. Stuart. 1988. “Animal Solutions to Problems of
Movement Control: The Role of Proprioceptors.” Annual Review of
Neuroscience 11, no. 1: 199-223.

Hickman, L. J., S. L. Sowden-Carvalho, D. S. Fraser, et al. 2024.
“Dopaminergic Manipulations Affect the Modulation and Meta-
Modulation of Movement Speed: Evidence From Two Pharmacological
Interventions.” Behavioural Brain Research 474: 115213.

Hileman, C. M., H. Henderson, P. Mundy, L. Newell, and M. Jaime. 2011.
“Developmental and Individual Differences on the P1 and N170 ERP
Components in Children With and Without Autism.” Developmental
Neuropsychology 36, no. 2: 214-236.

Hobson, H., and S. Petty. 2021. “Moving Forwards Not Backwards:
Heterogeneity in Autism Spectrum Disorders.” Molecular Psychiatry
26, no. 12: 7100-7101.

Hobson, R. P. 1986. “The Autistic Child's Appraisal of Expressions of
Emotion.” Journal of Child Psychology and Psychiatry 27, no. 3: 321-342.
https://doi.org/10.1111/§.1469-7610.1986.tb01836.x.

Hoffmann, J. P, and K. Shafer. 2015. Linear Regression Analysis:
Applications and Assumptions. 2nd ed. NASW Press.

Hosseini, M. P., M. Beary, A. Hadsell, R. Messersmith, and H. Soltanian-
Zadeh. 2022. “Deep Learning for Autism Diagnosis and Facial Analysis
in Children.” Frontiers in Computational Neuroscience 15: 789998.
https://doi.org/10.3389/fncom.2021.789998.

Iwasaki, M., and Y. Noguchi. 2016. “Hiding True Emotions:
Micro-Expressions in Eyes Retrospectively Concealed by Mouth
Movements.” Scientific Reports 6, no. 1: 22049. https://doi.org/10.
1038/srep22049.

Jack, R. E., and P. G. Schyns. 2015. “The Human Face as a Dynamic
Tool for Social Communication.” Current Biology 25, no. 14: R621-R634.
https://doi.org/10.1016/j.cub.2015.05.052.

Jia, S., S. Wang, C. Hu, P. J. Webster, and X. Li. 2021. “Detection of
Genuine and Posed Facial Expressions of Emotion: Databases and
Methods.” Frontiers in Psychology 11: 580287. https://doi.org/10.3389/
fpsyg.2020.580287.

Keating, C. T, and J. Cook. 2022. “It's all in the Mind: Linking Internal
Representations of Emotion With Facial Expression Recognition.”
Cognitive Psychology Bulletin 7: 61-63. https://doi.org/10.53841/bpscog.
2022.1.7.61.

Keating, C. T. 2021. “Participatory Autism Research: How Consultation
Benefits Everyone.” Frontiers in Psychology 12: 713982. https://doi.org/
10.3389/fpsyg.2021.713982.

Keating, C. T. 2023. “Redefining Deficits in Autistic Emotion
Recognition.” Nature Reviews Psychology 2, no. 10: 589. https://doi.org/
10.1038/s44159-023-00232-6.

Keating, C. T., and J. L. Cook. 2020. “Facial Expression Production and
Recognition in Autism Spectrum Disorders: A Shifting Landscape.”
Child and Adolescent Psychiatric Clinics of North America 29, no. 3:
557-571. https://doi.org/10.1016/j.chc.2020.02.006.

Keating, C. T., and J. L. Cook. 2023. “The Inside out Model of Emotion
Recognition: How the Shape of One's Internal Emotional Landscape
Influences the Recognition of Others’ Emotions.” Scientific Reports 13:
21490. https://doi.org/10.1038/s41598-023-48469-8.

Keating, C. T., D. S. Fraser, S. Sowden, and J. L. Cook. 2022. “Differences
Between Autistic and Non-Autistic Adults in the Recognition of Anger
From Facial Motion Remain After Controlling for Alexithymia.”
Journal of Autism and Developmental Disorders 52, no. 4: 1855-1871.
https://doi.org/10.1007/s10803-021-05083-9.

Keating, C. T., E. Ichijo, and J. L. Cook. 2023. “Autistic Adults Exhibit
Highly Precise Representations of Others’ Emotions but a Reduced
Influence of Emotion Representations on Emotion Recognition
Accuracy.” Scientific Reports 13, no. 1: 11875. https://doi.org/10.1038/
$41598-023-39070-0.

Keating, C. T., C. Kraaijkamp, and J. L Cook. In press. “The
Conceptualisation, Experience, and Recognition of Emotion in Autism:
Differences in the Psychological Mechanisms Involved in Autistic and
Non-Autistic Emotion Recognition.” Autism Research. https://doi.org/
10.1002/aur.70162.

Kinnaird, E., C. Stewart, and K. Tchanturia. 2019. “Investigating
Alexithymia in Autism: A Systematic Review and Meta-Analysis.”

26

Autism Research, 2026


https://doi.org/10.1037/abn0000199
https://doi.org/10.1037/xhp0000423
https://doi.org/10.1007/s10803-014-2194-7
https://doi.org/10.1177/1362361318786721
https://doi.org/10.1177/1362361318786721
https://doi.org/10.1098/rstb.2009.0142
https://doi.org/10.1098/rstb.2009.0142
https://doi.org/10.1080/20961790.2018.1523703
https://doi.org/10.1080/20961790.2018.1523703
https://doi.org/10.3389/fpsyg.2016.01690
https://doi.org/10.1044/1092-4388
https://doi.org/10.1044/1092-4388
https://doi.org/10.1111/j.1469-7610.1986.tb01836.x
https://doi.org/10.3389/fncom.2021.789998
https://doi.org/10.1038/srep22049
https://doi.org/10.1038/srep22049
https://doi.org/10.1016/j.cub.2015.05.052
https://doi.org/10.3389/fpsyg.2020.580287
https://doi.org/10.3389/fpsyg.2020.580287
https://doi.org/10.53841/bpscog.2022.1.7.61
https://doi.org/10.53841/bpscog.2022.1.7.61
https://doi.org/10.3389/fpsyg.2021.713982
https://doi.org/10.3389/fpsyg.2021.713982
https://doi.org/10.1038/s44159-023-00232-6
https://doi.org/10.1038/s44159-023-00232-6
https://doi.org/10.1016/j.chc.2020.02.006
https://doi.org/10.1038/s41598-023-48469-8
https://doi.org/10.1007/s10803-021-05083-9
https://doi.org/10.1038/s41598-023-39070-0
https://doi.org/10.1038/s41598-023-39070-0
https://doi.org/10.1002/aur.70162
https://doi.org/10.1002/aur.70162

European Psychiatry 55: 80-89. https://doi.org/10.1016/j.eurpsy.2018.
09.004.

Klin, A., W. Jones, R. Schultz, F. Volkmar, and D. Cohen. 2002. “Visual
Fixation Patterns During Viewing of Naturalistic Social Situations as
Predictors of Social Competence in Individuals With Autism.” Archives
of General Psychiatry 59, no. 9: 809-816. https://doi.org/10.1001/archp
$y€.59.9.809.

Kreidler, S. M., K. E. Muller, G. K. Grunwald, et al. 2013. “GLIMMPSE:
Online Power Computation for Linear Models With and Without a
Baseline Covariate.” Journal of Statistical Software 54, no. 10: 1-26.
https://doi.org/10.18637/jss.v054.i10.

Kiintzler, T., T. T. A. Hofling, and G. W. Alpers. 2021. “Automatic
Facial Expression Recognition in Standardized and Non-Standardized
Emotional Expressions.” Frontiers in Psychology 12: 627561. https://doi.
org/10.3389/fpsyg.2021.627561.

Kursa, M. B., and W. R. Rudnicki. 2010. “Feature Selection With the
Boruta Package.” Journal of Statistical Software 36: 1-13. https://doi.
0rg/10.18637/jss.v036.i11.

Lampi, A. J., R. Brewer, G. Bird, and V. K. Jaswal. 2023. “Non-Autistic
Adults Can Recognize Posed Autistic Facial Expressions: Implications
for Internal Representations of Emotion.” Autism Research 16: 1321-
1334. https://doi.org/10.1002/aur.2938.

Lawson, R. P., G. Rees, and K. J. Friston. 2014. “An Aberrant Precision
Account of Autism.” Frontiers in Human Neuroscience 8: 302. https://
doi.org/10.3389/fnhum.2014.00302.

Lee, M. D., and E. J. Wagenmakers. 2014. Bayesian Cognitive Modelling:
A Practical Course. Cambridge University Press. https://doi.org/10.
1017/CB0O9781139087759.

Legisa, J., D. S. Messinger, E. Kermol, and L. Marlier. 2013. “Emotional
Responses to Odors in Children With High-Functioning Autism:
Autonomic Arousal, Facial Behavior and Self-Report.” Journal of
Autism and Developmental Disorders 43: 869-879. https://doi.org/10.
1007/s10803-012-1629-2.

Leung, R. C., E. W. Pang, J. A. Brian, and M. J. Taylor. 2019. “Happy and
Angry Faces Elicit Atypical Neural Activation in Children With Autism
Spectrum Disorder.” Biological Psychiatry: Cognitive Neuroscience and
Neuroimaging 4, no. 12: 1021-1030. https://doi.org/10.1016/j.bpsc.2019.
03.013.

Loth, E., L. Garrido, J. Ahmad, E. Watson, A. Duff, and B. Duchaine.
2018. “Facial Expression Recognition as a Candidate Marker for Autism
Spectrum Disorder: How Frequent and Severe Are Deficits?” Molecular
Autism 9, no. 1: 7.

Love, S. R. 1993. “Recognition and Production of Facial Emotion
by Autistic Children.” [Dissertation] Baton Rouge Louisiana State
University and Agricultural & Mechanical College.

Loveland, K. A., B. Tunali-Kotoski, D. A. Pearson, K. A. Brelsford, J.
Ortegon, and R. Chen. 1994. “Imitation and Expression of Facial Affect
in Autism.” Development and Psychopathology 6, no. 3: 433-444. https://
doi.org/10.1017/S0954579400006039.

Macdonald, H., M. Rutter, P. Howlin, et al. 1989. “Recognition and
Expression of Emotional Cues by Autistic and Normal Adults.” Journal
of Child Psychology and Psychiatry 30, no. 6: 865-877. https://doi.org/10.
1111/j.1469-7610.1989.tb00288.x.

Mason, G. 1987. “Coping With Multicollinearity.” Canadian Journal of
Program Evaluation 2: 87-93.

Mathersul, D., S. McDonald, and J. A. Rushby. 2013. “Automatic Facial
Responses to Affective Stimuli in High-Functioning Adults With
Autism Spectrum Disorder.” Physiology & Behavior 109: 14-22. https://
doi.org/10.1016/j.physbeh.2012.10.008.

McNicol, D. 2005. A Primer of Signal Detection Theory. Psychology
Press.

McPartland, J., G. Dawson, S. J. Webb, H. Panagiotides, and L. J. Carver.
2004. “Event-Related Brain Potentials Reveal Anomalies in Temporal
Processing of Faces in Autism Spectrum Disorder.” Journal of Child
Psychology and Psychiatry 45, no. 7: 1235-1245.

Mela, C. F., and P. K. Kopalle. 2002. “The Impact of Collinearity on
Analysis: The Asymmetric Effect of Negative and Positive Correlations.”
Applied Economics 34: 667-677.

Michalak, J., N. F. Troje, J. Fischer, P. Vollmar, T. Heidenreich, and D.
Schulte. 2009. “Embodiment of Sadness and Depression—Gait Patterns
Associated With Dysphoric Mood.” Psychosomatic Medicine 71, no. 5:
580-587.

Milosavljevic, B., V. Carter Leno, E. Simonoff, et al. 2016. “Alexithymia
in Adolescents With Autism Spectrum Disorder: Its Relationship to
Internalising Difficulties, Sensory Modulation and Social Cognition.”
Journal of Autism and Developmental Disorders 46, no. 4: 1354-1367.
https://doi.org/10.1007/s10803-015-2670-8.

Montepare, J. M., S. B. Goldstein, and A. Clausen. 1987. “The
Identification of Emotions From Gait Information.” Journal of Nonverbal
Behavior 11: 33-42. https://doi.org/10.1007/BF00999605.

Morecraft, R. J., J. L. Louie, J. L. Herrick, and K. S. Stilwell-Morecraft.
2001. “Cortical Innervation of the Facial Nucleus in the Non-Human
Primate: A New Interpretation of the Effects of Stroke and Related
Subtotal Brain Trauma on the Muscles of Facial Expression.” Brain 124,
no. 1: 176-208. https://doi.org/10.1093/brain/124.1.176.

Murphy, J., C. Catmur, and G. Bird. 2018. “Alexithymia Is Associated
With a Multidomain, Multidimensional Failure of Interoception:
Evidence From Novel Tests.” Journal of Experimental Psychology.
General 147, no. 3: 398-408. https://doi.org/10.1037/xge0000366.

Namba, S., S. Makihara, R. S. Kabir, M. Miyatani, and T. Nakao. 2017.
“Spontaneous Facial Expressions Are Different From Posed Facial
Expressions: Morphological Properties and Dynamic Sequences.” Current
Psychology 36: 593-605. https://doi.org/10.1007/s12144-016-9448-9.

Namba, S., W. Sato, M. Osumi, and K. Shimokawa. 2021. “Assessing
Automated Facial Action Unit Detection Systems for Analyzing Cross-
Domain Facial Expression Databases.” Sensors 21, no. 12: 4222. https://
doi.org/10.3390/521124222.

Nemiah, J., H. Freyberger, and P. E. Sifneos. 1976. “Alexithymia: A View
of the Psychosomatic Process.” In Modern Trends in Psychosomatic
Medicine 3, edited by O. W. Hill, 430-439. Butterworths.

Nhan, J. 2022. Face Tracking, 293-307. Apress. https://doi.org/10.1007/
978-1-4842-7836-9_16.

Nichols, T. E., and A. P. Holmes. 2002. “Nonparametric Permutation
Tests for Functional Neuroimaging: A Primer With Examples.” Human
Brain Mapping 15, no. 1: 1-25.

Nobile, M., P. Perego, L. Piccinini, et al. 2011. “Further Evidence of
Complex Motor Dysfunction in Drug-naive Children With Autism
Using Automatic Motion Analysis of Gait.” Autism 15: 263-283. https://
doi.org/10.1177/1362361309356929.

Oberman, L. M., P. Winkielman, and V. S. Ramachandran. 2009.
“Slow Echo: Facial EMG Evidence for the Delay of Spontaneous, but
Not Voluntary, Emotional Mimicry in Children With Autism Spectrum
Disorders.” Developmental Science 12, no. 4: 510-520. https://doi.org/10.
1111/j.1467-7687.2008.00796.x.

O'Connor, K., J. P. Hamm, and I. J. Kirk. 2005. “The Neurophysiological
Correlates of Face Processing in Adults and Children With Asperger's
Syndrome.” Brain and Cognition 59, no. 1: 82-95.

O'Connor, K., J. P. Hamm, and I. J. Kirk. 2007. “Neurophysiological
Responses to Face, Facial Regions and Objects in Adults With
Asperger's Syndrome: An ERP Investigation.” International Journal of
Psychophysiology 63, no. 3: 283-293.

Oh Kruzic, C., D. Kruzic, F. Herrera, and J. Bailenson. 2020. “Facial
Expressions Contribute More Than Body Movements to Conversational

Autism Research, 2026

27


https://doi.org/10.1016/j.eurpsy.2018.09.004
https://doi.org/10.1016/j.eurpsy.2018.09.004
https://doi.org/10.1001/archpsyc.59.9.809
https://doi.org/10.1001/archpsyc.59.9.809
https://doi.org/10.18637/jss.v054.i10
https://doi.org/10.3389/fpsyg.2021.627561
https://doi.org/10.3389/fpsyg.2021.627561
https://doi.org/10.18637/jss.v036.i11
https://doi.org/10.18637/jss.v036.i11
https://doi.org/10.1002/aur.2938
https://doi.org/10.3389/fnhum.2014.00302
https://doi.org/10.3389/fnhum.2014.00302
https://doi.org/10.1017/CBO9781139087759
https://doi.org/10.1017/CBO9781139087759
https://doi.org/10.1007/s10803-012-1629-2
https://doi.org/10.1007/s10803-012-1629-2
https://doi.org/10.1016/j.bpsc.2019.03.013
https://doi.org/10.1016/j.bpsc.2019.03.013
https://doi.org/10.1017/S0954579400006039
https://doi.org/10.1017/S0954579400006039
https://doi.org/10.1111/j.1469-7610.1989.tb00288.x
https://doi.org/10.1111/j.1469-7610.1989.tb00288.x
https://doi.org/10.1016/j.physbeh.2012.10.008
https://doi.org/10.1016/j.physbeh.2012.10.008
https://doi.org/10.1007/s10803-015-2670-8
https://doi.org/10.1007/BF00999605
https://doi.org/10.1093/brain/124.1.176
https://doi.org/10.1037/xge0000366
https://doi.org/10.1007/s12144-016-9448-9
https://doi.org/10.3390/s21124222
https://doi.org/10.3390/s21124222
https://doi.org/10.1007/978-1-4842-7836-9_16
https://doi.org/10.1007/978-1-4842-7836-9_16
https://doi.org/10.1177/1362361309356929
https://doi.org/10.1177/1362361309356929
https://doi.org/10.1111/j.1467-7687.2008.00796.x
https://doi.org/10.1111/j.1467-7687.2008.00796.x

Outcomes in Avatar-Mediated Virtual Environments.” Scientific Reports
10, no. 1: 20626. https://doi.org/10.1038/s41598-020-76672-4.

Ola, L., and F. Gullon-Scott. 2020. “Facial Emotion Recognition in
Autistic Adult Females Correlates With Alexithymia, Not Autism.”
Autism 24: 2021-2034. https://doi.org/10.1177/1362361320932727.

Panzarino, M. 2017. “Interview: Apple's Craig Federighi Answers Some
Burning Questions About Face ID. Tech Crunch.”

Park, S.,K. Lee, J. A. Lim, et al. 2020. “Differences in Facial Expressions
Between Spontaneous and Posed Smiles: Automated Method by Action
Units and Three-Dimensional Facial Landmarks.” Sensors 20, no. 4:
1199. https://doi.org/10.3390/s20041199.

Parkinson, B. 2005. “Do Facial Movements Express Emotions or
Communicate Motives?” Personality and Social Psychology Review 9,
no. 4: 278-311. https://doi.org/10.1207/s15327957pspr0904_1.

Pollatos, O., and B. Herbert. 2018. “Alexithymia and Body Awareness.”
In Alexithymia: Advances in Research, Theory, and Clinical Practice, ed-
ited by O. Luminet, R. M. Bagby, and G. J. Taylor, 321-334. Cambridge
University Press. https://doi.org/10.1017/9781108241595.019.

Pollick, F. E., H. M. Paterson, A. Bruderlin, and A. J. Sanford. 2001.
“Perceiving Affect From Arm Movement.” Cognition 82, no. 2: B51-B61.
https://doi.org/10.1016/S0010-0277(01)00147-0.

Qi, S., R. Morris, J. A. Turner, et al. 2020. “Common and Unique
Multimodal Covarying Patterns in Autism Spectrum Disorder
Subtypes.” Molecular Autism 11, no. 1: 90.

Riby, D. M., G. Doherty-Sneddon, and V. Bruce. 2009. “The Eyes or the
Mouth? Feature Salience and Unfamiliar Face Processing in Williams
Syndrome and Autism.” Quarterly Journal of Experimental Psychology
62, no. 1: 189-203. https://doi.org/10.1080/17470210701855629.

Rinn, W. E. 1984. “The Neuropsychology of Facial Expression: A Review
of the Neurological and Psychological Mechanisms for Producing Facial
Expressions.” Psychological Bulletin 95, no. 1: 52-77. https://doi.org/10.
1037/0033-2909.95.1.52.

Roether, C.L., L. Omlor, A. Christensen, and M. A. Giese. 2009. “Critical
Features for the Perception of Emotion From Gait.” Journal of Vision 9,
no. 6: 15. https://doi.org/10.1167/9.6.15.

Rozga, A., T. Z. King, R. W. Vuduc, and D. L. Robins. 2013.
“Undifferentiated Facial Electromyography Responses to Dynamic,
Audio-Visual Emotion Displays in Individuals With Autism Spectrum
Disorders.” Developmental Science 16, no. 4: 499-514. https://doi.org/10.
1111/desc.12062.

Rump, K. M., J. L. Giovannelli, N. J. Minshew, and M. S. Strauss.
2009. “The Development of Emotion Recognition in Individuals With
Autism.” Child Development 80, no. 5: 1434-1447. https://doi.org/10.
1111/j.1467-8624.2009.01343 x.

Russell, J. A. 1980. “A Circumplex Model of Affect.” Journal of
Personality and Social Psychology 39, no. 6: 1161-1178.

Rutherford, M. D., and D. N. McIntosh. 2007. “Rules Versus Prototype
Matching: Strategies of Perception of Emotional Facial Expressions in
the Autism Spectrum.” Journal of Autism and Developmental Disorders
37:187-196. https://doi.org/10.1007/s10803-006-0151-9.

Ruzich, E., C. Allison, P. Smith, et al. 2015. “Measuring Autistic Traits in
the General Population: A Systematic Review of the Autism-Spectrum
Quotient (AQ) in a Nonclinical Population Sample of 6,900 Typical
Adult Males and Females.” Molecular Autism 6, no. 1: 1-12. https://doi.
org/10.1186/2040-2392-6-2.

Sainburg, R. L., M. F. Ghilardi, H. Poizner, and C. Ghez. 1995.
“Control of Limb Dynamics in Normal Subjects and Patients Without
Proprioception.” Journal of Neurophysiology 73, no. 2: 820-835. https://
doi.org/10.1152/jn.1995.73.2.820.

Savin, A. V., V. A. Sablina, and M. B. Nikiforov. 2021. “Comparison of
Facial Landmark Detection Methods for Micro-Expressions Analysis.”

In In: 2021 10th Mediterranean Conference on Embedded Computing
(MECO), 1-4. IEEE. https://doi.org/10.1109/MEC052532.2021.
9460191.

Sawada, M., K. Suda, and M. Ishii. 2003. “Expression of Emotions in
Dance: Relation Between Arm Movement Characteristics and Emotion.”
Perceptual and Motor Skills 97, no. 3: 697-708.

Smith, M. L., G. W. Cottrell, F. Gosselin, and P. G. Schyns. 2005.
“Transmitting and Decoding Facial Expressions.” Psychological
Science 16, no. 3: 184-189. https://doi.org/10.1111/j.0956-7976.2005.
00801.x.

Song, Y., and Y. Hakoda. 2018. “Selective Impairment of Basic Emotion
Recognition in People With Autism: Discrimination Thresholds for
Recognition of Facial Expressions of Varying Intensities.” Journal of
Autism and Developmental Disorders 48, no. 6: 1886-1894. https://doi.
0rg/10.1007/s10803-017-3428-2.

Sowden, S., B. A. Schuster, C. T. Keating, D. S. Fraser, and J. L. Cook.
2021. “The Role of Movement Kinematics in Facial Emotion Expression
Production and Recognition.” Emotion 21: 1041-1061. https://doi.org/
10.1037/emo0000835.

Stagg, S. D., R. Slavny, C. Hand, A. Cardoso, and P. Smith. 2014.
“Does Facial Expressivity Count? How Typically Developing Children
Respond Initially to Children With Autism.” Autism 18, no. 6: 704-711.
https://doi.org/10.1177/1362361313492392.

Taeger, J., S. Bischoff, R. Hagen, and K. Rak. 2021. “Utilization of
Smartphone Depth Mapping Cameras for App-Based Grading of
Facial Movement Disorders: Development and Feasibility Study.”
JMIR mHealth and uHealth 9, no. 1: e19346. https://doi.org/10.2196/
19346.

Tan, D. W.,, M. T. Maybery, S. Z. Gilani, et al. 2020. “A Broad Autism
Phenotype Expressed in Facial Morphology.” Translational Psychiatry
10, no. 1: 7. https://doi.org/10.1038/s41398-020-0695-z.

Tomaschek, F., P. Hendrix, and R. H. Baayen. 2018. “Strategies for
Addressing Collinearity in Multivariate Linguistic Data.” Journal of
Phonetics 71: 249-267.

Torres, E. B., and K. Denisova. 2016. “Motor Noise Is Rich Signal in
Autism Research and Pharmacological Treatments.” Scientific Reports
6, no. 1: 37422. https://doi.org/10.1038/srep37422.

Trevisan, D. A., M. Bowering, and E. Birmingham. 2016. “Alexithymia,
but Not Autism Spectrum Disorder, May Be Related to the Production
of Emotional Facial Expressions.” Molecular Autism 7: 1-12. https://doi.
0rg/10.1186/s13229-016-0108-6.

Trevisan, D. A., M. Hoskyn, and E. Birmingham. 2018. “Facial
Expression Production in Autism: A Meta-Analysis.” Autism Research
11, no. 12: 1586-1601. https://doi.org/10.1002/aur.2037.

Tripi, G., S. Roux, D. Matranga, et al. 2019. “Cranio-Facial
Characteristics in Children With Autism Spectrum Disorders (ASD).”
Journal of Clinical Medicine 8, no. 5: 641. https://doi.org/10.3390/jcm80
50641.

Tu, Y. K., V. Clerehugh, and M. S. Gilthorpe. 2004. “Collinearity in
Linear Regression Is a Serious Problem in Oral Health Research.”
European Journal of Oral Sciences 112: 389-397.

Vilchis, C., C. Perez-Guerrero, M. Mendez-Ruiz, and M. Gonzalez-
Mendoza. 2023. “A Survey on the Pipeline Evolution of Facial Capture
and Tracking for Digital Humans.” Multimedia Systems 29: 1917-1940.
https://doi.org/10.1007/s00530-023-01081-2.

Walsh, J. A., M. D. Vida, and M. D. Rutherford. 2014. “Strategies for
Perceiving Facial Expressions in Adults With Autism Spectrum
Disorder.” Journal of Autism and Developmental Disorders 44:
1018-1026.

Webb, S. J., G. Dawson, R. Bernier, and H. Panagiotides. 2006. “ERP
Evidence of Atypical Face Processing in Young Children With Autism.”
Journal of Autism and Developmental Disorders 36, no. 7: 881-890.

28

Autism Research, 2026


https://doi.org/10.1038/s41598-020-76672-4
https://doi.org/10.1177/1362361320932727
https://doi.org/10.3390/s20041199
https://doi.org/10.1207/s15327957pspr0904_1
https://doi.org/10.1017/9781108241595.019
https://doi.org/10.1016/S0010-0277(01)00147-0
https://doi.org/10.1080/17470210701855629
https://doi.org/10.1037/0033-2909.95.1.52
https://doi.org/10.1037/0033-2909.95.1.52
https://doi.org/10.1167/9.6.15
https://doi.org/10.1111/desc.12062
https://doi.org/10.1111/desc.12062
https://doi.org/10.1111/j.1467-8624.2009.01343.x
https://doi.org/10.1111/j.1467-8624.2009.01343.x
https://doi.org/10.1007/s10803-006-0151-9
https://doi.org/10.1186/2040-2392-6-2
https://doi.org/10.1186/2040-2392-6-2
https://doi.org/10.1152/jn.1995.73.2.820
https://doi.org/10.1152/jn.1995.73.2.820
https://doi.org/10.1109/MECO52532.2021.9460191
https://doi.org/10.1109/MECO52532.2021.9460191
https://doi.org/10.1111/j.0956-7976.2005.00801.x
https://doi.org/10.1111/j.0956-7976.2005.00801.x
https://doi.org/10.1007/s10803-017-3428-2
https://doi.org/10.1007/s10803-017-3428-2
https://doi.org/10.1037/emo0000835
https://doi.org/10.1037/emo0000835
https://doi.org/10.1177/1362361313492392
https://doi.org/10.2196/19346
https://doi.org/10.2196/19346
https://doi.org/10.1038/s41398-020-0695-z
https://doi.org/10.1038/srep37422
https://doi.org/10.1186/s13229-016-0108-6
https://doi.org/10.1186/s13229-016-0108-6
https://doi.org/10.1002/aur.2037
https://doi.org/10.3390/jcm8050641
https://doi.org/10.3390/jcm8050641
https://doi.org/10.1007/s00530-023-01081-2

Wechsler, D. 2011. Wechsler Abbreviated Scale of Intelligence. 2nd ed.
Pearson.

Yang, H. C,, I. C. Lee, and I. C. Lee. 2014. “Visual Feedback and Target
Size Effects on Reach-To-Grasp Tasks in Children With Autism.”
Journal of Autism and Developmental Disorders 44: 3129-3139. https://
doi.org/10.1007/s10803-014-2165-z.

Yirmiya, N., C. Kasari, M. Sigman, and P. Mundy. 1989. “Facial
Expressions of Affect in Autistic, Mentally Retarded and Normal
Children.” Journal of Child Psychology and Psychiatry 30, no. 5: 725-
735. https://doi.org/10.1111/j.1469-7610.1989.tb00785.x.

Yoshimura, S., W. Sato, S. Uono, and M. Toichi. 2015. “Impaired Overt
Facial Mimicry in Response to Dynamic Facial Expressions in High-
Functioning Autism Spectrum Disorders.” Journal of Autism and
Developmental Disorders 45: 1318-1328. https://doi.org/10.1007/s1080
3-014-2291-7.

Zane, E., Z. Yang, L. Pozzan, T. Guha, S. Narayanan, and R. B.
Grossman. 2019. “Motion-Capture Patterns of Voluntarily Mimicked
Dynamic Facial Expressions in Children and Adolescents With and
Without ASD.” Journal of Autism and Developmental Disorders 49:
1062-1079. https://doi.org/10.1007/s10803-018-3811-7.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Table S1: Participants’ ethnicity information.
Figure S1: A diagram illustrating the 68 facial landmarks tracked in the
current study. These facial landmarks are based on those captured by
OpenFace. Figure S2: Graphs showing the t-values for the significant
group (top) and alexithymia (bottom) effects on jerk across facial land-
marks and time for angry cued expressions. Positive values (e.g., orange,
red) signify higher jerk in the autistic participants or a positive predic-
tive relationship between jerk and alexithymia. Negative values (e.g.,
blue and purple) signify lower jerk in the autistic participants or a neg-
ative predictive relationship between jerk and alexithymia. Figure S3:
Graphs showing the t-values for the significant group (top) and alexithy-
mia (bottom) effects on jerk across facial landmarks and time for happy
cued expressions. Positive values (e.g., orange, red) signify higher jerk in
the autistic participants or a positive predictive relationship between jerk
and alexithymia. Negative values (e.g., blue and purple) signify lower
jerk in the autistic participants or a negative predictive relationship be-
tween jerk and alexithymia. Figure S4: Graphs showing the t-values
for the significant group (top) and alexithymia (bottom) effects on jerk
across facial landmarks and time for sad cued expressions. Positive val-
ues (e.g., orange, red) signify higher jerk in the autistic participants or a
positive predictive relationship between jerk and alexithymia. Negative
values (e.g., blue and purple) signify lower jerk in the autistic partici-
pants or a negative predictive relationship between jerk and alexithy-
mia. Figure S5: Graphs showing the t-values for the significant group
(top) and alexithymia (bottom) effects on jerk across facial landmarks
and time for angry spoken expressions. Positive values (e.g., orange, red)
signify higher jerk in the autistic participants or a positive predictive re-
lationship between jerk and alexithymia. Negative values (e.g., blue and
purple) signify lower jerk in the autistic participants or a negative pre-
dictive relationship between jerk and alexithymia. Figure S6: Graphs
showing the t-values for the significant group (top) and alexithymia (bot-
tom) effects on jerk across facial landmarks and time for happy spoken
expressions. Positive values (e.g., orange, red) signify higher jerk in the
autistic participants or a positive predictive relationship between jerk
and alexithymia. Negative values (e.g., blue and purple) signify lower
jerk in the autistic participants or a negative predictive relationship be-
tween jerk and alexithymia. Figure S7: Graphs showing the t-values
for the significant group (top) and alexithymia (bottom) effects on jerk
across facial landmarks and time for sad spoken expressions. Positive
values (e.g., orange, red) signify higher jerk in the autistic participants
or a positive predictive relationship between jerk and alexithymia.
Negative values (e.g., blue and purple) signify lower jerk in the autistic
participants or a negative predictive relationship between jerk and alex-
ithymia. Figure S8: A graph showing the inter-participant variability

in activation across blendshapes when posing an angry expression, for
the autistic (green) and non-autistic participants (purple). Figure S9:
A graph showing the inter-participant variability in activation across
blendshapes when posing a happy expression, for the autistic (green)
and non-autistic participants (purple). Figure S10: A graph showing the
inter-participant variability in activation across blendshapes when pos-
ing a sad expression, for the autistic (green) and non-autistic participants
(purple). Table S2: Relationships between our facial movement metrics
and age and IQ, respectively. Figure S11: Mediation models showing
the contribution of alexithymia to non-autistic emotion recognition via
spoken jerk precision. The asterisks (*) denote statistical significance
based on 95% confidence intervals.
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