Chapter 15 Behavioral
signal
processing
and autism
Learning from
multimodal
behavioral signals
Daniel Bone, Theodora
Chaspari, and Shrikanth
Narayanan
Contents
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 320
15.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 320
15.2 Audio signal processing (audio, speech, text, contextual
events, interaction modeling) . . . . . . . . . . . . . . . . . . . . . . . . . . . 322
15.2.1 Audio acquisition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 323
15.2.2 Automatic speech recognition and synthesis . . . . . . . . . 324
15.2.3 Affective speech processing  . . . . . . . . . . . . . . . . . . . . . 325
15.2.4 Speech prosody . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 326
15.2.5 Modeling interaction with speech cues . . . . . . . . . . . . . 329
15.2.6 Speech: Future directions and open challenges . . . . . . . 331
15.3 Visual signal processing (facial expressions, eye tracking,
gestures) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 331
15.3.1 Facial processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 332
15.4 Physiological signal processing (heart rate and skin
conductance)  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 333
15.4.1 Signal fundamentals  . . . . . . . . . . . . . . . . . . . . . . . . . . . 334
15.4.2 Collecting physiological signals  . . . . . . . . . . . . . . . . . . 334
15.4.3 Physiological signal-processing techniques . . . . . . . . . . 335
15.4.4 Behavioral signal processing for physiological data . . . 336
15.5 Meta-data processing with machine learning . . . . . . . . . . . . . . 338
15.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 339
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 340

319

Autism imaging and devices

Abstract
Human communication is an intricate exchange of information occurring
at different timescales through the coordination of several modalities;
facial expressions, body language, and intonation coincide with spoken
words for effective transferal of information. For children with autism
spectrum disorder (ASD), the subtle coordination between modalities,
which seems so natural to the experienced communicator, can be difficult to ascertain and master. In this chapter, we discuss the ways in
which signal processing of behavioral data can aid in our understanding
and treatment of autism and other behavioral disorders.

15.1 Introduction
Autism spectrum disorder is behaviorally defined, and thus is assessed
through behavioral observation. While there is a push to create biological definitions of autism, success has been limited; this research
domain still relies on detailed behavioral phenotyping, as does measuring the effectiveness of intervention. In particular, biological
research indicates that simple syndromic conditions cannot account
for the extreme heterogeneity observed in autism (i.e., it is suspected
that they account for no more than 15% of ASD cases; Abrahams and
Geschwind 2010); rather, many researchers believe that genetic variants will map to intermediate phenotypes, which collectively present
as ASD. Consequently, dimensional behavioral descriptors are needed
for enhanced phenotyping of ASD, both to support such biological
efforts and to aid clinical practice; these include more specific representations of social-communication deficits and repetitive/restrictive
behaviors (Lord and Jones 2012, cf. Figure 15.2B).
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Behavioral assessment currently relies solely on trained clinicians.
Humans are excellent signal processors, with the ability to make sense
of complex scenes and attune to salient information; yet, human behavioral observation has its limits. Humans are subjective, are constrained
by limited processing and multitasking capabilities, and are dependent
on mood and noncontextual factors—all traits which computers can
(arguably) overcome. Clinicians will always be critical to ASD diagnosis and treatment—they can adaptively interpret a subject’s mood based
on relevant contextual factors, drawing from an array of cultural and
social experiences that are difficult to “teach” a computer. But, there is a
role for computational technique in supporting and augmenting human
perceptual and decision-making capabilities. In areas where humans
disagree or physically cannot observe behavior, we can create signalderived dimensional descriptors of behavior. These signal-derived measures can objectively answer, reliably and at large scale, the “what” and
“how” of subjective behavioral constructs in ASD such as atypical prosody (Figure 15.1) and inappropriate use of eye contact.
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Figure 15.1 Human-in-the-loop approach to incorporating expert
knowledge to develop novel behavioral measures. (Adapted from
Narayanan, S. and P. G. Georgiou. 2013. Proc. IEEE 101:1203–33.)

In fact, informing human assessment and decision making is the primary
goal of behavioral signal processing (BSP; Narayanan and Georgiou
2013): the technical and computational methods for measuring, analyzing, and modeling overt and covert human behavior. BSP aims to support
clinicians in two key ways. The first is objective modeling of subjective
behavioral constructs, through which we can automate annotation and
learn about the human coding process. The second is through the creation
of novel behavioral measures, which perform suprahuman processing of
signal data. We will discuss applications in detail throughout this chapter.
Since human behavior is inherently multimodal, computational analysis
of it should consider several behavioral signals. In particular, we will
discuss BSP that uses audio (speech, language, nonverbal vocalization),
video (bodily gestures, facial expression, proxemics), physiology (electrodermal activity [EDA] and electrocardiogram [ECG]), and meta-data
(contextual elements of the interaction). Signal-processing practice is
quite mature for these signals, making domain-specific applications
viable. Furthermore, since it is often the coordination between multiple behavioral modalities that may appear awkward in individuals with
ASD, machine-learning joint analysis and modeling techniques can be
used to fuse the information in these behavioral signals.
Many notable examples exist for the first BSP outcome of re-creating
human judgments beginning with low-lever behavioral signal cues.
Consider our lab’s work (SAIL, the Signal Analysis and Interpretation
Lab at USC, sail.usc.edu/care/) on defining “atypical” prosody in autism
(Bone et al. 2014a); prosody itself is an abstract concept, and determining the limits of “typicality” is a highly subjective decision that depends
on context as well as the individual listener’s physical attributes and
domain knowledge (the sensor). We are working to define more objective parameters of atypical prosody from the acoustic waveform in order

321

Autism imaging and devices

to overcome poor inter-rater agreement of this construct and to support
personalized intervention. Another example is the quantitative measurement of bids for eye contact using point-of-view eyeglass cameras
(Ye et al. 2015). Both of these targets have clear clinical applications.
Concerning stereotypical behaviors relevant to autism, Goodwin (2008)
presented experiments using pattern recognition with wearable accelerometers toward automated long-term monitoring.
Regarding the second goal of BSP, novel tools are emerging which
extract information that is beyond human perceptual capabilities. For
instance, researchers are quantifying covert behaviors that are only
observable through advanced signal capture devices like wearable EDA
and ECG. Goodwin et al. (2006) observed atypical arousal responses
(i.e., heart rate) to stressful stimuli in ASD individuals; this work provided support for the potential utility of physiological stress monitoring as feedback for caregivers. More recently, we have investigated the
dyadic synchrony in EDA signals of a child with autism and their interacting partner (Chaspari et al. 2014). Aside from covert signals, BSP
methodology can be used to create knowledge-inspired tools that measure human-defined qualitative concepts. For example, Lee et al. (2014)
presented a bottom-up definition of vocal entrainment entirely based on
acoustic features. Entrainment is an aspect of positive interactions in
which the participants match behavioral characteristics; in the case of
vocal entrainment, they begin to speak like one another.
BSP can be seen as a specific approach of Computational behavioral
science (CBS; http://www.cbs.gatech.edu), wherein the end-goal is a
high-level behavioral construct (not an individual behavior), and that
goal precludes all methodological decisions. More precisely, behavioral
informatics, the high-level construct that is the output of BSP, is the priority; and the specific methods to get these outputs need not be generally
applicable outside of the target domain, nor of scientific merit to the
general engineering community.
In this chapter, we discuss the individual strengths of each sensing modality, the current state of the art, and detail applications in the domain of
autism. Emphasis is given to work from our lab, the Signal Analysis and
Interpretation Laboratory (SAIL) at University of Southern California.

15.2 Audio signal processing (audio,
speech, text, contextual events,
interaction modeling)
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Speech signal-processing applications have evolved over the decades
from simple tasks like detecting speech activity in controlled laboratory
settings to the creation of tools that support autonomous interactions in
diverse settings, like Apple’s Siri; but there are many other facets to
speech, a rich signal modulated by emotions and other paralinguistic
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intentions. Congruent with the complexities of spoken communication, a
diversity of subdomains relevant to human–human and human–machine
communication have emerged, such as automatic speech recognition
(ASR), the process of converting an audio waveform into corresponding text; speech synthesis, the inverse process of converting text into
machine speech; speaker diarization, determination of who spoke an
utterance; automatic affect recognition and synthesis, the development
of computational models of emotional speech; text analysis, methods
of interpreting and learning linguistic tendencies from either spoken or
written text; and speech prosody modeling, the study of “how” something is spoken, not “what” is spoken, through modeling of intonation,
volume, and rhythm. In addition, audio event analysis can infer valuable
context of human behavior; for example, we may automatically recognize from an audio signal if a child’s parents are talking, if the location is
outdoors or indoors, if a television is on, if someone is playing with toys,
or if the child is in a crowded or a quiet environment.
In this section, we will discuss speech-processing methods and their relevance (including specific examples) to ASD research, including methods
of audio acquisition, automatic speech recognition and synthesis, emotional speech modeling, quantification of “atypical” speech prosody, and
the importance of a communicative partner’s speech and language cues.

15.2.1 Audio acquisition
Behavior modeling of speech data begins with the initial step of acquiring ecologically valid data (Narayanan and Georgiou 2013). To ensure
ecological validity, the audio collection system should be an invisible
bystander, not distracting to the communicative partners. In the realm
of children’s research, this can be a challenging task, especially when
compounded with the additional set of concerns that accompany ASD
research.
A variety of recording options are available, each with benefits and
drawbacks. Close-talking microphones may capture data with optimal
signal-to-noise ratio (SNR), but they are generally obtrusive since they
must be placed directly in front of the speaker. Lapel microphones can
produce high SNR recordings, but are a tactile distraction for some subjects. Lightweight wearable microphones that fit into clothing may be
a suitable solution for toddlers (e.g., LENA recording devices, Warren
et al. 2010), although there is evidence that clothing can affect recordings (Bentler et al. 2010). One advantage of wearable microphones is
that they can record an individual throughout their daily activities—
this leads to a host of new, unsolved computational challenges regarding changing audio quality and context. Alternatively, there are far-field
directional microphones that can capture audio from a longer distance
and may be placed out of the child’s line of sight (e.g., mounted on walls).
Far-field audio may limit speech capture quality, reducing accuracy of

323

Autism imaging and devices

certain speech features that rely on very accurate computation of vocalfold opening and closing cycles (i.e., inverse filtering and voice quality features). We successfully employed far-field microphones to record
Autism Diagnostic Observation Schedule (ADOS) interactions (Black
et al. 2011); we will discuss studies that utilized this data later in this
section.

15.2.2 Automatic speech recognition and synthesis
Automatic speech recognition (ASR) has matured to the point of general applicability in daily life as evidenced by Apple’s Siri or Google
Web-based speech recognition. Traditional methods of speech recognition involving hidden Markov models (HMMs) are being replaced by
neural networks (i.e., deep neural networks, or DNNs) capable of learning complex, nonlinear acoustic properties of continuous speech. DNNbased speech processing is a big data application, because it relies on
learning from immense amounts of data, such as that captured by Apple
and Google software during product use. However, application to unique
domains with small training data is still a challenge. For example, in
the interview conversations that occur during the ADOS, children sporadically talk about pop culture, discuss friends and family, and quote
movies. Moreover, recognition of children’s speech will require novel
computational techniques. Children’s speech can be difficult to recognize due to speech impairments and disfluencies that reduce over time as
the child’s language and motor skills develop and their speech becomes
more adult-like (Lee et al. 1999). This is an exceedingly difficult recognition task for a computer. Additionally, the related task of creating
naturalistic speech from text is still an unsolved problem that relies on
automatic recognition of appropriate intonation and affect in order to
appear human-like.
What potential applications do speech recognition and synthesis have
to autism? First, many manual speech-analytic techniques are dependent on an initial lexical transcription; automatic transcription through
ASR would save significant time and money. Furthermore, ASR can
facilitate fully automatic speech analysis systems, since many of the
other methods that we will discuss depend on speech transcription or
word-level segmentation of the audio. For example, a person’s mood
can be tracked throughout the day based on the language that they
use. Second, speech synthesis is central to assistive speech-generating
devices that allow a nonverbal or minimally verbal ASD child to have
a voice; these devices have been shown effective in communicative
interventions (Franco et al. 2009). In the future, it may benefit some
children with autism to be able to “speak” with a voice that sounds
like their own; this is a possibility with current speech-processing
technology, but we are currently unaware of any comparable ASD
applications.
324
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15.2.3 Affective speech processing
Emotional speech research in engineering is a relatively young domain
with a rich history. The initial motivation for engineers to investigate
emotion was to create advanced human–machine systems that could
interpret the state of the user and thus better communicate. Lee et al.
(2001) developed classifiers to identify negative emotions (i.e., anger)
in phone-recorded audio from call centers using only acoustic cues.
This work was later expanded to include manually transcribed lexical
and discourse features (Lee and Narayanan 2005). Numerous affective
recognition methods have been considered, including global acoustic
statistics of an utterance (e.g., pitch and loudness), HMMs (Schuller
et al. 2003), and hierarchical classifiers (Lee et al. 2011). Affect recognition is highly dependent on the attributes of a given data collection; and thus to improve performance within a corpus typically means
to decrease generalization to new data. To combat this issue, some
robust cross-corpus applications are being developed. For instance,
Bone et al. (2014b) developed a rule-based automatic system to rate
vocal arousal (activation, excitement) from a speaker’s voice, depicted
in Figure 15.2.
Emotional production and perception deficits are commonly reported
in ASD. Engineered emotional games for ASD children that incorporate multiple behavioral modalities are already appearing. Engineers
began investigating emotion through multiple modalities over a decade
ago; for example, Busso et al. (2004) jointly modeled speech and facial
expressions during affective productions. This type of research has been
translated into emotional human–machine systems. Mower et al. (2011)
presented an Embodied Conversational Agent (ECA) that participates in
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Figure 15.2 Sample of vocal arousal streams from child (C) and
psychologist (P), with regions of psychologist leads and child leads
indicated. Note: Turns occur asynchronously, and by convention turn N
for the psychologist occurs before turn N for the child. (From Bone, D.
et al. 2014c. Proc. Interspeech 15:218–22.)
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a set of emotional games with a child with ASD. A researcher controlled
the device in a Wizard of Oz format. Schuller et al. (2014) created an
interactive emotional game system aimed at preventing social exclusion
for adolescents with autism through the EU-funded ASC Inclusion project. The system uses state-of-the-art speech, gesture, and facial processing to interpret the emotions expressed by a user and provide feedback.
Given the importance of emotion to ASD, the number of translational
engineering systems is sure to grow.

15.2.4 Speech prosody
Speech prosody—the rhythm, stress, and intonation of speech that
convey a speaker’s meaning and affect—is critical to effective communication. Deficits in producing appropriate prosody can make listening an arduous task, and lead to perceptual errors that can reduce the
quality of an interaction. Prosodic impairment is commonly reported
in autism spectrum disorder; yet, since so little is well understood, it is
regarded as an understudied and high-impact research area (McCann
and Peppe 2003). Both perceptual and production deficits have been
observed (Paul et al. 2005). Impairment in prosody may have links
to social causes (Theory of Mind, ToM, Baron-Cohen et al. 1985) or
motor causes—although there is growing counterevidence to motor
theories (Shriberg et al. 2011). Still, it is certainly possible that the etiology of prosodic impairment in ASD is as complex and diverse as the
behavioral presentation appears to be.
Remarkably, while “atypical” prosody is regularly reported in the ASD
literature, it is often excluded from diagnostic instrument algorithms
due to poor subjective reliability (Lord et al. 2000). The principal commonality between perceptual accounts of the autistic prosody is simply
that a deficit is present, generally referred to as “atypical,” “odd,” or
“awkward.” The descriptions are often vague and even contrasting, indicating a characteristic out of the norm (above or below). For example,
individuals with ASD have been reported in the same study as having
either exaggerated or monotone pitch range (Baltaxe et al. 1984); and
the Autism Diagnostic Observation Schedule (ADOS; Lord et al. 2000)
seeks, among other perceptions, a speaking rate that is either too fast or
too slow.
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Scientific measures for atypical prosody are primarily rooted in human
perception. Since “atypicality” is quite subjective and prosody is an
abstract concept, this has led to a series of measures that are poorly
specified and not comparable across studies; compounded with relatively small sample sizes (due to IRB restrictions, financial constraints,
and time-intensive manual labeling), many contradictory findings have
been presented (McCann and Peppe 2003). Perceptual studies often try
to constrain the linguistic material through read sentences or pairedword tasks (Pronovost et al. 1966; Paul et al. 2005; Peppé et al. 2007);
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the drawback is that the speech is unnatural, not spontaneous, and may
not reflect those aspects of prosody that are most relevant to interaction. A broad perceptual rating tool (Shriberg et al. 1992, 2001) has
been utilized to rate spontaneous utterances; but this process is very
time-intensive and certain aspects of prosody still have low inter-rate
reliability. Since the great heterogeneity of autistic symptoms extends
to atypical prosody, a necessary next step to understand and possibly
treat prosodic impairment is to obtain population prevalence estimates
of various prosodic impairments; to our knowledge, no very large-scale
studies (over 100 subjects per group) which test for highly specified
prosodic abnormalities have been conducted. We propose that objective
computational cues of prosody are a scalable alternative and counter
to subjective disagreements between human raters. To date, there have
been very few investigations that use objective computational cues of
prosody (e.g., Diehl et al. 2009; Van Santen et al. 2010; Grossman et al.
2013). We believe speech signal processing has the potential to revolutionize the understanding of prosody, particularly its assessment and
treatment in ASD.
In our initial work involving child–adult (psychologist) interactions as
part of the ADOS Module 3 social interviews, we developed a set of
acoustic–prosodic elements of conversational speech which were found
to vary according to the child’s level of severity (Bone et al. 2014a).
Specifically, we computed 24 perceptually inspired prosodic cues, aggregated over a whole session, along the domains of intonation, volume,
rate, and voice quality; the cues were motivated through the convergence
of ASD perceptual literature and computational linguistics literature. In
this sample, children with higher ASD severity judged by the ADOS
also had more negative end-of-sentence pitch slopes and less typical
voice quality (i.e., higher jitter and harmonics-to-noise ratio [HNR]).
These findings demonstrated the feasibility of semiautomatic computational analysis of naturalistic speech. A limitation of this study is that
there were no neurotypically developing (NTD) controls with which to
define “normal” prosody characteristics. Instead, we were able to see the
general trends in our data, which may correspond to general prevalence
in the population. An illustration of the types of features that we extract
is provided in Figure 15.3.
Although prosodic abnormalities are prevalent in ASD, not all individuals with ASD have them; as such, the typical design of dividing
individuals into ASD and non-ASD groups has a noted drawback.
One alternative approach we have taken is to ask raters to judge global
aspects of prosody, which we then relate to objective acoustic–prosodic
measures (Bone et al. 2015a). In this study, using crowdsourcing techniques, we asked naïve Amazon Mechanical Turk workers to judge
general and specific notions of “awkward” prosody, motivated by the
observation that peers of ASD individuals can detect something “odd”
in their speech. As expected, we obtained higher agreement for the more
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Figure 15.3 Types of prosodic features that were extracted in Bone
et al. (2014a): intonation, turn-end final rise or fall; volume, high or low
variability; speaking rate, too fast or too slow; and voice quality, atypically
high jitter and shimmer.

general ratings. We found that more “awkward” prosody was judged as
less expressive (more monotone) and was attributable to perceived awkward rate/rhythm, volume, and intonation. Regarding acoustic features,
we reported that perceived expressivity could be quantified through intonation variability features (the more variable your intonation, the more
expressive you sound), and that objective speaking rate and rhythm cues
predict perceived awkwardness. A novel approach in this work was to
compare perceived “awkward” prosody to expected production; specifically, we computed distance metrics (i.e., correlation and mean absolute
difference) between expected and realized speaking rate across an utterance (Figure 15.4).
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Computational researchers are also beginning to analyze text from spoken language, which not only indicates a speaker’s skill or communicative
intention, but also provides a window into their mental state. Assessing
language use is a significant undertaking that practically might only be
realized through automated quantitative methods. Heeman et al. (2010)
counted the occurrence of different linguistic units in discourse segments
taken from the ADOS, then compared between ASD and NTD groups.
Children with ASD were observed to use the filler “um,” acknowledgements, and the discourse marker and less often, while usage of the filler
“uh” was similar between groups. The filler “um” is expected to signal a longer delay to the listener in order to maintain the floor during a
moment of thought. Together with the other results, it is suspected that
the ASD group had less back-and-forth conversation with their partner.
Complementing these findings, we investigated language usage in our
ADOS data, concluding that the conversation quality degrades for children with higher severity ASD (Bone et al. 2013). We found that children
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Figure 15.4 Word duration for a sample utterance versus an expected exemplar production. The word
“just” was missing from the sample production, so we penalized the distance metric. (From Bone, D.
et al. 2015a. Proc. Interspeech 16:1616–20.)

with greater ASD severity spoke less, spoke slower, responded later (i.e.,
longer latencies), and used personal pronouns, affective language, and
fillers (e.g., “I mean,” “you know”) less often. With increasingly sophisticated techniques for language analysis being developed, the future is
promising for textual analysis in ASD research using natural language
processing.

15.2.5 Modeling interaction with speech cues
A novel view we have taken is to consider computationally the dynamic
behavior of the interacting partner. Human interactional behavior does
not happen in isolation, and so should not be viewed in isolation. For
example, in clinical interactions, providers are not identical in the strategies they use, or even their ability to gain rapport with individual children. Still, we may find general trends in the behavior of the clinician in
response to a child’s actions, or lack thereof. Using recordings obtained
during the administration of ADOS as a testbed, we have focused on
computing the behavior of the clinician in these interactions and observing how it depends on the child’s symptom severity (Bone et al. 2012,
2013, 2014a). This view is illustrated in Figure 15.5, wherein we can
imagine that the clinician’s behavior can inform the child’s internal state,
even when the child’s behavior is not directly captured in signal data.
Overall, we find that the clinician, who acts as both evaluator and interlocutor, adjusts her behavior in predictable ways based on the child’s
social-communicative impairments (Bone et al. 2014a). Specifically, we
observed that, when interacting with a child with higher ASD severity, the
psychologist’s speech prosody became more variable—possibly reflecting
varying strategies for engagement and exaggerated affect. Furthermore,
the psychologist was seen to adapt her behavior to that of the child in a
surprising way; the more atypical the child’s voice quality features (i.e.,
harmonics-to-noise ratio and jitter), the more atypical (higher) the psychologist’s voice quality features (depicted for jitter in Figure 15.6). In
addition to our conversation and language analysis of the child (Bone
et al. 2013), we jointly modeled the psychologist’s behavior. Aside from
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Figure 15.6 Coordination between paired child and psychologist jitter median, after controlling for
individual psychologist jitter median.

the previously discussed prosodic elements, we found that the psychologist (when interacting with children with higher ASD severity) increased
pausing, spoke more often, and used fewer assents and nonfluencies; all
the while the child spoke less often, spoke slower, and responded later.
Together, the conversational portrait becomes quite clear and indicates
that the conversational quality degraded in those interactions.
Interestingly, we were able to better predict the child’s symptom severity from the psychologist’s acoustic–prosodic cues than from the child’s
own prosodic behavior (Bone et al. 2014a); this astounding finding highlights the importance of the psychologist’s behavior in these interactions
and even for translational applications. In addition, we used this classification framework to identify the most informative portions of the ADOS
interaction (Bone et al. 2013).
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Referring back to the vocal arousal measures of Figure 15.2 (Bone et al.
2014b), we used these time-continuous measures of affect to investigate
child–psychologist synchrony (Bone et al. 2014c). We observed that
children with higher ASD severity tended to lead the interaction (i.e.,
arousal dynamics) more, potentially because the children were not as
responsive to the psychologist’s affective cues. Thus, we were able to
discover novel information about the interaction through the use of a
signal-derived tool. Future BSP efforts should likely focus on creating
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more tools for discovery, or applying already available tools to ASD
research. For instance, Lee et al. (2014) presented a measure of dyadic
entrainment (synchrony) based on speech; the fully automatic, theorybased method correlated with positive and negative affect in couple’s
therapy interactions.
In the realm of ASD research, joint modeling of human–human interaction has previously focused on parent–child interaction. For example,
Messinger et al. (2009) investigated synchrony of mother–infant facial
expressions through windowed cross-correlation of smile intensity; a
continuous index of smile intensity was formed based on automatically
extracted smile strength and eye constriction (Duchenne smile). They
reported that the individual streams were correlated over time for both
infants and mothers, and “mutual repair and dissolution of affective synchrony” occurred based on temporal changes in dyadic smile activity.
Franklin et al. (2014) compared infant vocalization patterns between
interactive and noninteractive contexts. The researchers asserted that by
6 months of age infants have determined social value in their vocalizations, since they increased volubility during still face periods from their
parents. Interaction-based research may support novel designs for ASD
assessments and interventions, given the empirical support provided on
the importance of clinician and caregiver actions.

15.2.6 Speech: Future directions
and open challenges
Speech is an incredibly rich signal that not only communicates ostensible lexical information, but also is layered with mood, affect, and intention. Difficulties in processing audio remain, such as in robust ASR in
noisy and novel domains, automatic speaker diarization or segmentation in real-world settings, and computational models of speech prosody.
Each area has its own unique obstacles. Speech prosody, for example,
can only be understood through appropriate modeling of context and
through modeling the baseline of a speaker, which are both difficult to
infer automatically. Also, speaker segmentation, even in commercially
available devices, is often unreliable to use out-of-the-box. Still, since
speech is so integral to human communication, quantitative behavioral
signal-processing methods stand to teach us much about communication in general, and specifically those aspects that are impaired in ASD.
Further research can aid in assessment as well as intervention, for which
speech-based devices already exist.

15.3 Visual signal processing (facial
expressions, eye tracking, gestures)
Facial expressions and gestures are informative behavioral units in social
communication; understandably, production and perception deficits in
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these modalities are present in ASD. For example, individuals with ASD
have been observed to perform worse in facial expression recognition
tasks (Celani et al. 1999) and to have atypical brain responses to fearful
versus neutral images (Dawson et al. 2004). This worthy research area is
burgeoning with new computational applications that make use of visual
sensors. Visual signal processing and pattern recognition include many
domains that have relevance to ASD, such as facial and body recognition, motion, and tracking; action recognition; 3-D computer vision
(e.g., Microsoft Kinect); medical image analysis; and egocentric (pointof-view) vision.
It is worth noting that standard video-based behavioral signal processing presently lacks the precision and reliability necessary to serve as
a general-use tool for learning about complex human behavior. This
visual signal processing can be sensitive to camera and subject position,
occlusions, lighting changes, and recording quality; these confounding
factors must be carefully controlled. Still, this is a promising research
domain despite its challenges. Nevertheless, researchers are creating
viable systems through the use of alternative visual sensors: wearable
point-of-view cameras, facial motion capture, and Microsoft Kinect.
Gesture processing is only beginning to be studied in ASD (e.g., Rehg
et al. 2013), so our analysis will focus on facial processing.

15.3.1 Facial processing
In the study by Messinger et al. (2009), the researchers relied on automatic detection of smiles to create a scalable solution to the timeintensive task of annotation. The researchers used computer vision and
machine learning on controlled lab-based video to create smile strength,
eye constriction, and mouth-opening measurements.
More recently, Ye et al. (2015) developed a computer vision method
for detecting bids for eye contact between toddlers and clinicians who
were interacting as part of the Rapid ABC protocol. According to the
authors, wearable point-of-view (POV) cameras are especially suited
for detecting eye contact because they provide high-quality visual data
with consistent frontal views of the face, high-resolution capture of the
subject’s eyes, and minimal occlusion. The method takes in an image
sequences and output moments of eye contact. The proposed algorithm
involves facial detection and head pose estimation, followed by temporal sequence modeling with condition random fields (CRFs). Training
and evaluation were based on manual annotations of eye contact. While
human raters were more reliable than the algorithm, the results support
the plausible translation of this technique for clinical research and intervention evaluation; this is particularly impressive given the centrality of
eye contact to ASD phenotypes.
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Researchers at USC SAIL, collaborating with ASD clinical experts, are
seeking to determine what evokes perceptions of awkwardness in the
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Figure 15.7 (a) Facial marker positions. (b) Divisions of markers into eight facial regions. (From
Guha, T. et al. 2015. IEEE Int. Conf. Acoustics, Speech Signal Process. 40:803–7.)

facial expressions of children with ASD. Objective computational measures can provide higher precision measurements of minor facial movements, which, in turn, can lead to detailed tracking of facial dynamics
that is comparable across subjects. Guha et al. (2015) analyzed the atypicality of emotional facial expressions of children with ASD in a mimicry
task based on facial motion capture (MoCap; Figure 15.7). The authors
employed methods from information theory, time-series modeling, and
statistical analysis in their analysis; they reported that children with
ASD exhibited lower complexity in facial dynamics, particularly in the
eye region.

15.4 Physiological signal processing
(heart rate and skin conductance)
Physiological signals can afford us new insights into behavior and complement the information provided from observable cues from audition
and vision. Especially for individuals with autism, physiological signals
can yield valuable feedback for social interactions, sensory reactivity,
and emotional self-awareness (Picard 2009; Welch 2012). Our main
focus in this section is the physiology related to the autonomous nervous
system (ANS), which is captured through electrodermal activity (EDA)
and electrocardiogram (ECG) signals. These signals have been widely
studied in relation to ASD (Hirstein et al. 2001; Kushki et al. 2013).
The ANS plays a regulatory role, helping the body maintain homeostasis
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Figure 15.8 Example of electrodermal activity signal (EDA) with skin conductance responses
(SCRs).

while adapting to internal and external demands. It consists of two interdependent branches: the sympathetic and the parasympathetic (Mendes
2009). Signals associated with the ANS may be recorded less obtrusively
and over long periods of time compared to others, such as the electroencephalography (EEG) signal.

15.4.1 Signal fundamentals
EDA is one of the most frequently used psychophysiological signals. It is
related to the sympathetic ANS activity that is responsible for the “fightor-flight” responses and is measured through the changes in the levels
of sweat on the skin. It has been related to memory, anxiety, attention,
and other psychological constructs (Dawson et al. 2007; Boucsein 2012).
EDA can be decomposed into a tonic and a phasic component. The former depicts the signal’s general trend and is called skin conductance level
(SCL), while the latter reflects the short-term fluctuations superimposed
onto the tonic part—referred to as skin conductance responses (SCRs;
Figure 15.8). Traditional EDA measurements include the mean SCL and
the frequency of SCR events computed over fixed time intervals.
ECG is the electrical signal produced by the activity of the heart and
is relevant to various clinical factors and psychological processes
(Berntson et al. 1997; Berntson and Cacioppo 2004). It comprises various facets—commonly referred as the P, Q, R, S, and T waves—that
are created from the polarization and depolarization mechanisms of the
heart. These points can serve to determine a variety of time-based ECG
measures. Most commonly used are the interbeat interval (IBI; i.e., the
time interval between two consecutive QRS complexes) and the heartrate variability ([HRV]; depicting the variations in heart rate) measures.

15.4.2 Collecting physiological signals
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Accurate and reliable data collection is a fundamental step toward informative data analysis. Particularly for physiological signals, which tend
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to be noisy and affected by various external conditions (such as temperature, time of day, medication, etc.), it is important to be aware of
the potentials and limitations of the various data capture configurations.
In-lab EDA measurements traditionally use silver–silver chloride electrodes placed on the thenar and hypothenar eminences of the palms or
the solar surface of the medial or distal phalanges of the fingers (Dawson
et al. 2007). Wet gel electrodes have also been widely used, since they
can be disposable and more sensitive to skin conductance changes. On
the other hand, this might lead to gel leakage and electrode detachment,
especially during long-term recordings (Boucsein 2012). Recently, the
focus has shifted to ambulatory EDA sensors that can record unobtrusively over long periods of time (Burns et al. 2010; Lee et al. 2010; Poh
et al. 2010). These hold in terms of longitudinal monitoring of individuals outside the lab during their daily activities, but they also come with a
wide set of challenges regarding electrode placement and data reliability
(Van Dooren et al. 2012; Ranogajec and Geršak 2014).
ECG is recorded using electrodes positioned on the surface of the chest
and the limb. Depending on the application of interest, several lead
configurations have been proposed, the most well-known being the
Einthoven triangle (Wasilewski and Lech 2012). Wireless devices have
been also recently introduced for long-term unobtrusive ECG monitoring (Lucani et al. 2006; Lobodzinski and Laks 2012; Wang et al. 2015).

15.4.3 Physiological signal-processing techniques
Physiological signal processing typically includes detection of artifacts,
denoising, and extraction of informative measures. EDA signals are
usually affected by movement artifacts, drop-outs, and high-frequency
noise (Dawson et al. 2007). Artifact detection in EDA has been performed using derivative-based and wavelet transform methods (Chellali
and Hennig 2013; Jaimovich and Knapp 2015; Taylor et al. 2015). For
the ECG signals, most common sources of noise include low-frequency,
muscle, and electromagnetic interferences (Gacek 2012). Several ECG
signal denoising techniques have been proposed that take advantage
of wavelet transforms, fuzzy logic, or empirical mode decomposition
(Kabir and Celia 2012; Joshi et al. 2013).
Previous studies have attempted fitting parameterized functions to explicitly quantify the shape of EDA (Lim et al. 1997), using inversion techniques to model the causal relation between the sudomotor activity and
the resulting SCRs (Benedek and Kaernbach 2010; Bach et al. 2013), and
designing parametric knowledge-driven dictionaries to find sparse approximations of EDA signals (Chaspari et al. 2015; Figure 15.9). A detailed
review on EDA modeling methods can be found in Bach et al. (2011).
Automatic SCR scoring is also possible with publicly available toolboxes,
such as Ledalab (http://www.ledalab.de; Benedek and Kaernbach 2010)
and SCRalyze (http://scralyze.sourceforge.net; Bach et al. 2013).
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Figure 15.9 EDA representation scheme. (a) Input and reconstructed signal with solid blue and
dashed red lines. (b) The dictionary atoms used to represent the EDA signal. The first tonic atom
(solid cyan line) captures the signal level; the first and third phasic atoms (dashed magenta and
dash-dotted green lines) capture the first SCR; and the second phasic atom (black dotted line)
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Automatic QRS detection has been performed using derivative (Pan and
Tompkins 1985; Hamilton and Tompkins 1986), Hilbert-transform and
phasor-transform (Martínez et al. 2000) based methods (Benitez et al.
2000). Recent studies have found that these algorithms are comparable in terms of performance, with the Hilbert-based one being slightly
less accurate but more efficient for real-time applications (Arzeno et al.
2008). Another comparative study between the three approaches can
be found in Álvarez et al. (2013). Various methods have also been proposed for HRV estimation, most commonly of which include time and
spectral-based analysis. A complete review into QRS detection and
HRV computation techniques can be found in Oweis and Tabbaa (2014).
Publicly available ECG processing toolboxes include the BioSig (http://
biosig.sourceforge.net), the PhysioToolkit (http://physionet.org/physiotools/; Goldberger et al. 2000), and the ECG-kit (http://marianux.github.
io/ecg-kit/).

15.4.4 Behavioral signal processing
for physiological data
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Autism is often characterized through deficits in social interaction and
communication. Monitoring the internal affect of individuals with ASD
can provide better insight about observable behavior and the nature of
their interactions (Picard 2009; Welch 2012). Several studies have proposed the use of physiological sensors for monitoring the affective state
focused on providing objective feedback of arousal indices to therapists
and caregivers and assisting ASD individuals toward better understanding and communicating their emotions.
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Physiological signals are frequently related to stress and anxiety, which
are of particular interest in the case of autism (Hirstein et al. 2001;
Welch 2012). Various studies have discussed continuous monitoring of
such affective cues in order to provide real-time feedback in therapy
and intervention. Herman et al. (2012) discussed the effect of several
activities from an occupational therapy session on a child’s EDA state.
Chaspari et al. (2014) modeled the occurrence of SCRs during therapy
sessions in relation to regulatory behaviors from the child and the interacting psychologist, in an effort to assess therapeutic change and quantify effective child–therapist interaction (Figure 15.10). Hernandez et al.
(2014) sought to automatically identify children’s engagement levels
from EDA-derived features with the aim to assess interactive synchrony
and social coordination. Other studies have focused on sensing affect
during human–computer and human–robot interactions in the context
of ASD (Liu et al. 2008; Chaspari et al. 2013; Figure 15.11). Finally,
Cermak et al. (2015) incorporated biosensors into an adaptive dental
environment to quantify its comforting effects for children with ASD.
Beyond sensing affect in interactions, physiological sensors can further
help individuals with ASD to better understand and express emotions.
Saadatzi et al. (2013) developed an affect-sensitive feedback system using
a robot to teach social media skills. Bekele et al. (2013) used a virtual
reality emotional expression presentation system to explore new teaching
paradigms related to emotion identification. Leite et al. (2013) examined
the variation of physiological patterns with respect to different supportive
behaviors elicited by a robot and their association to a users’ subjective
experience. Finally, CaptureMyEmotion is a mobile application designed
to help children with Autism identify and express their emotions by relating the contextual information of audio, videos, and photos imported by
the user to recorded arousal levels (Leijdekkers et al. 2013).
Signal-processing technologies can provide unique opportunities for analyzing and interpreting physiological data in relation to affective states.
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Figure 15.10 EDA plotted with child and therapist regulation events
during a therapy session. (From Chaspari, T. et al. 2014. IEEE Int. Conf.
Acoustics, Speech Signal Process. 39:1611–5.)
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interactions. (From Chaspari, T. et al. 2013. IEEE Int. Conf. Acoust.,
Speech Signal Process. 38:3702–6.)

Physiological measures can help caregivers and therapists to better understand and more effectively support individuals with ASD, as well as aiding self-awareness and self-manipulation of emotions. These measures
can also provide valuable data to the research community in order to
more effectively explore and address questions related to ASD. However,
it is important to be aware of limitations of physiological data capture
mechanisms and signal-processing technologies; researchers need to
develop noise-robust, easily interpretable, and individualized physiological indices. The latter also relates to appropriate physiological baseline
methodologies. Last, another important research domain is the translation of data analysis techniques to accessible user-friendly applications.

15.5 Meta-data processing with machine learning
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The field is currently overwhelmed with various behavioral modeling
tools that rely on qualitative behavioral observation for diagnosis and
intervention (i.e., ADOS, ADI, SRS, BOSC-C, CGI, etc.), all of which
contain partial information about the child. This behavioral battery is
sure to continue to grow with new and more precise behavioral measures,
including those computed objectively through signal data. In a diagnostic
protocol, clinicians typically perform a subset of instrumental assessments
selected depending on time, clinical training, and monetary constraints;
then the clinician pools all available information to make a best-estimate
clinical (BEC) decision. But to what degree do clinicians within sites or
across sites perform this informational aggregation (i.e., different instruments and personal observation) the same? Do experienced clinicians rely
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more on their own observations and opinions and rely less on a standardized instrument’s thresholds? These are areas in which machine learning is primed for translational application. The role of machine learning
becomes even more important when considering new behavioral measures
that can be generated through direct signal-based methods; for example,
some measures may only hold value for specific sub-populations with
ASD, and these algorithms can make such deductions.
Machine learning offers objective methods to optimize a given objective
function. Many machine-learning methods are based on traditional statistical techniques, but old techniques have been generalized and new ones
created to handle a diverse set of problems. Take, for example, the case of
designing an algorithm and setting thresholds for a standardized instrument
like the ADOS. Previously, this has been accomplished with correlationalbased statistical analysis and some hand-selected design based on domain
expertise. However, if we have expert best estimates made, independent of
the ADOS algorithm, then we can potentially use machine learning to optimize exactly the function of interest; specifically, a researcher may want to
optimize sensitivity and specificity jointly, but with slightly higher weight on
sensitivity. Computational methods can even estimate how well a result will
generalize, and is not simply “fitting” the observed data.
Machine learning has numerous methods that work robustly with highdimensional (“big”) data. But alongside this tremendous promise come
potential troubles. We have previously discussed at length the potential
pitfalls that certain studies have succumbed to in both the conceptual
framework (i.e., lack of instrument knowledge) and technical framework
(i.e., inappropriate practices with machine learning); such concerns are
critical in this domain since translational applications may affect many
thousands of lives (Bone et al. 2015b). More recently, we have concentrated on the promise of machine learning for developing more effective and efficient diagnostic algorithms for the ADI–R and the SRS, as
well the potential gains from fusion (Bone et al. 2015c). While machine
learning is gaining appeal, it remains an underutilized, powerful tool for
aiding modeling of this heterogeneous disorder.

15.6 Conclusion
ASD research is at an exciting epoch, with researchers from diverse
fields intimately working together toward understanding and treating
this complex disorder. Novel advances in signal processing and devices
that measure human behavior stand to contribute to this collaborative
effort by creating objective, dimensional metrics that are sensitive to
behavior change. Moreover, machine learning is a powerful tool with
emerging domain applications; it can be used for fusing information
from multiple behavioral signals, or even directly applied to instrument
design. There is great potential for behavioral sensing to have a profound
translational impact.
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