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Background Recent advances in computer vision and wearable technology have
created an opportunity to introduce mobile therapy systems for autism spectrum
disorders (ASD) that can respond to the increasing demand for therapeutic interventions; however, feasibility questions must be answered ﬁrst.
Objective We studied the feasibility of a prototype therapeutic tool for children with ASD
using Google Glass, examining whether children with ASD would wear such a device, if
providing the emotion classiﬁcation will improve emotion recognition, and how emotion
recognition differs between ASD participants and neurotypical controls (NC).
Methods We ran a controlled laboratory experiment with 43 children: 23 with ASD and 20
NC. Children identiﬁed static facial images on a computer screen with one of 7 emotions in 3
successive batches: the ﬁrst with no information about emotion provided to the child, the
second with the correct classiﬁcation from the Glass labeling the emotion, and the third again
without emotion information. We then trained a logistic regression classiﬁer on the emotion
confusion matrices generated by the two information-free batches to predict ASD versus NC.
Results All 43 children were comfortable wearing the Glass. ASD and NC participants
who completed the computer task with Glass providing audible emotion labeling
(n ¼ 33) showed increased accuracies in emotion labeling, and the logistic regression
classiﬁer achieved an accuracy of 72.7%. Further analysis suggests that the ability to
recognize surprise, fear, and neutrality may distinguish ASD cases from NC.
Conclusion This feasibility study supports the utility of a wearable device for social
affective learning in ASD children and demonstrates subtle differences in how ASD and
NC children perform on an emotion recognition task.

Background and Signiﬁcance
More than 3.5 million people in the United States are on the
autism spectrum.1 Autism is the fastest-growing developmental disability in the United States; within 5 years, prevalence rates of autism spectrum disorder (ASD) have
received
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climbed from 1 in 125 to 1 in 68 U.S. children, and the overall
estimated prevalence is 14.6 children aged 8 years old per
1,000. 2–5 Most of these children struggle to make eye
contact, recognize facial expressions, and engage in social
interactions.6–12 Impairments in facial affect recognition
may contribute to social disability in autism, and improving
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this skill is important for greater social development.11,13
Additionally, emotional empathy is positively correlated
with expression recognition ability in typically developing
children.14–16 To teach such social skills, behavioral intervention therapies for autism today, such as applied behavioral analysis (ABA) and Naturalistic Developmental
Behavioral Interventions (NDBIs), involve social interactions
with certiﬁed clinicians, which can pose challenges with
generalizability, social anxiety, and understanding pragmatics.17,18 Furthermore, with the rate of ASD diagnosis
increasing, clinical centers have become outnumbered by,
and out of reach from, the many children and families in need
of attention. Waitlists for access are up to 18 months long,
oftentimes delaying the onset of therapy until after developmentally sensitive periods have passed.19,20 Consequently, many children with autism fail to build core social
skills and subsequently regress down a path of isolation that
worsens their long-term prognosis.21–23
Parsons et al, Moore and Calvert, and Golan et al support
the use of computers and software as an effective platform
for teaching skills to children with ASD due to its predictable
nature, removing problems with pragmatics and anxiety
associated with social interactions.24–30 Furthermore, technology enables engagement without direct human interaction. Videos, photographs, and voice recordings are often
used to explain concepts and tasks. However, by replacing
human interactions with technology, a more dynamic and
personalized experience is often lost. To incorporate realtime social interactions with the use of wearable technologies for children with ASD, Madsen et al created a mobile PC
program that creates emotion “bubbles” indicating the emotions of others interacting with a person with ASD in real
time.31 Similarly, Liu et al created a system using Google
Glass and face detection software to create structured games
for children with autism during real-time interactions.32
These projects highlight the importance of real-time social
interactions for technology-based therapeutic interventions.
We hypothesize that the use of mobile technology to aid
children with autism during natural social interactions can
improve both the quality of and access to therapy. We have
built a prototype33 of such a mobile system on Google Glass,
which confers a form of augmented reality that can deliver
therapeutic information, such as the emotion in a person’s
face, without immersing the wearer in a virtual world
removed from their natural environment.
While our ultimate goal is to understand this tool’s
potential for delivering home therapy, our ﬁrst step was to
test the feasibility of the system in a controlled laboratory
setting on children with and without ASD. Individuals with
ASD beneﬁt from behavioral interventions involving social
interactions for affect training,7,8,18 but how and why this
population perceives expressions differently from neurotypical control (NC) is not entirely understood.6,18,22,34,35
Ozonoff et al and Castelli et al have reported little disparity
in facial affect recognition between children with ASD versus
children who are NC.36,37 These studies suggest that for
individuals with ASD, the ability to recognize emotions is
the same as (or at least similar to) NC, despite the tendency
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that they are less interested in social interactions.37 Even
though children with ASD may have the same ability to
recognize facial expressions, studies have shown subtle but
signiﬁcant differences while processing these faces, such as a
lack of eye ﬁxation with more ﬁxation on mouths,38,39 and a
longer processing time to analyze faces.34,39 Furthermore,
some studies have found ASD deﬁcits in recognizing certain
emotions more often than others, such as happiness and
neutrality,40 surprise,36,38 and fear,36,39,40 as well as deﬁcits
in judgment of more complex social stimuli, such as trustworthiness, shame, and approachability.34,36,38,41
We outline our hypotheses and objectives below.

Objective
To our knowledge, no system using wearable technology has
yet taught facial affect recognition to children with autism,
even though training in facial affect recognition has been
shown to be highly beneﬁcial for children with autism.38,42–44 We strive to create such a system. However, as
a ﬁrst step in the direction of testing the above system and to
understand the feasibility of using Google Glass as a platform
for mobile-therapeutic intervention, we sought to conﬁrm
the following hypotheses in this study:
Hypothesis 1: Such a device and the visual and/or audio
information about emotion given to children with ASD
will be comfortable (not overstimulating for sensory
sensitivities).
Hypothesis 2: The information provided to the child by
the Glass system in the form of visual and audio information will be an effective way to increase facial affect
recognition skills.
Hypothesis 3: Children with ASD and the NC group differ
in their abilities to recognize facial expressions.
To test these hypotheses, we created a software capable of
running on Google Glass and designed to give preprogrammed
emotion-feedback cues to the wearer. We then explored the
hypotheses above in a controlled laboratory setting. Each participant was asked to recognize static facial expressions displayed
on a computer screen in three separate batches, with the middle
batch giving the correct emotion-feedback cue (i.e., corresponding to the true value of the facial expression displayed on the
static image). As most children with ASD have altered sensitivities to sensory input,45–49 this feasibility study allowed us to
ensure that Google Glass was not overstimulating, as well as
ensure the method of delivering such emotion-feedback was
developmentally appropriate. We then analyzed the difference
in response patterns between ASD and NC participants.

Methods
Participant Recruitment
Between February 25, 2015 and January 26, 2016, we enrolled
43 participants under an approved Institutional Review Board
(IRB) protocol at Stanford University. Of those n ¼ 23 had a
conﬁrmed clinical diagnosis of ASD and n ¼ 20 were NC. The
ASD cohort was 82.61% male (n ¼ 19 male, n ¼ 4 female) with
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behavioral scales; (4) had a sibling diagnosed with ASD or
schizophrenia or had evidence of ASD or schizophrenia; (5)
they had a history of seizures or other neurological problems;
and/or (6) they required assistance with their vision.

Laboratory Testing
Participants and parents provided written informed consent
under an approved Stanford University IRB protocol, which
followed the guidelines of the Declaration of Helsinki,51 prior to
their inclusion in the study. During the study appointment, a
trained research assistant assessed each participant with the
Stanford Binet Intelligence Scales, Fifth Edition, Abbreviated
Battery Intelligence Quotient (ABIQ52). In addition, we collected
the parent-completed Social Responsiveness Scale-2 (SRS-253).

Computer Task
During the computer task, participants wore Google Glass and
were asked to recognize the emotion from a static image
displayed on a computer monitor (►Fig. 1). Participants
were asked to classify 125 static facial images of children on
a computer screen that were broken up into three rounds of
successive “batches” of images. All images were drawn from a
standard data set11,54 of clear facial expressions, as one of
seven universal facial expressions: Happy, Sad, Angry, Scared,
Disgust, Surprised, and Calm.55 Selected images were expression-, race-, and gender-balanced. To both the left and right of
each image, nonsocial distraction stimuli were displayed
(selected from a peer-reviewed data set56) to ensure relevant
stimuli were not shown in isolation. The static facial image and

Fig. 1 Example of a static emotion and response list provided to participants during the computer task and depiction of the Glass. (A) Sample
image of computer monitor display during the computer task. In batches 1 and 3, the computer monitor displayed an image of a child expressing
one of seven emotions (Happy, Sad, Angry, Scared, Yuck, Surprised, Calm/neutral), similar to the one on the left, for 6 seconds, and then
automatically displayed the screen on the right with the various options for as long as it took for the participant to decide the emotion expressed
from the image displayed on the previous screen. In batch 2, the image on the left was still displayed for 6 seconds; however, after 3 of the
6 seconds while the image was displayed, the Glass would provide the feedback cue to the participant before transitioning to the screen on the
right. (B) Sample depiction of the Glass that participants wore during study procedures, which shows the heads-up display for visual cues and the
bone-conducting speaker for audio cues.
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an average age of 11.65 years (minimum age ¼ 6 years,
maximum age ¼ 17 years, SD ¼ 3.20), while 70% of the NC
were male (n ¼ 14 male, n ¼ 6 female) with an average age of
11.55 years (minimum age ¼ 7 years, maximum age ¼ 17
years, SD ¼ 3.09). Participants were identiﬁed from referral
to the Autism and Developmental Disabilities Clinic and the
Developmental Behavioral Unit of Lucile Packard Children’s
Hospital, as well as from academic presentations and clinical
services by the Stanford faculty and staff on the study team.
Additionally, participants were identiﬁed from the Autism and
Developmental Disabilities Research Registry.
Eligible candidates were identiﬁed through a qualitative
survey, review of medical history, and then by the Social
Communication Questionnaire (SCQ50) via the phone. ASD
diagnosis was conﬁrmed by the SCQ and later by a copy of the
participant’s clinical medical diagnosis. An expert review by
a licensed psychologist was completed for each subject to
conﬁrm ASD classiﬁcation. Participants with ASD were not
included if: (1) they had evidence of a genetic, metabolic, or
infectious etiology for their autism based on medical history;
(2) had a history of seizures or other neurological problems;
(3) required assistance with their vision; and/or (4) they had
a diagnosis of any severe mental disorder such as schizophrenia or bipolar disorder.
NC participants were excluded if: (1) > 14 score on the SCQ;
(2) a diagnosis of a neurological disorder currently or in the past
on the basis of self-report and medical history; (3) a diagnosis
of psychiatric disorders currently and in the past on the basis of
a clinical psychiatric evaluation and information obtained from
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the nonsocial stimuli were displayed for 6 seconds followed by
a list of the seven possible emotions (Happy, Sad, Angry,
Scared, Yuck, Surprised, and Calm). The list was displayed
until the participant chose a response.
In the ﬁrst and third batches of images during the computer task, participants received no information from the
Glass during the 6 seconds each image was displayed on the
computer monitor. In the second batch, although each image
was still displayed for 6 seconds total, after 3 seconds of
displaying the image, the Glass provided the correct labeled
emotion for the displayed image. The sessions were all video
recorded and a researcher accompanied the participant
through the task, recording the response option. Responses
were double conﬁrmed via the video session recording.

Glass Feedback
Our ﬁrst four participants (all NC) received only visual information on the Google Glass heads-up display in the form of the
word corresponding to the correct expression. Upon early
analysis and qualitative feedback from these participants
who received visual information only, we determined that
some of the participants were unable to read the visual cues
and hence their data were not included in the analyses for
Hypotheses 2 and 3 (refer to the Results sections Hypotheses 2
and 3). We also learned that most children had difﬁculty
reading and verbalizing the word “disgusted,” and therefore

for the purposes of the study, we referred to “disgusted” as
“yuck” while working with participants. Additionally, the
participants found it challenging to read the word “surprised”
from Google Glass heads-up display window. As “surprised”
and “disgusted” were the longest words and the font size on
Google Glass heads-up display was small, we learned that
children had a hard time reading these words from the headsup display but did not have any difﬁculties when reading these
words in the visual prompt provided to them during the
computer task. In audiovisual speech integration studies for
adolescents with ASD, DePape et al and Smith and Bennetto
found that there was no beneﬁt to providing both visual and
audio information, in comparison to providing only audio cues
during speech perception tasks.57,58 For these reasons, audio
feedback delivered using the Glass’s bone-conducting output
speakers (►Fig. 1B) in the form of the word corresponding to
the correct expression in the image, was determined to be the
most appropriate method for providing information to children for this in-laboratory study.

Participant Demographics
Forty-three participants qualiﬁed for Hypothesis 1, conﬁrming that they were able to comfortably wear Google Glass. We
excluded 10 of these 43 participants from Hypotheses 2 and
3 due to technical or study procedure completion issues
(►Fig. 2). With the ﬁrst four excluded participants (all NC

Fig. 2 Consort ﬂow diagram. We assessed 46 interested participants for eligibility. Forty-three participants met inclusion requirements for the
study, 20 neurotypical controls (NCs) and 23 children with autism spectrum disorder (ASD). We allocated all 43 eligible participants the
computer task and all 43 qualiﬁed for testing Hypothesis 1. We excluded n ¼ 4 NC and n ¼ 6 ASD for testing of Hypotheses 2 and 3. The six
excluded ASD participants experienced either a technological failure in the software or could not proceed with the study due to health. In
addition, we excluded the ﬁrst four participants (all of whom were neurotypically developing) due to a change in the study procedures following
their participation. Namely, these ﬁrst four subjects struggled with the visual feedback (written words on the Glass units’ heads-up display)
compelling us to use only audio cues for the remaining participants and for the remaining duration of the study.
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nosis. See ►Table 1 for the mean and standard deviation for
SRS-2 t-scores for our ASD cohort versus NC.

Data Analysis
In what follows, we provide an analysis of the performance of
the participants on the expression recognition task, starting
ﬁrst with an analysis of accuracies before moving to an
analysis of the participants’ confusion between expressions.

Hypothesis 2
We analyzed our data for Hypothesis 2 using a two-way
repeated measures analysis of variance (ANOVA) analysis
with percent accuracy during the facial affect recognition
task as a repeated measure and batch as a grouping factor. We
examined both the ASD and NC groups in this way.

Hypothesis 3
Although both the ASD and NC groups performed similarly
well in the emotion recognition test, they differed in which
emotions they mislabeled. We computed the confusion
matrices for each batch of each participant, deﬁned to be
the square matrix with rows and columns corresponding to
the possible responses, with the entry in row r and column c
to be the number of images for which the true value
corresponds to r but the participant gave answer corresponding to c. We order the expressions as follows: Happy,
Angry, Surprise, Neutral, Fear, Sad, and Disgust. The rows are
the true emotions and the columns are the ones indicated by
the child, displaying the frequency with which the child
mixed emotions for all pairs of emotions possible. Hence, if a
participant’s batch 1 confusion matrix has a 3 in the third
row and ﬁfth column, the participant mistook three surprise
faces for fear faces in the ﬁrst batch.
We then evaluated how well a machine-learning algorithm can predict the participant’s diagnosis (ASD or NC)
based on their confusion matrices. It should be cautioned
that our analysis is based on a small amount of data. It is also
difﬁcult, even with proper cross-validation executed, to
choose an appropriate model and avoid overﬁtting. We chose
logistic regression with L1 regularization, because the regularization term not only ﬁghts against overﬁtting, but also

Table 1 Parent-reported Social Responsiveness Scale (SRS) t-scores for ASD and NC cohorts
SRS subdomain

133

Mean t-scores (SD)

Significance

NC

ASD

Total SRS

44.1 (8.11)

78.8 (11.13)

> 0.001

Social awareness

46.2 (9.93)

67.5 (12.64)

> 0.001

Social cognition

44.4 (7.00)

73.6 (13.46)

> 0.001

Social communication

47.0 (10.19)

74.2 (12.16)

> 0.001

Social motivation

44.4 (8.07)

69.2 (14.56)

> 0.001

Social mannerisms

44.1 (3.66)

76.3 (10.20)

> 0.001

Abbreviations: ASD, autism spectrum disorder; NC, neurotypical control; SD, standard deviation.
Note: A higher SRS score indicates more severe ASD symptoms. An independent samples t-test indicates signiﬁcant differences between NC and ASD
on total SRS t-scores and subdomain scores.
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males ages 7–11 years with ABIQs ranging from 85 to 106
[SD ¼ 8.83]), we attempted to use visual cues in the form of
written words on the Glass units’ heads-up display
(►Fig. 1B). However, these children struggled to read the
words on the display. Therefore, we adapted our design to use
only audio cues for the remaining subjects. Because this
made the data from these original four incomparable to the
data from the majority of the subjects, we elected to exclude
the four from use in testing Hypotheses 2 and 3. Additionally,
we excluded six ASD participants from tests of Hypotheses 2
and 3, ﬁve males and one female, all between 6 and 11 years
of age who scored between 85 and 115 (SD ¼ 9.98) on the
ABIQ.52 In ﬁve of the six cases, there was a technological
error, displaying incorrect images during a batch in the
computer task. In the last case, the child experienced a
gastrointestinal health issue and was unable to complete
the computer task.
Our results for Hypotheses 2 and 3 are based on the
remaining 33 participants (n ¼ 16 ASD, n ¼ 17 NC). The
average age was 12.13 years for the ASD cohort (minimum
age ¼ 6, maximum age ¼ 17, SD ¼ 3.31 years), and 81.25%
were male (n ¼ 13 males, n ¼ 3 females). The average age
was 11.53 for the NC (minimum age ¼ 8, maximum age
¼ 17, SD ¼ 2.48 years), and 52.94% were male (n ¼ 9 males,
n ¼ 8 females). The average ABIQ was 102.75 (minimum
¼ 55, maximum ¼ 133, SD ¼ 19.54) for the ASD cohort and
108.94 (minimum ¼ 91, maximum ¼ 129, SD ¼ 9.58) for
NC. NC had an average SCQ score of 1.82 (minimum score
¼ 0, maximum score ¼ 4, SD ¼ 1.07), while the average SCQ
for the ASD cohort was 18.86 (minimum score ¼ 7, maximum score ¼ 31, SD ¼ 6.43). The mean SRS t-score for the
ASD group was 67.54 (minimum ¼ 52, maximum ¼ > 90,
SD ¼ 11.13). For NC, the mean SRS t-score was 44.12 (minimum ¼ 30, maximum ¼ 64, SD ¼ 8.11). Of the 17 NC, 16
scored a “normal” (< 59) SRS-2 severity rank, and one scored
a “mild” (60–65) severity rank. Ten of the 16 ASD participants scored a “severe” (> 76) SRS-2 severity rank, one
scored a “moderate” (65–75) severity rank, one scored a
“mild” (60–65) severity rank, and one scored a “normal”
(< 59) severity rank. All ASD participants provided a clinical
diagnostic report, conﬁrming his/her professional ASD diag-
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enforces sparsity, favoring models that pay attention to fewer
elements of the confusion matrices.59 Lacking the data to
make further reﬁnements in model selection, this is a
reasonable ﬁrst choice of a simple, linear model given the
type of data.
We performed nested cross-validation, with the outer nest
made in a leave-one-out fashion, and with the inner 10-fold
stratiﬁed validation for tuning the regularization parameter.
Confusion matrices were normalized so that their rows
summed to 1 as a preprocessing step to this classiﬁcation task.
To understand the patterns these classiﬁers exploit, we
look at the coefﬁcient the logistic regression assigns to each
entry in the confusion matrices, training one model on all the
data using the most frequently chosen regularization parameter. Logistic regression, when input a feature x, learns
weights w and bias b and bases its decision on the sign of
s ¼ (w^t) x þ b
with a positive decision (in this case ASD) if s is positive
and a negative decision (in this case NC) if s is negative
(further probabilistic interpretation is based on a sigmoid
function applied to s). This can give us a sense of what the
classiﬁer deems “more ASD” or “more NC.”

Results
Hypothesis 1
All 43 participants amenably wore Google Glass for at least
15 minutes and qualiﬁed for use in testing of the hypothesis
that Google Glass is feasible for use in children with autism
needing behavioral therapy. The majority of participants
commented that they were intrigued by the hardware.
Participants either received only visual cues (n ¼ 4) on
Google Glass’ heads-up display as words (Happy, Sad, Angry,
Scared, Surprised, Yuck, or Calm) or only audio cues (n ¼ 39)
via the bone-conducting speaker on the Glass. Based on the
comfort level, length of time the Glass was worn, and
qualitative feedback provided by participants, we determined that Google Glass is a feasible and wearable hardware
solution to provide unobtrusive social cues to children with
ASD. Ten could not be included in testing of Hypotheses 2 and
3, either due to receiving visual cues via the Glass (nNC ¼ 4), a
gastrointestinal health issue (nASD ¼ 1), or technological
failures (nASD ¼ 5: one received the incorrect batch sequence
and four received additional or repeated images during a
batch) (►Fig. 2).

Hypothesis 2
Both children with ASD and NC improved from batch 1 to
batch 3. In batch 1, both groups incorrectly labeled 15.8% of
the images. Children with ASD did not differ signiﬁcantly
(p ¼ 0.927) from NC in their accuracy in labeling the static
facial images with emotion. From the classiﬁcation information delivery enabled by the Glass in batch 2, this frequency
of incorrect labeling dropped to 6.1% in the autism cohort
and 5.2% in the NC cohort (p ¼ 0.732). After emotion training
and returning to the information-free mode in batch 3, both
Applied Clinical Informatics
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groups showed a sustained increase in correct labeling of
emotions, with a signiﬁcant increase of NC by 5.2%
(p ¼ 0.011) and a slight increase in accuracy for the ASD
cohort by 2.6% (p ¼ 0.058). Although we did not provide a
control group during this study to compare children who
received no information from the Glass and therefore we
cannot assume a learning effect, receiving emotion classiﬁcation information from the Glass was associated with a
sustained increase in accuracy for both ASD and NC during a
facial affect recognition task, supporting Hypothesis 2.
See ►Table 2 for overall accuracies of participants by batch
and ►Fig. 3 for a graph of the results. This difference was not
statistically signiﬁcant.

Hypothesis 3
For the two batches without information regarding emotion
from the Glass units, we achieved validation accuracy of
69.7% (p ¼ 0.047 by the permutation test60) and 72.7%
(p ¼ 0.036), respectively. For the batch with emotion information provided to the child, we achieved validation accuracy of 51.5%, the level of accuracy one can achieve by always
classifying the participant as an NC—the algorithm was
unable to ﬁnd a difference between ASD performance and
NC performance in this batch.
See ►Tables 3 and 4 for the results on batches 1 and 3,
respectively. Weights have been arranged in the shape of the
confusion matrix, so, for instance, in the case of ►Table 4, a
weight of –2.16 in the Fear row and Surprise column gets
multiplied by the confusion matrix entry corresponding to a
true value of Fear and a response of Surprise. Intuitively, positive
entries indicate that the algorithm interprets larger confusion
matrix values in that location as “more likely ASD,” while
negative entries correspond to “more likely neurotypical.”(We
caution against assigning relative size of coefﬁcients too much
meaning; for training, features [participants’ confusion
matrices] are scaled so that each row sums to 1. Hence, some
entries [off-diagonal] are expected to be smaller than other
entries [on-diagonal]. Ordinarily, one would rescale features to
have mean 0 and variance 1, or minimum 0 and maximum 1,
which would make the magnitudes easier to compare, but
requires an understanding of the scale of each feature in addition
to the classiﬁer’s coefﬁcients; the amount of data relative to the
number of features made this infeasible.)
Table 2 Overall accuracies of participants by batch
Overall accuracies of participants by batch
Batch 1

Batch 2

Batch 3

ASD

85.3%

93.9%

87.9%

NC

85.1%

94.8%

90.3%

Abbreviations: ASD, autism spectrum disorder; NC, neurotypical
control.
Note: Two asterisks indicate the signiﬁcance in change in accuracy
between batches 1 and 3 (p < 0.05). One asterisk () indicates a
marginally signiﬁcant change in accuracy. The ﬁrst batch received no
information from the Glass, the second batch received classiﬁcation
information as audio, visuals, or both from the Glass, and the third batch
again received no information from the Glass.
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Fig. 3 Percentage of correct labeling during the computer task over the course of each batch.

By examining the confusion matrices before and after our
Glass intervention (►Tables 3 and 4, respectively), we notice
several trends. First, children were more likely to be NC if
they correctly labeled neutral faces as “neutral.” We noticed
this correlation persisted before and after our Glass intervention (coefﬁcients for Neutral–Neutral in batch 1: –6.93;
batch 2: –0.94). Second, we observed that during batch 3,
children who confused fear for surprised and vice versa were
more likely to have ASD, and children who confused Fear
with Disgust were more likely to be NC. The results seemed
mixed during batch 1; however, the effect seemed larger in
batch 3 (coefﬁcient for Fear–Surprised: 4.76, Surprised–Fear:
13.16). Lastly, children were also more likely to have ASD if
they confused Sad for Neutral, which remained consistent
across batches (coefﬁcient for Sad–Neutral in batch 1: 16.86,
batch 3: 5.03).

Discussion
This feasibility study supported the hypothesis that Google
Glass is a convenient wearable device to provide unobtrusive
emotion-feedback cues to children with ASD. However, given
the simplicity of the emotion recognition task and the
average age of our study participants, it is not surprising to
see little difference in the ability to detect emotions with and
without emotion information, despite the previous research
studies which have also found insigniﬁcant differences in

emotion recognition tasks between ASD participants and NC
for this age range.36,37 Further work will be necessary to
assess the distinct differences between age-matched ASD
and NC children. However, our confusion matrices provide
further evidence to distinguish NC from children with ASD
during facial affect recognition tasks.

Hypothesis 1
Our work conﬁrmed that the Autism Glass learning aid ﬁts
comfortably and is not overstimulating for children with
ASD. The Glass appropriately engages children with and
without autism, providing feasibility of application for learning tasks including the emotion recognition learning
attempted in our study. This ﬁnding supports the use of
Google Glass for children with autism, expanding upon
studies using portable devices and wearables to deliver
behavioral intervention by bringing therapy to natural
human interactions.31,32

Hypothesis 2
Supporting our second hypothesis, the emotion information
provided by the Google Glass was associated with an increase
in emotion labeling accuracy children during a facial affect
recognition task. We see only a small drop in ASD scores
relative to NC scores (p ¼ 0.310) in the ﬁnal batch and can
hypothesize that this was due to fatigue during the task.
The ASD cohort did not demonstrate signiﬁcantly lower

Table 3 Coefﬁcients of L1-regularized logistic regression trained with batch 1 (before intervention)
TV/Response

Ha

An

Su

Ne

Fe

Sa

Di

Happy
Angry

4.94

Surprise

0.64
–6.93

Neutral
–2.16

Fear
Sad

0.21

–4.50

16.86

–0.95

Disgust

3.04
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Table 4 Coefﬁcients of L1-regularized logistic regression trained with batch 3 (after intervention)
TV/Response

Ha

An

Su

Ne

Fe

Sa

Di

Happy
Angry

2.65

Surprise

13.16
–0.94

Neutral
Fear

5.34

Sad

5.03
–5.03

Disgust

accuracies during the facial affect recognition task in comparison to the NC cohort, however. This result supports
research that states that children with ASD and NCs demonstrate no differences during facial affect recognition tasks of
static images of basic emotions.36,37 Future work is necessary
to examine differences during nonstatic facial affect recognition tasks, and to examine differences in ability to recognize
complex emotions.

Hypothesis 3
While the ASD and NC groups did not show statistically
signiﬁcant accuracy differences in their ability to label facial
images with the correct emotion, they did show consistent
differences in the emotions that they labeled incorrectly.
Interestingly, the frequency of emotion confusion proved
robust enough to enable statistically signiﬁcant classiﬁcation
between the two groups, such that if children confused fear
for surprise, surprise for fear, or sad for neutral, they would
be classiﬁed as ASD.
We also note that algorithms trained to classify ASD
versus NC given each participant’s overall progression of
accuracies (batch 1, batch 2, and batch 3), as well as algorithms trained on each participant’s accuracies by expression, performed no better than chance using the same nested
cross-validation scheme. This suggests that differences in
expression recognition between ASD and NC exist but are
subtle: the differences depend on which expressions were
confused, rather than the overall accuracy of expression
recognition.

Limitations
Our results and the ability to extrapolate meaning from these
initial ﬁndings were limited by sample size, and the results
mentioned in this discussion section require further replication. While we can claim distinct behavior between NC and
ASD participants, due to a lack of control group that did not
receive emotion data, we cannot conclude that the learning
effect seen across batches was due to the device stimulus.
There are several limitations on the conclusions that we
can draw from our study as a result of the participants
included for analysis. For instance, while autism glass is a
system intended to bring therapy to children at a younger
age, we were only able to examine the feasibility of children
Applied Clinical Informatics

–12.47

4.76
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No. 1/2018

0.30

–0.79

1.75

ages 6 to 17 years of age in this study. Unfortunately, this age
range is not representative of children who are in critical
periods of development for cognition and speech, and therefore further feasibility testing on younger children is
necessary.
In the present study, we observed a gender ratio of 13
males to 3 females in our ASD cohort. Though males are
substantially more likely to be diagnosed with autism than
females by an average ratio of 4 males:1 female,61,62 the
reported imbalance still presents a gender bias between our
sample population of children with ASD to our NC children.
Furthermore, 3 of our 16 ASD participants had an ABIQ
lower than 80 (between 55 and 79), suggesting that, based on
ABIQ scores, 13 of our recruited ASD participants can be
classiﬁed as children with high-functioning ASD. This limits
our ﬁndings for Hypotheses 2 and 3 to generalize to the
greater ASD spectrum, as their performance on the facial
affect recognition task was likely more accurate than most
children on the ASD spectrum.
Additionally, the six ASD participants who were not able
to complete study procedures (mentioned in the “Participant
Demographics” section above) were not included in analysis
for Hypotheses 2 and 3. Although they wore the glass with
ease for their study visit, which supports Hypothesis 1, they
experienced technological failures with the software and
their data were discarded. As described in the “Participant
Demographics” section, these children were age-, gender-,
and intelligence quotient (IQ)-matched with the rest of our
cohort. We were able to include their results to support
Hypothesis 1; however, we had to discard their data from
analyses for Hypotheses 2 and 3. These children did not
represent a low functioning participants, nor were we able to
recruit a representative population of low-functioning participants, likely skewing our results for Hypotheses 2 and 3
toward a null ﬁnding, further supporting that our results
may misrepresent the full autism spectrum population.
The ﬁrst four study participants, all NC males between 7
and 11 years old with ABIQs ranging from 85 to 106, received
only visual data on the heads-up display in the form of the
word corresponding to the correct expression. Through
qualitative feedback that these participants provided to the
study team, and after a preliminary analysis, we determined
that three participants were unable to read the displayed
words. The three participants who were unable to read the
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Conclusion
The results from this feasibility and pilot study support
literature that state children with ASD have no less accuracy
than NC in a controlled, image-based facial affect recognition
task; however, our results also support ﬁndings that children
with ASD more often confuse fear for surprise (and vice
versa), and confuse sad for neutral more often than their NC
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peers.34,36,38,39,63 Furthermore, if children correctly labeled
neutral faces, they were more likely to be NC, supporting
previous research ﬁndings that children with ASD have
difﬁculties labeling neutral faces correctly.34,40

Future Directions
The delivery of the behavioral intervention programs in today’s
health care system is increasingly bottlenecked because the
number of behavioral therapists is far outstripped by the
number of children in need of care.1–5,64 Motivated by the
need for more scalable care, we believe that a lightweight and
mobile therapeutic tool may prove efﬁcacious for augmenting
therapy needed by children with autism. This mobile-therapeutic tool combines live, natural interactions with evidencebased properties that form the foundation of teaching strategies and behavioral therapies as a whole, such as positive
reinforcement, iterative training, and structured feedback.
Focusing on deﬁcits associated with facial affect recognition,
our proposed therapeutic learning tool is an artiﬁcial

Fig. 4 Feedback loop and system architecture overview for the Superpower Glass system. (A) The system overview for real-time facial
expression recognition. This shows how the device can communicate with a smartphone to enable feedback choice directly from a control center
within the App. (B) It depicts the potential feedback options from which a user of this wearable therapy can choose. This includes audio feedback,
visual feedback (emojis, words, colors), and a combination of audio and visual feedback. Visual feedback cues are provided to the child via the
Glass’ heads-up display, whereas audio cues are delivered using the bone conducting speaker within the Glass units themselves.
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visual cues scored in the 30th, 58th, and 61st percentiles
(with 95% conﬁdence interval [CI]) on the verbal component
of the ABIQ. We did not assess the ability of the ASD
participant population in reading the visual cues provided
by the glasses, nor did we display the visual cues for longer
time periods to then assess participants’ ability to read
the cues.
Lastly, our Glass prototype in this study did not examine
how receiving emotion data from this device during facial
affect recognition tasks will generalize to more meaningful
social interactions. We address this limitation below.
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intelligence system for automatic facial expression recognition
that labels facial expressions in real time via Google Glass,
recognizing emotions in the faces of conversation partners and
delivering real-time emotion cues to the wearer, a child with
autism. The system uses the Glass’s outward-facing camera to
read facial expressions and an emotion classiﬁer to compute
and return to the child wearer the emotion of the person in the
ﬁeld of view as real-time social emotion cues as audio and/or
visual information provided by the Glass unit (►Fig. 4). Visual
representations can facilitate an increased rate of learning in
children with autism, who often learn best via visual learning,
and that pairing these visual representations with verbal cues
can maximize impact on learning.25,26,30 Our proposed therapeutic tool can supplement existing therapeutic approaches
and may be used either by trained behavioral interventionists
or independently by children with autism and their caregivers.

Validation through a Randomized Control Trial
Now that we have conﬁrmed that children with ASD respond
positively to wearing the Glass and to receiving visual/audio
emotion data from it, we have created a working prototype
system. Our prototype device consists of a Google Glass
paired with a phone (►Fig. 4), upon which we have optimized
a system of real-time facial expression recognition and
delivery of accurate emotion information. We intend to test
the prototype in a randomized control trial to determine
under what circumstances this tool can be used by children
and family members outside of clinical settings, and how this
tool might help alleviate gaps in care due to lack of access
(e.g., while on waiting lists or for those in remote and
underserved areas). We will evaluate the prototype’s ability
to teach children with ASD how to interpret emotion in faces,
to improve overall social awareness, to decrease social anxiety, and to increase eye contact during social interactions.

Clinical Relevance Statement
This study supports the feasibility and use of mobile wearable tools as a learning aid to children with ASD. This pilot
study enables us to move forward with creating a mobile athome behavioral tool, Superpower Glass, which can have
many implications for clinical implementation.

2. How did children with ASD compare with their neurotypical controls during the emotion recognition task?
a. Children with ASD performed with statistically signiﬁcant higher accuracy than neurotypical controls.
b. Children with ASD performed with statistically signiﬁcant lower accuracy than neurotypical controls.
c. Children with ASD were not able to recognize “Happy,”
unlike the neurotypical controls.
d. Children with ASD and neurotypical controls did not
differ in accuracy by any statistically signiﬁcant result.
Correct Answer: The correct answer is d. Children with
ASD and neurotypical controls had very similar accuracy
results. However, children with ASD differed from
neurotypical controls in that they more often confused
certain emotions, and had different confusion models
than neurotypical controls. (See the “Results” section for
more speciﬁcs.)
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Multiple Choice Questions
1. During which batch was the Autism Glass intervention
introduced to the children in this study?
a. Batch 1
b. Batch 2
c. Batch 3
d. None of the batches involved an intervention.
Correct answer: The correct answer is b, batch 2. Batch 1
assessed the children’s baseline during the task. The
intervention was introduced for Batch 2 as an aid while
completing the same task in Batch 1. Batch 3 removed the
aid to see if on their own, they were able to label emotions
more accurately.
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