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Abstract

Despite significant recent advances in molecular genetics and neuroscience, behavioral ratings
based on clinical observations are still the gold standard for screening, diagnosing, and assessing
outcomes in neurodevelopmental disorders, including autism spectrum disorder. Such behavioral
ratings are subjective, require significant clinician expertise and training, typically do not capture
data from the children in their natural environments such as homes or schools, and are not
scalable for large population screening, low-income communities, or longitudinal monitoring,

all of which are critical for outcome evaluation in multisite studies and for understanding and
evaluating symptoms in the general population. The development of computational approaches to
standardized objective behavioral assessment is, thus, a significant unmet need in autism spectrum
disorder in particular and developmental and neurodegenerative disorders in general. Here, we
discuss how computer vision, and machine learning, can develop scalable low-cost mobile health
methods for automatically and consistently assessing existing biomarkers, from eye tracking to
movement patterns and affect, while also providing tools and big data for novel discovery.
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The need for computer vision for computational behavioral coding

Despite significant recent advances in molecular genetics and neuroscience, behavioral
ratings based on clinical observations are still the gold standard for screening, diagnosing,
and assessing outcomes in neurodevelopmental and neurodegenerative disorders, including
autism spectrum disorder (ASD). Autism screening tools rely on parent reports [50], which
can lead to biased assessments depending on level of parental knowledge about child
development and cultural factors [30] (see also [10] for additional discussion on the virtues
and challenges of the current standard of care). Diagnostic assessments are on the basis
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of clinical behavioral observations and ratings. Such behavioral ratings are subjective,
require significant clinician expertise and training, typically do not capture data from the
children in their natural environments such as homes or schools, and are not scalable for
large population screening, low-income communities [13], or longitudinal monitoring, all
of which are critical for outcome evaluation in multisite studies and for understanding and
evaluating symptoms in the general population.

The development of computational approaches to standardized objective behavioral
assessment is, thus, a significant unmet need in ASD in particular and developmental and
neurodegenerative disorders in general. Here, we discuss and present some recent results
on how computer vision, combined with machine learning and data analysis, can lead

to the development of scalable mobile health methods for assessing existing behavioral
biomarkers, while also providing tools and big data for novel discovery. The computer
vision tools range from gaze and attention monitoring to movement patterns and affect
coding.

Developing such scalable digital behavioral measurement tools will be important for
addressing the major public health challenge of identifying and treating children with
neurodevelopmental disorders. Neurodevelopmental disorders affect ~15% of the population
in the United States (US). In the case of ASD, one out of 59 children is affected, with an
estimated annual cost to society of $265 billion. Early intervention is critical, resulting in
improved cognitive, language, and social functioning, which affects long-term outcomes and
results in an estimated per-person yearly cost savings of $19,000 ($1.2 million lifetime) [8].
Early intervention starts with behavioral screening, a major challenge when considering that
many US clinics have wait lists of 4-12 months to see experts, which are even less available
in low-income countries.

To truly scale in behavioral coding, methods that allow for automated data collection in
natural environments, such as the home, are needed. We have recently demonstrated that it
is feasible to collect high quality video data in response to stimuli delivered in an iPhone
app downloaded from the web and independently administered by parents at home [15]. In
this particular study, we collected data from 1756 participants (4441 videos) who behavior
was recorded with the camera in the phone. We showed that 87.6% frames provided high
quality data and automated coding via computer vision determined that children with typical
development versus autism risk could be differentiated based on patterns of facial affective
expression and attention [4,15,26], more on this is discussed in the following sections. A
scalable integrated approach to active stimulus design, consumer-grade sensing exploitation,
and automatic analysis via computer vision and machine learning is an example of the

key driving force to improve the assessment of ASD and related disorders. In addition

to scalability and access, computational behavioral phenotyping via computer vision and
machine learning will result in big data at unprecedented multiscale resolution, opening the
door to new understandings in developmental disorders.

Although, in this article, we concentrate on computer vision tools for ASD screening,
it is important to stress that this is just one example of the use of computer vision
for computational behavioral phenotyping. Similar tools can be used for diagnosis and
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symptoms and therapy monitoring, as well as other developmental disorders such as
attention deficit hyperactive disorder (ADHD); see Refs. [27,29] for further related
discussions on the subject of digital phenotyping, of which behavior is a particularly
important component and one is ready to be addressed by computer vision. Moreover,

the tools go beyond developmental disorders, for example, Parkinson’s disease [1] and
pain [45], and, thereby, the description below should be interpreted as one example of
how computer vision can complement and augment current standards of care (see also
for example https://md2k.org/for a major initiative on mobile sensing, including behavior,
and numerous publications and tools in multiple areas and diseases). The works described
next clearly illustrate that we are ready for this important step of utilizing and extending
computer vision as an integral step in behavioral analysis for mental and developmental
health care.

of computer vision in autism spectrum disorder

Now, we present a number of examples on the use of computer vision tools for

computing behavioral biomarkers relevant to ASD and other neurodevelopmental and
neurodegenerative disorders. As mentioned before, these are illustrative only, showing that
the tools are not only ready to replicate known biomarkers but also to discover new ones.
Moreover, works as the one reported in Ref. [15] demonstrate that these computer vision
tools can be applied to data collected in natural environments.

Gaze and attention

Gaze and attention are well-established behavioral measurements in developmental
disorders; this is reflected in the very extensive literature on the subject, e.g., Refs. [7,31,35-
37,42,43]. Their connection with genetic factors has also been recently reported [9]. Given
that differences in patterns of attention are considered a key behavioral indicator of certain
developmental disorders, an important goal is to take advantage of new technologies that
will allow us to collect data on attention patterns outside laboratory settings and provide
scalable and low-cost use on mobile devices [4,15].

Some of our initial studies [2] provide a proof of concept of how data on gaze and attention
can be collected in a manner that is scalable (see also [6,32] for more generic computer
vision algorithms for low-cost gaze analysis on consumer devices). A dynamic movie

that displayed salient social and nonsocial stimuli (Figure 1, top) was used to investigate
attention patterns in toddlers with (N = 22) and without (N = 86) ASD. The capabilities

of the sensing and analysis tools, namely an off-the-shelf video camera and computer
vision, were taken into consideration for designing the stimuli. In particular, the stimuli are
designed to require only a region-based accuracy, right or left attention discrimination in this
particular case, to evaluate dynamic attentional preference for social or nonsocial stimuli.
The movie showed a social stimulus on the left (singing women) and a nonsocial on the right
(toys). Both halves changed during the 60 s of presentation, defining a total of nine temporal
blocks of distinct social (left half) and nonsocial (right half) combinations. Computer vision
first automatically detects key facial landmarks of the participants (Figure 1, bottom left),
and then we use these landmarks to compute the extreme yaw angle values to determine
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the midrange yaw angle value. We define two thresholds by adding/subtracting 10% of the
difference between the midrange value and the extreme values to the midrange value. With
this, we determine whether the participant is looking at the left (social) or right (nonsocial)
parts of the dynamic stimuli, or if the yaw angle value was not large enough to conclude.
In this last case, we further use the landmarks to make a decision. In particular, we use the
landmarks at the edges of the eye to estimate the position of the middle of the eye and the
distance between this middle and both edges. Then, we check whether or not the pupil is
close enough to one of the edges to conclude the attention direction. If not, we assume that
the participant is looking somewhere in the middle of the stimuli. We use this method with
both eyes. Details of this fully stimuli-algorithm integration for scalable attention tracking
are provided in our publications.

To validate this preliminary approach, we consider three predictions derived from previously
published studies that used state-of-the-art high-end (e.g., Tobii) eye tracking technology
[2]. First, we showed that the ASD participants were more likely to have reduced attention to
the movie overall. We next examined differences between social and nonsocial attention. We
found that it was very rare for a child without ASD to focus the majority of their attention on
the nonsocial stimuli, whereas this occurred much more often among the children with ASD.
Thus, this biomarker has potential sensitivity as a risk marker for ASD. Finally, we took into
account the temporal changes in the stimulus to investigate patterns of fixation and shifting
of attention. We showed that participants with ASD are more likely to fixate on only one
type of stimulus in the movies (e.g., social/nonsocial regions) than the non-ASD children, an
additional potential dynamic biomarker.

This example illustrates how when combining computer vision with stimulus design, we can
use consumer devices to infer behavioral information that was previously available only with
the use of high-end laboratory-style tools.

Motor analysis

Early manifesting impairments in motor abilities have been documented throughout the
lifespan in individuals with ASD, from infancy through adults. Examples of early motor
differences include head lag when pulled to sit, delays in walking, postural stiffness,
slumped poster, and difficulty maintaining midline position of the head, e.g., Refs. [3,16—
19,46]. Quantitative, objective methods for assessing atypical motor/movement in ASD
are needed. Experts in computer vision will immediately notice that the abovementioned
behavioral biomarkers are great candidates for automatic coding, while at the same time
challenging state-of-the-art computer vision to work on young children and on very
unconstrained scenarios. We illustrate next a few very promising examples demonstrating
the value and readiness of computer vision to address these challenges.

Body motion—Toddlers with ASD often presented asymmetric arm positions in early life
[16]. Using computer vision, we are able to estimate the 2D body pose of the toddlers and
estimate arm angles [24]. This is one of the motor measurements that can be automatically
performed with computer vision but is not the only one. One of the main diagnostic criteria
for ASD in the Diagnostic and Statistical Manual of Mental Disorders (DSM-5) is restricted,
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repetitive-patterns of behavior, interests, and/or activities. A primary way in which these
behaviors manifest in ASD is stereotypical motor movements (SMMs). Traditional measures
of SMMs include rating scales, direct behavioral observation, and video-based methods,

all of which can be as mentioned before subjective, inaccurate, time-intensive, and

difficult to compare across different individuals with ASD. More reliably, accurately, and
efficiently detecting and monitoring SMMs over time could provide important insights for
understanding and intervening upon a core ASD symptom [20,21]. Using computer vision
to track body parts, e.g. Refs. [5,23], see Figure 1, and modern data analysis tools can be
exploited to study this as well, e.g., Ref. [47].

Head movement—While body motion is recognized as an important behavioral
measurement for ASD, more subtle motions from the head are critical as well. In Ref.

[4], we examined atypical orienting and attention behaviors in toddlers with ASD (see also
[34]). One hundred four toddlers, 16e31 months old (mean = 22) participated in this study.
Twenty-two of the toddlers had ASD, and 82 had typical development or developmental
delay. Toddlers watched video stimuli on a tablet while the built-in camera recorded their
head movement. By automatically following facial landmarks (see Figure 1), computer
vision analysis measured participants’ attention and orienting in response to calling the
child’s name. Differences in orienting behavior were analyzed between the ASD group
and the comparison group. Reliability between computer vision analysis and human coding
for orienting to name was excellent (intraclass coefficient 0.84, 95% confidence interval
0.67e0.91). Only 8% of toddlers with ASD oriented to name calling on >1 trial, compared
with 63% of toddlers in the comparison group (p = 0.002). Mean latency to orient was
significantly longer for toddlers with ASD (2.02 vs 1.06 s, p = 0.04). These results

already provide very strong automatically computed behavioral biomarkers (see Ref. [4]
for additional details).

Attention and head turning is not the only important characteristic we can measure, once
we exploit computer vision tools to track the head motion at high frame rate and spatial
accuracy. For example, the development of postural control is an index of neuromuscular
reactions to the motion of body mass to retain stability [28]. Research on children with
ASD has shown that ASD is associated with deficits postural control, which is manifest

in postural sway. Such differences become more evident when the child views complex
multisensory and social stimuli, e.g., Refs. [18,22]. We have preliminary results on using
computational tools to automatically measure postural sway when watching multisensory
stimuli, using computer vision and landmark tracking as input to new metrics for postural
sway and other subtle motions [10]. The high frame rate, compared with human naked eye
observations, is critical, as it was in our work on the latency of orienting behavior mentioned
earlier. This opens the door to discovering new high-resolution biomarkers. The preliminary
results show not only great statistical power to distinguish ASD from non-ASD but once
again help to discover previously unknown characteristics of ASD.

Affect analysis

Differences in affect and emotion is an important biomarker for numerous developmental
and neurodegenerative disorders and have been studied extensively in ASD as well.
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Following works on affective computing and literature on automatic encoding of facial
affect, e.g. Refs. [12,14,41,44], we have recently deployed and reported preliminary studies
on automatic encoding of facial affect for ASD. As shown in Figure 1, with automatic
detection of critical facial landmarks, we can compute emotions in addition to tracking

head motion and overall body posture (see previous subsections). These computational
computer vision tools are developed taking into account the unique application, from the
use of only consumer-grade sensing technology such as mobile phone cameras to the
population (children) and deployment environments (e.g., homes); all of them brining
unique challenges that need to be addressed to develop truly scalable computer vision—
based tools and interventions. We have validated the automatic tools in toddlers with

ASD and typical development showing excellent reliability [25,26]; for example, overall
agreement between the human raters for coding of engagement, facial expression, and social
referencing achieved an intraclass correlation coefficient (ICC) score of 0.84 with 95%
confidence intervals of 0.76-0.95. Reliability between the automatic methods and the expert
human rater when coding total time of ‘happy’ was excellent, achieving an ICC of 0.90.
The reliability for the subgroups of participants with and without ASD was also excellent,
achieving ICC scores of 0.90 and 0.89, respectively. Performance of the automatic methods
was also validated on a per-frame basis; 136,450 frames (~75 min) were coded for emotion
across all the participants. Overall, the automatic method achieved high precision, recall, and
F1 scores: 0.89, 0.90, and 0.89, respectively. The agreement between computer vision and
expert raters is as strong as among raters themselves, and most of the differences come at
the ends of the expression because it is hard to exactly define the frame for the beginning or
end of an emotion. See Ref. [26] for details and also [15] for results on correlations between
automatically computed affect and ASD risk.

Future challenges

Behavioral coding is still the gold standard for multiple developmental disorders. Recent
studies, as described in this note (see also [11]), have already demonstrated both the
feasibility and the value of developing computer vision—based scalable computational
tools for behavioral phenotyping. The tools here described were deployed both in the
clinic [4,24,26] and in the wild [15]. The machine-learning tools that complement the
computer vision components are explainable, for example based on decision trees and
random forests, meaning the discoveries are not black boxes but provide fundamental
insights into the discovery of biomarkers and their potential neurological basis. While
validating the reliability of these novel scalable computational tools, we confirmed known
behaviors, this time collected with low-cost scalable paradigm, contrary to high-end and
highly sophisticated and expensive instrumentation, while at the same time, discovering new
ones.

A number of challenges and opportunities remain, including:

. Extension of the computational tools to consider not only the presence of a
behavior but its actual strength, thereby considering behaviors as continuous
biomarkers (see Ref. [26]);

. Addressing multiple ages, including infants (e.g., Ref. [36]);
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. Extension of the tools to take into account cultural differences, see for example
[40];

. Extension of the computational tools to measure interactions and not just
individual behaviors (see also [38,49] and data at http://www.chi.gatech.edu/
mmdb/);

. Extension of the computational tools to address fully unconstrained scenarios;

. Large epidemiological validation, as currently addressed by a number of
researchers as part of the National Institutes of Health Autism Center of
Excellence program at Duke University;

. Integration of computer vision with other senses, in particular, audio (see also
[40]);

. Integration of automatic behavioral coding with other more standard
measurements, including the Modified Checklist for Autism in Toddlers, Revised
[39], electronic health records, and diagnostic methods, such as the Autism
Diagnostic Observation Schedule [33].

. Exploitation of tools from computer vision beyond ASD, including but not
limited to ADHD, eating disorders, PTSD, movement disorders, pain, and
Alzheimer’s disease.

Broad and multimodal data will be particularly important for distinguishing ASD from
closely related conditions, for example, ADHD; see, for example, [48] for recent work in
such integration of multiple measurements and its application to comorbidity understanding.
The challenges do not end at the engineering level. For example, human factors and ethical
considerations are important.
To address these challenges, the need for interdisciplinary teams is very clear. The
development of the scalable computational tools here reported need domain experts,
engineers, statisticians, app developers, ethical and regulatory experts, and clinicians, to
name just a few of the must have components of the team.
The need for a revolution in health care in general and developmental disorders in particular
is clear. Computational behavioral analysis is a necessary component of this revolution, and
the recent results have demonstrated that tools from computer vision are ready to contribute
to this challenge.

Acknowledgements

The authors thank their team and coauthors of the cited articles for their daily contributions to this project. This
is a major team effort, and every member of the team is a leg; without it, the table falls. The authors thank

the families participating in our studies for providing their very valuable time to advance their ASD knowledge.
The work was supported by the Duke Institute for Health Information, the Information Initiative at Duke, the
Duke Endowment, the Coulter Foundation, the Psychiatry Research Incentive and Development Grant Program,
the Duke Education and Human Development Incubator, the Duke University School of Medicine Primary Care
Leadership Track, Bass Connections, the Duke Office of the Vice Provost for Research, the Simons Foundation
(SFARI), a Google gift, an Amazon gift, the National Science Foundation, Department of Defense, the Office
of the Assistant Secretary of Defense for Research and Engineering, and NIH. Grant funding includes NSF-

Curr Opin Biomed Eng. Author manuscript; available in PMC 2023 October 02.


http://www.cbi.gatech.edu/mmdb/
http://www.cbi.gatech.edu/mmdb/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sapiro et al. Page 8

CCF-13-18168, NGA HM0177-13-1-0007 and HM04761610001, NICHD 1P50HD093074, ONR N000141210839,
and ARO W911NF-16-1-0088.

Conflicts of interest

G.D. is on the Scientific Advisory Boards of Janssen Research and Development, Akili, Inc., LabCorp, Inc. and
Roche Pharmaceuticals, has received grant funding from Janssen Research and Development, L.L.C., received
royalties from Guildford Press and Oxford University Press, and is a member of DASIO, L.L.C. G.S. is on the
Board of Surgical Information Sciences, L.L.C., and is a member of DASIO, L.C.C. G.D. and G.S. consult for
Apple.

References

Papers of particular interest, published within the period of review, have been highlighted as:
« of special interest
«« of outstanding interest

1. Bot B, Suver C, Chaibub Neto E, Kellen M, Klein A, Bare C, Doerr M, Pretap A, Wilbanks J,
Dorsey E, Friend S, Triester A: The mPower study, Parkinson disease mobile data collected using
ResearchKit. Scientific Data 2016, 3.

2. Bovery M, Dawson G, Hashemi J, Sapiro G: A scalable off-the-shelf framework for measuring
patterns of attention in young children with autism spectrum disorder. AACAP Annual Meeting;
October 2018.

3. Brisson J, Warreyn P, Serres J, Foussier S, Adrien-Louis J Motor anticipation failure in infants
with autism: a retrospective analysis of feeding situations. Autism 2012, 16:420-429. [PubMed:
22250193]

4. Campbell K, Carpenter K, Hashemi J, Espinosa S, Marsan S, Schaich-Borg J, Chang Z, Qiu Q,
Vermeer S, Tepper M, Egger H, Baker J, Sapiro G, Dawson G: Computer vision analysis captures
atypical social orienting in toddlers with autism. Autism: International Journal of Research and
Practice 2018:1-10.s« Example of using computer vision for behavioral digital phenotyping. This
work also illustrates how computational tools can make known biomarkers scalable for use in the
general population as well as help to discover new ones that were not possible to assess with
traditional screening protocols.

5. Cao Z, Simon T, Wei S, Sheikh Y: Real time multi-person 2d pose estimation using part affinity
fields. Hawaii: IEEE Conference on Computer Vision and Pattern Recognition; 2017.« Example of a
powerful computer vision tool to track body motion. These types of tools are very helpful to study
motor aspects of developmental disorders.

6. Chang Z, Qiu Q, Sapiro G: Synthesis-based low-cost gaze analysis. Canada: International
Conference on Human-Computer Interaction; July 2016.

7. Chawarska K, Macari S, Shic F: Decreased spontaneous attention to social scenes in 6-month-
old infants later diagnosed with autism spectrum disorders. Biol Psychiatry 2013, 74:195-203.
[PubMed: 23313640]

8. Cidav Z, Munson J, Estes, Dawson G, Rogers, Mandell D: Cost offset associated with early start
Denver model for children with autism. J Am Acad Child Adolesc Psychiatry 2017, 56: 777-783.
[PubMed: 28838582] « Work describing the significant positive economic impact of early autism
spectrum disorder intervention.

9. Constantino JN, Kennon-McGill S, Weichselbaum C, Marrus N, Haider A, Glowinski AL, Gillespie
S, Klaiman C, Klin A, Jones W: Infant viewing of social scenes is under genetic control and is
atypical in autism. Nature July 2017, 547:340-344. [PubMed: 28700580] * This works reports a
very detailed study of the relationship between attention, as measured by eye tracking, and genetics,
showing that variations in attention to social stimuli are influenced by genetic factors.

10. Dawson G, Campbell K, Hashemi J, Lippmann S, Smith V, Carpenter K, Egger H, Espinosa S,
Vermeer S, Baker J, Sapiro G: Atypical postural control can be detected via computer vision
analysis in toddlers with autism spectrum disorder. 2018 [under review].

Curr Opin Biomed Eng. Author manuscript; available in PMC 2023 October 02.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sapiro et al.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

Page 9

Dawson G, Sapiro G: The potential for digital behavioral measurement tools to transform the
detection and diagnosis of Autism Spectrum Disorder. JAMA Pediatrics 2019 [to appear].

Du S, Tao Y, Martinez A: Compound facial expression of emotion. PNAS April 15,

2014, 111:E1454-E1462. 10.1073/pnas.1322355111. Published ahead of print March 31, 2014.
[PubMed: 24706770]

Durkin MS, Elsabbagh M, Barbaro J, Gladston M, Happe F, Hoekstra RA, Lee LC, Rattazii A,
Stapel-Wax J, Stone WL, Tager-Flusberg H, Thurm A, Tomlinson M, Shih A: Autism screening
and diagnosis in low resource settings: challenges and opportunities to enhance research and
services worldwide. Autism Res 2015, 8:473-476. [PubMed: 26437907]

Ekman P, Friesen W: The facial action coding system: a technique for the measurement of facial
movement. San Francisco: Consulting Psychologist Press; 1978.

Egger H, Dawson G, Hashemi J, Carpenter K, Espinosa S, Campbell K, Brotkin S, Schaich-Borg
J, Qiu Q, Tepper M, Baker J, Bloomfield R, Sapiro G: Automatic emotion and attention analysis
of young children at home: a ResearchKit autism feasibility study, npj Nature Digital Medicine.
June 2018.¢« First study showing the feasibility of automatically coding via computer vision at
home behavior relevant to developmental disorders, opening the door to fully scalable tools for
deployment in natural environments.

Esposito G, Venuti P, Apicella F, Muratori F: Analysis of unsupported gait in toddlers with autism.
Brain Dev 2011, 33: 367-373. [PubMed: 20708861]

Flanagan JE, Landa R, Bhat A, Bauman M: Head lag in infants at risk for autism: a preliminary
study. Am J Occup Ther 2012, 66:577-585. [PubMed: 22917124]

Ghanouni P, Memari EH, Gharibzadeh S, Eghlidi J, Moshayedi P: Effect of social stimuli on
postural responses in individuals with autism spectrum disorder. J Autism Dev Disord 2017, 47:
1305-1313. [PubMed: 28236101]

Gima H, Kihara H, Watanabe H, Nakano H, Konishi Y, Nakamura T, Taga G: Early motor signs of
autism spectrum disorder in spontaneous position and movement of the head. Exp Brain Res 2018,
236:1139-1148. [PubMed: 29450616]

Goodwin M, Haghighi M, Tang Q, Akcakaya M, Erdogmus D, Intille S: Moving towards a
real-time system for automatically recognizing stereotypical motor movements in individuals on
the autism spectrum using wireless accelerometry. In Proceedings of the 2014 ACM international
joint conference on pervasive and ubiquitous computing. ACM; 2014.

GrolRekathdfer U, Manyakov V, Mihajlovi¢ V, Pandina G, Skalkin A, Ness S, Bangerter A,
Goodwin M: Automated detection of stereotypical motor movements in autism spectrum disorder
using recurrence quantification analysis. Front Neuroinf 2017, 11.

Gouleme N, Sheid I, Peyre H, Seassau M, Maurani A, Clarke J, Delorme R, Bucci M: Postural
control and emotion in children with autism spectrum disorders. Transl Neurosci 2017, 8:158-166.
[PubMed: 29177103]

Guler R, Neverova N, Kokkinos I, DensePose: Dense human pose estimation in the wild. Salt
Lake City: IEEE Conference Computer Vision Pattern Recognition; 2018.« Example of a powerful
computer vision tool to track body motion. These types of tools are very helpful to study motor
aspects of developmental disorders.

Hashemi J, Tepper M, Vallin Spina T, Esler A, Morellas V, Papanikolopoulos N, Egger H, Dawson
G, Sapiro G: Computer vision tools for low-cost and noninvasive measurement of autism-related
behaviors in infants. Autism Res Treat 2014.

Hashemi J, Campbell K, Carpenter K, Harris A, Qiu Q, Tepper M, Espinosa S, Schaich Borg J,
Marsan S, Calderbank R, Baker J, Egger H, Dawson G, Sapiro G: A scalable app for measuring
autism risk behaviors in young children: a technical validity and feasibility study. London:
MobiHealth; 2015.

Hashemi J, Dawson G, Carpenter K, Campbell K, Qiu Q, Espinosa S, Marsan S, Baker J, Egger H,
Sapiro G: Computer vision analysis for quantification of autism risk behaviors. IEEE Transactions
on Affective Computing; 2018 [to appear]. Details on computer vision tools for automatically
extracting head related biomarkers in ASD.

Hsin H, Fromer M, Peterson B, Walter C, Fleck M, Campbell A, Varghese P, Califf R:
Transforming psychiatry into data-driven medicine with digital measurements. npj Digital

Curr Opin Biomed Eng. Author manuscript; available in PMC 2023 October 02.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sapiro et al.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Page 10

Medicine August 2018.« A perspective piece on the value of data science for psychiatric disorders,
written by the former commissioner of the FDA and his collaborators.

Hytonen M, Pyykko I, Aalto H, Starck J: Postural control and age. Acta Otolaryngol 1993,
113:119-122. [PubMed: 8475724]

Insel T: Digital phenotyping: technology for a new science of behavior. ] Am Med Assoc 2017,
318:1215-1216.« A perspective piece on the value of digital phenotyping, the author was the head
of the National Institute of Mental Health for over a decade.

Khowaja MK, Hazzard AP, Robins DL: Sociodemographic barriers to early detection of autism:
screening and evaluation using the M-CHAT, M-CHAT-R, and follow-up. J Autism Dev Disord
2015, 45:1797-1808. [PubMed: 25488122]

Klin A, Shultz S, Jones W: Social visual engagement in infants and toddlers with autism: early
developmental transitions and a model of pathogenesis. Neurosci Biobehav Rev 2014, 50: 189-
203. [PubMed: 25445180]

Krafka K, Khosla A, Kellnhofer P, Kannan H, Bhandarkar S, Matusik W, Torralba A: Eye tracking
for everyone, IEEE conference on computer vision and pattern recognition (CVPR). Las Vegas;
2016.+ Work showing the possibility to do eye-tracking on mobile devices.

Lord C, Rutter M, DiLavore P, Risi S, Gotham K, Bishop S: Autism diagnostic observation
Schedule (ADOS-2). 2nd ed. Torrance, CA: Western Psychological Services; 2012.

Martin KB, Hammal Z, Reng G, Cohn J, Cassell J, Ogihara M, Britton J, Gutierrez A, Messinger
D: Objective measurement of head movement differences in children with and without autism
spectrum disorder. Mol Autism 2018, 9:14. [PubMed: 29492241] « Example of recent quantitative,
stimulus triggered, study of head movement dynamics for autism spectrum disorder, showing
differences between ASD and non-ASD groups for lateral head movements but not for vertical.

Murias M, Major S, Davlantis K, Franz L, Harris A, Rardin B, Sabatos-DeVito M, Dawson

G: Validation of eye-tracking measures of social attention as a potential biomarker for autism
clinical trials. Autism Res 2017, 11:166-174. [PubMed: 29193826] « A recent contribution on the
importance of gaze and attention, as measured by high-end eye tracking devices, for ASD.
Messinger DS, Mattson WI, Mahoor MH, Cohn JF: The eyes have it: making positive expressions
more positive and negative expressions more nehgative, Emotion. June 2012, 12:430-436.
[PubMed: 22148997] « A representating work of a very active group in the area, in this case
addressing the important subject of intensity of emotions in infants.

Pierce K, Marinero S, Hazin R, McKenna B, Carter Barnes C, Malige A: Eye tracking reveals
abnormal visual preference for geometric images as an early biomarker of an autism spectrum
disorder subtype associated with increased symptom severity. Biol Psychiatry 2015, 79:657-666.
[PubMed: 25981170]

Rehg J, Rozga A, Abowd G, Goodwin M. Behavioral imaging and autism, pervasive computing,
vol. 13. IEEE; 2014:84-87.

Robins DL, Casagrande K, Barton M, Chen CM, Dumont-Mathieu T, Fein D: Validation of the
modified checklist for autism in toddlers, revised with follow-up (M-CHAT-R/F). Pediatrics 2014,
133:37-45. 10.1542/peds.2013-1813. [PubMed: 24366990]

Rudovic O, Lee J, Dai M, Schuller B, Picard R: Personalized machine learning for robot
perception of affect and engagement in autism therapy. Science Robotics June 2018, 3:19.e¢
Work from one of the most active teams in computer vision and affective computing, showing the
importance of adapting tools to the population under study and of integrating multiple sensors.
Sariyanidi E, Gunes H, Cavallaro A: Automatic analysis of facial affect: a survey of registration,
representation, and recognition. IEEE Trans. PAMI 2014, 37.

Shi L, Zhou 'Y, Ou J, Gong J, Wang S, Cui X: Different visual preference patterns in response

to simple and complex dynamic social stimuli in preschool-aged children with autism spectrum
disorders. PLoS One 2015, 10.

Shic F, Bradshaw J, Klin A, Scassellati B, Chawarska K: Limited activity monitoring in toddlers
with autism spectrum disorder. Brain Res 2011, 1380:246—254. [PubMed: 21129365]

Simon T, Nguyen M, De La Torre F, Cohen J: Action unit detection with segment-based SVMs.
San Francisco: IEEE Conference on CVPR; 2010:2737-2744.

Curr Opin Biomed Eng. Author manuscript; available in PMC 2023 October 02.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Sapiro et al.

45.

46.

47.

48.

49.

50.

Page 11

Selter A, Tsangouri C, Ali S, Freed D, Vatchinsky A, Kizer J, Sahuguet A, Vojta D, Vad V, Pollak
J, Estrin D: An mHealth app for self-management of chronic lower back pain (limbr): pilot study.
JMIR mHealth Uhealth; September 2018.

Torres E, Whyatt C: Autism: the movement sensing perspective. CRC Press; 2017.« A book on
movement and autism, containing both neuroscience and mathematical/modeling perspectives, as
well as interesting connections with movement disorders such as Parkinson’s disease.

Tralie C, Sapiro G, Goodwin M: Automated detection of stereotypical motor movements in
children with autism spectrum disorder using geometric feature fusion. Rotterdam: INSAR; 2018.
2018.

Xia C, et al. : Linked dimensions of psychopathology and connectivity in functional brain
networks. Nat Commun August 2018.«= Work showing how to integrate multiple measurements to
explain multiple disorders, both at the individual level and at the co-morbidity one.

Ye Z, Yin L, Liu Y, Bridges C, Rozga A, Rehg: Detecting bids for eye contact using a wearable
camera. Slovenia: IEEE International Conference and Workshop on Automatic Face Recognition;
May 2015.

Yuen T, Penner M, Carter M, Szatmari P, Ungar W: Assessing the accuracy of the modified
checklist for autism in toddlers: a systematic review and meta-analysis. Dev Med Child Neurol
July 2018, 60:1093-1100. [PubMed: 29992541] « This paper reviews the results on using the
standard questionnaire for autism spectrum disorder screening, identifying some of the challenges
with the current standard of care.

Curr Opin Biomed Eng. Author manuscript; available in PMC 2023 October 02.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Sapiro et al.

Page 12

Figure 1.
Example of a stimulus with a social and nonsocial component simultaneously presented

(see also graphical abstract for another typical stimulus example). Bottom Left: Example

of automatic detection of landmarks, head position, and affect while responding to a visual
stimulus (see example on the graphical abstract). The participant is the child on the right.
Bottom Right: Example showing we can automatically track body features (colored sticks),
critical for ASD and developmental disorders. (Faces of participant and caregiver occluded
here in the figure for privacy protection. Analysis is performed on the original video without
occlusions.) ASD, autism spectrum disorder.
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