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During occupational therapy for children with autism, it is often necessary to elicit and
maintain engagement for the children to benefit from the session. Recently, social robots
have been used for this; however, existing robots lack the ability to autonomously recog-
nize the children’s level of engagement, which is necessary when choosing an optimal
interaction strategy. Progress in automated engagement reading has been impeded in
part due to a lack of studies on child-robot engagement in autism therapy. While it is
well known that there are large individual differences in autism, little is known about how
these vary across cultures. To this end, we analyzed the engagement of children (age
3-13) from two different cultural backgrounds: Asia (Japan, n = 17) and Eastern Europe
(Serbia, n = 19). The children participated in a 25 min therapy session during which
we studied the relationship between the children’s behavioral engagement (task-driven)
and different facets of affective engagement (valence and arousal). Although our results
indicate that there are statistically significant differences in engagement displays in the
two groups, it is difficult to make any causal claims about these differences due to the
large variation in age and behavioral severity of the children in the study. However, our
exploratory analysis reveals important associations between target engagement and
perceived levels of valence and arousal, indicating that these can be used as a proxy
for the children’s engagement during the therapy. We provide suggestions on how this
can be leveraged to optimize social robots for autism therapy, while taking into account
cultural differences.

Keywords: autism, engagement, social robots, affective computing, human-robot interaction

1. INTRODUCTION

Autism spectrum conditions is a term for a group of complex neurodevelopmental conditions
characterized by different challenges with social and reciprocal verbal and non-verbal commu-
nication, and repetitive and stereotyped behaviors (DSM-5, 2013). Social challenges are related
to limitations in effective communication, social participation, social relationships, academic
achievement, and/or occupational performance, individually or in combination. The onset of
the symptoms occurs in the early developmental period, but deficits may not fully manifest until
social communication demands exceed limited capacities. A recent meta-analysis based on 51
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studies comparing children with autism and typically develop-
ing controls demonstrated a large effect size for motor issues in
gait, postural control, motor coordination, upper limb control,
and motor planning in autism (Fournier et al., 2010). Moreover,
the overall motor performance is associated with the severity
of diagnostic symptoms (Dziuk et al., 2007; Hilton et al., 2012),
level of adaptive functioning (Kopp et al., 2010), and social
withdrawal (Freitag et al., 2007). Children with autism also
have difficulties in interpersonal synchrony (Marsh et al., 2013),
which involves coordinating one’s actions with those of social
partners, requiring appropriate social attention, imitation, and
turn taking skills (Isenhower et al., 2012; Vivanti et al., 2014).

Early engagement with the world provides opportunities for
learning and practicing new skills, and acquiring knowledge
critical to cognitive and social development (Keen, 2009;
Kishida and Kemp, 2009). However, in children with autism,
displays of engagement are usually perceived as of low intensity,
particularly in their social world (Keen, 2009). This limits the
learning opportunities that occur naturally in their typically
developing peers. For instance, Ponitz et al. (2009) showed that
higher levels of engagement in typically developing children
are correlated with better learning outcomes: kindergartners
who were identified as more engaged in classroom activities
had higher literacy achievement scores at the end of the year
than those with lower levels of engagement. Odom (2002) found
that the engagement level of children with autism in inclusive
settings was comparable to children with other disabilities, and
slightly lower when compared to children who were develop-
ing typically. However, Kemp et al. (2013) found that children
with autism were engaged during free play activities only half
of the time compared to children with other disabilities, who
were engaged in free play activities. Likewise, Wong and Kasari
(2012) found that preschoolers with autism in self-contained
classrooms were disengaged for a lower amount of time during
classroom activities (e.g., free play, centers, circle, and self-care
activities). Possible reasons for the variability of engagement
across these research studies include various definitions of
engagement used, different activities/tasks (e.g., free play, circle
time, and routines), type of classroom (e.g., self-contained
versus inclusive), and child to adult ratio. This is in part due to
the lack of consensus about both definition and measurement
of engagement in population with autism (see e.g., McWilliam
et al. (1992) and Keen (2009)). Furthermore, all the studies
mentioned above assess the engagement via external observers
and/or questionnaires, which can be lengthy and tedious. All
this poses limitations for educators primarily, but also computer
scientists aiming to build the technology (i.e., social and affec-
tive robots) that can be used to assess and measure the children’s
engagement in a more effective and objective manner. To this
end, we need first to find a suitable definition of engagement,
investigate the related behavioral cues, and then build the tools
and methods for its automatic measurement.

Russell et al. (2005) defines engagement as “the amount of
time children spend interacting with the environment (with
adults, children, or other materials) in a manner that is develop-
mentally appropriate” Engagement is also defined as “energy in
action”—the connection between a person and activity; an active,

constructive, focused interaction with one’s social and physical
environment—consisting of three forms: behavioral, affective
(emotional), and cognitive (Russell et al., 2005; Broughton et al.,
2008). As described by Keen (2009), behavioral engagement
refers to participation or involvement in learning activities and
is related to on-task behavior, while affective engagement refers
to the child’s interest in the activities (also expressed by different
emotions and moods). For example, in the autism therapy with
robots, Kim et al. (2012) defined behavioral engagement on a
0-5 Likert scale, each level corresponding to a set of the pre-
defined responses by the child to the tasks and prompts from the
therapist. Likewise, in robot interaction with typically develop-
ing children, affective engagement is defined as “concentrating
on the task at hand and willingness to remain focused” (Ge et al.,
2016). Cognitive engagement can best be described as the child’s
eagerness or willingness to acquire and accomplish new skills
and knowledge, and it relates to the goal directed behavior and
self-regulated learning (Connell, 1990; Fredricks et al., 2004).
As an example, Meece et al. (1988) measured the students’ per-
formance in various learning tasks, providing evidence for the
better school performance as a consequence of being focused
on mastering a task, persisting longer, and expressing positive
affect toward the task, thus, a combination of behavioral, affec-
tive, and cognitive engagement. While these three-dimensional
constructs of engagement have been widely accepted, little
attention has been paid to their contextual dimension. The latter
is particularly important, as in order to measure engagement,
we need to know whether the child is actively participating in
target activity in a contextually appropriate manner (McWilliam
etal, 1992; Eldevik et al., 2012). For this, we need also to gather
information about the background context (Appleton et al.,
2006), which can be described by a number of variables, such
as the child’s demographics (age, gender, and cultural back-
ground), behavioral severity, individual vs. social interaction
(Salam and Chetouani, 2015a), the use of tablets vs. robots, the
type of therapy/tasks, and so on. To capture some aspects of
this context taxonomy, Salam and Chetouani (2015b) proposed
a model of human-robot engagement based on the context of
the interaction (e.g., social, competitive, educative, etc.). A more
recent work by Lemaignan et al. (2016) formalizes “with-me-
ness,” a concept borrowed from the field of computer-supported
collaborative learning, to measure to what extent the human is
engaged with the robot (on a Likert scale 0-5) over the course
of an interactive task. While useful in measuring the attentional
focus of the children interacting with a robot, “with-me-ness”
does not quantify the behavioral engagement that we address in
this work. Specifically, we adapt the engagement definition from
Kim et al. (2012), focusing on the task-response time to define
engagement levels on a 0-5 Likert scale. We study how levels of
this behavioral engagement vary as a function of (i) context (the
task, culture, and behavioral severity of the children) and (ii) dif-
ferent facets of the children affective engagement (the perceived
valence and arousal levels and the face expressivity, as described
in Sec. 2). Note that most of the works on engagement in human-
robot interaction (HRI) report binary engagement (engaged vs.
disengaged) mainly due to the difficulty in capturing subtle
changes in engagement displays. However, when more complex
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interactions are considered, such coarse definition is insufficient
to explain differences in the children’s behavior. To the best of
our knowledge, this is the first study that analyses the behavioral
engagement (on a fine grained intensity scale) of children with
autism, and in the context of assistive social robots deployed in
different cultures.

2. ENGAGEMENT AND AFFECT

The most commonly used model of affect Russell and Pratt
(1980) suggests that all affective states arise from two funda-
mental neurophysiological systems, embedded in a circumplex
with two orthogonal dimensions: valence (pleasure-displeasure
continuum) and arousal (sleepiness—excitement continuum).
Buckley et al. (2004) found that both positive valence and
arousal are good indicators of emotional engagement in learning
tasks. Conversely, musical engagement has been shown to be a
good predictor of perceived valence and arousal (Olsen et al.,
2014). A study on happiness found that the more the subjects
were engaged and satisfied, the more they experienced positive
valence and high arousal (Pietro et al., 2014). In the context of
HRI, Habib (2014) provides analysis of relationships between the
self-reported levels of valence and arousal, and the task difficulty,
which was directly related to the user’s “mental” engagement
with the task (engaged vs. being bored). Studies on the design of
engaging personal robots emphasize the importance of these two
dimensions for optimizing HRI (Breazeal, 2003). For instance,
Castellano et al. (2014b) showed that in the child-robot interac-
tion, the children’s valence, interest, and anticipatory behavior
are strong predictors of the (social) engagement with the robot.
Motivated by these findings and considering that expressions
of affect are expected to differ significantly in children with
autism (Volkmar et al., 2005); in this work, we investigate the
relationship between (perceived) valence and arousal, as two
components of affective engagement, and the target behavioral
engagement in the context of autism therapy with social robots.
Note that arousal (and other facets of affect such as the face
expressivity) can be measured from outward behavioral cues,
e.g., facial expressions (Gunes et al., 2011), as well as inward cues,
e.g., physiological signals such as the skin conductance response
of the autonomic nervous system (Picard, 2009; Hedman et al.,
2012). In this study, we limit our consideration to the outward
behavioral characteristics of valence and arousal.

3. ENGAGEMENT IN AUTISM THERAPY
WITH SOCIAL ROBOTS

Engagement with social robots for children with autism is about
drawing their attention and interests toward both robot and
social tasks, and maintaining the prolonged therapy sessions
(Scassellati et al., 2012). Furthermore, educational, therapeutic,
and assistive aspects of HRI are highly motivating environments
for children with autism due to the simple, predictable, and non-
intimidating nature of robots compared to humans (Robins et al.,
2005; Scassellati, 2007). Also, the interaction mechanism in the
field of assistive robots for children with autism is more focused

on the social aspects of interaction than the physical interac-
tion (Fong et al., 2003), such as joint attention, turn-taking, or
imitation behavior, which are important target behavior for the
children (Scassellati et al., 2012). In this context, the effectiveness
of social interaction between robots and children increases when
robotic systems have the capacity of generating coordinated and
timely behaviors relevant to social surroundings (Breazeal, 2001).
Such adaptive strategies for social interaction are expected to
become the basis of a new class of interactive robots that act as
“friends” and “mentors” to improve children’s experience during,
for instance, the hospital stay, and support their learning (Kanda
etal, 2007; Belpaeme et al., 2013). It is, therefore, critical that the
robots are able to engage the children in target activities. In social
robotics, engagement is usually approached from the perspective
of the design of the robot’s appearance and its interaction capabil-
ity. For instance, Tielman et al. (2014) showed that a robot that
changed its voice, body pose, eye-color, and gestures in response
to the emotions of children was perceived as more engaging than
a robot that did not exhibit such adaptive behaviors. Similarly,
Shen et al. (2015) showed that when the robot feedback based on
the perceived user’s sentiment is provided, as part of an emotion
mimicry interaction, the users’ were more engaged than when
only a plain mimicking of the users was performed by the robot.
In what follows, we review recent work providing evidence of
engagement of children during interaction with robots and in the
context of autism. We refer interested readers to Breazeal (2003,
2004) and Scassellati et al. (2012) for more detailed reviews of
recent advances in social robotics.

The role of social robots in autism therapy is primarily
(i) to act as a mediator between the therapist/caregiver and
children with autism (Robins et al., 2010; Thill et al., 2012)—as
in our study, (ii) to provide an interactive object to draw and
maintain the children’s attention (Robins et al., 2006), and (iii)
to be a playful device facilitating the children’s entertainment
during the therapy (Scassellati et al., 2012). The advantages of
using robots are, therefore, to help the children with autism
to perceive and respond to the outside world through the
least invasive exercises. This is mainly because the robots can
modulate their behavioral responses according to the children’s
internal dynamics and are capable of repetitive behavior, in
contrast to humans (Wainer et al., 2014). The application of
interactive robots for development of communication skills
in children with autism has been shown in many studies to
be effective (Robins et al., 2008). Scassellati et al. (2012) and
Diehl et al. (2012) observed repeatedly that children who
suffer from difficulties in communication with other people
surprisingly started to interact with them more easily when the
communication was assisted with the robots. In a comparison
of the responses to a robot vs. virtual agent environments,
Dautenhahn and Werry (2004) showed that the children with
autism were more engaged in playing a chasing game with the
robot.

Imitative behaviors such as “reach-to-grasp” tasks performed
by a human and by a robot were found more engaging and moti-
vating when a robot was used (Pierno et al., 2008; Suzuki et al.,
2017). In a pilot study of child-robot interactions (age 2-4) with
a toy robot, capable of showing signs of attention by changing

Frontiers in Robotics and Al | www.frontiersin.org

July 2017 | Volume 4 | Article 36


http://www.frontiersin.org/Robotics_and_AI
http://www.frontiersin.org
http://www.frontiersin.org/Robotics_and_AI/archive

Rudovic et al.

Measuring Engagement in Robot-Assisted Autism Therapy

its gaze direction, and of articulating the emotional displays
of pleasure and excitement, Kozima et al. (2007) showed that
these positively engaged and influenced the children’s emotional
responses. Similarly, Stanton et al. (2008) reported that children
with autism preferred to play with an interactive robotic dog
(AIBO) rather than a toy having similar appearance but no
interaction features. De Silva et al. (2009) proposed a therapeutic
robot for children with autism, showing that children enjoyed
interaction with the robot and that this approach enhanced their
attention, based on an analysis of their eye-gaze. Francois et al.
(2009) used a robot-assisted play, with the game designed in
conformity with individual needs and abilities of each child. The
authors validated their approach with a group of children with
autism that were engaged in a non-directed play with a pet robot
(Aibo ERS-7), which can assess the childrens progress across
three dimensions: play, reasoning, and affect, showing that each
child exhibited highly individual patterns of play. Wainer et al.
(2010) assessed collaborative behaviors in a group of children
with autism, showing that the interaction with robots was more
engaging, fostering collaboration among the groups through a
more active interaction with their peers during the robot sessions.
Focusing on behavioral cues of children with autism and those
of their typical peers during interaction with NAO, Anzalone
et al. (2015) showed that the children with autism exhibited
significantly lower yaw movements and less stable gaze, while
the posture variance was significantly lower in typical children,
during a joint attention task. To summarize, all these studies
evidence the benefits of using robots for facilitating the learning
and interaction of children with autism. One limitation is the dif-
ficulty in generalizing these findings and comparing them across
studies as different settings and performance measures were used.
For this reason, in our analysis of engagement across the two cul-
tures, we focus on two identical situations set in similar contexts
(as described in Sec. 6).

4. CULTURAL DIFFERENCES

The importance of cultural diversity when studying different
populations has been emphasized in a number of psychology
studies (Russell, 1994; Scherer and Wallbott, 1994; Elfenbein
and Ambady, 2002). For instance, the work by Scherer and
Wallbott (1994) provides evidence for cultural variation in emo-
tion elicitation, regulation, symbolic representation, and social
sharing among populations from 37 countries. Likewise, Ekman
(2005) found that whereas 95% of U.S. participants associated a
smile with “happiness,” only 69% of Sumatran participants did.
Similarly, 86% of U.S. participants associated wrinkling of the
nose with “disgust,” but only 60% of Japanese did (Krause, 1987).
Thus, subjective interpretation of specific emotions (i.e., primar-
ily the cognitive component of emotion) differs across cultures
(Uchida et al., 2004). These are seen as “cultural differences in
perception, or rules about what emotions are appropriate to
show in a given situation” Culture also influences expressiveness
of emotions (Immordino-Yang et al., 2016). There are rather
consistent patterns across Eastern and Western cultures, although
differences also exist across cultures, and sometimes even within
cultures (An et al., 2017; McDuff et al., 2017). Recently, Lim

(2016) explored cultural differences in emotional arousal level
between the East and West, focusing on the observation that high
arousal emotions are valued and promoted more than low arousal
emotions in the West. On the other hand, in the East cultures,
low arousal emotions are valued more than high arousal emo-
tions, with people preferring to experience low rather than high
arousal emotions. Nevertheless, apart from a handful of works,
virtually all studies on cultural differences focus on the typically
developing population. Below, we focus our studies on cultural
differences in autism.

Since autism also involves social challenges, its treatment
and interventions need to be tailored to target cultures (Dyches
et al., 2004; Kitzhaber, 2012; Cascio, 2015). Several cross-cultural
studies highlight that the culture-based treatments are crucial for
individuals with autism (Tincani et al., 2009; Conti et al., 2015).
For example, Daley (2002) argues that the transcultural' supports
are needed for the pervasive developmental conditions, including
autism. So far, only a few studies have been conducted in this
direction. Perepa (2014) conducted a study that investigated the
cultural context in interventions for children with autism and with
a diverse cultural background—British, Somali, West African,
and south Asian. They found that the cultural background of
the children’s parents is highly relevant to their social behavior,
emphasizing the importance of transcultural treatments for
children with autism. However, one limitation of this study is
that the target children all lived in the UK, and, thus, the role
of the cultural context may have been reduced. Libin and Libin
(2004) showed that the children’s background, such as culture
and/or psychological profile, can have a large impact on the robot
therapy. Specifically, the authors conducted cross-cultural studies
with Americans and Japanese in an interactive session using the
robot cat called NeCoRo. Among other findings, they showed
that, overall, Americans enjoyed more patting the robot than
Japanese. Thus, accounting for cultural preferences is important
when designing interactive games with robots. However, we are
unaware of any published studies that looked into cultural dif-
ferences in engagement, and, in particular, the social robots for
autism therapy. A possible reason for the lack of such studies is that
the heterogeneity in behavioral patterns of children with autism
within cultures is already so pronounced (Happé et al., 2006). A
famous adage says: “If you have met one person with autism, you
have met one person with autism.” Therefore, attempting analysis
of these differences from a higher level (particularly, in terms of
different cultures) is a far-fetched goal. Yet, it is necessary to look
at these differences at multiple levels: within and between cul-
tures, where the former would focuses on differences within and
between the children with the same cultural background. This, in
turn, would potentially allow the robot solutions to be adapted
to each culture first by accounting for the differences that may
exist among children, followed by individual adaptation to each
child within a culture (e.g., by focusing on its age, gender, and
psychological profile). In this work, we analyze multiple facets of
engagement at each level mentioned above.

'In this paper, we use the term cross-cultural interchangeably with transcultural, as
the latter was used in the cited works.
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5. CONTRIBUTIONS AND PAPER
OVERVIEW

We present a study aimed at analysis of behavioral engagement
of children with autism in the context of occupational therapy
assisted with a humanoid robot NAO. By focusing on two cultur-
ally diverse groups: Asia (Japan) and Eastern Europe (Serbia), we
provide insights into cultural differences of engagement among
these two groups in terms of (i) the task difficulty, its relation-
ships to (ii) the affective dimensions (valence and arousal), and
(iii) behavioral cues (facial expressivity). We chose these three
because they are important for the design of child-robot inter-
actions: (i) is important for the robot’s ability to select a task
respectful of the child’s abilities, while (ii), (iii) are critical when
building computer vision and machine learning algorithms
that can automatically estimate the child’s engagement, and,
thus, enable robots to naturally engage the children in learning
activities.

To the best of our knowledge, this is the first study of engage-
ment in the context of social humanoid robots and therapy for
children with autism across two cultures. Most previous work
on engagement in autism focused on the discrete engagement
(engaged vs. disengaged) (Hernandez et al., 2014) and within
a culture. By contrast, we provide an analysis of engagement
on a fine-grained scale (0-5) and in two cultural settings. Our
exploratory analysis provides useful insights into the relationships
between engagement dynamics as expressed within and between
the two cultures, as well as its relationships to the perceived affect
(valence and arousal). As one of the main findings, we provide
evidence that outward displays of affect (valence and arousal) can
be used as a proxy of target behavioral engagement. This con-
firms previous findings on the relationship between engagement
and affect displays in typical individuals within a single culture
(Buckley et al., 2004). Based on this, we provide suggestions for
future research on automated measurement of children’s engage-
ment during robot-assisted autism therapy, which takes the
cultural diversity of the children into account. We also provide
an overview of the most recent efforts in the field of social and
affective robots for autism.

The rest of the paper is organized as follows: we first describe
the data and methods used to elicit and analyze engagement of
children with autism. We then present and discuss our results. In
the light of these results, we provide insights into the current chal-
lenges of engagement measurement (with the focus on automated
methods) and provide suggestions for future research.

6. RESEARCH DESIGN, DATASET,
AND CODING

We used the dataset produced by interactions between children
with autism, specialized therapists, and NAO? robot. The interac-
tion was recorded as part of occupational therapy for children with
autism, following steps designed based on the Theory of Mind
(ToM) (Cohen, 1993) teaching approach to emotion recognition
and expression (Howlin et al., 1999). In the original version, the
children are asked by the therapist to pair the images of people’s
expressive faces (see Figure 1) with four basic emotions (happi-
ness, sadness, anger, and fear (Gross, 2004)) through storytelling.
For the purpose of the study, the scenario was adapted to include
NAO as an assistive tool in the tasks of emotion imitation and
recognition.

6.1. Protocol

The interaction started with free play with NAO. Once the
child felt comfortable, the following phases were attempted.
(1) Pairing cards of static face images with the NAO’s expressions:
the therapist shows the card of an emotion and then activates
NAO, via a remote control using the wizard-of-Oz approach
(Scassellati et al., 2012), to display its (bodily) expression of
that emotion. This was repeated for all four emotion categories.
(2) Recognition: the therapist shows the NAO’s expression of a
target emotion and asks the child to select the correct emotion
card. If the child selects the correct emotion card, the therapist
moves to the next emotion, also providing a positive feedback;
otherwise, the therapist moves to another emotion without the

Zhttps://www.ald.softbankrobotics.com/en/cool-robots/nao.

e

reflection of the cultural preferences.

FIGURE 1 | The recording setting at the site in Japan (right) and Serbia (left). The NAO's expressions of four basic emotions (sadness, fear, anger, and happiness),
paired with the expression cards, are depicted in the middle. Note that in Japan the children were seated on the floor, while children in Serbia were using a chair—a
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feedback. This is iterated until either the child correctly paired all
emotions, or the therapist decided that the child was unable to do
s0. (3) Imitation: the therapist asks the child to imitate the NAO’s
expressions. (4) Story: the therapist tells a short story involving
NAO and asks the child to guess/show how NAO would feel in
that particular situation. Note the increasing difficulty in execut-
ing each of the four phases: the Pairing phase requires minimal
motor and cognitive performance. On the other hand, the Story
phase is the most challenging, as it requires “social imagination,”
which has been shown to be limited in children with autism
(Howlin et al., 1999).

The whole interaction lasted, on average, 25 min per child. In
cases when a child was not interested in the play, the therapist
would use occasional prompts, calling her/his name, and/or
activate NAO, who then waved at the child, saying “hi, hello,”
and alike, to (re)engage the child. It is important to mention
that the purpose of the designed scenario was not to improve
existing therapies for autism, but rather induce a context in
which the engagement can be measured more objectively
(see Table 2). This protocol was reviewed and approved by
relevant Institutional Review Boards (IRBs),’ and informed
consent was obtained in writing from the parents of the children
participating in the study.

6.2. Participants

The children participating in the study included 17 from
Asia (Japan) and 19 from Eastern Europe (Serbia), age 3-13
(see Table 1). They were all referred based on a previous diagnosis
of autism. After the interaction with the robot, the child’s behav-
ioral severity was quantified using the Childhood Autism Rating
Scale (CARS) (Baird, 2001), a diagnostic assessment method
commonly used to differentiate children with autism from those
with other developmental delays using scoring criteria (from
non-autistic to severely autistic). The CARS is a practical and
brief measure that encompasses both the social-communicative
and the behavioral flexibility aspects of autism’s diagnostic triad
(Chen et al., 2012). The CARS were filled out by the Japanese
and Serbian therapist who interacted with the children. They
both have 20+ years of working with children with autism and
see regularly the children who participated in this study. Scores
30-36.5 are considered mild-to-moderate autism and scores of
37-60 as moderate-to-severe autism (Chen et al., 2012). As can
be observed from Table 1, Japanese participants were slightly

*The approvals have been obtained from the IRBs of MIT, USA, Chubu University,
Japan, and Institute of Mental Health, Serbia.

TABLE 1 | The summary of participants.

Serbia Japan
Age 9.41 £ 2.46 7.59 +2.43
Age range 5-13 3-12
Gender (male:female) 15:4 15:2
CARS 40.3 + 8.2* 31.8+7.1

The average CARS scores of the two groups are statistically different [t(34) = —3.35,
*p =0.002].

younger than Serbian participants. In both samples, the boys
outnumbered the girls, reflective of the gender ratio in autism.
From average CARS scores, we note that, within the selected
groups, the participants from Serbia exhibited more obvious
autistic traits. Note also that some of the children were below
the autism threshold of 30, despite their autism diagnosis. Again,
CARS is an indicative measure of the behavioral severity, and we
report it to show the group differences obtained using the same
scoring test. Note that we did not include typically developing
children as controls, as there are no claims being made here about
autism vs. typical development.

6.3. Coding

The interactions were recorded using a high-resolution webcam
with a microphone (see Figure 1). To measure the children’s
engagement during the interaction, each video was coded in
terms of engagement levels defined based on the occurrence and
relative timing of the children’s behavior (including learning-
related behaviors), and the therapist’s requests and prompts. To
this end, we adapted the coding approach proposed in Kim et al.
(2012) and defined engagement on a 0-5 Likert scale, with 0 cor-
responding to the events when the child is fully non-compliant
(evasive) and 5 when fully engaged (see Table 2 for description).
Note that in Kim et al. (2012), 10 sec long fragments of target
videos were coded in terms of the engagement levels. By contrast,
we find it more objective to code the whole engagement episode:
starting with the target task, e.g., the therapist asking the child
to select the card corresponding to the NAO’s expression (the
Recognition phase), until one of the conditions (Table 2) for
scoring the engagement level has been met. We propose this
task-driven coding of engagement* as it preserves the context

“By task, we refer to tasks in general, i.e., when the child is imitating the robot, as
well as while paying attention to the therapist while matching the images with the
robot’s behaviour.

TABLE 2 | Engagement coding [adaptation of the engagement definition
proposed in Kim et al. (2012)].

Level Meaning Example(s): wording given to the coders

5 High engagement Child immediately responds to the question of
therapist, following the interaction scenario and
reacting with NAO spontaneously

Child is to the first prompt/question to perform

the task but needs a bit of boost from therapist
(e.g., pointing with finger, calling by name, showing
something to pay attention to, and so on)

4 Mid engagement

3 Low engagement  Child complies with the instructions after 2-3
repetitions
2 Indifferent Therapist repeats the question and/or attempts the

task more than 3 times, until child complies with the
instructions

Child is not responding to questions and/or tasks by
therapist (e.g., the child hung head and refused to
participate in the interaction, was looking somewhere
else, not paying attention to the interaction)

Child is not responding to therapist and/or NAO’s
prompts at all and after the prompts, or immediately,
walks away from NAO

1 Non-compliance

0 Evasive
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in which the engagement is measured. By coding short fixed-
interval segments, as in Kim et al. (2012), the beginning and the
end of target activity can easily be lost (since its duration varies
across the tasks/children).

After the engagement episodes were coded in the videos, each
episode was further coded in terms of the affective dimensions
(valence and arousal) and the children’s face-expressivity.> As
explained in Sec. 2, valence and arousal are well-studied affective
dimensions and they have been related to a number of emotional
states and moods; however, this has not been investigated much
inautism. To analyze the relationship of the perceived valence and
arousal, and target engagement levels, the engagement episodes
were coded for valence and arousal on a 5-point ordinal scale
[—2,2]. For example, the episodes were coded with high negative
valence (—2) in cases when the child showed clear signs of expe-
riencing unpleasant feelings (being unhappy, angry, visibly upset,
showing dissatisfaction, frightened), dissatisfaction and disap-
pointment (e.g., when NAO showed an expression that the child
did not anticipate). The very positive valence (+2) was coded
when the child showed signs of intense happiness (e.g., clapping
hands), joy (in most cases followed with episodes of laughter),
and delight (e.g., when NAO performed). The observable cues of
arousal are directly related to the child’s level of excitement. The
episodes in which the child seemed very bored or uninterested®
(e.g.,looking away, not showing interest in the interaction, sleepy,
passively observing) were coded as a very low arousal (—2). Note
that this outward expression of a very low arousal could also be a
consequence of intense internal arousal that led to a shut-down
state (Picard and Goodwin, 2008). However, in this work, we
focus on outward expressions of target affective states. The levels
in between (—1,+1) for both dimensions just varied in their
intensity (thus, being of lower intensity than the aforementioned).
The neutral state of valence/arousal (0,0) corresponded to cases
where the child seemed alert and/or attentive, with no obvious
signs of any emotion, and/or physical activity (head, hand, and/
or bodily movements). Note that the coders were instructed
to base their judgments solely on the children’s outwards signs
described above, and not their “intuition” about the children’s
internal states, in order to focus on most objectively visible data.
It is important to mention again the key difference between these
two dimensions (facets of affective engagement) and the directly
measured engagement levels: while the former are purely based
on the behavioral cues, as reflection of the children’s level of
joy (valence) and excitement (arousal), the latter is task driven
(i.e., its score is based on a number of prompts and pre-defined
activities, as defined in Table 2). Finally, the engagement episodes
were also coded in terms of facial expressiveness of the children
within the episodes. This was coded on a 0-5 Likert scale,
from neutral (0) to very expressive (5) (regardless of the type
of facial expression, such as positive or negative). Each episode
was assigned a score based on the observed level of activation
of facial muscles throughout the episode, thus, taking the total

*There was a time gap of two months between the two codings.
*Note that this relates to the child being uninterested in communication/interac-
tion in general and not in performing the target task.

duration of the expressive video segments into account (and the
parts where the face is mostly visible).

All video episodes of engagement were coded by two experi-
enced occupational therapists (from Japan and Serbia, who did
not participate in the recordings), with the percent agreement of
92.4%. This is expected as the coding scheme (Table 2) clearly
defines the beginning/ending of the episodes. The disagreeing
parts were caused by the language differences. For instance, in
some cases, the coders needed the meaning of the vocalizations
to make sure, e.g., that the therapist asked the child a question and
not just made a statement. After the coding has been performed
by each coder separately, the beginning/ending of each episode
was adjusted by the coders together. The coding of the affective
dimensions as well as face expressivity was done by the same
coders (separately). Note that lower levels of agreements were
obtained: valence (75.8%), arousal (67.4%), and face expressivity
(69.8%). However, this is still widely accepted as a good level of
agreement (Carmines and Zeller, 1979).

7. EXPERIMENTAL RESULTS AND
ANALYSIS

For studying specifics of the participants’ interactions with
NAO, throughout this section we provide qualitative as well as
quantitative (statistical) analysis of relationships between the
engagement levels, the affect dimensions, and corresponding
contextual variables (tasks and culture). To measure association
between these variables, we report Pearson’s correlation (r), as it
is a commonly used dependence measure in HRI applications.
Analysis of the group differences (within and between the two
cultures) was performed using Welch’s t-test (Welch, 1947) due
to its robustness to the unequal variances. If not said otherwise,
only outcomes with significance levels p < 0.05 were considered
for interpretations.

We start by comparing the average engagement levels within
each phase. In Table 3, we report the mean (M) and standard
deviation (SD) for these values. Note that the average engagement
in the Japanese did not vary as much as in the Serbs, in whom the
highest (average) engagement levels occur in phases Pairing and
Story. In the first phase, despite their behavioral severity, Serbs
were able to perform the tasks fast because these were simple
(see Sec. 6 (Protocol)). By contrast, children who reached the Story

TABLE 3 | Average engagement levels (with one SD) within each phase, and the
phase duration, computed per culture.

Engagement Duration
Phases Serbia Japan Serbia Japan
1—Pairing 3.85+1.23" 468+085 10.7+7.43" 224+13.0
2—Recognition  3.36 + 1.54* 447 +1.09 31.7+29.8° 23.9+188
3—Imitation 323+ 168" 4.07+151 37.6+33.6 26.6 +29.3
4—Story 4.54 +0.68 437 +£137  53.7+24.7 37.6+21.0

Note the change in the average duration (in sec) of each phase as the task difficulty
increases: the average values increase much faster in Serbs compared to Japanese.
This, again, may be related to Japanese being engaged for longer at the initial phases,
while being able to finish faster the more difficult tasks in phases 3-4, as well as their
CARS scores. Statistically significant differences are marked with *.
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phase did not have much difficulty engaging, which explains the
high average engagement (M = 4.54, SD = 0.68). By looking into
the cross-cultural differences in the engagement levels per phase,
we found that these were significantly different for all phases
but the Story. Again, we suspect that this is because the majority
of children, who reached the last phase, showed high levels of
engagement. By looking into the mean duration (in seconds) of
the engagement episodes per phase, we note that in phase Pairing,
Serbs engaged much faster than their Japanese peers. Yet, we
see in Serbs a much steeper increase in the time toward higher
phases, with the duration of phases pairing/recognition being sig-
nificantly different between the cultures. Table 4 reveals that the
higher levels of engagement, on average, last much shorter than
lower levels (<3). The high duration of phase story in Serbs was
also biased by a frequent presence of lower (longer) engagement
levels (episodes) (see Figure 2). Note also the significant differ-
ences in duration of the engagement episodes across levels 3-5
of the two cultures. A reason for level 5 being longer in Japanese
is possibly because they had lower CARS, and, therefore, took
longer to engage in the target activity.

We next analyze the relationships between the engagement
and perceived affect (valence and arousal, as well as the face
expressivity) within target engagement episodes. Figure 3 shows
the (normalized) distributions of the four dimensions. We first
observe that the affect distributions are very close in shape when
compared across the cultures, with the valence being uniformly
distributed at the intermediate levels (—1,0,1). This indicates that
highly positive/negative expressions were not perceived during
the interaction. Distributions of arousal, on the other hand, are
more Gauss-like, signaling the majority of episodes with low
arousal, with a few having very low/high (perceived) arousal. The
distribution of the face expressivity levels is highly skewed to the
right—thus, very low levels (or no facial activity) were observed.
However, this in line with (DSM-5, 2013) emphasizing the pres-
ence of “deficits in nonverbal communicative behaviors used for
social interaction, ranging, for example, from poorly integrated
verbal and nonverbal communication [...] to a total lack of facial
expressions and nonverbal communication” in children with
autism. While these distributions are similar across the cultures,
notice the differences in distributions of the engagement levels.

To get better insights into the relationships between the
engagement levels and the affect dimensions, in Figure 4, we
depict the (normalized) co-occurrence matrices. First, there
is a strong positive correlation between the affective dimen-
sions (valence and arousal) observed in both cultures (r = 0.73
and r = 0.56, respectively) and is more pronounced in Serbs.
Lo et al. (2016) showed that (neurotypical) participants were
more capable of distinguishing valence than arousal changes
in emotion expressions, thus, capturing these when occurring

together may be easier. Also, Brewer et al. (2016) showed that
neurotypical persons have, in general, a difficulty in recognizing
emotional expressions of persons with autism. This could, in part,
explain why we obtained high correlations between the two affec-
tive dimensions: when both increase/decrease, it might be more
obvious to the coders to perceive the change in the level. Also,
this can be attributed to the way the persons with autism express
their valence and arousal, which looks more obvious if both are
very high or low, e.g., the child is expressing happiness with smiles
and laughter, and fast movements of arms (flapping). Again, note
that the coders were instructed to judge these two dimensions
based on behavioral signs commonly observed in a neurotypical
population (see Sec. 6). The dependence between valence and
engagement is more spread in Serbs than Japanese, which is in
part due to the highly imbalanced levels of engagement in the lat-
ter. However, we observe that in Japan, the positive valence occurs
frequently at higher levels (3-4) and the negative (—1) is more
present at lower engagement levels. By contrast, in Serbs, this is
not that pronounced, since we can see that the valence levels are
more smoothly distributed, with the negative valence occurring
even at higher levels of engagement (e.g., the child sitting calm,
might look bored or sad, looking around in the room but still
participating in the task). We draw similar conclusions from the
arousal-engagement relationships. We also note that in both cul-
tures, high engagement never occurs with very low arousal, but
mainly with the neutral and/or low positive arousal, as in cases
when the child is sitting calm, showing no significant movements,
and is being focused on the tasks. This may also be due to the cod-
ing bias. Finally, we see from the facial activity, that regardless of
the engagement levels, the average face-expressivity was very low
(mainly 0) in both cultures, showing very low (and insignificant)
correlation (r < 0.20) with the engagement levels. In addition to
the lack or atypical facial expressiveness in autistic population, as
mentioned above, this could also be, in part, the consequence of
scoring the whole engagement episode level rather than the image
frames. This, in turn, may result in the coders ignoring subtle
changes in the children’s facial expressions, the presence of which
is obvious due to the perceived variation in the valence levels.
Table 5 shows average levels of target affective dimensions
w.r.t. the engagement levels of the two cultures. We observe that
within the higher levels of engagement (specifically, level 5), the
average valence level is much higher than in the levels below
and significantly different between the cultures. This indicates
that, on average, Serbs showed more pronounced expressions of
positive states (e.g., joy and interest), as can also be noted from
the face expressivity levels. However, while their average arousal
levels were similar at the peak of engagement, Japanese showed
significantly lower arousal levels across all engagement levels,
with much lower arousal when being evasive (level 0). This can

TABLE 4 | Average duration of engagement episodes per level.

Engagement 0 1 3* 4* 5*
Serbia 34.3 +30.8 75.4 +120 49.2 +38.9 229+ 19.8 175+ 271 11.2+9.70
Japan 31.2+ 151 59.6 + 45.2 65.9 + 34.8 40.2 +14.1 33.6 + 18.1 20.3 + 131

Note that there is a significant difference in duration of higher engagement levels (3-5) between the two cultures. Statistically significant differences are marked with *.

Frontiers in Robotics and Al | www.frontiersin.org

July 2017 | Volume 4 | Article 36


http://www.frontiersin.org/Robotics_and_AI
http://www.frontiersin.org
http://www.frontiersin.org/Robotics_and_AI/archive

Measuring Engagement in Robot-Assisted Autism Therapy

Rudovic et al.
20 " i i 100
MSerbia
WJapan ]
c 15 —Serbia 80
o ‘--Japan
° 160 _
510 =
%5 40
+* 5|
20

1 2 3 4 5 6
Engagement Level

FIGURE 2 | The number (left)/percentage (right) of the participants from the two
cultures that showed in at least one of their engagement episodes, the target
level. Note that less than 30% of Japanese have levels 0-3, while the remaining
70% have at least one instance of the higher levels of engagement. By contrast,
more than 70% of Serbs showed levels of very low engagement. We also
observe that, in Japanese, the engagement distribution is largely skewed toward
higher levels, in contrast to Serbs, who have more uniformly distributed levels.
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FIGURE 3 | The (normalized) distribution of the levels for each coded
dimension: valence, arousal, face expressivity, and engagement. Note that in
both cultures, the affective dimensions exhibit similar distributions, while
engagement distributions are highly skewed to the highest level in Japanese.
The face expressivity in both cultures is skewed toward the neutral, confirming
the expected low face expressivity in children with autism (DSM-5, 2013).

be ascribed to the differences in behavioral dynamics in these
two cultures as well as the individual expressions of resistance
to specific interactions with NAO. For instance, some children
preferred to imitate expressions of certain emotions only, and not
all. This (inner) resistance to comply with the task can also be
related to their (in)ability to recognize all of the four emotions.
However, a detailed analysis of the target stimulus is out of the
scope of this work.

So far, we focused mainly on the group (the between culture)
differences of the children under the study. It is, however, impor-
tant to assess some of these differences within the cultures and
also by looking at the individual variation. Figure 5 depicts the
changes in the engagement levels, along with the affect dimen-
sions, and the corresponding CARS for each child. Note the
heterogeneity in the occurrences of the target levels per child.
For example, we observe in Japanese (ID: 1, 16, and 12) and
Serbs (ID: 7, 12, 15, and 18) that although valence and arousal are
both (highly) negative, their average engagement was relatively
high. This possibly is a consequence of idiosyncratic behavioral
responses of the children: the same children had higher CARS,
which means less functionality. This may be the reason for their
expressions of valence and arousal being harder to perceive
accurately (Brewer et al., 2016), although their engagement was
high. We also observe from the children with ID:14 (Serb) and
ID:3&15 (Japanese) that their high facial expressivity is typically
followed with high engagement, valence, and arousal levels. This
could indicate that these children are showing more obvious
signs of positive emotions. We also report in Figure 5 (above
each plot) the results of the ¢-test for the cultural differences w.r.t.
the four target variables. Note that no significant differences were
found (with p < 0.05), in valence, arousal, and face expressivity.
However, we found a significant difference in the distribution of
the average engagement levels in Serbs and Japanese.”

"To test whether these differences also exist within the cultures, we split in half
the children within culture, and performed 1,000 random permutations. In both
cultures, there were no significant differences (with p < 0.05) between the children
within two cultures.
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FIGURE 4 | Dependence structures of the coded dimensions, computed as co-occurrence matrices of the corresponding levels. These are normalized across
columns to remove the bias toward the highest engagement level (as can be seen from Figure 3). This, in turn, allows us to analyze the distribution of each level of
affect dimensions within the target engagement levels. The Pearson correlation () with significance levels is shown above each plot.
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TABLE 5 | The average levels of valence, arousal, and face expressivity per engagement level.

Engagement 0 1 2 3 4 5
Valence

Serbia —0.90 + 0.57 -0.39 + 0.98 —0.48 + 0.95 -0.02 + 1.04 -0.01 + 1.05 0.62 +1.11
Japan -1.12 £ 0.64 -0.53 £ 1.18 —0.84 + 0.55"* 0.28 +1.70 0.06 + 1.09 0.37 + 1.00*
Arousal

Serbia -0.40 + 1.07 -0.20 + 0.67 —-0.12 +0.93 0.06 +0.97 0.02 + 0.83 0.43 +1.01
Japan -1.256+£0.70" —-1.00 + 1.07* -1.156+0.80" 0.14 +1.21 -0.35+1.15 0.42 + 0.81
Face expressivity

Serbia 2.30+0.48 228 +1.11 2.64 +1.00 2.60 +1.34 2.34 +1.21 2.49 +1.41
Japan 2.00 +0.76 1.27 £ 0.70" 1.61 £0.77* 1.71 £0.76* 1.97 £ 1.22 2.04 +1.08"

The significant differences are marked with *(p = 0.05) and **(p = 0.08).
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FIGURE 5 | Changes in the average frequency of the corresponding levels of target dimensions, per child. The children’s ids were sorted according to the
descending (average) engagement levels and the remaining dimensions aligned accordingly. The individual CARS are shown above the engagement bars.

We further investigate the between- and within-culture dif-
ferences by looking into the Pearson (r) and Spearman scores
(p) for dependencies between the average levels of valence,
arousal, face expressivity, engagement, and CARS. We report
both scores as the former assumes linear relationships and
constant variance. As these can easily be violated due to the
heterogeneity in the children, quantifying monotonic relation-
ships (using the Spearman coefficient) may be a better indicator
of target relationships (McDonald, 2009). For interpretations,
we consider only the statistically significant scores (with
p < 0.05). In Figure 4, the valence and arousal are highly (and
linearly) correlated (as judged from similar r and p). There
is also a high correlation between the perceived valence and
face expressivity observed in both cultures (r > 0.65). This is

expected, as both valence and arousal are directly related to
the face modality (and facial expressions in particular), which
provide the key cues when quantifying the (perceived) valence/
arousal (Adolph and Georg, 2010). However, in contrast to the
valence dimension, the face expressivity is not coded for the
sign (positive/negative). Interestingly, despite the high (and
significant) correlations between valence-face-expressivity
(r = 0.67 in Serbs and r = 0.74 in Japanese) and valence-
engagement (r = 0.69 in Serbs and r = 0.49 in Japanese), the
correlations engagement-face-expressivity are relatively low
and insignificant. This shows that the sign of valence (positive
as when happy/negative as when sad) could be a good indica-
tor of engagement. We also note that in Serbs, the engagement
was highly correlated with the average valence levels per child.
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In Japanese, we observe the opposite from Table 6 (arousal is
far more correlated with the engagement than valence). This
may add evidence to the previous studies “showing variation
as demonstrating cultural differences in ‘display rules, or rules
about what emotions are appropriate o show in a given situa-
tion” (Ekman, 1972).

The findings described above can, in part, be attributed to
the CARS of Japanese being lower, and, thus, them being more
responsive (through timely body movements in response to
target tasks). On the other hand, if we recall the engagement
levels from Figure 3, in Serbs, the levels varied more than
in Japanese, indicating that the former group showed more
hesitation in doing the tasks. More importantly, note that there
is a highly significant correlation between engagement and
CARS (r = —0.52 and p = —0.71) in Japanese, while these are
found to be insignificant in Serbs. To test whether these two
groups are statistically different in engagement levels due to
the cultural difference, and not due to the differences in the
behavioral severity of the participants, we remove the CARS
as a big causal factor, and one that is highly correlated with
engagement on the Japanese side. After tossing out highest/
lowest CARS, we match the Serbs and Japanese on CARS within
the range [33-43], thus, with the mid behavioral severity. This
range assured the best possible match between the CARS of the
two cultures, which can also be seen from Figure 6, where we
ranked the engagement from high to low CARS, resulting in 8
Serbs and 8 Japanese, with a very similar functionality levels.
We ran the t-test on this sample and again obtained the statisti-
cally significant difference in the engagement levels between
the two cultures [#(12) = —2.1, p = 0.05]. This shows that these
differences are not only due to the variation in behavioral sever-
ity (CARS) solely but also due to other factors, the most likely
being the culture. We also found highly strong relationships
between CARS and engagement (p = —0.86, p <0.01 for Serbs,
and p = — 0.82, p = 0.01 for Japanese—see Figure 6), thus,
the Spearman scores are more consistent when the similar
subgroups are matched based on CARS.

8. DISCUSSION AND FUTURE WORK

Before providing a further discussion of the study described, it is
important to emphasize that this analysis was of the exploratory
nature within a specific context: an occupational therapy for
children with autism, using a social robot NAO, and recorded
in two different cultures. Specifically, the participants in this
study are 36 children from Japan and Serbia, who participated
only once for a short duration. We note again that the aim of
this study was not to propose a new therapy for autism, but
induce a context in which the children’s engagement can be
measured in a structured way. Our analysis of the relationships
between the behavioral engagement and affective components
of engagement (the perceived valence and arousal, as well as
face expressivity) showed significant differences in a number
of parameters considered. However, we restrain from making
any conclusive statements about the causal cultural differ-
ences in these two groups. This is for the following reasons.
First, although the parametric tests used in our analysis did

TABLE 6 | The Pearson correlation () and Spearman rank correlation coefficient (p), with their significance levels (p), for the children’s average levels of valence, arousal, face expressivity, and engagement, as well as

their CARS.
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FIGURE 6 | Engagement levels of the subset of children that are matched based on their CARS, ranking the average engagement levels from high CARS to low
CARS. Note that the differences in the engagement levels between the two cultural groups are still statistically different with 5% significance level. Note also the

strong relationships between the CARS and average engagement levels.
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find statistically significant relationships, a great variation was
also found within the cultures and within the individuals (in
terms of age, gender, and CARS). Therefore, larger-scale studies
are needed to further confirm and extend our findings on the
variations across cultures. Second, one of the goals of this study
was to get better insights into the expression of engagement
in naturalistic settings, where children with autism interact
regularly with a therapist. This is in order to identify the key
behavioral cues of engagement and its relationship to other
parameters (in this case, task difficulty, affect, and CARS) that
should be considered when designing social robots for autism
therapy.

As noted by Keen (2009), “the ability to detect differences
in engagement levels as a function of different program types,
differences within programs, instructional methods, and other
forms of ‘intervention’ is a first step toward establishing the
validity of the measure for program evaluation purposes.”
Also, children with autism (and/or other neurodevelopmental
differences) spend less time actively engaged with adults and
their peers, and less time in mastery-level engagement with
materials than do the typically developing children (McWilliam
and Bailey, 1995). This is why it is very important to develop
techniques where the children can master social skills through
therapeutic settings, with the aim of being able to translate
those in the play with their (typically developing) peers (Keen,
2009). Toward this end, the role of social and affective robots
is twofold: (i) to provide more efficient and reliable (stand-
ardized) means of measuring children’s engagement and (ii)
to enable naturalistic interaction with the children by being
able to automatically estimate their level of engagement and
respond to it accordingly (e.g., timely giving a positive feed-
back and encouragement). Before this can be implemented,
it is necessary to understand better the context: the children’s
behavioral and other parameters that relate to their engagement.

In what follows, we briefly discuss our findings from this
perspective and provide suggestions for future work in this
direction.

The main findings relate to how engagement levels differed
as a function of the cultures, tasks, affective dimensions, and
CARS-based behavioral severity. Our results indicate that there
are statistically significant differences in duration and average
levels of engagement between the two cultures, when compared
in terms of the task difficulty. Japanese were able to engage and
complete easier tasks faster, while Serbs (those who reached the
last phase in the interaction) were engaged for a shorter time in
the interaction. This can be a consequence of the latter group
being affected more severely by the condition, as also reflected
in their CARS and the distribution of the engagement levels. By
matching the two groups based on CARS, we were still able to
find significant differences between the engagement levels in
the two cultures. Another important aspect to be considered
(especially when comparing the task execution time) and that
is not explored in detail in our analysis is the children’s age.
While most of the typically developing children develop both
motor and mental abilities by the age of four (Baron-Cohen et al.,
1985), the lack of the same is indicated by the CARS scores in
autism. By looking into the age of the children who performed
the tasks faster than the others, we did not notice any significant
dependencies on age.

These types of analyses are important because they provide
a prior knowledge that can be used to adjust the dynamics of
the robot interaction within each culture/age-range, with a pos-
sibility for further individual adjustment (Picard and Goodwin,
2008). For example, these could be used as priors for computer
models, as part of the robot’s perception. This has recently been
attempted in terms of the personality adjustment, with the focus
on typically developing adults (Salam et al., 2017). Adding to this,
one of the important findings of our study is the relatively high
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correlation between the CARS and engagement levels (e.g., in
Japanese, Spearman coefficient p = —71%, p = 0.01). When the
CARS range was matched across the cultures (Figure 6), these
reached p = —82—86%, p =0.01, in Japan and Serbia, respectively.
This could potentially be a good calibrating parameter for social
robots, derived from an easy- and fast-to-obtain measure of the
current behavioral condition. However, it should be investigated
whether the other standardized tests (e.g., specific questions of
ADI-R and/or ADOS (Le Couteur et al., 2008)) would provide
more universal indicators for (expected) engagement levels,
resulting in a more stable input for choosing the therapy mode,
establishing therapy expectations and follow ups on the individ-
ual progress. Moreover, this could potentially allow the medical
doctors and therapists to more easily assess the therapeutic value
of the whole procedure, through the common protocols, which
could be adjusted to each culture and with assistance of the social
robots.

Our analysis of the relationships between the directly meas-
ured behavioral engagement and indirectly measured affective
engagement (from the valence and arousal levels perceived
from outward behavioral cues, including the face expressiv-
ity) revealed statistically significant (p < 0.01) dependencies
between the valence and arousal levels (average per child)
and the behavioral engagement, with Spearman coefficient
p = 68—75%. Therefore, these two affective dimensions can
potentially be used as a proxy of the children’s behavioral
engagement. The benefit of this is that these two affective
dimensions can automatically be measured in human-robot
interaction by means of existing models for affective computing
(Picard, 1997; Castellano et al., 2014a). Specifically, a number
of works on automated estimation of valence and arousal
have been proposed (Zeng et al., 2009; Gunes et al., 2011).
For instance, Nicolaou et al. (2011) showed that automatically
estimated levels of valence/arousal can achieve the agreement
similar to that of human coders when multi-modal behavioral
cues are used as input (facial expressions, shoulder gestures,
and audio cues). As we showed in our experiments (Table 6),
while the face expressivity was highly correlated with valence/
arousal levels, it did not relate strongly to the behavioral
engagement. Investigating other facial cues such as the eye-
gaze (typically used in autism studies (Chen et al., 2012; Jones
etal., 2016)) in the context of engagement is a promising way to
go. Moreover, it is critical to take into account the multi-modal
nature of human behavior when estimating engagement. In a
recent work, Salam et al. (2017) measured individual and group
engagement by an automated multi-modal system that exploits
outward behavioral cues (face and body gestures) as well as
contextual variables (the personality traits of a user). They were
able to improve significantly the engagement estimation when
the individual features (face and body gestures) were included.
While in this work, we focused on outward measures of the
target affective dimensions, note that significant advances have
been made in measuring the same from inward expressions
(biosignals such as the heart rate, electrodermal activity (EDA),
body temperature, and so on) (Picard, 2009). For instance,
Hernandez et al. (2013) showed that there are significant

relationships between autonomic changes in arousal levels
(measured using a wristband sensor) and behavioral challenges
in children with autism in a school setting. In another work,
Hernandez et al. (2014) showed that automatically estimating
the ease of engagement on a scale (0-2) of typical children,
participating in interactions with the educator and the parent,
can be achieved with an accuracy of up to 68% (from EDA
solely). Likewise, but in the context of children with autism
and human-computer interaction, Liu et al. (2008) achieved
automatic detection of liking, anxiety, and engagement, from
physiological signals (EDA, heart rate and temperature) with
an accuracy of 82.9%. Further research on the use of social
robots in autism should also closely examine these modalities
for automated analysis of engagement.

However, none of the methods that could potentially be
used for automated estimation of engagement and/or valence
and arousal, were evaluated before in the context of autism
and child-robot interaction. Therefore, there are at least a
few important questions for the future work toward building
a system for automated estimation of engagement of children
with autism, and in the context of therapies involving social
robots. First, how can multiple modalities of children’s behav-
ior (including inward and outward expressions) be modeled
efficiently using models for affective computing (Picard, 2009;
Castellano et al., 2014a) to take the full advantage of their
complimentary nature? This, in turn, would not only provide
better insights into behavioral cues of engagement but also
enable a more accurate and reliable perception of engagement
by social robots. How to account for the contextual aspect of
engagement is another important challenge in automating
engagement estimation. As our results suggest, the culture
(among other factors) may play an important role in modu-
lating the time each child spends in a target activity, as well
as the distributions and average levels of engagement. One
approach would be to define affective computing models so
that they embed this contextual information via priors on the
model parameters, which can then be adjusted to each child
as the therapy progresses. This brings us to our final and the
most important challenge: how do we personalize the models
to each child and obtain the child-specific estimation of target
engagement levels? Although, in our study, we did not find
statistically significant differences in engagement levels within
either of the two cultures, we did, however, observe high levels
of individual variation. Therefore, personalizing the models to
each child with autism is, perhaps, the most challenging aspect
of automated engagement estimation that the future work will
face (Picard and Goodwin, 2008). Another important factor
not addressed in this study is the influence of culture on the
annotation process. While annotators in our study achieved a
high level of agreement, as shown in several other studies (e.g.,
see Engelmann and Pogosyan (2013)), handling the annotators
bias effectively is of paramount importance when designing
social robots that can automatically estimate engagement.
Likewise, CARS is the standard, and, thus, its scoring should
not be affected by cultural background of the therapists (but
it still may be affected). While the presence of cultural biases
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in autism screening is inevitable, Mandell and Novak (2005)
showed that it is mostly due to the different perception of
autistic traits by parents with different cultural backgrounds.
Since the therapists did the CARS in our study, we do not expect
these differences to be as affected by the culture.®

9. CONCLUSION

Taken together, the findings of this study and the questions raised
clearly indicate that more research is needed in the field of social
and affective robotics for autism. While our study focused on a
single day recordings of the children, future research should focus
on longitudinal studies of engagement, if more reliable conclu-
sions are to be drawn and data for automating the engagement
estimation collected. There is an overall lack of such studies
and data (especially across cultures); yet, they are of critical
importance for building more effective technology that could
facilitate, augment, and scale, rather than replace, the efforts by
medical doctors and therapists working directly with individuals
with autism. We hope that this work will increase awareness for
the need of such studies and also provide useful insights into
computer scientists in the field of affective computing and social
robotics, and also neuroscientists, psychologists, therapists, and
educators working in the autism field. Finally, we must keep our
sights on the main goal: building technology and insights that
ultimately bring benefit to users on the autism spectrum, espe-
cially those who seek to sustain engagement more successfully in
learning experiences.

8This is out of the scope of this study as a more detailed analysis of the codings/
scorings, involving multiple coders/therapists from each culture, would need to be
conducted in future.
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