ELSEVIER

Available online at www.sciencedirect.com

ScienceDirect

Behavior
Therapy

Behavior Therapy 50 (2019) 828-838

www.elsevier.com/locate/bt

Group Differences in Facial Emotion Expression in Autism:
Evidence for the Utility of Machine Classification

Nicole N. Capriola-Hall
University of Alabama

Andrea Trubanova Wieckowski

Deanna Swain

Virginia Tech
Sherin Aly
Alexandria University

Amira Youssef
A. Lynn Abbott
Virginia Tech

Susan W. White
University of Alabama

Effective social communication relies, in part, on accurate
nonverbal expression of emotion. To evaluate the nature
of facial emotion expression (FEE) deficits in children with
autism spectrum disorder (ASD), we compared 20 youths with
ASD to a sample of typically developing (TD) youth (r = 20)
using a machine-based classifier of FEE. Results indicate group
differences in FEE for overall accuracy across emotions. In
particular, a significant group difference in accuracy of FEE
was observed when participants were prompted by a video
of a human expressing an emotion, F(2, 36) = 4.99, p = .032,
M? = .12. Specifically, youth with ASD made significantly more
errors in FEE relative to TD youth. Findings support continued

Since study completion, Nicole N. Capriola-Hall and Susan W.
White are now at the Department of Psychology, University of Alabama.

This study was funded by NICHD (RO3HD081070; Co-PIs Abbott
& White).

Addre)ss correspondence to Nicole Capriola-Hall, Department of
Psychology, University of Alabama, Tuscaloosa, AL 35487; e-mail:
nncapriola@crimson.ua.edu.

0005-7894/© 2019 Association for Behavioral and Cognitive Therapies.
Published by Elsevier Ltd. All rights reserved.

refinement of machine-based approaches to assess and
potentially remediate FEE impairment in youth with ASD.

Keywords: autism spectrum disorder; facial emotion expression;
machine learning

YOUTH WITH AUTISM SPECTRUM DISORDER (ASD)
exhibit impairments related to social behavior,
which often include a diminished ability to interpret
and convey facial expressions (Evers, Steyaert,
Noens, & Wagemans, 2015; Rump, Giovannelli,
Minshew, & Strauss, 2009). The ability to under-
stand nonverbal emotion expression is fundamental
for effective social communication (Wang, Dapretto,
Hariri, Sigman, & Bookheimer, 2004). Typically, the
ability to discriminate certain expressions develops
very early in childhood with ability to identify basic
emotions using static cues appearing as early as 3
months of age (e.g., Soken & Pick, 1999). However,
one of the hallmark characteristics of ASD is a failure
to attend to facial expressions (Frazier et al., 2017). In
addition to impaired facial emotion recognition
(FER), the more limited research on facial emotion
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expression (FEE) indicates that youth with ASD may
demonstrate diminished and perhaps atypical FEE.
The current study was undertaken to validate
machine-based classification of FEE and to determine
if machine-based detection and classification of FEE
could detect group differences between youth with
ASD and those without.

Although children with ASD do spontaneously
express basic emotions and generally do not show
impairment in imitation or mimicry of facial expres-
sions (e.g., Deschamps, Coppes, Kenemans, Schutter,
& Matthys, 20135; Press, Richardson, & Bird, 2010),
some studies have found that they do so less precisely
and less frequently than peers without ASD (Kasari,
Sigman, Mundy, & Yirmiya, 1990; Shalom et al.,
2006). However, social pressure may account for
some of the differences in emotional behaviors in
children with ASD, as some studies have found no
deficits in display of emotion when social pressure is
removed (i.e., the paradigm was nonsocial and
noninteractive; youth watched emotion-inducing
YouTube videos without a social partner; Zane,
Neumeyer, Mertens, Chugg, & Grossman, 2018).
This study offers important considerations for the
current study given that our present research was
nonsocial, as defined by Zane and colleagues (2018),
yet interactive in nature. Within a social context,
however, people with ASD display fewer nonverbal
expressions of affect (Yirmiya, Kasari, Sigman, &
Mundy, 1989), and their facial expressions are often
perceived as incorrect or incongruent relative to the
situation by independent raters. In addition, in a
recent study on perception of facial expressivity in
ASD, researchers found that ASD expressions were
rated as more intense and less natural, even when
accurate, relative to typically developing (TD) adults
(e.g., Faso, Sasson, Pinkham, 2015). Children with
ASD were also rated as more socially awkward from
short visual and/or auditory stimuli during a story-
retelling task, as well as from still images, showing
that nonverbal emotion expression influences per-
ception of social awkwardness (Grossman, 2015),
which may lead to or exacerbate social difficulty.

Compared to the interventions targeting FER, there
has been little clinical research on remediation of
deficient FEE (Wieckowski & White, 2017a) and
most of the extant research examining difficulties
in FEE has relied on human-coded data from video
recordings of the expressed emotion (Gordon, Pierce,
Bartlett, & Tanaka, 2014; Hobson & Lee, 1998;
Loveland et al., 1994). Human coding poses clear
limitations due to resource demands (e.g., time to train
multiple raters). Novel approaches to assessment and
potential modification of FEE that rely less on human
coding could prove more viable, especially if the
approach could classify expression in real time in

order to provide in-situ feedback to the child.
Computerized intervention allows for stable, predict-
able, and consistent training, and has been found to
provide a motivational learning environment for
individuals with ASD (Goldsmith & LeBlanc, 2004;
White et al., 2018). Within the past 10 years, affective
computational approaches (e.g., machine learning
algorithms) have become increasingly important to
the understanding of affective neuroscience and
autism (el Kaliouby, Picard, & Baron-Cohen, 2006).

We sought to evaluate machine-classified FEE using
a newly developed computer system (White et al.,
2018), termed Facial Emotion Expression Training
(FEET), which utilizes a noninvasive approach to
recognize four primary emotions (i.e., happiness, fear,
anger, and neutral expressions) using 3-dimensional
(3D) facial expressions alone. The decision to target
these emotions in particular was based on prior
research indicating that recognition deficits may be
most pronounced for negative emotions such as fear
(Uljarevic & Hamilton, 2013), and because the initial
piloting of the system indicated that these four
emotions were the most readily and successfully
classified (Aly et al., 2015). Unlike other computa-
tional approaches, FEET recognizes the subject’s
facial expressions automatically and provides real-
time responses based on the detected expression. The
system is interactive, allowing the child to get
immediate feedback. Importantly, the FEET system
has been found to be acceptable and enjoyable to
youth with ASD (White et al., 2018). FEET was
developed by an interdisciplinary research team as a
proof of concept and was used to obtain the data
presented in this study.

Past research (e.g., Malawski, Kwolek, & Sako,
2014; Seddik, Maamatou, Gazzah, Chateau, & Ben
Amara, 2013) has employed Kinect-based technology
to detect FER in adults. To our knowledge, no prior
research has examined differences in FEE among
youth with ASD and TD youth, using a computer-
based system capable of automated recognition of
human expressions. Using automatic, computerized
detection, the current study has examined differences
in FEE across types of stimuli. Specifically, when
interacting with the FEET system, the child proceeded
through three scaffolded levels, with stimuli becoming
increasingly subtle (i.e., signaling of emotions was less
obvious) as the levels progressed (Figure 1). Within
each level, depicted emotions increased in intensity of
expression (e.g., smile grows more pronounced for a
happy expression) across three trials. Youth with ASD
have been found to more accurately identify emotions
when depicted at full intensity but often struggle with
recognition of emotions at low or intermediate
intensity levels (Doi et al., 2013; Grossman &
Tager-Flusberg, 2012). As such, these scaffolded levels
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(A) Single frames from sample video stimuli for scaffolded levels depicting anger. (B) Single frames from

a sample video stimuli for trials demonstrating increase in intensity for anger.

(i.e., different stimuli) and trials (i.e., different
intensities) afford the ability to examine how differ-
ences in stimuli and intensity might influence FEE.

Analysis of both the scaffolded levels and trials
of FEET allows us to account for potential inter-
actions between group and stimulus type. Before
examining group differences in FEE, we assessed
convergence between the human coding and
machine-based classification in order to establish
ground truth for the machine-based classification
and to determine whether machine-based classifi-
cation is acceptable to utilize for further analyses.
We hypothesized that there would be a positive
association between human-coded FEE and FEE
determined by the machine classifier (FEET). Sup-
port for this hypothesis would indicate that machine-
based classification of FEE could serve as a viable
supplement to, or perhaps replacement for, more
time-intensive human coding. Ground truth is
needed for the training of machine-based models
(Rudovic, Lee, Dai, Schuller, & Picard, 2018), as
it provides an external criterion against which the
new system’s results are compared. Consistent with
past research in this area (e.g., Rudovic et al., 2018),
human codes were examined to establish ground
truth for machine-based classification.

The central aim of the present study was to
determine if machine-based detection and classifi-
cation of FEE could detect group-level differences
between youth with ASD and those without. In
order to validate the use of machine-based detection
and classification of FEE, we examined the
convergence between human coding of FEE and
FEET’s classification of FEE. Following the valida-
tion of FEET and in line with the primary aim of
this preliminary study, we predicted that children
with ASD would demonstrate overall FEE deficien-
cy, based on FEET’s machine-based classification,
in comparison to TD peers.

Method
PARTICIPANTS

Forty children were enrolled in a pilot study to
determine the feasibility of the FEET system and
machine-learning classifier, as well as to examine
group differences. All participants were 9-12 years
old and free of a co-occurring intellectual disability
as determined by the Wechsler Abbreviated Scale of
Intelligence-Second Edition (WASI-II; Wechsler,
2011). Although this is a fairly narrow age range,
facial features of children this age are sufficiently
mature for automated processing (Huelke, 1998)
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with the proposed FEE technology (Arbogast et al.,
2016), and there is more extreme change in facial
dimensions earlier in childhood (Bishara et al.,
1984). Further, children of this age with ASD have
been shown to display difficulties identifying
emotions from static facial expressions (Lindner
& Rosén, 2006). Children in the ASD group (7 = 20;
mean age = 10.20 years; 90% boys) met diagnostic
criteria for ASD as determined by clinical evalua-
tion and supported by the Autism Diagnostic
Observation Schedule-Second Edition (ADOS-2;
Lord et al., 2012) scored by research reliable
clinicians. Youth with ASD were permitted to
participate regardless of co-occurring psychopa-
thology (as determined by parent report). The TD
group included 20 participants with no clinical
diagnoses or an immediate family member diag-
nosed with ASD (as determined by parent report;
mean age = 10.81 years; 70% boys). Both groups
were non-treatment seeking.

PROCEDURE

The study was approved by the university’s
Institutional Review Board for human subject
research. All parents provided informed consent
and youth gave assent prior to beginning the study.
Participants were recruited through the psychology
department’s child participant database, university-
affiliated clinics, and advertisements in the commu-
nity and on campus. Each child completed the
computerized FEET task while the parent complet-
ed forms in a separate room.

MEASURES

Facial Emotion Expression Training (FEET)
FEET is an interactive, automated system devel-
oped for the purpose of helping children with ASD
learn appropriate FER/FEE (White et al., 2018).
The Microsoft Kinect was selected as the interface
because it is relatively low in cost, fast, and because it
captures 3D information that helps address problems
related to variations in illumination and head pose,
as compared to traditional video cameras. The FEET
system consists of a small, monitor-mounted Kinect
sensor to capture 3D representations of the child’s
face, along with software that presents audiovisual
stimuli and automatically detects the emotion being
expressed by the child.

We developed the facial emotion recognition
component of FEET in order to interpret FEE by the
participant using machine-learning techniques
trained using the VT-KFER data set (Aly et al.,
2015). VT-KFER is a publicly available dataset
captured by the Kinect sensor. The development of
FEET involved, first, the automatic extraction and
selection of 3D geometric facial features that best

discriminate the four emotions from the VT-KFER
dataset. Then, a training procedure was conducted
in which these selected features, for each emotion
type, were presented to a machine-learning system,
and the system applied a form of kernel discrimi-
nant analysis to establish internal rules for distin-
guishing each emotion type from all others (Li,
Gong, & Liddell, 2003). Those rules are in the form
of mathematical computations based on geometric
features of the subject’s face. Our automated FER
component of FEET achieved 86.9% accuracy when
tested on VT-KFER data using leave-one-subject-out
cross-validation. We expected slightly lower accuracy
with FEET participants as all training was performed
using data from VT-KFER. Indeed, off-line assess-
ment of FEET’s recognition performance indicated
that the recognition accuracy for the 20 TD children
was 72.5%.

In addition to automated recognition of expres-
sions, FEET presented stimuli to participants in order
to prompt certain emotions and provided feedback
to the participants based on their responses. Stimuli
that were presented by FEET became increasingly
subtle (i.e., signaling of emotions was more subdued)
as the levels progressed (Figure 1), proceeding from
simple cartoon faces showing discrete emotions
(Level 1), to dynamic short films of a child actor
showing emotions (Level 2), to scenes with an audio-
visual track indicating the target emotion, but
without a child’s face (e.g., broken doll with child’s
voice saying, “My brother broke my toy, so I'm
going to break his toy!” to target anger; Level 3).

Within each of these levels, the intensity of the
depicted emotion increased across the trials (i.e.,
within-level; e.g., scowl becomes more pronounced,
expression becomes clearer). For each of the three
levels, the system presented the stimuli on a digital
display one at a time, with audible prompts encour-
aging the subject to show what the emotion currently
being displayed was (e.g., “With your face, show
what I am feeling”), and then detected the subject’s
facial expression in response to the prompt. Based
on the subject’s expression, the system presented
either encouragement or corrective feedback (e.g.,
“Not quite right, try again”). In this way, the system
was formulated to be interactive and game-like to
facilitate child engagement and enjoyability. The
system, however, was not adaptive, as regardless of
performance, the FEET system progressed through all
levels and trials for all participants, with subsequent
attempts of expressing the correct emotion counted
as inaccurate for the basis of the accuracy coding.
Although feedback was offered by the FEET system,
the feedback offered was standard across participants
and the system did not coach participants on how
to produce the correct expression.
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For each stimulus within each trial for each level,
FEET automatically captured sensor data from
the Microsoft Kinect and determined whether the
participant expressed the emotion that was expect-
ed. The low-cost, three-dimensional sensors,
coupled with inexpensive computers and recently
developed machine-learning techniques, offer the
potential for advances in the ways that computa-
tional devices can be used for interactive therapy
to address FEE impairment in children with ASD.
The machine learning techniques utilize a compu-
tational framework for discovering patterns and
represent strong potential for enhancing current
intervention practices. Further technical details on
the development of the machine-based classifier can
be found in Aly, Abbott, Wieckowski, White, and
Youssef (submitted for publication).

HUMAN CODING OF FEE

Human coding was performed solely to establish
a ground-truth reference for assessing FEET’s
machine-based classifier. This step was necessary
in order to validate the use of the FEET system.
After the sessions, two trained undergraduate
students viewed recordings and independently
coded each participant’s expressions for all stimu-
lus presentations (i.e., all levels and trials). Human
coders received didactic training, including assigned
readings on human emotion expression coding and
training on the specific facial features associated
with basic emotions (EM-FACS; Ekman & Friesen,
1984). They then co-coded selected videos as a
group and discussed codes and stimuli to ensure
consistency before proceeding to code indepen-
dently. Human coders attained reliability by coding
a set of training stimuli (i.e., same stimuli and codes
used to train the FEET system) and were considered
reliable for independent coding when they achieved
greater than 80% agreement. In addition to assign-
ing the emotion label, the coders were asked to code
the clarity of expression (i.e., “2” for complete
confidence in emotion code, and “0” for indiscern-
ible emotion). In order to gauge inter-rater agree-
ment of behavior coding, 50% of the videos were
co-coded. Given the focus of the analysis is on
the machine-based FEE classification, and the fact
that prior research in this area has generally relied
on lower percentages for co-coding (e.g., 25% in
Wieckowski & White, 2017b; 26.7% in Yoshimura,
Sato, Uono, & Toichi, 2015; 25% in Loveland et al.,
1994), 50% co-coding was determined sufficient.
When disagreement between coders occurred, a third
rater (i.e., trained master’s-level graduate student or
Ph.D.-level psychologist) assigned the final code,
which could differ from either rater’s code (although
there was no instance where it did differ). After

approximately half of the videos were coded, all
raters and trainers participated in consensus coding
for one subject’s expressions to recalibrate in order
to prevent drift in codes. For the co-coded videos,
intraclass correlations (ICCs) were computed to
determine the level of agreement between two raters’
judgments on what emotion the participant por-
trayed. According to the calculated ICCs value, there
was good agreement (Cicchetti, 1994) between the
two independent raters, ICC (1,2) = .638, p <.001,
for the co-coded videos.

Convergence of Human Coding and FEET

Of note, the number of possible emotions coded
between FEET and human coding differed. Coders
chose one of the six basic emotions: happiness,
sadness, fear, surprise, disgust, or anger, in addition
to neutral expression, whereas the FEET classifier
had just four options: happiness, anger, fear, and
neutral. This approach was taken primarily for
pragmatic reasons. First, in FEET development it
was determined that the machine classifier had
difficulty distinguishing surprise and disgust. Al-
though FEET did not attempt to elicit surprise or
disgust, from presented stimuli, it is possible that
participants showed these emotions, and the human
coders could not be instructed to code incorrectly
(i.e., pretend that surprise and disgust do not exist
and just code as one of the other four basic
emotions). Human coders were shown only stimuli
with the four emotions (happiness, anger, fear, and
neutral) since those were the only emotions
intended to be elicited by FEET. The human coders
were not aware that all emotions were not included
as stimuli. As such, convergence was calculated for
both the same number of emotions coded by FEET
and the additional emotions available to the human
coders, thereby providing the most stringent test
of ground truth. Results demonstrated excellent
agreement (Cicchetti, 1994) between the FEET
classifier and the full set of human coded emotions
(e.g., emotion choices of disgust, surprise, and
sadness included), ICC(1,2) = .795', p <.001.
When the two sets of emotions were matched to
the emotions based on the machine-based classifi-
cation (e.g., removing cases of disgust, sadness,
and surprise from those used for human coding),
the intraclass correlation remained consistent
ICC(1,2) = .795", p <.001. Using human coding
as ground truth, these levels of convergence
indicate that the FEET classifier results can be
relied upon for subsequent analyses. Although

! "The FEET system only classified expressions as the emotion prompted
or “Incorrect.” As such, the “Incorrect” codes were deleted from
this convergence calculation as human coders could not classify an emotion
as “Incorrect.” With the “Incorrect” label included, reliability was fair,
ICC(1,2) = .501, p<.001.
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feedback was provided by FEET to the partici-
pating youth in real time, data used for the
present study was obtained by applying the FEET
classifier to recorded data after the sessions. This
approach was used for consistency, as small
improvements were made to FEET during the
several months of conducting interactive sessions.

DATA ANALYSIS

Data were analyzed with IBM SPSS Statistics
Version 24. In order to investigate whether group
(ASD, TD) differences existed among the question-
naire and demographic variables, we used a series of
independent samples #-tests for the continuous
variables and Mann-Whitney Test for the ordinal
variables to determine whether any variables (e.g.,
IQ, participant sex, family income) needed to be
controlled for as possible covariates. The primary
aim of the manuscript was to examine the utility of
machine-based classification in detection of group-
level differences in FEE. This would be supported by
significantly lower accuracy scores on overall ex-
pression and expression at each level (i.e., modeled,
cartoon prompt versus cued human stimulus versus
audio-visual scenario) for the youth with ASD
compared to the TD youth. Given the preliminary
nature of the current study, we conducted explor-
atory analyses to examine FEE differences across
emotion type. We also explored FEE accuracy across
stimuli intensity within all FEET levels. Since the
current study was a pilot study, directional hypoth-
eses were not offered regarding emotion specificity
and differences in stimulus intensity given a lack
of prior research to inform us as well as limited
statistical power. To test group differences in FEE
across FEET’s levels and trials as well as emotion
type, a one-way between-groups multivariate analysis
of variance (MANOVA) was performed to investi-
gate group differences in FEE based on machine-
based classification. Group (ASD vs. TD) was the
independent variable. Levels of FEET (Level 1, 2, and
3), trials of FEET (Trials 1, 2, and 3) for all Levels,
and emotion (4 emotions: happiness, anger, fear,
and neutral) were the dependent variables.

Results

Group descriptive statistics (see Table 1) and
preliminary analyses indicated no problems with
skewness or kurtosis and no significant differences
between the TD and ASD youth in terms of par-
ticipant sex (X2 =2.50,p =.114) and age (¢ = 1.76,
p = .087). However, there was a statistically sig-
nificant group difference in cognitive ability, with
the TD group scoring higher, #(38) = 4.35, p <.001.
Despite this group difference, cognitive ability
was not statistically associated with any of the

Table 1
Demographic Data
ASD (n =20) TD (n=20) X2/t

Gender (male) 18 14 2.50
Race 5.03

White 16 17

Black 2 0

Latino 1 0

Asian/Other 1 2

NA 0 1
Age (months) 122.50 129.75 1.767
1Q 100.55 (13.96) 118.15(11.53) 4.35**

Ap<.10; *p<.05; *p<.01.
Note. TD = typically developing; ASD = autism spectrum disorder.

dependent variables for either group, ps=.082-.997.
Given that family income was an ordinal variable
(ranges = < 20,000, 21,000-40,000, 41,000-60,000,
61,000-80,000, > 81,000), a Mann-Whitney Test
was used to calculate group-level differences in
family income. Family income was significantly
greater for the TD group relative to the ASD group,
Z =-2.22, p = .033. Family income was also not
significantly associated with our variables of interest
for either group, ps = .082-.994. Thus, we did not
include any covariates in the current analyses.

For the MANOVA, the Box’s M test of equality
of covariance matrices was significant, demonstrat-
ing that the model assumption of homogeneity
of covariances was violated. Given the violation,
Pillai’s trace was used to evaluate whether there
were statistically significant differences among the
groups on the linear combination of the dependent
variables given that it is more robust and not linked
to assumptions about the normality or distribution
of the data (Tabachnick & Fidell, 2007).

Based on classification by FEET, there was a
statistically significant group difference between the
ASD and control children on the combined depen-
dent variables, Pillai’s Trace = .67, F(17,22) =2.57,
p = .020, nJ = .67. When the dependent variables
were considered separately, the univariate F-tests
showed there was a statistically significant difference
between the groups for overall FEE accuracy,
F(1, 38) = 7.93, p = .008, n2 = .17 (Table 2).
Accuracy of FEE for the TD group across emotions
was 82.53% based on classification by FEET. For
the ASD group, overall accuracy of FEE across
emotions was 73.25% based on the machine-based
classification. Univariate F-tests also suggested that
the ASD and TD groups significantly differed on
Level 2 of FEET (human faces, please see Figure 2).
The ASD youth evinced more errors within Level 2.
Accuracy of FEE for the TD group was 87.90%, as
compared to 75.93% for the ASD group.
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Table 2

Means and Standard Deviations for Accuracy of FEE Across FEET Levels and Emotions, as Determined by FEET

ASD (n =20) TD (n=20) Significant Group Differences

Accuracy across Emotions (%) 73.25 (10.44) 82.53 (10.40) 9.28**
Level 1 Accuracy (%) 72.20 (16.31) 81.65 (16.93) 9.45n
Level 2 Accuracy (%) 75.95 (15.50) 87.90 (11.71) 11.95*
Level 3 Accuracy (%) 71.65 (13.08) 79.10 (14.03) 7.45M
Level 1 X Trial 1 Accuracy (%) 62.50 (25) 78.75 (16.77) 16.25*
Level 1 X Trial 2 Accuracy (%) 73 75 (20.64) 81.25 (17.91) 7.50
Level 1 X Trial 3 Accuracy (%) 0 (19.19) 71.25 (23.33) -8.75
Level 2 X Trial 1 Accuracy (%) 75 (18.13) 85 (17.01) 10.00
Level 2 X Trial 2 Accuracy (%) 80 (22.36) 87.50 (15.74) 7.50
Level 2 X Trial 3 Accuracy (%) 75 (21.46) 87.50 (17.21) 12.50*
Level 3 X Trial 1 Accuracy (%) 70 (26.41) 76.25 (15.12) 6.25
Level 3 X Trial 2 Accuracy (%) 73.75 (18.98) 81.25 (19.66) 7.50
Level 3 X Trial 3 Accuracy (%) 70 (26.41) 77.50 (19.70) 7.50
Happiness Accuracy (%) 58. 60 (30.01) 73.45 (19.26) 14.85n
Anger Accuracy (%) 68.40 (26.20) 78.35 (23.61) 9.95
Neutral Accuracy (%) 85.85 (16.44) 96.15 (8.94) 10.30*
Fear Accuracy (%) 80.35 (15.90) 82.85 (20.28) 2.50

A p<.10; *p<.05; **p<.01.

Note. Level 1=Cartoon stimuli; Level 2= Human stimuli; 3= Audio-visual track stimuli.

TD = typically developing; ASD = autism spectrum disorder.

In terms of group differences for discrete emo-
tions, there was a statistically significant group
difference for neutral expressions across the levels
(Table 2) as determined by the univariate F-tests,
F(1, 38) = 6.06, p = .018, nJ = .14. Specifically,
the TD sample demonstrated greater FEE accuracy
(i.e., correspondence between child’s expression
and the presented stimuli) than the ASD sample
(96.15% vs. 85.85% accurate, respectively).

We also examined group differences in FEE, as
determined by FEET, across degrees of intensity
of the expressed emotion (i.e., trial) for Levels 1,

100
9%
1S3
2 T
E 80 .
§ T = P
< 70
% ASD
= uTD
g 60
&
~

40

1 2 3
FEET Level

FIGURE 2 Accuracy of emotions expressed across FEET levels,
as determined by FEET.Note. Level | =Cartoon stimuli; Level 2=
Human stimuli; 3= Audio track stimuliAn asterisk indicates
significant between-group difference (p < .05). TD = typically
developing; ASD = autism spectrum disorder.

2, and 3. For Level 1, there was a statistically
significant group difference for the lowest intensity
trial, F(1, 37)= 5.82, p=.021, n* = .13. Mean
accuracy for FEE for Level 1, Trial 1 was 62.50%
for the ASD group and 78.75% for the TD group.
Differences were not statistically significant as the
intensity increased for the Level 1 trials. Although
not statistically significant, youth with ASD showed
a trend toward greater accuracy (80%) relative
to the TD youth (71.25%) for Trial 3 of Level 1.
For Level 2 (human stimuli), Trial 3 (highest
intensity stimuli) youth with ASD demonstrated
poorer FEE accuracy (75 %) relative to the TD
group (87.5%) as determined by FEET, F(1, 37)=
413, p =049, n?* = .10. No other significant
differences were observed at the trial level for Level
2. In addition, there were no statistically significant
group differences in FEE accuracy for any of the
trials for Level 3, suggesting that the ASD and TD
groups did not differ significantly in accuracy of
FEE as the stimuli in Level 3 increased in intensity.

Discussion
This preliminary study sought to validate the use of
machine-based classification of FEE (convergence
between human coders and machine-based classi-
fication) and to explore group differences in FEE, as
determined by FEET. Group differences in FEE for
overall accuracy as well as across the scaffolded
levels and trials of FEET were explored in order to
account for potential interactions between group,
stimulus type, and intensity. There was a positive
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association between human coding and FEET in
identifying the emotions expressed across the
sample. As noted by others in the field (Gordon
et al., 2014), human coding can be cumbersome
(i.e., time demands, the need for training, and lack
of ability to be used in real time) and therefore
automated approaches to FEE classification should
be considered. Convergence findings suggest that
the use of the FEET system, which is both non-
invasive and employs machine-based classification
to provide corrective feedback, has promise given
the time demands associated with the human
coding of emotions.

In support of our primary hypothesis, there was a
significant difference between the youth with ASD
and TD youth in terms of accuracy of FEE. As
determined by the machine-based classification,
youth with ASD made significantly different faces,
classified as errors in typical expression, compared
to TD youth, in response to human face stimuli. In
typical human social interaction, emotional expres-
sions are likely to be of low intensity and fleeting,
changing from moment to moment (Matsumoto
& Hwang, 2014). This observation is an impor-
tant consideration in interpreting these results;
youth with ASD may need more training with
human stimuli for FEE deficit remediation, if
deficits are not so apparent with less realistic
stimuli such as cartoons. Our findings are in
contrast to those reported by Zane and colleagues
(2018), who suggested that youth with ASD
demonstrated more intensive and varied facial
expressions relative to TD youth, as coded by
researchers, when the paradigm was nonsocial
and noninteractive. This group level difference
observed in our study might be a function of the
FEET paradigm. Specifically, although FEET was
not social in nature, as defined by Zane and
colleagues, the paradigm was indeed interactive.

In terms of group-level differences in FEE for
discrete emotions, results revealed significant group-
level differences in FEE for only neutral facial
expressions. Specifically, youth with ASD demon-
strated less accurate FEE when prompted to display
neutral expressions. Prior research has suggested that
neutral faces are often interpreted as ambiguous
social information, resulting in less sustained social
attention (Cooney, Atlas, Joormann, Eugene, &
Gotlib, 2006). Perhaps neutral faces were perceived
as more ambiguous by the ASD group, which
affected facial responses. Past research by Eack and
colleagues (2015) and Dalton and colleagues (2005)
has suggested that individuals with ASD demon-
strated significantly greater difficulties in distinguish-
ing neutral facial expressions from emotional facial
expressions, which might explain the difficulties in

expressing these emotions, at least within the context
of FEET.

Our findings suggest that youth with ASD
demonstrated poorer accuracy in FEE for cartoon-
like stimuli at the lowest intensity. These results
suggest that youth with ASD improved in the FEE
accuracy as the intensity of the cartoon stimuli
increased. The increase was such that their accuracy
in FEE, although not statistically significant, was
higher than the TD group for the highest intensity
stimuli at the cartoon level. Even within the same
stimulus category, intensity is an important consid-
eration for future research. Regarding trial level
differences, our findings also demonstrated that
youth with ASD demonstrated significantly poorer
accuracy in FEE for the highest intensity stimuli of
the human level. Youth with ASD demonstrate
behavioral abnormalities in processing faces (Klin,
Jones, Schultz, Volkmar, & Cohen, 2002; Spezio,
Adolphs, Hurley, & Piven, 2007), often taking a
piecemeal processing approach (i.e., lack of inte-
gration of all facial information to recognize and
in turn express the emotion prompted; Behrmann,
Thomas, & Humphreys, 2006). In cartoons, single
components can change (e.g., big smile) more
radically, while other components of the face do
not. In contrast, human emotional expression
involves the whole face. Though speculative, it is
possible that the youth with ASD were focused on a
particular facial feature (e.g., mouth)—an approach
that can help with reading emotions in cartoons,
but is perhaps detrimental when interpreting the
emotions expressed by other people.

Overall, our findings are consistent with prior
research showing that FEE in youth with ASD
differs from what is seen in typically developing
youth (Kasari et al., 1990; Shalom et al., 2006),
and contributes in a novel way by demonstrating
that machine-based classification was able to detect
group-level differences across stimulus type. Atyp-
ical or deficient FEE can impede social discourse,
which in turn can give rise to the development and
exacerbation of social difficulties for youth with
ASD. Nonverbal communication, including FEE,
is fundamental for effective social discourse (Wang
et al., 2004). Impaired FEE can lead to limited or
negative social interactions and difficulties with
peer relationships. Findings from this study suggest
that for youth with ASD, FEE may be impaired in
fairly subtle and nuanced ways, and that detection
of FEE impairment is dependent on the nature of
the stimulus.

Results of this study must be considered in light of
several methodological limitations. First, the com-
position of the sample limits our ability to gener-
alize findings. The participants were predominantly
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Caucasian and, by study design, were all relatively
cognitively unimpaired. Although IQ was not a
statistically significant covariate in the analyses,
future research should also examine FEE within
well-matched groups. Despite all participants dem-
onstrating average verbal abilities, future studies
should include language testing to determine if all
participants were equally able to follow the instruc-
tions prompted by the FEET system. In addition,
youth with ASD could have comorbid psychopa-
thology, which may have influenced our findings.
Unfortunately, due to the small sample size, we could
not examine whether these individual differences
influenced our findings. Although our sample
composition was not unlike other ASD research
samples that examined displays of emotion (Zane
et al., 2018), the gender composition within our
sample was likely not representative of the more
general ASD population. Within the bounds of the
current study design, we were unable to explicitly
disentangle whether both FER and FEE were
targeted as these processes are strongly correlated
(Ricciardietal., 2017; Wieckowski & White, 2017a)
and may be partially codependent. Within FEET,
some youth might rely on valence, or might mimic
the expression, or they might make an expression
based on genuine feeling. The automated expression-
recognition component of FEET was not developed
specifically for children (White et al., 2018), and
therefore it is possible that FEET’s performance
could be improved through further development that
targets children. Participants younger than 9 were
not included in part because of concern that FEET
would not recognize expressions as accurately as for
the selected age group of 9 to 12 years of age. As
such, this is an important area for future research.
Despite the fact that the feedback offered by the
FEET system was standard across participants and
the system did not coach participants on how to
produce the correct expression, we are unable to
account for whether feedback from FEET functioned
as an intervention that might have influenced the
actions of the participants. The FEET system was
designed for eventual use as an intervention;
however, the present study solely focused on group
differences in FEE and whether FEET was able to
detect said differences. A priori power calculations
indicated that our study design had enough statistical
power to detect medium effects for our primary
analyses; nonetheless, the sample sizes were small
across the two groups. Concerning the technological
approach because the number of possible emotions
coded between FEET and human coding differed, the
relationship between them cannot be directly tested.
FEET was constrained to a four option coding system
whereas human coding allowed for six possible

options; thus, the lower ICC calculation (see
Footnotel) likely reflects this difference. In addition,
FEET classification data analyzed here may have
differed in a few cases from the responses that were
presented to participants. Small improvements to the
FEET classifier software were implemented during
the study in order to provide greater accuracy. For
consistency, the results for the final FEET classifier
were used in this work. Finally, the classification
reliability of the system should be improved for FEET
to be used within future clinical and research settings.
The accuracy for TD participants was about 72.5%
(Aly et al., submitted for publication), which may
seem low. However, this accuracy level is only
slightly lower than the threshold of 80% agreement
that was required for human coders to be considered
proficient. This study therefore raises questions
concerning agreement between human coders of
emotion, and the extent to which data provided by
human coders should be treated as ground truth
during the development of automated FER systems.
Refinement of the machine-learning techniques and
migration to next-generation 3D sensing technology
are under way to improve the system’s reliability.
FEET was developed using the first-generation
Kinect system, and we are actively investigating the
second-generation Kinect system. Newer sensing
platforms may also be considered, such as the 3D
component of Apple’s Face ID system.

These limitations notwithstanding, this is a
preliminary study with both a well-characterized
clinical sample as well as nonclinical sample, which
allows for an in-depth examination of group
differences in FEE using an innovative machine-
based classification approach. The present study is
the first to determine that differences in FEE, as
identified through the use of machine-based classi-
fication, between youth with ASD and TD youth do
indeed exist. The prototype FEET system has been
found to be feasible to implement and generally
acceptable to participants (White et al., 2018).
Moreover, computerized systems, such as FEET,
are low-cost and portable. A further advantage of
the FEET system is that it can be packaged for use at
home. Unlike robotic systems or traditional videos
that are currently limited to research facilities or to
clinics, we envision a future version of FEET
providing interaction in other settings. Similar to
today’s interactive video games, such a system
would be available at any hour, and as frequently as
needed by the subject. Although the proposed
system would not replace more traditional therapy,
it could be used as an aid at home, automatically
transferring information that it collects to therapists
through secure channels over the Internet. The use
of computerized systems like FEET also allows for
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classification and expression training in real time.
Automated recognition of facial expressions is an
active area of research, and offer the potential to
perform both more efficiently and more accurately
that human coding. In conclusion, group differ-
ences in FEE emerged using a novel, computerized
system which made classifications of the dynamic
expressions of youth with ASD and TD controls.
These findings support the need for continued
development of technologies for remediation of
difficulties in FEE expressed by youth with ASD.
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