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Chapter 1: Introduction and Background 

1.1 Autism Spectrum Disorder and Intervention 

According to the latest CDC report, 1 in 54 children in the U.S. has Autism Spectrum Disorders (ASD) [1]. Autism 

Spectrum Disorders (ASD) are a group of developmental disabilities characterized by difficulties in social 

communication and repetitive or restricted behaviors and interests [2]. Social skills such as joint attention and response 

to name (RTN) are both core deficits among social communication difficulties of ASD. Joint attention is defined as 

shared attention with others through pointing, showing and coordinated looks between objects and people [3]. It has 

been demonstrated that joint attention is related to the development of language, cognition, social skills and later social 

responsiveness and adult outcomes [4], [5]. Initiation of joint attention (IJA) and response to joint attention (RJA) are 

the initiative and receptive form of joint attention, respectively. Meanwhile, decreased tendency of RTN in early 

childhood is one of the most consistently documented behaviors for young children later diagnosed with ASD [6]. 

Both joint attention (i.e., IJA and RJA) and RTN relate to a child's ability to start and respond to bids for attention 

from their caregivers. Specifically, when children initiate joint attention, they intentionally attract and then direct a 

parent's attention to a distant object by pointing, vocalizing, and shifting eye gaze. This early foundational building 

block of social relationships and communication skills allows children to share the world with the people around them 

and provides opportunities for parents to respond with emotions, factual content, and expanded language that builds 

upon the child's more basic ideas. Similarly, when parents want to get a child's attention, they often start by calling 

his or her name. If the child is unable to respond, this not only impacts parent perceptions of child compliance, but 

also limits their ability to teach their children, engage them in play, and keep them safe. Therefore, we focus on joint 

attention and RTN as the primary intervention mechanisms to be addressed in this dissertation. 

The estimated annual medical and productivity cost for people with ASD in the US was $268 billion in 2015 and 

is expected to reach $461 billion in 2025 [7]. Given the huge social and economic cost of ASD, early assessment and 

intervention with the help of technology have attracted public attention as they have shown promising results to help 

alleviate heterogeneous symptoms in young children with ASD [8]. However, it has also been shown that many 

families are not able to access evidence-based intervention and standardized assessment due to cost and lack of access 

to trained clinical professionals [9]. In this dissertation, we focus on intelligent intervention systems to complement 

the existing intervention resources. 

1.2 Intelligent Intervention Systems for Young Children with ASD 

There is strong evidence that technology-assisted interventions are promising for children with ASD due to their 

controllability, flexibility, replicability and cost effectiveness [10]. Human-machine interaction (HMI) systems have 

been widely adopted to help children with ASD on training social skills, increasing social interest, and so on. In this 

work, the intervention brought by HMI systems are delivered to children with ASD through either human-robot 

interaction (HRI) or human-computer interaction (HCI). They both offer capacities for uniform intervention delivery 

and objective, quantitative performance tracking. Other interfaces being used in HMI include mobile devices, 

embedded devices, wearable devices, etc. [11]. 

1.2.1 Socially Assistive Robotics (SAR) for Children with ASD 

1.2.1.1. Literature Review on SAR for Children with ASD 

In the past decade, SAR has gained momentum due to its ability to engage and evoke various social behaviors in 

children with ASD as well as its capacity of uniform intervention delivery and objective, quantitative performance 

tracking [12]–[17]. 

Dating back to 1999, Autonomous Robotic platform as a Remedial tool for children with Autism (AuRoRA [18], 

[19]  based on TEACCH philosophy [20], was proposed to adopt a mobile robot platform, Labo-1, for the rehabilitation 

of children with ASD. 
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Following that, Billard et al. designed a mini doll-shaped humanoid robot, Robota, to help with the rehabilitation 

of children with ASD [21]. It weighed 2.5 kg and was originally equipped with infrared detectors to detect human 

faces and arms. It had a 7.2V battery, which could run for 30 mins. There were 5 degrees of freedom in Robota that 

provided multiple interaction movements ranging from simple to complex ones. A long-term study of 101 days, with 

children with ASD aged 5-7 years old, was conducted to show that the level of interaction with Robota increased over 

time and it could elicit imitative behaviors in the participants. 

Duquette et al. introduced Tito, the robot mediator [22], to explore the possibility of a mobile robot to facilitate 

children with ASD on reciprocal social activities like imitative play. Tito was 28 inches tall, made with soft and 

washable cloth as exterior material. It was equipped with two wheels, a rotatable head, an array of light emitting diodes 

as mouth, and a tiny wireless microphone-camera device disguised as one of the eyes to analyze gaze distribution. 

The explorative study showed promising results in increasing the shared attention and facial expression imitation for 

two autistic children paired with Tito, compared to another two participants paired with a human mediator. 

The robot KASPAR was introduced based on off-the-shelf low-cost components. It was designed as a minimally 

expressive robot in order not to overwhelm the observer/interaction partner with excessive social cues but to facilitate 

with the individual interpretation of emotion such as “happy”, “neutral”, and “surprised” [23]. The face of KASPAR 

was dominated by comic design and Japanese Noh theatre. It has been adopted in autism therapy for tactile interaction 

[24], [25], collaborative and dyadic video game [26], intervention of social skills such as greetings [27]. 

Keepon was a small, creature-like robot designed for non-verbal communication with children, introduced by 

Japanese researchers Kozima, et al. [28]. Keepon was 120 mm tall with a rubber silicon exterior and hollow interior. 

Its two eyes were two wide-angle lenses while its nose was designed to be a microphone. Keepon can be operated in 

both automatic mode and tele-operated mode [28], with four degrees of freedom to perform nodding, turning, rocking, 

and bobbing. It has been applied in various activities including involving children with ASD and children without 

ASD into a playful interaction [29] and attracting children with ASD into dyadic play with adult caregivers [30]. 

Under the Behavior-Based Behavior Intervention Architecture (B3IA), a SAR system called Bubble Play [31] was 

designed to be a catalyst for both human-robot interaction (HRI) and human-human interaction (HHI). It is a computer-

controlled bubble blower that can be mounted onto a mobile robot called Pioneer. Pioneer was equipped with two 

buttons and either one of them could trigger the bubble blowing. Thus, it can be used to compare two conditions: 

contingent and random to test the efficacy of B3IA for socialization of children with ASD. 

Matsumoto et al. designed the nonhuman-like robot, Muu, in order to emphasize the main point of communication 

and omit nonessential design elements using the principle of. minimal design or directional simplification of 

subtraction design [32]. Muu was then tele-operated in a field study at a special school to investigate the way robot 

established social relationship with children with ASD, in a longitudinal study with a span of 6 months [33]. A teacher 

was present in the experimental setting to observe any persistent fixed patterns of actions of children with ASD that 

were possibly restricted by teachers or caregivers in the daily interaction scenarios. 

AIBO1 was a service robotic dog designed by Sony©. AIBO weighed 3.5 lb and had a 7.2 V battery lasting for 1.5 

hours. Its 18 embedded motors allow 250 different movements [34]. François et al.  presented a multi-session study 

that tested the effectiveness of AIBO robot on socialization for children with ASD [35]. This study was accomplished 

with 6 children with ASD in a school setting, where these children experienced up to ten 40-minute non-directive 

sessions once per week with the experimenters. There were six different behavior modes of AIBO designed to meet 

participants’ needs in a session, which were switched by an experimenter from an observation room. The sessions 

were video recorded and analyzed in three dimensions: play, reasoning, and affect. 

NAO2 was the most widely adopted robot for autism therapy [36]. It was a humanoid robot that was 58 cm tall, 

5.2 kg in weight and had 25 degrees of freedom to perform human-like actions. There were 4 directional microphones 

and speakers to interact with humans and two 2D cameras to recognize shapes and objects. Its open and fully 

 
1 https://us.aibo.com/ 
2 https://www.softbankrobotics.com/emea/en/nao 

https://us.aibo.com/
https://www.softbankrobotics.com/emea/en/nao
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programmable API provided user with functions such as speech recognition and conversation in 20 different 

languages. Due to its attractive appearance and powerful functionalities [14], several SAR systems have been built 

based on NAO [36]: Bekele et al. [37], Anzalone et al. [38], Zheng et al. [14], Peca et al. [39], and Shamsuddin et al. 

[40] all proposed intervention systems based on a NAO robot. Their results showed that NAO could elicit social 

interest of children with ASD and thus could potentially be used to deliver intervention. 

Other SAR for children with ASD such as Pleo [41], Bioloid [42], Robot Based Basketball (RBB) [43], LEGO 

NXT [44], and Rofina [45] showed their potentials as intervention system for children with ASD as well. 

 

1.2.1.2. Multi-session Studies with SAR Systems 

Evaluation of SAR systems has often focused on documenting proof-of-concept and demonstrating system 

feasibility [46]. However, to validate potential clinical impact and applications, controlled multi-session studies of 

well-characterized participants are needed [46], [47] to investigate participants’ experience with robotic systems over 

time [48]. A rigorous multi-session study will likely have a between-group design to test the influences of multiple 

independent variables [49], [50]. In a robot-mediated intervention study across time, both the robot and natural 

maturation may contribute to impact participants’ performance. In order to precisely measure the intervention effect 

brought about by the robot, the natural maturation of children during the study period needs to be excluded from data 

analyses [51]. 

A few existing multi-session studies have explored the effectiveness of SAR based intervention systems for 

children with ASD: 

Robins et al. conducted a multi-session study with four children with ASD, who were exposed to a humanoid robot 

over several months to investigate pre-defined behaviors and social activity variation, in which the effectiveness was 

measured by manual scoring of the session videos [52]. Their results emphasized the need and benefit of long-term 

studies, which can fully reveal the potential of therapeutic robotic system for children with ASD. 

François et al. presented a multi-session study that tested the effectiveness of a zoomorphic, dog-like AIBO robot. 

This study was accomplished with 6 children with ASD in a school setting, where these children experienced up to 

ten 40-minutes non-directive sessions once per week with the experimenters. There were six different behavior modes 

of AIBO designed to meet different participants’ needs in a session, which were switched by an experimenter from an 

observation room. The sessions were video recorded and analyzed in three dimensions: play, reasoning, and affect 

[35]. The work showed that compared with children who mainly played by themselves in daily life, those who 

proactively played more socially experienced more complicated interaction tasks with the robot. 

  
(a)  (b)   (c)              (d)                    (e)   (f) 

  
        (g)  (h)                 (i)          (j)            (k)         (l)  (m) 
(a) Labo-1 platform; (b) KASPAR; (c) Keepon; (d) Bubble Play on a Pioneer robot; (e) Muu 2.0; (f) AIBO robot (courtesy to Sony©.); (g) 

NAO robot (courtesy to Softbankrobotics©); (h) Robota; (i) Tito; (j)Pelo; (k) RBB; (l) LEGO NXT; (m)Rofina (courtesies of all pictures 

except f & g belong to the corresponding citations) 

Fig. 1-1: SAR for children with ASD 
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In addition to these single group designs, additional multi-session works were conducted with a randomized control 

group design: 

Ros et al. conducted a multi-session, randomized control trial in which the humanoid robot NAO was used to 

implement a motivational approach to cultivate healthy habits for 9- and 11-year-old children [53]. The sessions were 

video recorded and the effect of their proposed approach was measured through questionnaire and video coding [53]. 

Achievements including higher engagement level and healthy habits were observed more frequently amongst those 

interacted with the robot. 

Smeekens et al. conducted a randomized controlled trial to compare the effectiveness of pivotal response treatment 

(PRT) with and without applying a NAO robot in the intervention protocol of young children with ASD [54]. 74 young 

children aged 3-8 years were randomized in three groups: parent-mediated PRT with using the NAO robot, parent-

mediated PRT without using the NAO robot, and treatment-as-usual. Experiments lasted for over 30 weeks, and the 

results indicated that including robot’s mediations in PRT may alleviate ASD-related symptoms and improve general 

clinical functioning in young children with ASD when compared to PRT without the robot, and treatment as usual. 

Mengoni et al. conducted a randomized controlled trial to evaluate a social skill intervention mediated by the robot 

Kaspar for children with ASD [55]. Forty children aged 5-10 years went through two familiarization sessions, three 

baseline sessions, and six treatment sessions. The research goal of this study was to use its preliminary analysis on 

Social Communication Questionnaire [56] and the Social Skills Improvement System [57] to evaluate whether the 

predefined feasibility criteria for a full-scale trial were met. 

Even though these studies employed a longitudinal design with a control group, most reported multi-session SAR-

involved intervention studies, including [53]–[55], rely on subjective measurements, such as participants/parents 

questionnaires and manual video coding, for data collection. These data collection methods are not only time-

consuming, but they may also introduce personal bias in experimental results and conclusions. Therefore, to 

rigorously, objectively, and efficiently evaluate the efficacy of the system, in this research, we conducted a multi-

session study (Study I) using a fully autonomous system with a randomized control group design. 

The applied intervention system, Noncontact Responsive Robot-mediated Intervention System (NORRIS) [14], 

uses a NAO to perform deictic gestures (i.e., turning head to target, pointing to the targets) and initiate joint attention 

tasks in a hierarchical manner to elicit and reinforce joint attention skills of the children. NORRIS is an autonomous 

closed-loop system that quantifies the gaze and RJA performance of participants in real time. Pilot studies with 

NORRIS showed promise in improving RJA in young children with ASD [14]. 

However, the results of Study I [17] indicated that no significant intervention effect was observed. Through a novel 

measurement approach designed to continuously track participants’ engagement, we found that the lengthy 

intervention timeline and repetitive trials led to decreased engagement and consequently non-improvement of RJA 

performance. Accordingly, we reduced number of sessions and increased task variety in a subsequent multi-session 

study (Study II). Experimental results showed that children’s engagement was maintained in Study II and their RJA 

performance improved significantly. Both Study I and Study II applied a randomized control group design with well-

characterized participants, which allowed us to test the intervention × time effect. 

The contributions of this work are two folds. To the best of our knowledge, this is the first investigation of robot-

mediated intervention for children with ASD to demonstrate: 1) an automatically quantified indicator of engagement 

and how the tracking of engagement could help design a new study timeline and intervention protocol for improved 

outcome, and 2) the impact of intervention timeline and protocols on changes in children’s engagement. Below, 

the initial implementation and lack of impact of Study I and the subsequent findings of Study II are described. 

1.2.1.3. Prediction of performance in HHI based on gaze distribution in HRI 

Literature on isolation effect has been reported in SAR for children with ASD [13], [58], [59]. It happens when 

children learn social skills from a system lacking of real life components and thus reduces their social interest in real 

life interaction after system intervention [13]. This implies that there’s gap between the social skill performance within 
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HRI and the social skill within HHI. In order to investigate the isolation effect occurred in Study I, we built a predictive 

model to classify one’s RJA performance in HHI based on gaze distribution in HRI. To the best of our knowledge, 

this is the first work trying to quantitatively bridge the gap between HRI performance and HHI performance for 

children with ASD. This predictive model will likely pave the way for future research on solving the problem of 

isolation effect, as well as increase the influence and outreach of a SAR by providing results beyond HRI results. 

Additionally, we believe this predictive model may shed light on an automated, efficient, and consistent way to 

evaluate one’s social skill in HHI, as a replacement of the labor-intensive and time-consuming therapist evaluations. 

1.2.2 Computer System for Children with ASD 

1.2.2.1. Literature Review on Computer-Mediated Human-Human Interaction for children with ASD 

While SAR systems deliver intervention in the form of HRI, other intelligent systems are in the form of human-

computer interaction (HCI). SAR holds an advantage of embodiment over HCI whereas HCI exposes participants to 

less physical risks [60]. In this work, we choose a sub-category of HHI, computer-mediated HHI (CM-HHI), to be our 

primary research focus. 

Dozens of computer systems for children with ASD adopted the architecture of CM-HHI, mostly in the form of 

Collaborative Virtua Environment (CVE): 

Co-located collaborative game, for example, was a kind of intervention system developed in the form of CVE. 

Battocchi et al. designed a collaborative puzzle game on a tabletop to foster collaboration between pairs of children 

with ASD [61]. The Enforced Collaboration rules make it imperative for a pair to touch and drag the puzzle pieces 

simultaneously. From a study with 216 boys they discovered that the Enforced Collaboration was related to a higher 

frequency of “negotiation” moves. StoryTable was developed to facilitate collaboration and interaction for 6 children 

with ASD [62]. They also adopted the Enforced Collaboration rule to ask participants narrating a story. Their findings 

include higher probability of initiation of social interaction, increased level of shared play and collaboration, and 

decreased frequency of autistic behaviors. Moreover, Zancanaro et al. introduced a co-located interface based on a 

multi-user tabletop, DiamondTouch [63]. With the involvement of a pair of children with ASD and a facilitator, the 

tabletop’s unique capability of recognizing different users enabled various interaction designs. The results indicated 

that this interface benefited children on social competence and benefited facilitators on access to new tools and help 

with designing new sessions. 

Emerging intelligent systems designed for children with ASD tried to reduce the barrier of distance, i.e., the 

requirement of co-location, time, and cost through tele-operation [64]. Zhao et al. proposed Hand-in-Hand, a  

communication-enhanced CVE system that allowed a pair of children with ASD to play a series of games through 

hand gestures [65]. Their feasibility study with 12 ASD-TD (i.e., typically developed) pairs showed promise of 

promoting natural communication and cooperation between them through sharing information and discussing game 

strategies using gaze and voice-based communication. Zhang et al. developed CoMove for children with ASD to 

remotely collaborate with their TD pairs on a puzzle game [66]. Their findings based on 7 ASD-TD pairs and 7 TD-

TD pairs showed that the CoMove system was able to: 1) promote important collaborative behaviors and provide real-

time feedback for users, and 2) provide objective measures on important collaboration and verbal-communication 

skills during interaction. 

1.2.2.2. Computer-Mediated Caregiver-Child Interaction 

Traditional assessment of joint attention skill and intervention necessarily rely heavily on behavioral therapists 

[67],[68]. However, the accessibility to these professional services are limited due to a lack of trained professionals 

and high expense [17]. By contrast, caregivers interact with their children with ASD every day, but without explicit 

interaction protocols, effective training methods, and consistent measurement of social skill performance. 

Additionally, although caregiver-child interaction during early childhood is important to later developmental 

outcomes [69], caregivers of children with ASD have reported experiencing higher stress during this interaction 
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compared to the caregivers of typically developing (TD) children [70],[71]. Severity of symptoms associated with 

ASD, such as language and communication difficulties, have been found to be highly correlated to caregivers’ stress 

[72]. 

During the past decade, researchers have designed human-robot interaction (HRI) and human-computer interaction 

(HCI) systems to help young children with ASD develop their fundamental social skills. Many children with ASD are 

attracted to computer and robotic systems, which can be designed to provide uniform intervention delivery and 

objective, quantitative performance tracking [5],[6],[16],[17]. Several autonomous systems have been designed for 

training RJA skill for young children with ASD by several researchers including the authors [14], [16], [74]. However, 

to the best of our knowledge, there has been no autonomous system reported that teaches IJA skills for children 

with ASD, incorporating parents within the loop, within which IJA performance can be consistently and 

automatically tracked (i.e., no need for video coding of the sessions). As such, we propose a computer-mediated 

caregiver-child interaction system (C3I) in this work to fill this gap. There are other technology-based IJA studies that 

are relevant for the current work, all of which differ significantly from ours: In a study [20] Simut et al. compared 

differences in IJA performance between children with ASD interacting with an experimenter or interacting with the 

robot [75]. In this work, they manually coded the performance under these two conditions. Boccanfuso et al. reported 

significantly increased joint attention frequency for children with ASD during interaction with CHARLIE the robot 

[76]. Their work on joint attention seemed to be a mixture of RJA and IJA and they measured JA occurrence frequency 

instead of social skill performance. In other works, virtual agents or embodied robots have been adopted in various 

studies to investigate the psychological or cognitive mechanics of IJA, but their participants were typically developing 

(TD) children and the studies were not for teaching social skills [77]–[80]. 

Compared to the training of RJA where a child is expected to respond to a joint attention bid (e.g., turn to follow 

someone’s point) and which can be automated relatively easily, the training of IJA for children with ASD is more 

difficult because it requires creating scenarios compelling enough to prompt a child initiate a joint attention bid [81].  

It is possible that children will be more likely to engage in IJA when in the presence of a familiar caregiver, such 

as a parent, as opposed to a purely technical system (i.e., computer or robot alone). Moreover, incorporating caregivers 

within such automated systems might help reduce the so-called “isolation effect,” which happens when children learn 

social skills from a system lacking of real life components and thus reduces their social interest in real life interaction 

after system intervention [13]. Incorporating caregivers as part of teaching could increase the likelihood that children 

will show those skills with those same caregivers outside of the system itself, increasing real-world applicability. In 

addition, the autonomous part of the system would not increase caregiver stress during such teaching interactions by 

reducing their workload. Nonetheless, the involvement of caregiver within such a system presents an interesting 

technological challenge, as it will unavoidably complicate the system’s interaction protocol and system design and 

has not been reported in the literature in the context of ASD intervention. 

Traditionally, computer-mediated human-human interaction  systems have mostly been developed for education, 

business, media, entertainment, and social communication [82]–[84]. Recently, a few computer-mediated systems 

have been designed for caregiver-child interaction, but not in the context of ASD intervention. Tscholl et al. 

investigated the effectiveness of an interactive, immersive, and full-body simulation, using augmented reality, to 

empower children’s science learning process [85]. Children were instructed to move and use their bodies to enact their 

understanding of a scientific system, during which caregivers discussed game strategies with them. Results indicated 

that productive forms of social interaction were observed during this process. Kucirkova et al. investigated the 

interaction between a 33-month-old daughter and her mother, when they shared a self-centered, audio-visual ‘iPad 

story’ [86]. Analysis showed that harmonic and smooth interaction was observed within such a story sharing context. 

A Technology-Enhanced Storytelling (TES) activity, Jeffy’s Journey, was developed to support caregiver–child 

interaction and vocabulary development in preschool children through real-time visual, auditory, and textual prompts 

on a tablet computer [87]. It showed that more time spent on the story and usage of prompts were associated with 

higher quality of caregiver-child interaction. They also demonstrated the effectiveness of TES on children’s 
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vocabulary development. In recent years, collaborative virtual environments [66], [65] have been explored, where 

children with ASD learn skills though cooperating with other children to accomplish tasks. However, these systems 

were not designed for caregiver-child interaction. 

C3I is derived from and significantly expanded on our previously developed platform called Autonomous Social 

Orienting Training System (ASOTS) [10]. ASOTS used pre-recorded video and audio clips to provide social cues 

(i.e., name call) and provided a closed-loop Response to Name (RTN) learning protocol to manage the interaction 

between the children and the system. ASOTS did not include caregivers; it was a fully autonomous interaction with 

the computer system. In the current work, C3I expanded ASOTS’ closed-loop interaction to accommodate IJA training 

and included the caregiver into the interaction loop.  C3I allows the caregiver to interact with the child in a flexible 

manner where a caregiver can decide how much or how little interaction one desires. More importantly, C3I created 

a framework to include caregivers into the loop such that social response registration of children could be made by 

the caregivers, which separates it from other existing systems in this field. C3I helped to evoke, guide and reinforce 

children’s social behaviors, as well as quantitatively measured aspects of real-time behaviors of both the caregiver 

and the child. 

C3I’s interaction with both the children and the caregivers is designed to be easy to understand and follow. In 

particular, the caregiver could control each interaction step. In C3I, caregivers are integrally embedded to provide 

human inputs, such as recording the response and inferring children’s mental states, such as frustration. Timing 

children’s social responsiveness is critical in caregiver-child interaction, as children are more likely to respond 

synchronously if their communicative signals can be recognized, understood, and responded appropriately [88]. In 

this work, social responsiveness of children is defined as the response of children to a paused video clip. Caregivers’ 

timing of children’s social responsiveness can be used as ground truth as it is both personal and contextual [89]. By 

contrast, timing the social responsiveness of children is a challenging task for existing technology;  with regard to IJA, 

it involves  recognition of children’s body movements, gestures, and facial expressions and their temporal coordination 

[89].  Additionally, children's mental states (e.g., frustration) reported by caregivers can help C3I tune system 

parameters to provide adaptive training for the children. As the severity of symptoms vary among children with ASD, 

some may find it too difficult to follow the prompts of C3I and get frustrated. Caregivers’ report of children’s 

frustration can help adapt C3I to better facilitate their interaction. 

1.2.3 Anxiety Prediction for Children with ASD based on Physiological signal 

1.2.3.1. Affective computing 

Computer systems, unlike human beings, don’t naturally have the ability of empathy, such as the ability to 

perceive, understand and respond to the socioemotional cues from others, which may hinder their ability to interact 

with others [90]. However, empathizing is a highly uncertain process. In most cases, we infer mental state from 

observable behaviors and contextual cues with uncertainty [91].  

Physiological signal is produced by internal physiological process in human body, such as Blood Volume Pressure/ 

Photoplethysmogram (BVP/PPG), Galvanic Skin Response/ Electrodermal Activity (GSR/EDA), 

Electroencephalogram (EEG), Electrocardiogram (ECG), Electromyogram (EMG), Functional Magnetic Resonance 

Imaging (fMRI), and Functional Near-Infrared Spectroscopy (fNIRS) and others. There are mainly two types of 

physiological signal detection and collection devices: one is suitable for indoor research laboratory related settings, 

such as BIOPAC3 devices, artinis4 devices, NIRX5 devices and the other is wearable devices for long-term monitoring 

such as E46 sensor and smartwatches. The indoor devices are better in terms of detection frequency and accuracy 

whereas wearable devices are more portable. 

 
3 https://www.biopac.com/products/ 
4 https://www.artinis.com/ 
5 https://nirx.net/ 
6 https://www.empatica.com/en-int/research/e4/ 

https://www.biopac.com/products/
https://www.artinis.com/
https://nirx.net/
https://www.empatica.com/en-int/research/e4/
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1.2.3.2. Affective computing for autism 

Individuals with ASD often have difficulties ascertaining the emotional states of themselves as well as others [92]–

[94]. It has been reported that about half of individuals with ASD suffer from alexithymia, i.e., a disease which 

influences one’s ability to discern and express internal body state [95]. Emotional experience has been explained by 

the two-level model [96], first and second order experiences: the first order experience is the neurophysiological 

responses of emotions while the second order experience is the self-awareness of such emotions. It is suggested that 

individuals with ASD mostly have barriers in the second order experience whereas their first order experience is 

similar to that of TD [94], [97], [98]. Several works have been done to investigate the relationship between emotional 

states of individuals with ASD and their physiological responses  [60] , [102]. In these works, contextual and personal 

information were taken into account to design individual-dependent classifiers on emotional states, i.e., classifiers 

were trained and tested on the same participant.  

Moreover, a predictive affective computing model can help an intelligent system discern emotional states of 

individuals with ASD during human-machine interaction process and thus improve the intervention outcomes. There 

have been several research works on predicting emotion status of people with ASD based on physiological signal, 

such as EDA, PPG, ECG, EMG, EEG, etc. [60], [99], [101], [103]. The existing works were mostly offline and 

individual-dependent classification. Therefore, for an autonomous system adopting such methods to deliver adaptive 

intervention, a participant needs to get involved in at least two steps, namely, training step and testing step. In the 

training step, one is expected to perform some mental tasks and get labels from observers of self-reports. Then in the 

testing step, participants can receive adaptive intervention. This paradigm, though prevalent in affective computing 

community, requires significant resources when creating models for individuals with ASD [66], [101], [102].  

By contrast, there is a lack of online, individual-independent predictive models which take as input the 

physiological signals of someone new without the need of further model training. In order to do online prediction, 

end-to-end approach is preferred as excessive preprocessing steps may cause inevitable delays: for instance, signal 

denoising can lead to signal phase shift and/or critical frequency attenuation. Other preprocessing steps, such as feature 

extraction and selection, can delay the online prediction as well. As such, neural networks are proposed in this work 

to do end-to-end prediction: although being trained offline, neural networks can be seamlessly put online without 

massive modifications. 

1.2.3.3. Affective computing based on fNIRS 

Functional Near-infrared Spectroscopy (fNIRS) is a noninvasive brain imaging technology based on hemodynamic 

responses to cortical activation [104], [105]. Two or more infrared lights with wavelength of 650-900 nm are emitted 

by emitters on fNIRS device to interact with the brain tissue, and its absorption effects are measured by detectors on 

the fNIRS device [106]. At least one of the wavelengths is below the isosbestic point of 810 nm and another one is 

above it. The isosbestic point is where the oxygenated and deoxygenated hemoglobin concentrations (HbO and HbR) 

have identical absorption coefficients [107]. Through the measurement of differences in the spectra of HbR and HbO, 

the fNIRS device can measure the haemoglobin concentration variation, using the modified Beer-Lambert law [108], 

[109]. 

The challenging nature about fNIRS signal is that it is inconsistent across subjects, repeated trials and repetition 

of sessions are needed even if the conditions are assumed to be the same [110]. This is largely due to the existence of 

fNIRS-specific noise, including physiological noise sources [111], e.g., cardiac (~ 1 Hz), respiratory (~ 0.3 Hz), blood 

pressure (Mayer waves, ~ 0.1 Hz), oscillations (~ 0.04 Hz), and motion artefacts [112]. 

Due to the latency of hemodynamic response, the time window from 6-12s after the beginning of task stimuli is 

typically chosen as hemodynamic response and the 0-5s before the beginning of task stimuli is chosen as resting 

baseline [113]. Individual hemodynamic response will be baseline-corrected by subtracting the mean intensity of the 

optical signal in baseline period [114]. 
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Both Functional Magnetic Resonance Imaging (fMRI) and fNIRS measure changes in regional cortical blood flow 

to measure cortical activity. Compared to fMRI, fNIRS is better in terms of portability but can only be used for outer 

cortex activity detection, and its spatial resolution is less than fMRI [115]. Compared to EEG, fNIRS is better in terms 

of spatial resolution and robustness to motion artifacts but worse in terms of time resolution [116]. In terms of 

portability, they are similar. Additionally, as many children with ASD are hypersensitive about EEG caps, fNIRS band 

brings less discomfort and thus may result in a better user experience. Compared to less intrusive ambulatory devices 

such as E4 wristband, fNIRS is better at temporal resolution and robustness to motion artifact. With a high temporal 

resolution, we can increase the output frequency of the anxiety prediction [101].  Affective status recognition based 

on fNIRS has been explored from several aspects: Al-shargie et al. showed that fNIRS measurement could distinguish 

stress vs. control (non-stress) status: Twelve participants were recruited to answer arithmetic tasks of three different 

task levels. The differences of reduction in cortical activation in prefrontal cortex between stressed and control 

sessions, on all three difficulty levels, when measured by fNIRS, were all statistically significant [105]. Heger et al. 

segmented continuous fNIRS data into 5-second length with 50% overlapping, which were then input into a Support 

Vector Machine (SVM) to predict four different affective status: Maximum valence and minimum arousal, minimum 

valence and maximum arousal, maximum valence and maximum arousal, and neutral [117]. Cross-subjects validation 

with one vs. one scheme was used to show the accuracy of the proposed methods, which ranged from 50%-65%. 

Bandara et al. proposed a Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) based 

framework to predict one’s valence, with self-report survey as labels [118]. They rearranged the fNIRS signal as a 2D 

matrix as input to CNN according to the channel layout, followed by a cascade of LSTM cells to capture the sequential 

information within. Their results indicated that the optimal accuracy of cross-subjects validation could be 77.29%, for 

a three-class classification problem. This could only be achieved with the original channel layout, 10 timesteps of 

LSTM, and a combination of HbO and HbR. Benerradi et al. explored three different machine learning methodologies, 

namely, logistic regression model, SVM, and CNN, on classifying mental workload based on fNIRS signal [119]. 

Both generalized and personalized models were implemented to do two class and three class classification. The results 

indicated that generalized models performed as well as personalized models. 

However, as suggested by Shin et al. [120], when collecting fNIRS signal, it usually took one hour with a visual 

feedback for subjects to calibrate, after which data collection became available. The calibration and data collection in 

combination were difficult to finish in one day due to time constraints and the limited concentration capacity of 

participants, which would be even worse for individuals with ASD. For a human-machine interaction system, every 

participant needs at least one visit for training data collection, and thus the feasibility of system will be negatively 

affected. If equipped with an individual-independent validated classifier, participants of the autonomous system will 

save at least one visit or experience one more intervention session.  

Extensive literature has reported that people with ASD experienced anxiety across familial, social, and school life 

[121]–[126]. There were works on predicting the affective status of people with ASD based on physiological signal 

[90], such as EDA, PPG, ECG, EMG, EEG, etc. [60], [99]–[103], [127], [128]. Fan et al. developed an EEG-based 

group-level classifier on recognizing affective states and mental states for adolescents with ASD during a driving task 

[101]. Zhang et al. built a predictive model to classify the cognitive load of an individual with ASD in a  driving 

simulator system based on the fusion of physiological signals, including EEG, GSR, PPG, EMG, and respiration (RSP) 

[99]. Liu et al. built a model to predict binary affective labels: liking, anxiety, and engagement, based on ECG, PPG, 

EDA, EMG, etc. al. [60]. Sarabadani et al. explored automatic characterization of affective states amongst children 

with ASD based on four physiological signals: ECG, RSP, GSR, and temperature [102]. As reliable self-reports on 

emotion are usually unavailable for children with ASD, standard images known to evoke varying levels of valence 

and arousal were used for the participants to view. However, these predictive models were generally task- or system-

dependent. There is a lack of plug-in style predictive model that could be adopted by various intelligent systems for 

children/teenagers with ASD. 

So far, there has not been any work on designing individual independent classifiers predicting the stress status 
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of individuals with ASD based on fNIRS signal.   

Labelling of the affective status for individuals with ASD was a challenging problem partially due to the challenge 

to acquire reliable self-reports on affective status from them [102]. Most existing work used the observation of 

therapist or caregivers as the ground truth [60], [99]–[101], [128]. Some of the studies used self-reports like Self-

assessment Manikin (SAM) [129] scales as labels [127], and other works either used standard emotion elicitation 

database such as IAPS and GAPED [102] as labels, or use unsupervised learning techniques [103]. For this work, task 

vs. non-task data will be used as stress vs. non-stress [130]. 

1.3 Analytical Modelling of Affective Data 

In order to realize the research goals described in section 1.2, analytical models were adopted to quantify the research 

findings or realize the research goal based on affective data occurred in HRI process. 

An analytical model is a quantitative or computational model that models the underlying phenomena to assess or 

predict how well the system performs [131]. It represents a system with a set of numbers or mathematical equations, 

specifying the parametric relationship and their associated parameter values as a function of time, space, or other 

system parameters [131]. There are four types of analytical models [132], [133]: descriptive models, diagnostic 

models, predictive models, and prescriptive models. Descriptive models statistically summarize the past data to 

describe what’s happening [134]. Diagnostic models go one step further and seek to explain the underlying reason of 

the observation summarized by descriptive models [135]. Predictive models are usually associated with data mining 

or machine learning techniques, in order to predict the likelihood of certain event in the future [136]. Prescriptive 

models are dedicated for strategy design, which seek to take action to influence the future outcomes [137]. Although 

most analytics research has been investigated and applied in business related area [138], [139], it has also gained 

momentum on research design and improvement in other areas [140]. In this work, all these four models will be 

adopted. 

Affective data can be classified into two categories: physiological data and behavioral data [90], [141]–[144]. 

Physiological data is collected from invisible internal human body physiological process while behavioral data is 

externally observable behavior such as movement, gesture, and facial expression. The drastic difference between these 

two kinds of data is that the latter could be deliberate, misleading observer’s perception whereas the former cannot be 

concealed. As a result, the former is more objective [145]. 

By analytically modeling the affective data in human-machine interaction process, we will statistically measure 

the phenomena, determine factors for success and failure, improve the intervention protocol and study timeline, as 

well as bridge the gap between social performance within system and social performance in real life. Moreover, the 

prediction of anxiety will also be an implementation of analytical model based on physiological data. 

1.4 Research Objectives 

1.4.1 Specific Aim 1: Exploration on the design of multi-session robot-mediated joint attention 

intervention for young children with ASD 

In the past decade, Socially Assistive Robotics (SAR) has gained momentum due to its ability to engage and evoke 

various social behaviors in children with ASD as well as its capacity of uniform intervention delivery and objective, 

quantitative performance tracking [12]–[17]. 

Evaluation of SAR systems has often focused on documenting proof-of-concept experimentation and 

demonstrating system feasibility [46]. However, to validate potential clinical impact and applications, controlled 

multi-session studies of well-characterized participants are needed [46], [47] to investigate participants’ experience 

with robotic systems over time [48]. A rigorous multi-session study will likely have a between-group design to test 

the influences of multiple independent variables [49], [50]. In a robot-mediated intervention study across time, both 

the robot and natural maturation may contribute to changes in participants’ performance. In order to precisely measure 

the intervention effect brought about by the robot, the natural maturation of children during the study period needs to 
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be excluded from data analyses [51]. 

We have designed two multi-session studies using a SAR to validate the effectiveness of a SAR designed for 

children with ASD. The comparison between these two studies provided insight on two critical aspects: 1) the impact 

of intervention timeline and protocols on changes in children’s engagement, and 2) the impact of engagement on 

intervention outcome. 

Current Status: Two multi-session studies were completed. Two papers [17], [146] were published and another 

paper is in the status of major revision in IEEE Transactions on Cognitive and Developmental System. 

1.4.2 Specific Aim 2: Predicting Social Performance in Real Life from Gaze Distribution in HRI 

Literature on isolation effect has been reported in SAR for children with ASD [13], [58], [59]. If a SAR is used as 

a replacement or substitute for human care, the training and intervention brought by SAR might reduce their human-

human interaction [13]. As such, there’s a gap in knowledge in understanding the relationship between the social skill 

performance within HRI and the social skill within HHI. In order to investigate this isolation effect, we built a 

predictive model to classify one’s RJA performance in HHI based on gaze distribution in HRI. 

Current Status: This work was completed and published in [16]. 

1.4.3 Specific Aim 3: Design of a Computer-Mediated Caregiver-Child Interaction System 

Literature has shown that caregiver-child interaction during early childhood is important for later developmental 

outcomes [69], and caregivers of children with ASD have reportedly experienced more anxiety in this interaction [70], 

[71]. Therefore, there is an urgent need to assist the interaction between caregivers and their children with ASD. This 

assistance is mainly two folds: it helps children with ASD to develop fundamental social skills including IJA and RTN, 

and to relieve the anxiety of caregivers during interaction. We designed an intelligent system to facilitate the 

interaction between caregivers and children. 

Current Status: This work was finished. A conference paper on this topic was published [147] and another 

manuscript is in the status of major revision in IEEE Transactions on Neural System and Rehabilitation Engineering. 

1.4.4 Specific Aim 4: Prediction of stress for individuals with ASD based on fNIRS signal 

Extensive literature has  reported that people with ASD experience anxiety across familial, social, and school life 

[121]–[126]. There were works on predicting the affective status of people with ASD based on physiological signal 

[90], such as EDA, PPG, ECG, EMG, EEG, et al. [60], [99]–[103], [127], [128]. So far, there has not been any study 

reported on predicting stress status of individuals with ASD based on fNIRS signal, which we propose as future work 

to fill the research gap. The proposed work will be divided into two stages: First, a predictive model of stress based 

on fNIRS data from public datasets will be trained and validated; Second, transfer learning techniques will be applied 

to predict stress of individuals with ASD. First stage will be finished by the time of defense and the second stage will 

either be finished or left for future research, as COVID-19 has brought uncertainty to the recruitment of individuals 

with ASD. 

Current Status: The first stage has been completed and the second stage will be finished once the data collection 

being done. 

.  
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Chapter 2: Multi-session Study with Waitlist Control Group Design with a SAR7 

Abstract 

Although there has been growing interest in utilizing SAR for intervention in autism spectrum disorder (ASD), there 

have been very few controlled trials to assess the actual impacts of such systems on core areas of ASD impairment. 

This chapter utilized a multi-session study with randomized waitlist control design to investigate the effectiveness of 

a SAR in a small (n = 23) but well characterized group of young children with ASD. Through analysis by a descriptive 

model, significant performance improvement was not observed in this work, but small group differences were 

observed regarding improvements in core joint attention skills within and beyond the intervention. The sample showed 

tremendous individual variability in response to the system. Results highlighted the current challenges related to 

developing pragmatic, beneficial, and generalizable robotic intervention systems for the targeted population. 

2.1 System Design 

As seen in Fig. 2-1, participants sat on a chair in front of a humanoid robot that would attempt to direct attention to 

two computer monitors hung in the experiment room. An array of four cameras was used for real-time gaze tracking 

based on head pose estimation. The system would reward the child if he/she responded accurately to an attention 

prompt. Otherwise, the system would use more instructive levels of prompts to help the child achieve success [14], 

[148]. 

The system was designed and implemented as a component-based distributed architecture capable of interacting 

through an available network in real-time. System components included: (1) a humanoid robot that provided joint 

attention prompts, (2) two target monitors that could be contingently activated when children looked toward them in 

a time-synched response to a joint attention prompt, (3) an attention tracking sub-system made up of four spatially 

distributed cameras, and (4) an autonomous, within-system supervisory controller that was used to direct interaction 

of these elements by reporting results and responding to real-time behavior. 

2.1.1 Humanoid Robot 

We used a commercially available robot named NAO (SoftBank Robotics; see Fig. 2-1). NAO is a child-sized 

plastic bodied humanoid robot (58 cm tall, 4.3 kg) utilized in other recent applications for children with ASD [149]. 

In this work, the robot was programmed with the capacity to provide joint attention prompts in the form of recorded 

verbal scripts, head turns approximating gaze shifts, and coordinated arm and finger points. The child’s performance 

(i.e., whether he/she was following the robot’s instruction and looking at the target monitors as instructed) was tracked 

in real-time. Accordingly, the robot’s prompts were activated by the autonomous supervisory controller, which 

handled the interaction logic of the robotic system, based on the child’s performance in real-time.  

 

Fig. 2-1 Experiment room setup (robot NAO in the middle of the picture) 

 
7 This chapter is adapted from a published article [17] and has been reproduced with the permission of the publisher and co-authors.  
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2.1.2 Target Monitors 

As seen in Figure 2-2, two 71 cm by 40 cm computer monitors hung at identical positions on the left and right 

sides of the experimental room, approximately perpendicular to the participant. The flat screen monitors played static 

pictures, audio files, and video clips based on study protocol. They were positioned such that if participants would 

like to orient to the target, they would need to engage in substantial head movement and gaze shifts. This helped 

classify measurement of successful participant orientation in response to the robotic prompts. 

 

Fig. 2-2. Experiment room arrangement 

2.1.3 Gaze tracking sub-system 

The attention tracking sub-system was made up of four spatially distributed cameras (Logitech 930e web cameras; 

the resolution was 720p). The gaze tracking sub-system detected the children’s attention to the robot and targets using 

a camera array-based algorithm. This algorithm first detected the participant’s head pose and then used that to 

approximate participant gaze direction based on a methodology validated in our own previous work [10], [14]. The 

system used this gaze information to make real-time decisions on how the prompting sub-system should respond (i.e., 

robot movement/direction, audio activation, video activation, or moving to the next task). 

2.1.4 Supervisory Controller 

An autonomous, within-system supervisory controller was used to direct the interaction of the components of the 

system by reporting results and responding to incoming commands. Specifically, the supervisory controller used the 

gaze tracking sub-system to track the participant’s gaze. That is, the controllers used a quantification of estimated 

attention to track where the participant looked and subsequently allowed the system to independently move through 

sequences of prompts and activations of both the robot and monitors based on the child’s assessed performance and 

in accordance to the intervention protocol (see section 2.2). Thus, the controller directed a global execution logic by 

prompting sub-systems. It is to be noted that the term Supervisory Controller does not mean a human supervisor is 

involved; it is a high-level autonomous controller that makes decision based on sensory feedback and objectives of 

the task using control theory [14], [150]. 

2.1.5 Measures 

Descriptive models such as baseline and outcome assessments evaluated joint attention and social attention skills 

in two ways: (1) a human-administered assessment of early social communication skills as indexed by the Screening 

Tool for Autism in Toddlers and Young Children (STAT) [68], [151], and (2) within-system measurements of 

response to joint attention prompts administered by the robot. The human-administrated assessment revealed how the 

robotic intervention impacted the participants’ social communication with a human (i.e. generalization of potential 

skill improvement to a new person/setting), and the within-system measurements evaluated the participants’ direct 

performance of responding to the robot during the intervention. 

Screening Tool for Autism in Toddlers and Young Children (STAT). The STAT is a standardized semi-structured 

play interaction designed to index key early social communication skills in toddlers between 14-48 months of age. 
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This interactive assessment takes 15-20 minutes, where an examiner interacts with the participant to test specific social 

communication skills. The examiner rates the participant’s performance during the interaction with formal domain 

scores related to key social communication skills, i.e., play, requesting, direction attention, and imitation. This 

assessment examines the participants’ capability of interacting with the examiner, being able to imitate and respond 

to what they are doing, and to direct and initiate joint attention. These domains are considered core social 

communication skill domains overlapping and related to the robotic interaction, but not the exact same skill taught 

within the procedure (i.e., test of generalization of skills to person, context, and task). The 12 play-based STAT items 

are scored as pass or fail. A scoring algorithm grades performance in increments of .25 and provides an overall risk 

score of 0-4, with scores of 2 or above indicating higher ASD risk. 

Within-System Measurement. The robotic interaction system performance was measured using two variables: (1) 

Average prompt level that the participants needed to hit a target in a trial, with lower prompt levels indicating better 

performance and (2) Target hit rate, defined as the percentage of trials where participants eventually hit a target, 

regardless of which prompt level was needed for the target hit (higher target hit rates indicate better performance). 

2.2 Procedures 

2.2.1 Study Timeline 

Informed consent was obtained from the parent/legal guardian of the participant before the study. The researcher 

explained the study thoroughly to the parents/guardians to ensure their understanding of purpose and experimental 

procedures. The family were also given enough time to explore the experimental environment and ask questions. The 

families were informed that their participation was completely voluntary, and they could withdraw from the study at 

any time. As seen in Fig. 2-3, all participants initially participated in a baseline assessment at enrollment. The 

Immediate Participation Group (IPG) group then immediately participated in 4 sessions of robot-mediated joint 

attention intervention sessions followed by an outcome assessment (A2). For the IPG group, the time between A1 and 

A2 was 3-9 weeks (avg: 5.80, SD: 0.99, range: 5.00-7.86). After enrollment, the Waitlist Controlled Group (WCG) 

group engaged in varying levels of community treatment as usual. The WCG group then participated in the same 

outcome assessment at 3-9 weeks from enrollment (i.e., A1) in order to parallel the IPG group’s time between A1 and 

A2 (avg: 6.19 weeks, SD: 1.42, range: 3.71-8.00 weeks), and subsequently received the 4 sessions of robotic 

intervention before completing the final outcome assessment (A2).  The time between A1 and A2 for the WCG group 

was also 3-9 weeks (avg: 5.46 weeks, SD: 0.73; range: 4.43-7.00 weeks). 

 

 

2.2.2 Session Format 

The experiment was undertaken in a clinical setting. Each of the four experimental intervention sessions (S1-S4) 

lasted approximately 10 minutes. Participants sat in a wooden Rifton toddler chair at a table across from the robot, 

with the parent sitting or standing behind them. The Rifton chair has a soft wooden color, adjustable footrest, armrest, 

and safety straps. It does not have casters, and the size fits a toddler well. Parents were instructed not to prompt their 

children. 

IPG A1 S1 S2 S3 S4 A2 

WCG A0 Waiting period A1 S1 S2 S3 S4 A2 

IPG: immediate participation group 

WCG: waitlist control group 

A0, A1, A2: assessment session consists of 8 single-target trials 
S1, S2, S3, S4: intervention session consists of 8 single-target trials 

Fig. 2-3 Timeline of Study I 
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Both S1 and S2 were single-target sessions, each with eight repeated trials. The protocol guiding this intervention 

session was similar to the least-to-most prompting systems deployed in previous works [14], [148], [149]. The 

prompting hierarchy of a trial was designed to provide support to the child only when needed. As seen in Table 2-1, 

the hierarchy moved children from a simple name call and head/gaze shift prompts, to prompts also combining 

pointing plus audio and/or visual activation of the target monitor. In each trial, a 10-second video clip was turned on 

contingent to the system’s registration of child success or at the conclusion of the prompts. These video clips were 

short musical video segments of common preschool television programs, (e.g., Bob the Builder, Dora the Explorer, 

Sesame Street et al.) which were randomized across trial blocks and participants [149]. If the participant successfully 

looked at the target monitor (named as “target hit”) at any time during a trial, the robot would say “Good job!” and a 

reward video was displayed on the target monitor. At that point, the trial was terminated without showing the following 

prompts. If the child was not successful, the system would autonomously initiate higher levels of prompting to achieve 

success, culminating in audiovisual activation of the monitor itself. If the robot finished prompt level 6 and the child 

still had not looked, the system moved to the next trial without activating the reward video. 

 

Table 2-1. Joint attention prompt levels  

Level 1 Robot turned head to a static picture displayed on the target monitor and said “[child name] Look!”. 

Level 2 Repeat Level 1 

Level 3 Robot turned head, pointed (using its arms and fingers) to a static picture displayed on the target monitor, and said 

“[child name] Look over there!”  

Level 4 Repeat Level 3 

Level 5 Robot turned head, pointed (using its arms and fingers) to the target monitor (that displayed an audio clip), and said 

“[child name] Look over there!” 

Level 6 The target monitor displayed a video clip, and other parts were the same as those of Level 5. 

 

The experiments involved multiple sessions, therefore, we applied a change in S3 and S4 to prevent potential 

ceiling effects wherein some children quickly achieved social orienting goals in S1 and S2. In S3 and S4, children 

first experienced the single-target session as that in S1 and S2. Then, they would proceed to the double-target session 

if they either (1) successfully hit the target on prompt levels 1 to 2 at least four times in a row or (2) if the participant 

hit the target on prompt levels 1 to 4 in all eight trials. Otherwise, they would experience the single-target session once 

again. The double-target session asked children to look at the targets in the exam room in a specified sequence. This 

provided an extra level of difficulty and sustain engagement for children who mastered the simple single-target tasks. 

Given that children had to demonstrate mastery of the simple prompting system to move to the double-target sequence, 

this sequence only included two levels of prompts. Starting with Prompt 1, the robot first turned its head to one target 

monitor and said, “First look at that!”, and then turned to the opposite monitor and said, “Then look over there!” If 

the participant did not succeed, Prompt 2 was provided. In Prompt 2, the robot turned its head to the target, pointed at 

the target with its arm, and said, “First look at that!” At which point the target monitor displayed a short video to help 

attract the participant’s attention. Following the short video, the robot prompted to the opposite target with the same 

type of motion and verbal prompt, “Then look over there!” and the second target monitor subsequently displayed 

another short video. On any prompt level, if the participant looked at both the targets following the robot’s instruction, 

the robot would say, “Good job!”, and the second target would display a short reward video as that in the single-target 

sessions. The double-target trials were given one by one until the session reached 5 minutes. 

2.2.3 Planned Data Analyses 

We first examined if there was a significant time × group interaction for our primary within-system joint attention 

variables and STAT scores using two-way Analysis of Variance (ANOVA). This was allowed for a comparison of 

changes in performance that may be due to the intervention procedure or rather due to maturation or other non-study 

related factors. 
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Because participants in the WCG group underwent the same intervention structure as those in the IPG group after 

the waiting period, we then combined the IPG and WCG groups into a total intervention group in order to examine 

and explore variability in individual response to the robotic interaction across all participants. We compared the 

participants’ pre- and post-intervention within-system joint attention variables and STAT scores using one-way 

ANOVA. 

Due to the heterogeneous behavioral patterns, responses to stimuli, and large individual baseline skill differences 

among children with ASD, we specifically looked for differences between the participants who showed improvement 

in interactions after intervention and those who did to explore whether some children tolerated and benefited more 

from the robotic system than others. One-way ANOVA was applied for this statistical analysis. 

2.3 Participants 

Twenty-three children (average age: 2.54 years, range: 1.64 - 3.14 years) with a clinical diagnosis of ASD were 

recruited through an existing university research registry.  We specifically recruited children soon after their initial 

ASD diagnosis (average of 4 months from diagnosis to enrollment) in order to approximate real-world usage of this 

intervention as a potential ‘priming’ or ‘accelerant’ technology deployed while children wait for other evidence-based 

services.  All study procedures were approved by the university Institutional Review Board. 

This study used a randomized waitlist control design, where participants were randomized using a random number 

sequence generator to a waitlist control (WCG; n = 11) group or to our immediate participation robotic intervention 

(IPG; n = 12) group.  Participants were not restricted from receiving any collateral intervention services during their 

involvement.  Two children in the WCG group and one child in the IPG group did not tolerate the initial session (i.e., 

showed significant distress) and as such did not continue in the study, yielding a final total n of 20 (9 in WCG, 11 in 

IPG). The IPG group started the robot-mediated intervention (3-9 weeks) right after recruitment, while the WCG 

group first waited 3-9 weeks, and then experienced the robot-mediated intervention that also lasted 3-9 weeks. 

As seen in Table 2-2, the recruitment registry includes individuals with a medical diagnosis of ASD from a licensed 

clinical psychologist who scored at or above clinical cutoffs for risk on a research reliable administration of the Autism 

Diagnostic Observation Schedule, Second Edition (Lord et al. 2012).  The registry also contains cognitive testing 

scores (IQ) derived from the Mullen Scales of Early Learning (Mullen 1995). Both groups were statistically similar 

regarding Autism diagnostic observation schedule-2 (ADOS-2) [152] scores (p=.36), cognitive abilities (p=.10), age 

(p=.96), and months between the assessment and the enrollment (p=.90). 

 

Table 2-2. Participant characteristics (Mean (SD)) 

Group ADOS-2 IQ Age Months between ADOS Assessment and Enrollment 

IPG 19.80 (5.39) 61.90 (14.48) 2.55 (0.45) 4.56 (3.00) 

WCG 21.27 (4.00) 56.00 (8.97) 2.54 (0.40) 4.32 (1.32) 

All 20.57 (4.65) 58.81 (11.99) 2.54 (0.41) 4.44 (2.28) 

2.4 Results 

2.4.1 Time × group interaction analyses 

Two-way ANOVAs did not reveal any significant time (i.e., pre- and post- intervention for the IPG group; pre- 

and post- waiting period for the WCG group) or group main effects or interactions (see Table 2-3). 

 

Table 2-3. IPG’s performance before and after intervention vs. WCG’s performance before and after the waiting period. Mean (SD) and F and p 

values from 2-way ANOVA analyses on the two groups’ performance. 

 
Group-Assessment session  F/p values 

IPG-A1  IPG-A2  WCG-A0  WCG-A1  Time  Group Time*Group 
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STAT score 3.13 (1.09) 2.80 (1.30) 3.18 (0.97) 3.05 (0.80) 0.45/0.50 0.20/0.66 0.09/0.77 

Within-System 

Performance 

Prompt 
level 

2.39 (1.11) 2.53 (1.12) 2.17 (0.71) 2.29 (0.90) 0.19/0.67 0.56/0.46 0.00/0.97 

Target hit 

rate 
0.91 (0.13) 0.88 (0.13) 0.94 (0.09) 0.86 (0.17) 1.76/0.19 0.02/0.88 0.20/0.66 

 

2.4.2 Pre-post intervention comparison of all participants 

Because both groups participated in the robotic intervention protocol, we combined data of the two groups to 

compare the all participants’ performances (n = 20) before and after the robotic intervention. Although participants’ 

overall STAT performance improved by 0.33, which exceeds the incremental grading step (0.25) of the STAT scoring 

algorithm, within-system performance related to prompt level and hit rate showed no significant differences before 

and after robotic intervention (see Table 2-4). 

 

Table 2-4. The RI + WCG groups’ performance before and after the robotic intervention 

 Before intervention After intervention p value 

STAT score 3.09 (0.93) 2.76 (1.20) 0.35 

Within-system performance 
Prompt level 2.34 (0.96) 2.46 (0.98) 0.70 

Target hit rate 0.89 (0.15) 0.86 (0.17) 0.62 

 

2.4.3 Examination of participants who did and did not improve 

Given the limited findings of benefit of the intervention, we then looked at the heterogeneity of participant 

performances. Specifically, we conducted secondary data analyses to investigate differences between those 

participants who improved and those who did not. 

For each measure, as seen in Tables 2-5 and 2-6, there were some participants who showed improvements 

(improve) and others who either remained stable or declined (non-improve). Please note that the participants for 

different categories (improve vs non-improve × different measures) might overlap.  For example, some participants 

improved in both STAT and within-system performance. 

 
Table 2-5. The change of measurements in the improved subgroup (Mean (SD)) 

 Number of participants Before Intervention After Intervention p value 

STAT score 10 2.98 (1.18) 2.15 (1.37) 0.16 

Within-system performance 
Prompt level 7 (2 also improved in target hit rate) 2.67 (1.25) 1.65 (0.54) 0.07 

Target hit rate 8 (2 also improved in prompt level) 0.73 (0.12) 0.94 (0.07) 0.001 

 
Table 2-6. The change of measurements in the non-improved subgroup (Mean (SD)) 

 Number of participants Before Intervention After Intervention p value 

STAT score 10 3.20 (0.65) 3.38 (0.60) 0.54 

Within-system performance 
Prompt level 13 (7 did not improve in target hit rate, either.) 2.16 (0.81) 2.90 (0.89) 0.04 

Target hit rate 12 (7 did not improve in prompt level, either.) 0.99 (0.04) 0.81 (0.20) 0.005 

 

Regarding STAT performance before and after intervention, 10 (50%) participants improved and 10 did not. These 

changes in STAT score for both subgroups (improved and non-improved) were not statistically significant (see top 

rows of Tables 2-5 and 2-6). 

Regarding within-system performance, 7 (35%) participants improved in prompt level and 13 (65%) did not. Eight 

(40%) participants improved in target hit rate and 12 did not. As shown in Table 2-5 and Table 2-6, changes observed 

within both the improved subgroup and the non-improved subgroups were significant. In other words, while no 
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significant change was observed across all participants’ within-system performance, the improvement in the improved 

subgroup was significant and the decline in the non-improved subgroup was also significant. This may have indicated 

a polarization pattern in the response to robot, whereby participants either improved significantly or performance 

decreased significantly. Thus, these different patterns of change, when combined, demonstrated non-significant results 

when all participant outcomes were analyzed together. These results also give evidence to the importance of 

individualized and personalized intervention for children with ASD, given their inhomogeneous response to robots.  

Individual participants demonstrated tremendous heterogeneity in improvement (or lack thereof) across the varied 

outcomes assessed. There was not an apparent consistent pattern of children demonstrating improvements in STAT 

and within-system measures. For example, there were 10 participants with improved STAT scores, with six of them 

also improving in at least one within-system performance measures, with the others not demonstrating such gain. 

Among the 10 participants who did not improve in STAT, seven of them had at least one within-system performance 

measure improved, while only three did not. These results showed the heterogeneous in children with ASD and the 

potential complexity when designing interventions for them. There is no one-fit-all design for all children with ASD, 

and robotic interventions may not work for all children with ASD. Therefore, we need to analyze the characteristics 

of subgroups that tend to be benefited more by the robot-mediated intervention. 

2.4.4 How changes in STAT performance related to baseline clinical characteristics variables 

We further investigated whether there was any difference between the participants who improved on the STAT 

(as shown by decreased scores, reflecting fewer ASD symptoms) and those who did not improve (performance 

unchanged or worsened). Table 2-7 shows the baseline diagnostic variables (i.e., characteristics) of the participants in 

both subgroups. We conducted one-way ANOVAs to compare scores across subgroups. Children who improved on 

the STAT had, at time of diagnosis, significantly lower diagnostic ADOS-2 scores (p = .03) and higher IQ scores at a 

level which approached statistical significance (p = .06). While the small sample size and use of repeated measures 

may indicate that this result is an artifact, it is consistent with some other studies on the early intensive intervention 

outcomes of young children with autism, where lower baseline autism severity predicted better outcomes after 

intervention (Itzchak and Zachor 2011; Perry et al. 2011; Vivanti et al. 2014). Other comparisons were not significant 

(p values > .10). 

 
Table 2-7. Characteristics of the participants whose STAT scores did and did not improve after the robotic intervention (Mean (SD)) 

Subgroup 
# of 

participants 

ADOS-2 New Algo 

total raw score 
SRS-2 total raw score 

SRS-2  

Tscore 

SCQ Current 

Total Score 
IQ Age 

Improved 10 19.10 (4.98) 95.20 (35.83) 70.60 (13.84) 17.70 (6.43) 62.80 (14.55) 2.53 (0.52) 

Not 

improved 
10 23.88 (2.53) 108.70 (18.18) 75.70 (6.90) 21.50 (2.68) 51.50 (5.88) 2.58 (0.37) 

 

2.4.5 How changes in within-system performance related to clinical characteristics 

We also investigated whether there was any difference between the participants who improved on the within-

system performance and those who did not improve. We consider a participant’s within-system performance as 

“improved” if this participant showed improvement in at least one measure (as shown by decreased prompt level 

needed and/or an increased target hit rate). There were 13 participants whose within-system performance improved. 

Table 2-8 shows the diagnostic variables (i.e., characteristics) of the participants in both subgroups. One-way 

ANOVAs did not reveal significant differences in ADOS-2, SRS-2 total raw, SRS-2 T, SCQ, and IQ. The difference 

in age approached significance (p = .07), which indicated that younger participants tended to show improved within-

system performance. 
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Table 2-8. Characteristics of the participants whose within-system performance did and did not improve after the robotic intervention (Mean 

(SD)) 

Subgroup 
# of 

participants 

ADOS-2 New Algo 

total raw score 

SRS-2 total raw 

score 
SRS-2 Tscore 

SCQ Current Total 

Score 
IQ Age 

Improved 13 22.17 (3.49) 101.08 (22.61) 72.85 (8.63) 19.85 (4.32) 51.31 (19.08) 2.42 (0.49) 

Not 
improved 

7 19.33 (6.38) 103.57 (39.32) 73.71 (15.20) 19.14 (6.87) 53 (27.54) 2.80 (0.16) 

 

2.5 Discussion 

This work builds upon existing literature by implementing a waitlist-controlled design to evaluate the impact of a 

robotic intervention system on core social communication deficits in young children with ASD, as measured both by 

the system itself as well as within human interactions. In general, we had hypothesized that a sophisticated, 

developmentally-informed robotic intervention system could potentially accelerate aspects of learning and 

engagement. Specifically, we hoped previously documented attentional advantages towards robotic and technological 

stimulation could be harnessed into a robotic interaction paradigm of utility (i.e. utilizing a closed-loop system that 

requires limited user expertise to guide performance) and prime skills related to core areas of impairment in most 

toddlers with ASD (i.e., joint attention skills). Ultimately, if successful it would be conceivable that such systems 

could be deployed when other evidence-based intervention might be limited or not immediately accessible, for 

example or when the participants are on the waitlist for a clinical appointment or awaiting initiation of services. 

However, by conducting with a relatively small sample through a specifically designed protocol targeted joint attention 

skills, we did not see substantial improvement (neither the joint-attention tasks mediated by the robot, nor the 

interaction in STAT with human) when examining children with ASD as compared to a waitlist control group or when 

collapsing groups to examine an overall intervention effect. 

Given the limited group level benefits observed in the current work, we conducted further exploration of potential 

factors related to improvement for some children. Although some factors appear to warrant further investigation (i.e. 

potential differential benefits for younger children or children with lower levels of ASD symptoms), our results do not 

seem to indicate clear patterns of response across this heterogeneous group. This was expected given the heterogeneity 

of symptom presentation in young children. We anticipated that there would be individual variation in response to the 

intervention paradigm. While we did not find data to support the benefits of this specific robotic intervention for very 

young children (average age is about 2.5 years) with ASD on a group level, we did see significant changes, 

improvement and declines, in subgroups of the participants. In other words, improvement in specifically constructed 

“improved” subgroup was significant as was decline in constructed “non-improved” subgroups. This may have 

indicated a polarization pattern in the response to robot, whereby participants either improved significantly or 

performance decreased significantly. Ultimately, these results also give evidence to the importance of individualized 

and personalized intervention for children with ASD, given their inhomogeneous response to robots. The results of 

this current study were not exactly aligned with previous pilot studies (showed significant improvements in within-

system measures) using similar robotic systems [149], [148], [14], as only a subgroup of participants showed 

significant improvement in the robot-mediated joint attention task. The main reasons may include: 1) all previous 

studies only included very small samples size (6 – 14 children with ASD), and thus the results could be biased; 2) the 

participants of previous studies were older that the participants of the current study, and thus the intervention effect 

may be sensitive to children’s age and developmental stages; and 3) all previous studies had fewer experimental 

sessions than the current study, and thus may indicate the participants’ response to the robot tend to decrease after too 

many repetitive sessions. In summary, it seems that the potential benefits of robotic interaction for children with ASD 

remains unclear. 
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Although this study represents a fairly well-controlled study of a well-defined subgroup of children and targets an 

important core skill area during a developmentally appropriate window of intervention (i.e. joint attention skills in 

recently diagnosed toddlers), there are many limitations of the current work. Our sample size was small, exposure to 

the intervention was brief, the intervention itself although novel (closed-loop operation) was predefined and 

potentially not flexible enough for benefit, we utilized only one type of robot/system, and we utilized only proximal 

within-system and assessments not considered gold standard metrics of outcome/change. These limits make it 

challenging to comment on other applications of robotic technologies and paradigms and potential value. In addition, 

this study lacks of qualitative data collection and analyses regarding the participants’ experience, preference, and 

attitude towards the robot as well as environmental factors. Future studies should collect and analyze related 

information, including the views of caregivers, care providers, and other stakeholders. The current study was 

undertaken in a clinical setting. Future works may include testing the system in a school or care setting that the 

participants are familiar with. This may help the participants be more comfortable, and thus lead to better intervention 

outcomes. 

Important limitations also existed in the technical development. The current robotic system may not be sufficient 

to help the children contact enough social reinforcement, such as stimulate mutual enjoyment and social motivation 

in these children. Note that current robotic technologies can only mimic some functionalities of human, such as 

recognizing a number of predefined behaviors, making some humanlike movements, etc. Usually, these functions are 

combined following a predefined execution logic (e.g., a sequence of movements, speeches, and/or detections) to 

implement a robot-mediated intervention. However, the required skills of a real human therapist to conduct a high-

quality comprehensive intervention for children with ASD are way more complex than what can be done using current 

robotic technologies.  Therefore, the findings of the current study are important to acknowledge that at present even 

some of our most technologically sophisticated and developmentally informed robotic intervention paradigms may 

not be able to demonstrate readily identifiable, clinically significant, and meaningful improvements for young children 

with ASD. This study also suggest that more advanced functionalities may be essential to develop useful robotic 

intervention systems in the future. For instance, although the current system can adjust prompt levels based on 

participants’ target-hit performance, it cannot trace the emotion of the participants, nor identify the participants’ 

engagement, while both are important and might significantly impact children’s behaviors during the intervention.  

The applied system cannot recognize and response to the joint attention cues initialized by the children. This means if 

the children would like to switch the roles with the robot, the robot cannot respond properly, which may frustrate the 

children. However, switching the roles in joint attention practices is very common and encouraged in real-world 

therapist-administrated interventions. In addition, different types of robots may fit in different applications for children 

with ASD, as discussed in the current and previous research outcomes [38], [153]–[155]. There is no single robot that 

can provide all required functions for all children with ASD, and thus more versatile robotic systems that serve 

particular subgroups (with different characteristics) need to be developed in the future. 

Our findings ultimately highlight the need to carefully consider participant heterogeneity when determining the 

impact of technological protocols, specifically robotic intervention, on young children with ASD. In our protocol as 

an example baseline clinical characteristics related to cognitive skills and autism symptoms were predictive of changes 

in human interactions post intervention. Additionally, patterns of significant improvement as well as worsening 

performance within-system strongly suggest that robotic intervention systems may not be an appropriate 

supplementary intervention tool for all young children on the autism spectrum, underscoring the need for additional 

well-controlled trials of participant characteristics that inform our understanding of which children may or may not 

benefit. 
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Chapter 3: Exploration of Design of Multi-Session Robot-Mediated Joint Attention 

Intervention for Young Children with Autism Spectrum Disorders 

Abstract 

To explore the possibility of its long-term usage, we conducted a multi-session study (Study I), introduced in chapter 

2, to validate the effectiveness of the intervention brought by a SAR. However, no significant performance increase 

was observed when measured by descriptive model. Through a novel diagnostic model, System Capture Ratio, 

designed to indicate participant engagement, we found that a lengthy intervention timeline and repetitive trials led to 

decreased engagement and consequently a lack of improvement of RJA performance. Therefore, we conducted another 

multi-session study (Study II) based on a prescriptive model: a shorter timeline and a more adaptive interaction 

protocol. Experimental results showed that in Study II, the participants’ engagement measured by the diagnostic 

model was maintained, and their RJA performance improved significantly, by the descriptive model. To the best of 

our knowledge, this work is the first that demonstrated 1) the impact of intervention timeline and protocols on changes 

in children’s engagement and 2) the impact of engagement on intervention outcome. 

3.1 NORRIS OVERVIEW 

3.1.1 System Description 

NORRIS was designed to be a closed-loop HRI system that could automatically initiate RJA trials, track participant 

performance, and respond accordingly. The experimental setup of NORRIS is shown in Fig. 1 and Fig. 2. A detailed 

description of the system configuration and experimental environment can be found in [14]. As depicted in Fig. 2, 

NORRIS includes five components: 1) a supervisory controller that coordinated individual system components; 2) a 

robot administrator that prompted children to look at different target monitors for RJA tasks using speeches and deictic 

gestures; 3) a large-range gaze tracking subsystem that monitored the participant’s attention in real-time; 4) target 

monitors that displayed joint attention targets, and 5) reward videos (if the participant responded to the robot’s 

prompts). These components together constituted a closed-loop human-robot interaction (HRI) process to initiate, 

train, and reinforce a participant’s RJA skills.  

3.1.1.1. Supervisory controller 

In order to control the system processes and communicate-on amongst different system components, the 

supervisory controller was designed as a closed-loop Finite State Machine [14]. Communication channels were 

established by TCP/IP protocol. 

3.1.1.2. Robot administrator 

A robot administrator systematically presented gestures and speech according to intervention protocol. A 

humanoid robot, NAO, was used due to its attractive appearance for children [14]. NAO is 58 cm tall, 5.2 kg weight 

and has 25 degrees of freedom to perform human-like actions. 

3.1.1.3. Gaze tracking subsystem 

The gaze tracking subsystem consisted of 4 equidistant cameras placed along a semi-circle enclosing the 

participant. It approximates the direction of the participant’s attention using their gaze direction. A stable and robust 

supervised gradient descent algorithm [156] was applied to detect the head pose of the participant, which was used to 

predict gaze direction in real time. Its detection range covered the NORRIS space (i.e., the continuous space bounded 

by Monitors 1 and 2, with the NAO robot in the middle), and its detection frequency was 15 fps [14], which was 

considered as a real time tracker. Due to the difficulty in distinguishing purposeful looking from accidentally looking 

at the target monitor, NORRIS registered a target hit as soon as the participant’s gaze fell on the target within a 

response time window (5-10 seconds, see II.B). 
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3.1.1.4. Target monitors 

In order to set up attention targets in different directions to reduce habituation and reward RJA behaviors, two 

target monitors were used, one on the left and one on the right side of the participants. Both monitors displayed target 

pictures, audios, and/or videos in accordance to the prompts from NAO to attract a participant’s attention; they also 

played a reward video clip after the participant looked at the target within the response time window. Tables 3-1, 3-2, 

and 3-3 show the prompting hierarchies designed to reinforce RJA in this research. Video and audio clips used in the 

system were carefully selected from a popular children’s cartoon. 

 

 

 

3.1.2 Intervention task design 

The interaction task [14] was designed according to the hierarchical RJA skill assessment embedded within the 

ADOS-2, the gold standard autism diagnostic instrument. 

In order to provide a variety of training experiences across participant skill levels, a variety of trials with different 

difficulties were delivered: single-target, double-target, and triple-target trials. In a single-target trial, the robot 

prompted the participant to look at either the left or the right target monitor. In a double-target trial, a sequence of 

targets, either left-right or right-left were prompted. Similarly, a triple-target trial consisted a sequence of targets as 

left-right-left or right-left-right. Least-to-most prompt hierarchies [14] of single and double-target trials were designed 

 
Fig. 3-1.  NORRIS System environment 

 
 

 

 

 
 Fig. 3-2.  NORRIS System modules and closed-loop HRI 

TABLE 3-1.  

PROMPT HIERARCHY OF A SINGLE-TARGET TRIAL 
Prompt 

index 
Prompt 

1 

Robot turns its head towards the target, calls participant’s 

name and says: “Look!” and a picture is displayed on the 

target monitor 

2 Same as Prompt 1 

3 
In addition to Prompt 2 (speech changes to “Look over 

there!”), the robot points to the target using its arms 

4 Same as Prompt 3 

5 
In addition to Prompt 4, an audio clip is played on the target 

monitor with no picture 

6 
In addition to Prompt 4, a video clip is played on the target 

monitor 

 

 

TABLE 3-2.  

PROMPT HIERARCHY OF A DOUBLE-TARGET TRIAL 

Prompt 

index 
Prompt 

1 

Robot turns its head towards the targets in 

sequence, calls participant’s name and says: “First 

look over here and then look over there!” and the 

same pictures shows on both target monitors 

2 

Robot turns its head towards the targets in 

sequence, calls participant’s name and says: “First 

look over here and then look over there!” and 

videos is played following the sequence on two 

target monitors 

 

TABLE 3-3.  

PROMPT HIERARCHY OF A TRIPLE-TARGET TRIAL 

Prompt index Prompt 

1 

Robot turns its head towards the targets in a sequence, calls participant’s name and says: “First look 

over here, then look over there. Finally look back over here!” and video clips is played following the 

sequence on the target monitors. 
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with different stimuli to help the participant find the shared target(s), which are shown in Table 3-1 and 3-2. The triple-

target trial contained one long prompt as shown in Table 3-3. After each prompt, there was a 5-second (for single-

target trials) or 7-second (for double and triple-target trials) response time window for a participant to look at the 

target(s). 

A trial was successful if the participant looked at target(s) following the robot’s prompts within a response time 

window (target hit). The last prompt index needed for this successful trial was logged, followed by a reward video 

displayed on the target monitor to end this trial. If the participant could not respond to the robot and look at the shared 

target(s) after all prompts were given, the trial was considered unsuccessful and next trial started. Depending on the 

participant’s performance, the duration of a trial varied from 10 seconds (the participant hit the target right after the 

first prompt) to 1 minute (all prompts were needed). 

3.1.3 Performance measurements 

The RJA performance of a session that contains multiple trials was evaluated by two descriptive analytics: hit rate 

and prompt level, defined as follows: 

hit rate: # of successful trials / # of all trials in the session;    (3-1) 

prompt level: avg of the last prompt indices across trials.    (3-2) 

A higher hit rate means more successful trials and a lower prompt level means trials were completed with fewer 

prompts. Thus, a higher hit rate and a lower prompt level indicate better RJA performance. Hit rate is a more 

fundamental indicator as it indicates whether a participant can find the shared targets or not, which is at the core of 

RJA skills; whereas the prompt level is a measurement of how much assistance a participant needs to find the shared 

targets. 

Please note that hit rate and prompt level were measured only on assessment sessions. They were not used to 

measure performance of intervention sessions. (Please refer to Table V and Table VIII for assessment session and 

intervention session.) 

3.2 Multi-session Study I 

Study I was an initial experiment to explore the potential of multi-session intervention through NORRIS. Based on 

our experience with NORRIS in a single session pilot study [14], we expected that children with ASD would improve 

significantly in RJA skills after the intervention. Although carefully designed and rigorously implemented, outcomes 

of Study I did not exhibit any significant improvement either on hit rate or prompt level. Eventually, upon closer 

examination, Study I revealed important information as to the non-improvement in RJA, which led to an improved 

study design (Study II). We first introduce Study I in this section as a foundation to explain important factors involving 

in the design of a multi-session robot-mediated intervention. 

3.2.1 Participants Characteristics 

Twelve young children with ASD (9 males, 3 females, age (years) = 2.03-4.64; Mean age = 2.62 years, std. dev = 

0.33) participated in the study. Inclusion criteria included existing ASD diagnosis according to DSM-5 criteria and 

judgment of a licensed clinical psychologist, and having a parent fluent in English. All participants obtained scores 

on the ADOS-2 that surpassed cut-offs for the autism spectrum . It will be important for future studies to examine how 

children’s cognitive, language, and attention skills may affect their performance within the system. Table IV presents 

diagnostic information including scores on the Autism Diagnostic Observation Schedule-Second Edition (ADOS-2) 

[152] and the Early Learning Composite [ELC] of the Mullen Scales of Early Learning [157] (MSEL, early childhood 

developmental assessment). Participants were randomized into an immediate participation group (IPG) or a waitlist 

control group (WCG). As seen in Table IV, there were no statistically significant differences in diagnostic 

characteristics or time since diagnosis between the two groups, tested by two-sided Wilcoxon rank sum test. The study 

was approved by Vanderbilt University Institution of Review Board, IRB Protocol 170022 (approval date 1/4/2017). 
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Informed consent procedures were conducted with participating families prior to enrollment by key study personnel. 

 

 

3.2.2 Study timeline and protocol 

As shown in Table 3-5, a waitlist control design was adopted to investigate two independent variables that may 

influence RJA performance: natural maturation and NORRIS intervention. Participants were randomized into these 

two groups at recruitment. After recruitment, both groups had an initial RJA assessment (right before intervention for 

IPG (IPG-A1) and right before the waiting period for WCG (WCG-A0)). All assessments, including the initial ones, 

had 8 single-target trials to evaluate children’s baseline RJA performance mediated by the robot. Then, the IPG group 

experienced 4 intervention sessions (IPG-S) across 3-9 weeks, while the WCG group experienced a waiting period 

(WCG-WP) of similar length. After the intervention, the IPG group had the post-intervention assessment (IPG-A2). 

After the waiting period, the WCG group had a post-waiting assessment (WCG-A1). On average, the actual interval 

between IPG-A1 and IPG-A2 was 6.25 (SD = 1.65) weeks, and that between WCG-A0 and WCG-A1 was 6.40 (SD 

= 1.70) weeks. A two-sample t-test (p > .10) shows no statistically significant difference between the two time periods. 

 

 

The WCG group continued with robot-mediated intervention after WCG-A1, which also served as the pre-

intervention assessment. Then, the WCG group also took part in four sessions of robot-mediated intervention (WCG-

S) as that of the IPG group. This study design provided two possibilities. First, WCG during the waiting period served 

as the natural maturation control of IPG. Second, since WCG also experienced the intervention after WCG-A1, the 

two groups can be combined to study the effect of intervention by comparing A1 and A2. This provided a larger 

sample size than using the IPG’s data only. 

S1, S2, S3-A and S4-A were all single-target sessions (8 trials per session) with different video and audio 

selections. S3-B and S4-B were optional and designed to prevent potential ceiling effect (i.e., if the participants could 

always hit the targets with minimal prompt levels, and thus could not improve their skills anymore). Part B consisted 

of 5-minute double-target trials if at least 4 trials in a row were successful within the first two prompts or all 8 trials 

were successful within the first four prompts in Part A. Otherwise, Part B would be another 8 single-target trials. For 

each session (both Study I and Study II), the experimenter monitored the whole session process in a separate monitor 

TABLE 3-4.  

PSYCHOLOGICAL CHARACTERISTICS COMPARISON OF IPG AND WCG IN STUDY I 

Measurements IPG: Mean (SD) WCG: Mean (SD) p-value* 

Age at recruitment (years) 2.49 (0.54) 2.80 (0.26) .59 

ADOS-2 total raw score 21.80 (3.25) 22.83 (3.06) .74 

SRS-2 total raw score 105.83 (25.14) 113.33 (16.54) .78 

SRS-2 T-score 74.50 (9.69) 77.67 (6.38) .78 

SCQ Current Total Score 19.17 (4.26) 21.50 (3.33) .57 

MSEL ELC 61.67 (15.15) 52.50 (6.80) .39 

Months between ADOS assessment and enrollment 0.36 (0.22) 0.40 (0.09) .42 

*tested by two-sided Wilcoxon rank sum test 

 

TABLE 3-5 

TIMELINE OF STUDY I 

IPG A1 S1 S2 
S3 S4 

A2 
A B A B 

WCG A0 Waiting period A1 S1 S2 
S3 S4 

A2 
A B A B 

IPG: immediate participation group 

WCG: waitlist control group 

A0, A1, A2: assessment session consists of 8 single-target trials 

S1, S2: intervention session consists of 8 single-target trials 

S3, S4: intervention session consists of 8 single-target trials (Part-A) and an optional Part-B (single- or double-target trials depending on the 

performance in Part-A). 
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room. A therapist helped participants seated in the participant chair and left the experiment room when session started. 

As both Study I and Study II were multi-session studies with specific training tasks, we expected that children’s 

familiarity with the process would develop as they interacted with the system and were rewarded for specific  

behaviors. 

3.2.3 Results 

To compare changes in hit rate and prompt level across robot-mediated intervention and natural maturation (Fig. 

3-3), we computed the differences between IPG-A1 and IPG-A2 and that between WCG-A0 and WCG-A1. For IPG, 

both the hit rate and the prompt level increased after intervention. For WCG, hit rate decreased while the prompt level 

increased after the waiting period. Two-way ANOVA test showed no significant difference either in time (pre-

intervention/waiting vs. post-intervention/waiting) or in groups (IPG vs. WCG). Then, we compared the pre-post RJA 

performances combining IPG and WCG. One-way ANOVA test showed no significance change from A1 to A2. For 

numerical computation, we empirically penalized the last prompt index of an unsuccessful trial (no target hit) as 10. 

The decrease of hit rate and increase of prompt level from WCG-A0 to WCG-A1 may reflect decreased RJA skills 

during the waiting period, which may be due to the reduced novelty effect and thus a decreased engagement with 

NORRIS.  

 

 

3.3 Analyses and reflection on Study I 

According to our observation, many participants lost engagement with NORRIS in Study I. Engagement, which 

indicates how dedicated a participant is during a task, is critical in human robot interaction [35], [158], [159]. When 

the interaction remains the same, the novelty effect wears off and the participants tend to lose engagement [13], [50]. 

Therefore, we decided to investigate whether the interaction protocol of Study I failed to maintain participant 

engagement, thereby negatively impacting our ability to assess for RJA improvement.  

3.3.1 System Capture Ratio (SCR) 

During the interaction, NORRIS failed to track the gaze when the children turned away from the system (e.g., 

facing back, facing down, looking at the ceiling and so on) and/or putting their hands in front of their faces. As use of 

gaze  to share attention has been a critical sign of engagement in gaze following tasks such as joint attention 

[160][161], these two behaviors (i.e., covering faces and turning away) were regarded as signs of reduced engagement. 

Therefore, in order to quantify task engagement, we proposed a new diagnostic model, System Capture Ratio (SCR), 

to measure participants’ engagement reflected by gaze distribution.  

SCR was proposed as an effective indicator, rather than an objective measurement of attentional engagement. The 

 
(a)           (b) 

Fig. 3-3.  (a) Study I hit rate comparison: pre-intervention vs. post-intervention & pre-waiting vs. post-waiting. Circle: mean value; error bar: 

10% of standard deviation; (b) Study I prompt level comparison: pre-intervention vs. post-intervention & pre-waiting vs. post-waiting. Circle: 

mean value; error bar: 10% of standard deviation. 
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detection range of gaze tracking subsystem covered the entire continuous environmental space of NORRIS, i.e., the 

continuous space bounded by Monitors 1 and 2, with the NAO robot in the middle. The spaces between NORRIS 

components were not excluded because gaze fallen on those places was highly likely an explorative behavior. Based 

on our empirical observation, participants covered their faces or turned away from the NORRIS environment if they 

did not want to engage with NORRIS, and these were the only two conditions where NORRIS lost tracking of their 

head pose, without which gaze could not be approximated [14]. As use of gaze to share attention is a critical sign of 

engagement in gaze following tasks such as joint attention, it is reasonable to use gaze as an indicator/proxy for 

engagement [160][161]. Therefore, we created gaze related metric—SCR, as an indicator of engagement within 

NORRIS. 

Recall that a study had multiple sessions and there were multiple trials in each session. SCR was hereby defined 

as the ratio of the time duration a participant’s gaze could be tracked by the camera array and the total time duration 

of a session (session-SCR) or a trial (trial-SCR). This was inspired by the work of Anzalone et al. [38], where gaze 

distribution was proposed as a measure for engagement in children with ASD during HRI. 

Since both SCR and RJA performance were measured using participants’ gaze, we tested the correlation between 

the two in Study I, combing both IPG and WCG, using Pearson’s r test. Both the correlation between session-SCR 

and hit rate (r = 0.40, p < .01) and that between session-SCR and prompt level (r = - 0.36, p < .01) were moderate and 

significant. Recalling that a higher hit rate and a lower prompt level indicated a better RJA performance, the 

correlations suggested that children with higher engagement (indicated by higher SCR) performed better in the robot-

mediated intervention (indicated by higher hit rate and lower prompt level).  

Among the 624 trials completed in Study I, the average trial-SCR of successful and unsuccessful trials was 0.83 

(SD = 0.21) and 0.74 (SD = 0.31), respectively. Two-sample t-test showed a significant difference between them (p < 

.0001). Therefore, a high trial-SCR is an indicator of a successful trial. 

In summary, our post-hoc analysis measured by the diagnostic model of session-SCR and trial-SCR, which 

described the engagement within a session and a trial, respectively, could reasonably infer one’s RJA performance. 

Since SCR was independent of interaction protocols and task designs, it could be used to compare participant 

performance across different study protocols conducted using NORRIS. Below, we describe analyses of session- and 

trial-SCR in Study I, followed by a description of Study II. 

3.3.2 Analysis of session-SCR in Study I 

In order to understand how participants’ engagement changed across sessions, we analyzed the trends of average 

session-SCR in both IPG and WCG. Fig. 3-4 illustrates the results. The session-SCRs are plotted in dashed lines when 

Part-As and Part-Bs are combined. Recall that Part-A consisted of 8 single target trials while Part-B was optional and 

may contain either 8 single target trials or 5-minute double target trials. The details of Part-Bs are shown in Table 3-

6. Here we plot average session-SCR of S3 and S4, both with (dashed line) and without (solid line) Part-Bs for two 

reasons: First, considering only Part-As, session-SCR of S3 and S4 were directly comparable with that of S1 and S2, 

as they all only included 8 single-target trials. Then, with Part-Bs added, we investigated the impact of adding more 

trials to a session. Paired t-tests (for 1) and 2)) and two-sample t-tests (for 3)) were conducted to analyze the 

significance of the differences in the results: 

1). There was no significant change between two successive sessions, either in IPG or WCG.  

2). The decreases between post-assessment sessions (A2) and pre-assessment sessions (A0, A1) for both groups 

were not significant.  

3). When adding the data of Part-Bs, IPG-S3 and WCG-S3 would decrease by 0.0749 and 0.0253, respectively, 

both were not significant, and IPG-S4 and WCG-S4 stayed almost the same. 

4). Compared to WCG-S3, there was a near significant decrease on WCG-A2, with a very large effect size (p = 

.0548, Cohen’s d = 1.34). 
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3.3.3 Analysis of trial-SCR of sessions in Study I 

In order to understand participant engagement at a finer resolution, we examined the trend of average trial-SCR in 

Study I. In Fig. 3-5, the trial-SCRs are divided into two phases: the “required phase” calculated based on all required 

trials in Study I (excluding Part-Bs in S3 and S4); the “optional phase” derived from the optional trials in Part-Bs in 

S3 and S4. The results were baseline normalized. The results showed the following important patterns: 

1). Compared to Trial 1, there was a significant trial-SCR decrease in Trial 4 to 8 (see Table 3-7). The first 

significant decrease occurred on Trial 4, while the last required trial, Trial 8, had the largest decrease. Therefore, in 

general, participants in Study I were losing their engagement with NORRIS with the repeated single-target trials 

throughout. 

2). After a break (in Part-Bs), the average trial-SCR increased at Trial 9 (p =.24) and Trial 10 (p =.27), but not 

significantly, compared to Trial 8, using two-sample t-test. 

 

  

3.3.4 Summary of findings from Study I 

According to the aforementioned diagnostic models, participants’ engagement was not maintained. We 

hypothesized that this was due to too many sessions and monotonous trial formats in Study I, which might have 

impacted participant performance. Therefore, in Study II, our goal was to improve the intervention timeline and 

 
Fig. 3-4.  Trends of average session-SCR of Study I. A0 was the first 

session for WCG, while A1 was the first session for IPG and second session 

for WCG (see Table 3-5). The shaded area represents the waiting period for 

WCG. Circle: mean value; Error bar: 10% of standard deviation. (cyan lines 

for IPG, and black lines for WCG) 

TABLE 3-6 

NUMBERS OF SINGLE-TARGET AND DOUBLE-TARGET PART-BS 

IN S3 AND S4 COMPLETED BY PARTICIPANTS IN STUDY I 

 
S3 Part-B 

(IPG+WCG) 

S4 Part-B 

(IPG+WCG) 
Total 

Single-target 5+4 3+2 14 

Double-target 1+1 2+1 5 

Total 6+5 5+3 19 

 

 
Fig. 3-5.  Trends of average trial-SCRs of Study I. Black solid line 

shows the average trial-SCR of required trials from all sessions. Dashed 

black line shows the average trial-SCR of Part-Bs in S3 and S4. Dashed 

red and green lines show the average trial-SCRs of single-target and 

double-target trials in Part-Bs, respectively. Circle: mean value; Error 

bar: 5% of standard deviation. 

TABLE 3-7 

AVERAGE TRIAL-SCR STATISTICS OF REQUIRED TRIALS IN FIG. 3-5 

Trial # Average Trial-SCR SD p-value* 

1 0.882 0.211 NA 

2 0.880 0.186 .8873 

3 0.839 0.220 .0589 

4 0.807 0.231 .0030** 

5 0.827 0.228 .0195** 

6 0.780 0.232 <.0001** 

7 0.802 0.234 .0109** 

8 0.752 0.258 .0001** 

*p-values are tested by paired t-test, compared to Trial #1. 

**statistically significant difference 
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protocol to maintain participant engagement throughout trials and sessions, which is a prescriptive model: 

First, participants’ engagement decreased with too many sessions. Therefore, we hypothesized that engagement 

across sessions would be maintained if we reduced the number of intervention sessions. 

Second, in a session, participants’ engagement also gradually decreased with repeated monotonous single-target 

trials. As such, we hypothesized that a more varied trial design would help maintain participants’ engagement within 

a session. 

Finally, breaks may boost participants’ engagement quickly. 

3.4 Multi-session Study II (Study II) 

Based on the analyses and hypotheses in section IV, we updated the study design to conduct another multi-session 

experiment, Study II, whose intervention protocol and study timeline were designed using a prescriptive model. In 

order to rigorously compare the intervention effects between Study I and Study II, we retained the original assessment 

session format as 8 single-target trials. The trials of intervention session were upgraded to be adaptive: only four 

single-trials were mandatory, then, if participant’s performance was good enough, double- and/or triple-target trials 

would be offered. Breaks were also incorporated to refresh participants. 

3.4.1 Intervention timeline 

The timeline of Study II is shown in Table 3-8. Since participant engagement was reduced after too many repetitive 

sessions in Study I, we reduced the number of intervention sessions from 4 to 2 in Study II. The waiting period for 

WCG was also reduced accordingly. In Study II, the average interval between IPG-A1 and IPG-A2 was 3.21 weeks 

(SD = 0.77), and that between WCG-A0 and WCG-A1 was 3.21 weeks (SD = 0.32). A two-sample t-test shows no 

significant difference between them (p = 1.0). 

 

 

3.4.2 Performance-based adaptive intervention session 

Table 3-9 shows the protocol of the updated performance-based adaptive intervention session aimed to maintain 

participants’ engagement. The prompt indices of single-, double-, and triple-target trials were the same as those in 

Table 3-1, Table 3-2, and Table 3-3. 

Among the six different potential pathways in Table 3-9, participants in Study II experienced three of them: S-D-

TABLE 3-8 

 TIMELINE OF STUDY II 

IPG A1 S1 S2 A2 

WCG A0 Waiting period A1 S1 S2 A2 

IPG: immediate participation group 

WCG: waitlist control group 

A0, A1, A2: assessment sessions, each consisted of 8 single-target trials 
S1, S2: performance-based adaptive intervention sessions 

 

TABLE 3-9 
PERFORMANCE-BASED ADAPTIVE INTERVENTION SESSION PROTOCOL 

Stage 1 Criteria 1 Stage 2 Criteria 2 Stage 3 

S 

# of target hit ≥ 2 

D # of target hit ≥ 2 T 

D # of target hit = 1 D 

D # of target hit = 0 S 

# of target hit < 2 

S # of target hit ≥ 2 D 

S # of target hit = 1 S 

S # of target hit = 0 N/A 

S: 4 single-target trials 

D: 3 double-target trials 

T: 2 triple-target trials 
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T, S-S-D, and S-D-D.  

3.4.3 Participant Characteristics 

The participants inclusion criteria were the same as those in Study I (see section III.A). Twelve participants (8 

males, 4 females) were recruited and randomized into IPG and WCG. The comparison of participants’ characteristics 

between Study I and II was tested using two-sided Wilcoxon signed-rank test, which showed no significant difference 

(Age at recruitment: p = .62, ADOS-2 total raw score: p = .16, SRS-2 total raw score: p = .93, SRS-2 T-score: p = 1.0, 

SCQ current total score: p = .27, MSEL ELC: p = .29, Months between ADOS assessment and enrollment: p = .24). 

In Study II, the participants’ characteristics between IPG and WCG were not significantly different either, 

according to two-sided Wilcoxon signed-rank test (Age at recruitment: p = .82, ADOS-2 total raw score: p = 1.0, SRS-

2 total raw score: p = 1.0, SRS-2 T-score: p = .95, SCQ current total score: p = .79, MSEL ELC: p = .43, Months 

between ADOS assessment and enrollment: p = .91). 

The study was approved by Vanderbilt University Institution of Review Board, IRB Protocol 170022 (approval 

date 1/4/2017). Informed consent procedures were conducted with participating families prior to enrollment by key 

study personnel. 

3.4.4 RJA performance analysis 

Fig. 3-6 (a) (hit rate) and (b) (prompt level) show the comparison across robot-mediated intervention and natural 

maturation in Study II, respectively. Table 3-10 shows two-way ANOVA results and their effect sizes, respectively. 

The following conclusions can be drawn from Fig. 3-6 and Table 3-10: 

1). For hit rate (higher is better), there was a significant improvement on time factor, with a large effect size. There 

was also a significant group difference, with a medium effect size, favoring intervention over non-intervention. 

Meanwhile, there was a significant interaction between time and group, with a large effect size. 

2). For prompt level (lower is better), there was a significant decrease on time factor, with a large effect size. 

However, there was no significant difference on group factor or the interaction between time and group, with small 

effect sizes. 

The comparison between pre-post intervention combining IPG-S and WCG-S is displayed in Table 3-11. In this 

comparison, both hit rate and prompt level had significant improvements with large effect sizes. 

Overall, the results suggest that with the upgraded intervention timeline and protocol, participants’ RJA 

performance improved significantly after NORRIS intervention. 

 

 

 

 
(a)           (b) 

Fig. 3-6.  Performance changes in Study II (a). hit rate comparison: 1) pre-intervention (IPG-A1: mean = 0.71; SD = 0.17) vs. post-intervention 
(IPG-A2: mean = 1; SD = 0) and 2) pre-waiting (WCG-A0: mean = 0.92; SD = 0.13) vs. post-waiting (WCG-A1: mean = 0.98; SD = 0.05). Circle: 

mean value; error bar: 10% of standard deviation. (b) prompt level comparison: 1) pre-intervention (IPG-A1: mean = 4.60; SD = 2.08) vs. post-

intervention (IPG-A2: mean = 1.71, SD = 0.50) and 2) pre-waiting (WCG-A0: mean = 3.44, SD = 1.50) vs. post-waiting (WCG-A1: mean = 2.56, 

SD = 0.98) in Study II. Circle: mean value; error bar: 10% of standard deviation. 
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3.5 SCR in Study II 

3.5.1 Validation of SCR in Study II 

In order to examine the validity of the diagnostic model in Study II, correlations between RJA performance and 

session-SCR were calculated. In Study II, both the correlation between session-SCR and hit rate (r = 0.35, p = .0088) 

and the correlation between session-SCR and prompt level (r = -0.47, p = .0004) were moderate and significant. 

The differences of average trial-SCR between successful trials and unsuccessful trials were also examined. The 

average trial-SCRs of successful and unsuccessful trials were 0.80 (SD = 0.26) and 0.64 (SD = 0.36), respectively. 

Two-sample t-test showed a significant difference between them (p < .0001). All 467 trials in the Study II were used 

to test the correlation between the trial prompt levels (unsuccessful trial index penalized to be 10) and trial-SCRs. 

Results show a moderate and significant correlation (r = -0.31, p < .0001), supporting the usage of SCR as an index 

of engagement to reasonably infer one’s RJA performance. 

The above correlations and differences comparisons shared similar features with those of Study I (see section 3.4). 

These supported the validity of the diagnostic model, SCR, as a general metric across different studies and task 

designs. 

3.5.2 Analysis of session-SCR in Study II 

This section investigates the impact on engagement brought by the shortened study timeline and the new 

intervention protocol. In Fig. 3-7, the black and green lines show the session-SCR trends of IPG and WCG in Study 

II, respectively. Fig. 3-7 was a baseline normalized figure. We found several important patterns as follows. The 

statistical significances were tested using paired-sampled t-test. 

i). There was a significant increase (p = .0382) from IPG-S2 to IPG-A2, while no significant difference was found 

between any other two session-SCRs in both groups. 

ii). Compared to WCG-A0 and WCG-A1, WCG-A2 decreased by 0.0798 and 0.0396, respectively, where both 

decreases were not significant. Compared to IPG-A1, IPG-A2 increased by 0.2406, but not statistically significantly.  

Therefore, we found support for our hypothesis that engagement across sessions was maintained if we reduced the 

number of intervention sessions. Also, for participants who displayed a low engagement level in the baseline session 

(IPG-A1 of Study II), the new study timeline and intervention protocol helped increase their engagement all the way 

TABLE 3-10 
(A) 2-WAY ANOVA TEST (TIME × GROUP) ON PERFORMANCE COMPARING PRE-POST IPG-S AND WCG-WP IN STUDY II. (P < .05 IN BOLD); (B) 

EFFECT SIZES OF THE 2-WAY ANOVA TEST IN (A) 

                    (A)                   (B) 

Measurement 
p-value(F)  

of time 

p-value(F)  

of group 

p-value(F)  

of interaction 

hit rate .0008 (15.54) .0499 (4.35) .0191 (6.51) 

prompt level .0035 (10.98) .7865 (0.08) .091 (3.15) 

 

TABLE 3-11 

(A) 1-WAY ANOVA TEST ON PERFORMANCE COMPARING PRE-POST IPG-S+WCG-S IN STUDY II. (P < .05 IN BOLD); (B) EFFECT SIZES OF THE 1-

WAY ANOVA TEST IN (A) 

                    (A)      (B) 

Measurement A1 mean (SD) A2 mean (SD) 
p-value(F) of 

time 

hit rate 0.8438(0.19) 0.9688(0.08) .0426(4.63) 

prompt level 3.5833(1.88) 2.1458(1.20) .0361(4.98) 

 

Measurement η2 of time η2 of group η2 of interaction 

hit rate 0.3349 0.0939 0.1402 

prompt level 0.3209 0.0022 0.0922 

 

Measurement η2 of intervention × time effect 

hit rate 0.1739 

prompt level 0.1846 
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to the end. 

 

 

3.5.3 Analysis of trial-SCR in Study II 

In Study II, there were 6 different pathways designed by the performance-based adaptive intervention protocol. 

For all 24 intervention sessions in Study II, participants followed three of them: S-D-T (17 sessions), S-S-D (5 

sessions), and S-D-D (2 sessions). 

In order to demonstrate the influence of the performance-based adaptive protocol on engagement across trials, the 

average trial-SCR trends in Study II are shown in Fig. 3-7. Since the assessment contains 8 trials and the intervention 

sessions contains more than 8 trials, we combined the first 8 trials in intervention sessions with assessment sessions 

to calculate the average. This part is illustrated in black in Fig. 3-8. The green, red, and blue lines plot the additional 

trial-SCRs in intervention sessions along the pathways of S-D-T, S-D-D, S-S-D, respectively.  

There was no significant difference between any two trial-SCRs across all trials in Study II (Fig. 3-8). While in 

Study I, the trial-SCR started to drop significantly after trial 4 (Fig. 3-5 and Table 3-7). Therefore, participants’ 

engagement was maintained as stable in Study II, by modifying the intervention protocol. Thus, we found support for 

our hypothesis that more varied trial designs would maintain participants’ engagement within a session.  

We noted the baseline of trial-SCR in Study II was lower than trial-SCR in Study I, which make the trial-SCRs of 

two studies not rigorously comparable. We thus conclude that the results suggest that when indicated by trial-SCR, 

maintaining consistent engagement led to better intervention outcomes. 

 

 

 
Fig. 3-7.  Trends of average session-SCR of Study II. A0 is the first session for WCG, while A1 is the first session for IPG and second session 

for WCG. The shaded area represents the waiting period for WCG (2 weeks). Circle: mean value; Error bar: 10% of standard deviation. 

 
Fig. 3-8.  Trial-SCR trends in Study II (solid black: all trials; green: trials of S-D-T; red: trials of S-D-D; blue: trials of S-S-D). Circle: mean value; 

Error bar: 5% of standard deviation. 
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3.6 Discussion and Conclusion 

Although the relationship between a participants’ engagement and performance in robot-mediated intervention has 

been discussed for years, there is limited evidence to demonstrate how engagement influences performance and the 

factors that contribute to quantifying engagement. To the best of our knowledge, this article is the first to automatically 

quantify an indicator of engagement, and the impact of variation of engagement on intervention outcomes. Based on 

our results, maintaining consistent engagement is shown to be a prerequisite for robot-mediated interventions for 

young children with ASD. This work also clearly shows that intervention timeline and protocol impact engagement 

through the comparison of two multi-session studies (Studies I and II) conducted using a robot-mediated RJA system, 

NORRIS. 

Study I was the first multi-session experiment. Post-hoc analyses revealed that it included too many sessions 

without enough variability. It was not successful in terms of significantly improving RJA performance. Based on the 

observation of the experiments, we suspected that the lack of success was due to decreased engagement of the 

participants. To analyze engagement in a quantitative way, we designed an effective metric, System Capture Ratio 

(SCR), which indicated one’s engagement to the intervention through eye gaze distribution. We found that children’s 

engagement was not sustained in Study I. Based on the detailed analyses of SCR variation across sessions and trials, 

we hypothesized that reducing the number of intervention sessions and introducing a performance-based adaptive 

intervention protocol within a session would improve participants’ RJA performance. Accordingly, we designed Study 

II. In Study II, SCR analyses showed that participants’ engagement with NORRIS intervention was sustained and the 

participants achieved a significant improvement in RJA performance. These results validated out hypotheses.  

It is also important to note a few limitations and future directions of this study. We designed NORRIS to be fully 

autonomous by adopting a gaze tracking subsystem. The gaze was approximated by head pose, which was accurate 

enough to judge whether the participants looked at the directions of large attentional targets (e.g., a TV), but not in a 

finer resolution (e.g. exact points on the TV). Being able to precisely assess the gaze distribution in a scale of about 

one centimeter will allows us to conduct even more detailed analyses on participants’ attention and task commitment. 

Another limitation is that the current system setup and interaction protocol require the participant to seat in a chair 

and interact to the robot remotely. Thus, non-verbal social communication through physical touch was not considered. 

In addition, the current robot is unable to understand participant communication other than visual cues. In the future, 

precise speech recognition, facial expression analysis, and body language understanding will be essential upgrades to 

robot-mediated intervention systems, such as NORRIS. These new information channels will allow the system to 

understand the participants’ communication more comprehensively. Although in the current study the rewards were 

displayed through the animated cartoons on the monitors, it may be more engaging if the rewards are delivered by the 

robot in the future. 

Admittedly, generalization is the ultimate goal for autism research. However, before generalization studies 

examining real-world skill transfer can occur, we must first generate task design guidelines for robot-assisted autism 

intervention where, through quantitative metrics, one can design task lengths and complexities to keep the children 

engaged in the tasks. The rationale behind this approach is that there is substantial evidence in the literature that 

engagement promotes skill learning. Although there are several robot-assisted autism intervention works published in 

the literature [12]–[17], to our knowledge none discussed how to design such intervention in a way that maximizes 

children’s engagement with the system. That is the key contribution of this work. Since a large study with a large 

sample size that explores generalization of learned skills is quite resource intensive, an initial study to demonstrate 

potential benefits is the first step. We believe that the results from this initial study will provide sufficient motivation 

for a larger clinical trial where both large sample size and generalization can be studied. 

It is also important to note that the study sample sizes were small. Although we are encouraged by the medium-

to-large effect sizes found with this small sample, future work exploring the real-world skill transfer of NORRIS will 

require a much larger sample to fully investigate its applicability across phenotypic profiles, settings, and time. A 

larger sample size will also allow researchers to identify optimal parameters (e.g., number of sessions/trials, frequency 
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of task variations, et al.) of a robot-mediated intervention and system customization for different subgroups with 

particular characteristics on the spectrum. Additionally, it will be important for future studies to examine how 

children’s cognitive, language, and attention skills may affect their performance within the system.  Finally, NORRIS 

offers a limited scope and focus of RJA training that, although meaningful, does not address many other the social-

communication challenges faced by young children with ASD. 

Nevertheless, the current work makes unique contributions to the research of robot-mediated interventions for 

children with ASD. The multi-session studies with randomized control group presented critical knowledge to bridge 

the gap between proof-of-concept systems and a clinically relevant system. Through automatic quantification and 

statistical analyses, this works demonstrates that: 1) intervention timeline and protocol influences children’s 

engagement to intervention and 2) maintaining consistent engagement is a key factor to ensure performance 

improvement through intervention. 
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Chapter 4: Predicting Response to Joint Attention Performance in Human-Human 

Interaction Based on Human-Robot Interaction for Young Children with 

Autism Spectrum Disorder8 

Abstract 

Literature on isolation effect has been reported in SAR for children with ASD. If a SAR is used as a replacement or 

substitute for human care, the training and intervention brought by SAR might reduce their human-human interaction. 

This implies that there’s gap between the social skill performance within HRI and the social skill within HHI. In order 

to investigate the isolation effect occurred in Study I, we built a predictive model to classify one’s RJA performance 

in HHI based on gaze distribution in HRI. To the best of our knowledge, this is the first work trying to quantitatively 

bridge up the gap between HRI performance and HHI performance for children with ASD. This predictive model 

will pave a way for future research on solving the problem of isolation effect, as well as increase the influence and 

outreach of a SAR by providing results beyond HRI results. Additionally, we believe this predictive model may shed 

light on an automated, efficient, and consistent way to evaluate one’s social skill in HHI, as a replacement of the labor 

intensive and time-consuming therapist evaluations. 

4.1 Problem Background 

4.1.1 System and Task Design 

The experimental environment and setup of the robot-mediated RJA system, NORRIS [14], are shown in Fig. 4-1 

and Fig. 4-2, respectively. Four web cameras, Cam 1 to Cam 4, composed the gaze tracking module, encircling the 

center of the participant chair with a radius of 90 cm. This web camera array detected the real-time head pose of the 

participants, using the supervised gradient descent algorithm [156]. Monitor 1 and Monitor 2 were used to display 

both targets and reward video for successful task completion. A NAO robot stood in front of the participant chair, 

performing deictic gestures to initiate the joint attention task. The system environment was symmetric about the line 

connecting the center of the participant chair and the NAO robot. Detailed information about system setup and the 

environment can be found in [14]. 

[16] 

 

An HRI session in this chapter is outlined in Fig. 4-3: There were 8 trials in an HRI session. Throughout each trial, 

a target was presented on either the left monitor (left target trials) or the right monitor (right target trials). Four right 

 
8This chapter is adapted from a published article [16] and has been reproduced with the permission of the publisher and co-authors.  

      

Fig. 4-1 Experiment video screenshot (back view)             Fig. 4-2 System setup (top view)   
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target trials and four left target trials were arranged in a random sequence. The prompt hierarchy for each trial was the 

same, as shown in Fig. 4-3. When the participant looked at the target, the current trial finished and the next trial started. 

 

4.1.2 Data Collection 

A combination of two studies with a total of 34 participants’ data was used in this work. All participants 

were young children with ASD. The age range of these 34 participants at recruitment was 1.65 to 4.57 years old 

(M=2.66, SD=0.54). In the first study, each participant finished 4 HRI sessions. In the second study (see Study I in 

Chapter 2), 20 participants were equally randomized into two groups, a group either finished 2 or 3 assessment sessions, 

and 4 intervention sessions. Each assessment visit contained an HRI session and a following ESCS test. In contrast, 

intervention visits contained only the HRI session. 

We completed 56 and 130 HRI sessions in the first and second studies, respectively. 50 of the 130 HRI sessions 

in the second study were followed by an ESCS test. The RJA part of all ESCS test videos were coded by a human 

expert. As 16 ESCS test videos could not be coded, there were ultimately 34 HRI sessions with ESCS scores and 152 

HRI sessions without ESCS scores available in total. 

During each HRI session, the real-time head pose, denoted as a 3D vector, was calculated in the participant’s 

coordinate system to indicate the participant’s attention. The sampling frequency of head pose detection was 15 fps 

on average [14]. 

There are four RJA tasks in an ESCS test with a picture (i.e., the target) placed on both the left and right side of 

the participant. The ESCS test was videotaped and participant skills was coded offline by a human expert. RJA skills 

were scored based on how many times a participant could successfully look at the target and are recorded as an integer 

number in the range [0, 4]. 

4.2 Features Generation 

To model head pose distribution in an HRI session, three feature generation methods were adopted here. Inspired by 

the area-of-interest (AOI) method [162], which is usually used to analyze gaze distribution on different semantic areas, 

we first adopted a three component Gaussian Mixture Model (GMM) as a feature generation method to model the 

head pose distribution based on three semantic components in the system, which were the left and the right monitors 

and the robot. Subsequently, to model the head pose distribution in a finer way, hard histogram and soft histogram 

feature generation methods were adopted, which are inspired by the Bag-of-Words (BoW) representation [163], a 

method popularly used to analyze content of documents and pictures. 

Hard histogram and soft histogram methods were also applied to model head pose motion distribution. 

 

Fig. 4-3 HRI session structure 
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4.2.1 Gaussian Mixture Model (GMM) of Head pose 

Inspired by the AOI method to count the gaze distribution on different manually labeled semantic areas of interest, 

a GMM model was adopted to explicitly model the distribution of head pose on different areas of interest in this 

system. GMM is believed to properly model the head pose data falling on the border of two AOIs by softly classifying 

these head pose data points. 

In order to interact with this robot-mediated RJA system, the participant needed to pay attention to three critical 

components: left monitor, right monitor and the NAO robot. These three components were the three AOI in this system. 

Therefore, a three-component GMM was adopted to model the distribution of head pose vectors ([𝑦𝑎𝑤, 𝑝𝑖𝑡𝑐ℎ, 𝑟𝑜𝑙𝑙]) 

in an HRI session. The parameters of GMM were estimated using EM algorithm, with the centers of the three critical 

components (in the participant’s coordinate system, in the form of [𝑦𝑎𝑤𝑖 , 𝑝𝑖𝑡𝑐ℎ𝑖, 𝑟𝑜𝑙𝑙𝑖], 𝑖 = 0,1,2) initialized as the 

three mean vectors of the GMM. 

After fitting the head pose vectors of an HRI session into the GMM, a general 3 by 3 covariance matrix 𝛴𝑖 was 

calculated for each component. Due to the symmetry of matrix 𝛴𝑖, 6 of its entries are independent. The size of the 

mean vector 𝜇𝑖 is 1 by 3. Along with the mixing coefficient 𝜋𝑖, one component has 10 independent parameters, and 

thus, the three-component GMM has 30 independent parameters. Therefore, fitting the head pose vectors of an HRI 

session into the three-component GMM leads to a 30-dimensional feature vector. 

The way GMM models the distribution of head pose in an HRI session is meaningful but coarse. From Fig. 1, we 

can see that there were a camera array, desks, cables and a divider in the experimental environment, which may distract 

the attention of these young children with ASD. Their possible interest on these sub-areas of interest (sub-AOI) was 

neglected by the GMM. Therefore, to model the head pose distribution in a finer way, hard histogram and soft 

histogram methods were adopted. 

4.2.2 Hard Histogram of Head Pose 

The calculation of the hard histogram of the head pose data of an HRI session can be divided into two steps, 

according to the training and predicting steps of a K-means classifier. First, a K-means clustering algorithm was 

adopted to find several cluster centroids on all of the head pose vectors in 186 sessions (training step). Second, this 

K-means classifier was utilized to classify the head pose vectors of each HRI session into a hard histogram, with the 

number of bins the same as the number of clusters in this K-means classifier. The value of each bin was the normalized 

number of head pose vectors classified into the corresponding cluster (predicting step). For both hard and soft 

histogram, K was set as 8, 16, 32, 48, 64, 80, 96, 112, 128, 144 and 160. 

4.2.3 Soft Histogram of Head Pose 

Compared to hard histogram method, soft histogram is believed to benefit the classifying of head pose vectors 

falling on the borders of clusters found by the K-means classifier [164]. The calculation of soft histogram can also be 

divided into two steps. The first step was the same as that of the hard histogram. The second step predicted a head 

pose vector’s membership of every cluster in a soft way. First, we used K-means algorithm to find cluster centroids. 

Second, for each head pose vector in an HRI session, the inverse of squared Euclidean distance between this vector 

and each cluster centroid was calculated and normalized as a membership vector, as shown in Equation 3-1. 

𝑀𝑉𝑛,𝑖
𝑘 =

1

‖𝐻𝑛,𝑖−𝐶𝑘‖
2

2

∑
1

‖𝐻𝑛,𝑖−𝐶𝑘‖
2

2𝑘
,                                                              Equation 4-1 

where 𝑀𝑉𝑛,𝑖
𝑘  represents the k-th dimension of the membership vector of head pose vector 𝑖 in session 𝑛, where 𝑛 =

1,  2,  … ,  186.  𝑖 = 1,  2,  … ,  𝑀.  𝑘 = 1,  2,  … ,  𝐾. 𝑀 is the number of head pose vectors in an HRI session and 𝐾 is 

the number of clusters we set for K-means classifier. 𝐻𝑛,𝑖 is the head pose vector [𝑦𝑎𝑤, 𝑝𝑖𝑡𝑐ℎ, 𝑟𝑜𝑙𝑙] and 𝐶𝑘 is the k-th 

cluster centroid, in the same size as 𝐻𝑛,𝑖 . 
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Then, the membership vectors calculated for all head pose vectors in an HRI session were added and normalized 

to get a soft histogram for this session, as shown in Equation 3-2. 

𝑆𝐻𝑛 =
∑ 𝑀𝑉𝑛,𝑖𝑖

𝑀
,                                                                     Equation 4-2 

where 𝑆𝐻𝑛 represents the soft histogram of session  𝑛 and 𝑀𝑉𝑛,𝑖 = [𝑀𝑉𝑛,𝑖
1 ,   𝑀𝑉𝑛,𝑖

2 ,  … ,   𝑀𝑉𝑛,𝑖
𝐾 ]. 

4.2.4 Features of Head Pose Motion 

Head pose motion was calculated as: 

𝛥𝐻𝑛,𝑖 = 𝐻𝑛,𝑖+1 − 𝐻𝑛,𝑖                                                              Equation 4-3 

We adopted the aforementioned hard histogram and soft histogram to model the distribution of the head pose 

motion in each HRI session. 

4.3 Machine Learning Framework 

For all of the 186 sessions, 34 of them were successfully labeled with ESCS score and the other 152 sessions left 

unlabeled. In this machine learning framework, each HRI session was viewed as a data point: a session with ESCS 

score was a labeled data point and a session without ESCS score was an unlabeled data point. To take advantage of 

both 34 labeled and 152 unlabeled data points, we adopted Transductive Support Vector Machine (TSVM) [165] with 

radial basis function (RBF) kernel to test the effectiveness of the features generated. In TSVM, unlabeled data points 

work to provide density information which helps the classifier set the decision boundary in low density area to improve 

the classification performance [166]. In this work, each input data point of the TSVM included a feature vector 

consisting of the 30 independent parameters of GMM and/or the K dimensional hard/soft histogram. The ESCS 

performance levels were used as labels. For this work, we extended the binary TSVM implementation with QN-S3VM 

[167] using one-vs-one scheme. 

4.3.1 Label Thresholding 

There were 34 labeled data points with an integer score in the range [0, 4]. The distribution of the original score is 

shown in Table 4-1. 

 

Here we set the following thresholds to classify these scores into three performance levels: 

Label= {
low  if  score=0

medium  if  score=1, 2
high  if  score=3, 4

 

According to this rule, 14, 11 and 9 sessions were labeled as low, medium and high performance levels, 

respectively. Two rationales of setting such thresholds included: 1), by turning a 5-class classification problem into a 

3-class classification problem, the distribution of data points in each class was more balanced, which could benefit the 

training of the TSVM; and 2), compared to binary labeling, the 3-class setting provided a finer resolution for the 

psychological analysis in the future. 

Table 4-1. Distribution of ESCS score 

Score Number of session 

0 14 

1 7 

2 4 

3 2 

4 7 
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4.3.2 Feature Pre-processing 

We did normalization and feature selection for every input vector. First, each dimension of input vector was 

normalized to [0, 1] by 

𝑓 = (𝑓 − 𝑓𝑚𝑖𝑛)/(𝑓𝑚𝑎𝑥 − 𝑓𝑚𝑖𝑛)                                                 Equation 4-4 

Then, for each input vector with more than 8 dimensions, we set a variance threshold to eliminate dimensions 

with variances lower than this threshold [168]. 

4.3.3 Feature Fusion 

Besides each single feature generated, we also fused some of these features, hoping to improve the performance 

of machine learning. Four pairs of features were concatenated to do feature fusion: 

1. GMM of head pose + hard histogram of head pose motion 

2. GMM of head pose + soft histogram of head pose motion 

3. Hard histogram of head pose + hard histogram of head pose motion 

4. Soft histogram of head pose + soft histogram of head pose motion 

4.3.4 Evaluation methods and metrics 

We ran 10-round 5-folds cross validations (CV) to test the effectiveness of every generated feature and fused 

feature. In each round, 34 labeled data were randomly shuffled and stratified into 5 folds. In the CV of TSVM, each 

training set consisted of not only 4 training folds, but also the 152 unlabeled data. In each round both micro- and 

macro- averaged metrics were measured. All results reported in the next section were the arithmetic means and 

standard deviations of micro- and macro-averaged metrics on the 10-round CV. The parameters of TSVM were 

empirically set. 

Accuracy and F1 score were the metrics we used to report the performance of our machine learning framework. 

4.4 Results 

Since the distribution of labeled data was only slightly unbalanced, the micro-averaged metrics were quite close to 

macro-averaged metrics. Due to space limitations, only the best micro-averaged metrics were selected and reported in 

Tables 4-2 to Table 4-6. In Table 4-7, both micro-averaged and macro-averaged metrics are reported. F10, F11 and F12 

are the F1 scores of low, medium and high performance levels, respectively. 

4.4.1 Features of Head Pose  

The best micro-averaged classification accuracy and F1 scores of GMM of head pose are reported in Table 4-2. 

Table 4-3 and Table 4-4 display the best micro-averaged classification accuracy and F1 scores using the hard and soft 

histogram of the head pose, respectively. 

 

 

Table 4-2 Metrics mean (std. dev) of GMM of head pose 

OIVD1 VT2 DaFS3 

Micro-averaged 

accuracy F10 F11 F12 

30 0.018 17 0.560(0.038) 0.623(0.029) 0.474(0.111) 0.535(0.084) 

30 0.020 16 0.550(0.023) 0.625(0.031) 0.492(0.06) 0.482(0.05) 

30 0.007 27 0.556(0.028) 0.613(0.032) 0.523(0.047) 0.494(0.075) 

30 0 30 0.464(0.037) 0.557(0.036) 0.415(0.093) 0.355(0.067) 

1: OIVD—Original Input Vector Dimension 

2: VT—Variance Threshold (of Feature selection) 

3: DaFS—Dimension after Feature Selection 

These abbreviations will also be used in the following tables 
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Table 4-3 shows that, in general, the hard histogram of head pose performs the best when K=64. From Table 3-4, 

we can observe that K=32 was the optimal choice when using the soft histogram of head pose. The hard histogram 

was better than soft histogram when modeling the distribution of head pose. 

 

 

4.4.2 Features of Head Pose Motion 

The classification results of hard and soft histogram of head pose motion are reported in Table 4-5 and Table 4-6. 

The optimal K for hard and soft histogram of head pose motion were both 48, in general. Both hard and soft histogram 

Table 4-3 Metrics mean (std. dev) of hard histogram of head pose 

OIVD VT DaFS 

Micro-averaged 

accuracy F10 F11 F12 

64 0.014 49 0.626(0.098) 0.657(0.071) 0.579 (0.082) 0.646(0.1) 

112 0.017 51 0.615(0.046) 0.685(0.058) 0.526(0.072) 0.598(0.067) 

32 0.019 23 0.574(0.058) 0.606(0.06) 0.652(0.089) 0.363(0.073) 

64 0.017 42 0.621(0.05) 0.629(0.054) 0.576(0.089) 0.666(0.104) 

64 0 64 0.485(0.059) 0.580(0.044) 0.420(0.095) 0.400(0.124) 

 

Table 4-4 Metrics mean (std. dev) of soft histogram of head pose 

OIVD VT DaFS 

Micro-averaged 

accuracy F10 F11 F12 

32 0.014 31 0.603(0.038) 0.550(0.057) 0.740 (0.073) 0.499(0.074) 

8 NA 8 0.579 (0.023) 0.683(0.029) 0.560(0.073) 0.401(0.052) 

32 0.019 28 0.600 (0.035) 0.512(0.063) 0.779(0.036) 0.481(0.091) 

48 0.019 30 0.553(0.075) 0.501(0.091) 0.628(0.1) 0.539(0.121) 

32 0 32 0.571(0.035) 0.545(0.040) 0.670(0.062) 0.458(0.074) 

 

Table 4-5 Metrics mean (std. dev) of hard histogram of head pose motion 

OIVD VT DaFS 

Micro-averaged 

accuracy F10 F11 F12 

48 0.017 41 0.703(0.031) 0.703(0.045) 0.699 (0.057) 0.716(0.01) 

48 0.014 42 0.674(0.031) 0.679(0.057) 0.738(0.055) 0.600(0.065) 

48 0 48 0.618(0.039) 0.648(0.064) 0.632(0.072) 0.568(0.064) 

 

Table 4-6 Metrics mean (std. dev) of soft histogram of head pose motion 

OIVD VT DaFS 

Micro-averaged 

accuracy F10 F11 F12 

48 0.014 42 0.647(0.037) 0.632(0.055) 0.718 (0.036) 0.579(0.086) 

112 0.019 93 0.591 (0.031) 0.539(0.044) 0.782(0.062) 0.397(0.093) 

128 0.019 103 0.635(0.027) 0.590(0.069) 0.722(0.052) 0.603(0.074) 

48 0 48 0.553(0.032) 0.542(0.048) 0.603(0.077) 0.517(0.059) 
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of head pose motion worked better than that of head pose, which may indicate that head pose motion may contain 

more discriminative features than head pose itself, at least for young children with ASD in this study. 

4.4.3 Feature Fusion 

The four different feature fusion methods were validated and reported in Table 4-7. The aforementioned results 

(Table 4-2 through 4-6) show that a feature with the best micro-averaged accuracy generally performed better than 

one with the best F1 score. Therefore, for each feature fusion method, the result with best micro-averaged accuracy is 

selected and reported while macro-averaged metrics are reported as reference. 

We can see that by concatenating a 32 dimensional hard histogram and a 48 dimensional hard histogram, the best 

micro-averaged classification accuracy could be achieved was 73.5%. Considering the fact that it is a three-class 

classification problem, this is a promising result. 

Table 4-7 shows that the micro-averaged metrics are close to the corresponding macro-averaged metrics. This 

could be a consequence of the label thresholding. According to these thresholds, although the data set was not 

completely balanced, it was not skewed severely either. Also, this shows that in Table 4-2 through 4-6, using only 

micro-averaged metrics is reasonable. 

 

4.4.4 Cross-subjects validation results 

We further validated our models using cross-subjects validation: as the 34 HRI sessions with ESCS scores came 

from 20 participants, we stratified them into 5 groups to form a near balanced dataset. We did a 5 by 5 cross subjects 

cross validation and its results were shown below in Table 4-8. 

As the hard histogram and soft histogram outperformed GMM consistently (see Table 4-2 to Table 4-7), we reported 

the cross-subjects validation results: Similar to Table 4-7, hard histogram outperformed soft histogram on overall 

performance. Compared to the results in Table 4-8, the cross-subjects validation showed lower accuracy and higher 

standard deviation. This reflected the highly variant behaviors among participants. 

Table 4-7 Metrics mean (std. dev) of feature fusion 

Feature fusion 

method 
OIVD VT DaFS 

Micro- averaged Macro-averaged 

accuracy F10 F11 F12 accuracy F10 F11 F12 

GMM of head pose 

+ hard histogram of 

head pose motion 

30+128 0.04 20 
0.712 

(0.037) 

0.782 

(0.055) 

0.677 

(0.073) 

0.654 

(0.107) 

0.710 

(0.031) 

0.806 

(0.06) 

0.695 

(0.058) 

0.674 

(0.111) 

GMM of head pose 

+ soft histogram of 

head pose motion 

30+128 0.032 65 
0.688 

(0.044) 

0.706 

(0.056) 

0.737 

(0.055) 

0.611 

(0.091) 

0.688 

(0.041) 

0.725 

(0.066) 

0.770 

(0.063) 

0.628 

(0.107) 

Hard histogram of 

head pose + hard 

histogram of head 

pose motion 

32+48 0.030 35 
0.735 

(0.053) 

0.807 

(0.055) 

0.710 

(0.069) 

0.660 

(0.082) 

0.734 

(0.059) 

0.823 

(0.057) 

0.718 

(0.08) 

0.696 

(0.1) 

Soft histogram of 

head pose + soft 

histogram of head 

pose motion 

48+48 0.038 18 
0.694 

(0.044) 

0.749 

(0.075) 

0.564 

(0.082) 

0.756 

(0.063) 

0.697 

(0.047) 

0.762 

(0.083) 

0.576 

(0.083) 

0.799 

(0.06) 

Hard histogram of 

head pose + hard 

histogram of head 

pose motion 

32+48 0 80 
0.579 

(0.042) 

0.800 

(0.055) 

0.405 

(0.071) 

0.442 

(0.090) 

0.569 

(0.048) 

0.800 

(0.070) 

0.398 

(0.083) 

0.440 

(0.114) 
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4.5 Conclusion 

In this chapter we have presented our work on how to predict HHI (ESCS) RJA performance level based on the 

classification of participants’ head pose patterns in HRI RJA process using TSVM. The results were promising, with 

the best micro-averaged accuracy of 73.5%, for a cross sectional (i.e., non-cross-subjects) three-class classification 

problem. With Cross-subjects validation, the best micro-averaged accuracy of 63.3% was achieved. We believe this 

work can extend the functionality of our system by predicting the ESCS RJA performance based on the HRI session.  

Comparing our results with those presented in [14], we find out that hard histogram worked in general better than 

soft histogram. We believe this is a practical difference which depends on the specific problem and its data distribution. 

The main limitation of this work comes from the small sample size. The 186 HRI sessions from two longitudinal 

user studies were used as 186 data points in the machine learning framework. We believe that in the future, with more 

completed HRI sessions, either with or without ESCS score, the performance of this machine learning framework can 

be improved further, as more data can be used for training the TSVM. 

There are different implementations of TSVMs besides QN-S3VM [167] that we used in this work, such as 

SVMlight [169], VS3VM [170] and semi-supervised classification by low density separation [166]. As different 

implementations influence the practical performance of TSVM, these implementations may also be explored in the 

future. Given that both conducting the ESCS test and coding the ESCS video to generate labeled HRI sessions required 

significant professional effort, semi-supervised machine learning is a suitable tool, especially to take advantage of 

small amount of labeled data points and large scale unlabeled data points.  

Despite these limitations, this is the first work trying to quantitatively bridge up the gap between HRI 

performance and HHI performance for children with ASD. This predictive model will pave a way for future research 

on solving the problem of isolation effect, as well as increase the influence and outreach of a SAR by providing results 

beyond HRI results. Additionally, we believe this predictive model may shed light on an automated, efficient, and 

consistent way to evaluate one’s social skill in HHI, as a replacement of the labor intensive and time-consuming 

therapist evaluations. 
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Table 4-8 Cross-subjects cross validation results  

Feature fusion 

method 
OIVD VT DaFS 

Micro- averaged Macro-averaged 

accuracy F10 F11 F12 accuracy F10 F11 F12 

Hard histogram of 

head pose + hard 

histogram of head 

pose motion 

48+96 0.032 38 
0.633 

(0.19) 

0.608 

(0.22) 

0.57 

(0.23) 

0.735 

(0.21) 

0.629 

(0.18) 

0.609 

(0.24) 

0.598 

(0.27) 

0.733 

(0.27) 

Soft histogram of 

head pose + soft 

histogram of head 

pose motion 

48+96 0.035 36 
0.561 

(0.189) 

0.531 

(0.268) 

0.442 

(0.17) 

0.563 

(0.30) 

0.584 

(0.175) 

0.542 

(0.24) 

0.50 

(0.19) 

0.563 

(0.30) 
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Chapter 5: An Immersive Computer-Mediated Caregiver-Child Interaction System for 

Young Children with Autism Spectrum Disorder 

Abstract 

Autism Spectrum Disorder (ASD) affects 1 in 54 children in the United States. A core social communication skill 

negatively impacted by ASD is joint attention (JA), which influences the development of language, cognitive, and 

social skills from infancy onward. Although several technology-based JA studies have shown potential, they primarily 

focus on response to joint attention (RJA). The other important component of JA, the initiation of joint attention (IJA), 

has received less attention from a technology-based intervention perspective. In this work, we present an immersive 

Computer-mediated Caregiver-Child Interaction (C3I) system to help children with ASD practice IJA skills. C3I is a 

novel computerized intervention system that integrates a caregiver in the teaching loop, thereby preserving the 

advantages of both human and computer-administered intervention. A feasibility study with 6 dyads (caregiver-child 

with ASD) was conducted. A near significant increase with medium effect size on IJA performance was observed. 

Meanwhile, physiology-based stress analysis showed that C3I did not increase stress of the caregivers over the course 

of the study. To the best of our knowledge, this is the first autonomous system designed for teaching IJA skills to 

children with ASD incorporating caregivers within the loop to enhance the potential for generalization in real-world. 

5.1 System Development 

As C3I expanded the ASOTS platform [10], ASOTS is briefly introduced in section II. The ASOTS system setup is 

displayed in Fig. 1. Note that the rectangles that are not green are ASOTS components.  

To enable the social orientation training capacity of ASOTS, two types of RTN tasks were defined: one using only 

audio clips and the other using video (with embedded audio) clips, both of which were pre-recorded by a human 

therapist calling the child’s name. ASOTS started a trial by playing an audio or video clip on a target monitor and 

rewarded children with a video clip as soon as a gaze point was detected falling onto the target monitor. For detailed 

information, specifications, and results of ASOTS, please refer to [10].  

C3I expanded ASOTS architecture in three major ways. First, it extended the interaction from purely autonomous 

child-system interaction to child-caregiver-system interaction, where a caregiver was seamlessly integrated within the 

system interaction. Second, C3I was designed to train IJA tasks as opposed to RTN tasks for children with ASD, which 

were relatively more difficult to design. Third, C3I was capable of measuring the stress of the caregivers from their 

physiological responses in order to both assess the impact of the interaction on caregivers and how to improve C3I to 

reduce stress in the future. 

5.1.1 C3I Design Steps 

The functionalities of C3I were created using the following design steps:  

1) In order to organize and coordinate peripheral modules, as well as provide uniform and consistent rule-based 

training, the central controller of C3I was designed as a closed-loop Finite State Machine (FSM).  

2) To track the performance of children, a camera array consisting of four webcams encircled the 180˚ space in 

front of the children that tracked their head orientation.  

3) A monitor and a speaker array were used to display the social targets, social stimuli, and reward videos; and 

transfer a child’s attention by straightforward and intuitive non-social cues. As the gaze direction of child was the 

fundamental behavioral signal that guided the interaction, a non-social cue was designed as a 3D animation ball which 

bounced from the current gaze direction (see Fig. 3) of the child to the target monitor. The bouncing trajectory was a 

sinusoidal wave with adjustable bouncing speed. When a bouncing ball was triggered, a simulated bouncing sound 

clip was also played by the 5.1 surround speakers. It was shown to be effective to guide a child’s attention within this 

environment [14].  

4) Caregivers wore a physiological sensor (the E4 wristband [171]) to measure their signals for physiology-based 
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stress analyses using affective computing. 

5) A new tablet app was designed for caregivers as an I/O interface to access the system information and input 

human decisions. Caregivers could use the app simply by following real-time instructions.  

6) Every state of the central controller needed an input or confirmation from the caregiver to trigger the transition 

between the interaction states. 

5.1.2 Overview of System Architecture 

Overall, C3I functions in the following manner: C3I displayed short video clips on each of the possible target 

monitors to orient the child to the experimental space. It then showed a longer video clip to distract and keep the 

child’s attention away from the caregiver. When the child was distracted, the caregiver pressed a button on the tablet 

and told the system to abruptly pause the video. At this point, the expectation was that the child would then look back 

at the caregiver and initiate joint attention. If the child did not look, at either the caregiver or the target monitor, the 

caregiver could press another button to alert the system. The system then displayed a non-social audio-visual cue (a 

bouncing ball with sound effects). This bouncing ball started at whichever point the child was looking, as detected by 

the gaze detection system, and then moved across the monitor array, guiding the child’s attention in the direction of 

the caregiver or the target monitor. 

The setup and architecture of C3I are shown in Fig. 5-1 and Fig. 5-2, respectively. In Fig. 5-2, the blue modules 

were adopted directly from ASOTS, such as the gaze tracking subsystem. Orange rectangles are modules upgraded 

from ASOTS, with different content or functionalities, such as the monitor and speaker array and the central controller. 

Green modules are newly added modules, including the body tracker, the caregiver tablet, and the E4 sensor, due to 

new interaction protocol and task design. 

 

 

Fig. 5-3 shows a snapshot of a session with C31. C3I integrates a caregiver within the closed-loop interaction of 

ASOTS and thus allows a flexible interaction among the children, caregivers, and the autonomous components of the 

system. Compared to ASOTS, the differences in module components are: 1) a caregiver was seated under Monitor 1, 

using a tablet app as an I/O interface and wearing a E4 wristband to measure his/her physiological signals for offline 

stress analysis; and 2) a Kinect sensor was put right behind Monitor 3 as a body tracker to record behavioral data (i.e., 

gesture, skeleton, facial expression) of the children.  

The information flow within C3I is presented in Fig. 5-4. The system provided interaction information for the 

caregivers and measured their physiological responses in terms of galvanic skin response and heart rate. The caregivers, 

in turn, reported the timing of social responsiveness and the mental state (e.g., frustration) of the children based on 

their observation, experience, and insight. On the other hand, C3I provided children with task components (e.g., target 

display and reward video display), non-social cues and tracked their real time behavioral data in terms of gaze, gesture 

and facial expression.  

 

Fig. 5-1 ASOTS and C3I System setup (top view, components that are not green rectangles are also components of ASOTS) 
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All modules were implemented in Unity3D [172] with C#.  

 

 

 

5.1.3 Peripheral Modules 

The four peripheral modules communicated with the central controller through TCP/IP asynchronous sockets. 

5.1.3.1. Central Controller 

In order to coordinate peripheral modules as well as deliver uniform and consistent intervention, the central 

 

Fig. 5-2 ASOTS & C3I System architecture (Green rectangles label newly added modules compared to ASOTS. Orange rectangles are 
redesigned modules based on the central controller of ASOTS.) 

1. Gaze; 2. System information; 3. Caregiver heuristics; 4. Mental state; 5. Social cues; 6. Physiological signal; 7. Non-social cues, videos and 

audios; 8. Collective caregiver heuristics, Child gaze and System logging; 9. RGBD images, gestures and facial information; 10. Program 
instruction 
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Fig. 5-3 Snapshot of the C3I environment. This is a video snapshot of a session in Distraction state, where distraction video was played on 
Monitor 5 but the child was looking at somewhere else. A bouncing ball was triggered in this scenario by a caregiver to transfer the child’s 
attention onto Distraction video. 

 

 

Fig. 5-4 C3I information flow (1. System information; 2. Decisions & Physiological signal; 3. Social responsiveness & Mental state; 4. Non-
social cues, Target & Reward video; 5. Gaze, Skeleton, gesture & facial information) 

Monitor & 
Speaker array

Caregiver
tablet

Kinect

Camera
array

Bouncing
ball

Distraction
video

System

Caregiver Child
3

5
4

1
2



45 

 

controller was designed to be a Finite State Machine (FSM), as depicted in Fig. 5-5. To explicitly and accurately 

model different states of C3I, 6 states were designed in the FSM: Play introduction video (PIV), Distraction, Task, 

Non-social cues (NSC), Reward, and Group evaluation (GE). In PIV, an introduction video clip was played to inform 

the child about all monitors. Next, in the Distraction state, a muted distraction video was played on a randomly selected 

monitor to distract the child’s attention away from the caregiver. Monitor 1 was excluded from the selection as the 

caregiver was seated underneath it. Then, when the caregiver determined the child was distracted by the video and 

decided to start a trial, the caregiver recorded the timing on the tablet (by clicking a button) and was instructed to 

pause the distraction video. The duration between the time the caregiver determined the child was distracted and the 

time the caregiver decided to trigger a trial was called distraction duration and it was designed to be controlled by the 

caregiver in order to vary the trial difficulty. Lastly, the caregiver needed to confirm the response of the child to trigger 

a reward video on Monitor 1.  

 

During the states of Distraction and Task, if the desired behavior was not observed by the caregiver within a 7 

second time window, which was decided based on discussion with behavioral therapists, the central controller would 

switch into the NSC state, where the distraction video might be unmuted, or bouncing balls might be triggered. When 

a trial-group of 5 IJA trials was completed, the central controller entered the state GE, where a question on trial 

difficulty (frustration) was evaluated by the caregiver to adapt a parameter of C3I: if judged too easy, bouncing speed 

of the animation ball would increase by 10%; if too hard, bouncing speed would decrease by 10% in the next trial-

group; otherwise there would be no change. 

5.1.3.2. Monitor & Speaker Array 

The Monitor and Speaker array consisted of five monitors (70 cm × 43 cm in size) with five surround sound 

speakers mounted onto the back of each monitor, which were used to present picture/audio/video during interaction, 

provide non-social cue (bouncing ball) to transfer the child’s attention, and display reward videos. This combination 

 

Fig. 5-5 Finite sate machine (FSM) of the central controller. 

Annotation:  
P ϵ {true, false}: caregiver’s confirmation of proceeding of interaction. In Distraction state, P is caregiver confirms child is watching distraction 

video and in Task state, P is caregiver confirms child looking back at him/her. 

G ϵ N: trial-group number. x ϵ {2,3,4,5}: a random integer number generator 
T ϵ N: Trial number.in a trial group. 

Timer ϵ R. Target ϵ N: The desired direction (indicated by the monitor #) 

AN ϵ N: number of active questions for caregiver.  
Initialization: ¬P, G=0, T=0, Timer=0, AN=0,  
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setup created an immersive audiovisual environment. As shown in Fig. 5-3, monitors encircled the child along a semi-

circle of 110 cm radius. 

5.1.3.3. Gaze Tracking Subsystem 

The gaze tracking subsystem was used to determine the starting position of the bouncing ball, and record the 

trajectory of children’s gaze during interaction.  

The gaze tracking subsystem was a camera array consisting of four 720p Logitech C920 web cameras, placed on 

a semi-circle of 70 cm around the child to cover the entire 180˚ horizontal space in front of the child to track one’s 

frontal face. The frontal face images were processed by a Supervised Descent Algorithm [156], predicting the 3D head 

pose (i.e., yaw, pitch, and roll angles) on each frame, which was then projected to estimate  the eye gaze direction 

[10]. This subsystem ran at 15 fps, which was adequate for real-time gaze tracking. In the environment shown in Fig. 

3, when a child’s gaze fell within the pitch range of [-30˚, 21˚], and its yaw angle fell within [107˚, 73˚], [62˚, 28˚], 

[17˚, -17˚], [-28˚, -62˚], [-73˚, -107˚], C3I registered the child as watching  monitors 1 to 5, respectively. Caregivers 

were seated underneath Monitor 1 and C3I registered children’s gaze as looking at caregivers when their gaze 

approximately falling on Monitor 1. The registration results were only used for initializing the starting position of the 

bouncing ball. In other situations, they only served as assistive references for caregivers to make decisions. 

5.1.3.4. Body Tracker 

In order to track the skeletal and facial information of the child, a Kinect v2 [173] was put right behind Monitor 3, 

at a height of 1.8 m, tilted towards the child. Kinect v2 provided RGBD data through a high-resolution RGB camera 

(1920 × 1080 p) and an infrared depth sensor (512 × 512 p). It could detect up to 6 people simultaneously at the speed 

of 30 fps. With its proprietary SDK, the detection results of facial expression (11 descriptors) and skeletal joint 

coordinates (25 key points) were recorded. To ensure that the caregiver would not be incorrectly detected as the child, 

the detection range was limited to the participant chair. All the RGBD, facial and skeletal data were written into a 

SQL database at 15 fps. Although the body tracking data wasn’t used in this version of C3I, these data provided 

quantitative information about the gestures associated with IJA and can be correlated with caregivers’ assessment in 

the future. 

5.1.3.5. Caregiver Tablet App 

The caregiver tablet app was designed for caregivers to receive information from C3I and input their decisions 

into C3I with regard to the timing of social responsiveness and mental states of children. The app was designed to be 

easy to use simply by following real-time instructions. It allowed the caregiver to observe the child for as much time 

as possible and proceed with interaction whenever the desired behavior from the child was observed. The app had 

both an active mode (Fig. 5-6-(a)) where the caregiver could actively proceed system interaction, and a passive mode 

(Fig. 5-6-(b)) where the caregiver was prompted to answer questions. These two modes functioned equivalently, i.e., 

if choosing “Yes” in Fig. 5-6-(b), its effect was the same as pressing “Pause video” in Fig.5-6-(a). 

The active mode was designed for the caregiver to actively proceed with the interaction during the response time 

window. The passive mode was designed to remind the caregiver to make a decision when response time window 

exceeded the designed limit but there was no input from the caregiver. For both the Distraction and Task states of the 

FSM in Fig. 5, the active mode came first and lasted for 7 seconds (i.e., response time window) for the caregiver to 

actively input that the desired behavior was observed; if there was no input in the 7 second response time window, 

system would switch into passive mode with a tablet vibration, where a question on the desired behavior would be 

asked for the caregiver as a reminder. Questions were displayed in two forms based on whether the desired behavior 

was detected by the gaze tracking subsystem (confirmation) or not (reminder). 
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Confirmation and reminder questions were asked respectively in passive mode, based on whether or not the gaze 

tracking subsystem detected that the child looked at the distraction video or the caregiver at the desired moment. 

 

5.1.4 Interaction Protocol 

In ASOTS, there was no caregiver involved. By contrast, in the interaction protocol of C3I, caregivers controlled 

the interaction flow and children followed prompts from C3I. The flowchart in Fig. 5-7 depicts the flow of a trial.  

 

Before the start of a trial, a muted distraction video clip was played on any monitor other than Monitor 1 to distract 

a child’s attention away from the caregiver. Monitor 1 was excluded because it was right above the caregiver (see 

Fig.1 and Fig. 3) and thus it would be hard to tell if a child was distracted or not. 

Then, the caregiver was expected to pause the video to see the child’s reaction.  The child was expected to look 

toward the caregiver to find out why the video was paused.  Once the child looked at the caregiver, the caregiver 

would immediately record the response (by pressing the “Reward” button) and hereby trigger a reward video clip. The 

 

       

              (a)             (b) 

Fig. 5-6 Caregiver tablet app screen shots: (a) A button in the active mode; (b) A confirmation question in the passive mode. 

Step 1: Distraction video playing

Pause video

System detects she/he is watching 
the video, right?

Yes No

TABLE 5-1  

CAREGIVER TABLET APP DESIGN 

Trial Step Step behavior 

Caregiver tablet app 

Active mode 
Passive mode 

reminder confirmation 

1 Distraction video playing Button: Pause video Q1 Q2 

2 Video pause Button: Reward Q3 Q4 

Q1: Is he/she watching the video? 

Q2: System detects that she is watching the video, right? 
Q3: Is he/she looking back at you?  
Q4: System detects that she is looking back at you, right? 

 

 

Fig. 5-7 Trial flowchart. Covariates: {C1: distraction duration}; Performance measurement: {RT: response time} 
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reward was set as resuming playing the paused video for 10 seconds on Monitor 1. The reward was presented by C3I 

rather than caregivers in order to provide consistent rewards to children. 

If a child wasn’t distracted by the muted video clip, sound might be added, or bouncing could be triggered to help 

transfer the child’s attention onto the distraction video, per the caregiver’s request through the caregiver tablet. 

If a child didn’t respond to a video pause, a bouncing ball could be triggered by the caregiver to transfer their 

attention to Monitor 1, which was the closest one to the caregiver. 

According to the preceding two design principles, active mode (for principle 1)) and passive mode (for principle 

2)) were implemented. In the active mode (see Fig. 5-6-a), there was only one button available at a time for the 

caregiver to procced with the interaction whenever desired behaviors were observed; whereas in the passive mode 

(see Fig. 5-6-b), either C3I prompted caregivers to confirm if a behavior detected it was a true positive one or 

not(confirmation sub-mode), or the current step last longer than the pre-set time limit and C3I needed caregivers to 

make a decision on proceeding with the interaction or resorting to non-social cue assistance (reminder sub-mode). The 

two sub-modes were factually equivalent, yes or no in either sub-mode would result in the same outcomes. 

The app was written in C# under Unity Engine and run on an Android tablet. The Android tablet was connected 

to the Central Controller through Wireless Local Area Network (WLAN), using asynchronous TCP/IP socket 

communication. 

5.2 Experiments 

We conducted a feasibility study to observe the functioning and acceptability of C3I. The IJA results of ASD dyads 

presented below. For more results, please refer to Appendix A. 

5.2.1 Study Design 

In this feasibility study, every caregiver-child dyad came for one session, which consisted of two trial-groups, in 

a total of 10 trials of IJA. Each trial-group started with an introduction video, followed by 5 trials (a trial as shown in 

Fig. 7) and ended with a trial difficulty question for caregivers to evaluate children’s frustration status.  

5.2.2 Recruitment 

Research participants were recruited from the CRUX clinical registry, a large database of patients who have 

consented to being contacted for research and had confirmed medical diagnosis of Autism Spectrum Disorder.  

10 young children with ASD (5 male, 5 female, age: 18-32 months, mean = 26.7 months, SD = 4.1) with their 

caregivers were recruited for one session per dyad for the feasibility study. Two dyads dropped because the children 

were too fatigued and dysregulated to participate and attend to the task, resulting in an attrition rate of 20%. In addition, 

2 of the remaining 8 dyads were excluded in the following data analyses due to data loss. Therefore, the data analyses 

in this work are based on 6 caregiver-child dyads (3 male, 3 female, age: 18-32 months, mean = 27.3 months, SD = 

4.8). This study was approved by Vanderbilt University’s Institutional Review Board under IRB Protocol 120922 

(Date of approval 12/20/2018). Informed consent and assent procedures were conducted with participating families 

prior to enrollment by key study personnel. 

As the caregiver played a significant role in this study, prior to the start of a session, a research assistant taught 

caregivers about the system interaction procedures and the tablet app. Additionally, caregivers were recommended to 

control the distraction duration (neither too long nor too short) according to their own judgement to explore different 

task difficulties. 

5.2.3 Measurements 

C3I was evaluated based on the following criteria: 1) the performance of children within C3I; 2) the stress of 

caregivers within C3I; and 3) the quality of C3I design, namely, covariates control and user experience. We used both 

quantitative and qualitative evaluation metrics, which are described below.  
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5.2.3.1. Response Time and Distraction Duration 

Response time was used to objectively evaluate the performance of the children within C3I. It was the time duration 

between the moment a caregiver paused the video and the moment the caregiver confirmed the response from the 

child (see Fig. 5-7). A shorter response time was considered to indicate better child performance (more rapid IJA). 

Moreover, whenever a bouncing ball was triggered as a child not orienting to the parent, the response time was 

extended for approximately 3 seconds, after which the caregiver was allowed to confirm response. In other words, 

every time a bouncing ball was triggered, the response time was penalized for about 3 seconds. As such, response time 

was a comprehensive measurement of performance that included the need for additional support (bouncing ball). We 

did not separate independent looking from gaze following bouncing ball as they both can be reflected by the response 

time. 

The distraction duration (see Fig. 7) was chosen randomly by the caregiver with prompting from C3I. For example, 

if the child was detected watching the distraction video but the caregiver did not actively pause the video during the 

response time window, C3I would prompt the caregiver to make a decision, whether to keep waiting or to pause the 

video. 

Giving caregivers the choice as to how long the duration lasted was an important part of including them in the 

system loop. The distraction duration was a covariate because it might also influence the response time of the child. 

For example, watching the distraction video for too long might get the child attached to the distraction video and thus 

might get detached from the C3I environment, influencing the response time of triggering IJA 

Because distraction duration (see Fig. 5-7) was a covariate that could influence response time, we controlled for 

distraction duration when evaluating change in IJA skill.  

5.2.3.2. Caregiver Stress 

Caregivers wore E4 wristbands to measure their Electrodermal Activity (EDA) and Photoplethysmography (PPG) 

signals. The detection frequency of EDA is 4 Hz and that of PPG is 64 Hz. Heart rate was extracted from the PPG, 

provided by the E4 embedded software, with a frequency of 1 Hz. Both EDA and heart rate signal were used to infer 

caregiver stress. EDA has been widely adopted to measure emotional processing and sympathetic activity [174]. 

Generally, the EDA signal contains two kinds of information: a slowly changing  tonic skin conductance level (tonic-

SCL) and a rapidly changing phasic skin conductance responses (phasic-SCRs) [174]. Here we used the variation of 

EDA as a measurement of caregiver stress based on the pattern summarized in [175] that decreased tonic-SCL and 

decreased frequency of phasic-SCRs indicate decreased stress compared to baseline. 

The EDA signal was processed as follows: First, we filtered the raw EDA signal with a Gaussian filter of window 

size = 32. Then a deconvolution method proposed in [176] was adopted to extract the tonic-SCL and  frequency of the 

phasic-SCRs for each trial. Next, the tonic-SCL was normalized by Equation (1) below to make it comparable across 

individuals [177]. Any phasic-SCRs with amplitude less than the threshold of 0.01 μS were excluded as noise [178]. 

Finally, a one-minute resting period before the session was used as baseline to measure within-individual variations 

[178]. The baseline period was used to measure the stress of caregivers interacting directly with children, which served 

as a snapshot of their daily lives. 

SCL=(SCL-SCLmin)/(SCLmax-SCLmin)         (5-1) 

Similar to the analysis of EDA signal, the heart rate data of caregivers was first normalized in a similar way as 

shown in Equation (1) and then the average heart rate in resting period was subtracted from the heart rate signal 

segments during trials. The commonly accepted pattern that decreased heart rate stand for decreased stress [175] was 

adopted to analyze stress variation. 

5.2.3.3. User Experience Questionnaire 

Immediately after the session, every caregiver responded to the system evaluation survey below: 

1. How hard was it to use the app? (0: Very difficult, 4: Very easy) 
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2. How much help did you need to use the app? (0: Very much, 4: Not at all) 

3. Overall, what do you think of the app? (0: Very bad, 4: Excellent) 

4. How much do you think the system could help you teach your child? (0: Not at all, 4: Very much) 

5. How hard were the tasks for your child? (0: Very easy, 4: Very difficult) 

6. Did you like the activities where you paused the video to see if your child looked at you? (0: Not at all, 4: Very much) 

7. What do you think of the system’s video and sound?  (0: Very bad, 4: Excellent) 

8. How much do you think your child liked the system? (0: Not at all, 4: Very much) 

9. What do you think of the system in general? (0: Very bad, 4: Excellent) 

10. By the end of the second set of activities, do you think your child looked at you more quickly when the video was paused? (0: Not at all, 

4: Very much) 

5.3 Results and Discussion 

5.3.1 Quantitative Metrics 

5.3.1.1. Responsive Time and Distraction Duration 

To analyze the effect offered by C3I, pre-post trial-group comparison between Trial 1 and Trial 5 and between 

Trial 6 and Trial 10, and pre-post task comparison between Trial 1 and Trial 10 on response time are presented in 

Table II. The average response time gradually decreased from Trial 1 to Trial 6 and then increased by a small amount 

by the end of session (Trial 10). We believe that the reasons for this observed trend are: first, they did have difficulty 

in IJA skill, which improved with training and they gradually learnt how to react in a desired manner. Second, as the 

dyads were not familiarized with the system before the first session, a portion of 15 seconds might have come from 

the familiarization process with the C3I system. As the caregiver needed to get used to the operation of the tablet app 

and the child needed time to understand the system setup, their familiarization process with C3I might have contributed 

to the longer response time in early trials. This familiarization process did not have impact as the dyad participated 

more in the trials. The increased response time of trial 10 compared to trial 6 might have come from the combination 

of minor perturbation and tiredness. 

 

There was a near significant decrease of IJA response time for children with ASD in pre-post task comparison, 

with a medium effect size indicating the potential of C3I to help train IJA skills for children with ASD. In the 

meantime, paired Wilcoxon signed rank test on the covariate of distraction duration between Trial 1 (8.83 ± 12.28) 

and Trial 10 (9.04 ± 4.80) showed no significant difference (p = 0.84). With this covariate controlled, we can conclude 

that C3I was not only feasible for caregiver-child interaction facilitation, it had a potential for significantly improving 

the IJA skill for children with ASD in the future with a large participant sample size. 

5.3.1.2. Stress of Caregivers 

As discussed in section III.C, baseline values were subtracted and therefore the baseline was labeled as 0 in Fig. 

5-8-Fig. 5-10. “Group split” in these figures is the label between two trial-groups. 

Tonic-SCL variations of IJA trials are displayed in Fig. 5-8. The vertical dashed lines denote the boundary between 

two trial-groups. We observed that Tonic-SCL started higher than baseline, indicating stress at the start of the session, 

when introduction video was played. It gradually reduced to the baseline thereafter, till the end of the session, which 

TABLE 5-2 

PRE-POST TRIAL-GROUP COMPARISON AND PRE-POST TASK COMPARISON ON RESPONSE TIME, MEAN WITH SD 

IJA response time (unit: seconds) 

Trial 1 Trial 5 Trial 6 Trial 10 

15.18 

(10.99) 

11.59 

(7.08) 

8.07 

(6.24) 

9.64 

(9.11) 

p1=0.60 p2=0.79 

p3=0.052, Cohen’s d=0.55 

p1, p2, p3: p-values between Trial 1 and Trial 5, Trial 6 and Trial 10, Trial 1 and Trial 10, respectively, using paired Wilcoxon signed rank test. 
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indicates a reduction of stress. Because the Tonic-SCL is essentially as lowly changing response, we might have seen 

further reduction if the experiment had more trials. 

 

Variations of frequency of phasic-SCRs of IJA trials are shown in Fig. 5-9. Due to its fast-changing nature, the 

frequency of phasic-SCRs decreased immediately after the introduction video finished and reached their minimum 

starting at trial 3. Overall, compared to baseline, caregivers of ASD showed non-increasing physiological stress by 

the end of the session.  

 

From Fig. 5-10, when measured by normalized heart rate, we can see that for IJA trials, stress of caregivers of 

ASD fluctuated with trials going on and were lower than baseline. 

 

The statistics of tonic-SCL, frequency of phasic-SCRs, and normalized heart rate of caregivers are summarized in 

Table 5-3. 

   

Fig. 5-8 Tonic-SCL variation of caregivers in IJA trials. (Mean value with 10% SD as error bar) 

Baseline

Increased 
stress

Group split

 

Fig. 5-9 Frequency of phasic-SCRs variation of caregivers in IJA trials (Mean value with 10% SD as bar) 

Group split

Baseline

Decreased 
stress

 

Fig. 5-10 Heart rate variation of caregivers in IJA trials (Mean value with 10% SD as error bar) 

Baseline

Decreased 
stress

Group split
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To conclude, EDA and heart rate data were used as proxy for caregiver stress in this study. Results show that the 

system did not increase the stress of caregivers. It is important to document that participation in a C3I session did not 

inadvertently increase caregiver stress, which is always a risk when introducing a new technology to a vulnerable 

population. 

5.3.1.3. Quantitative Metrics-User Experience Questionnaire 

The results of the survey are summarized in Table 5-4. In general, caregivers were satisfied with the tablet app 

(Q3-3.33/4), task design (Q6-3.5/4) and the whole system (Q9-3.5/4). Reaching change in child behavior, caregivers 

were satisfied with how much IJA teaching impacted their children (Q10-3.17/4). 

 

5.4 Conclusion & Future Work 

5.4.1 Conclusion 

We designed an immersive Computer-mediated Caregiver-Child Interaction (C3I) system for young children with 

ASD. To the best of our knowledge, this is the first system designed to promote IJA in children with ASD that 1) 

incorporates a caregiver for inputting decisions on social responsiveness and children’s mental states; and 2) 

consistently and automatically tracks IJA performance. A feasibility study with 6 ASD caregiver-child dyads showed 

that C31 has potential to create situations in which children are likely to initiate joint attention tasks without creating 

additional stress for the caregivers. Decreased pre-post session Response Time in children indicated they were able to 

initiate joint attention more quickly after training. We also observed patterns of several physiological responses 

consistent with non-increasing stress. We believe that C3I’s ability to help with various aspects of the IJA tasks did 

not increase workload on the caregivers, which led to non-increasing their stress. 

C3I differed from existing works in that this is the first work trying to teach IJA skills to children with ASD in an 

immersive environment with caregiver in-the-loop, an explicit interaction protocol, and consistent IJA performance 

tracking and comparison. Given the high prevalence of children with ASD, the importance of caregivers to teaching 

new skills, the limited availabilities  of trained therapists, and the high level of stress that caregivers experience on a 

daily basis, we believe our work lays the foundation for future studies to consider how technological support can also 

include caregivers to support children with ASD and their families. Including caregivers in this way may increase the 

TABLE 5-3 

AVERAGE TONIC-SCL, FREQUENCY OF PHASIC-SCRS AND HR OF CAREGIVERS IN IJA TRIALS, WITH SD IN THE 

PARENTHESIS 

 IJA 

Tonic-SCL 0.06(±0.42) 

Phasic-SCRs -4.4(±5.6) 

Heart rate -0.26(±0.28) 

 

TABLE 5-4 

AVERAGE SCALE WITH SD OF EACH QUESTION IN THE QUESTIONNAIRE 

Question Scale 

Q1 3.33 (0.52) 

Q2 3.17 (1.17) 

Q3 3.33 (0.52) 

Q4 3.67 (0.52) 

Q5 2 (0.89) 

Q6 3.5 (0.84) 

Q7 3.5 (0.55) 

Q8 3.17 (0.98) 

Q9 3.5 (0.55) 

Q10 3.17 (0.75) 
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chance of skill transfer outside of the experimental setting; meanwhile, the uniform stimuli and reward provision 

offered by the system make the IJA performance measurement consistent and comparable. Moreover, the presence of 

caregiver might help reduce “isolation effect”, a phenomenon describing children’s reduced social interests after 

interaction with autonomous system, which happens mainly due to a lack of real life components in autonomous 

systems designed for children with ASD [13]. 

5.4.2 Limitation 

Although C3I showed promising results and acceptability, there were several limitations. First, the feasibility study 

had only one session per dyad with repetitive trials. In addition, the sample size was small and there was no control 

group. As such, the results of this feasibility study need to be considered with caution until a larger study verifies its 

generalizability. Moreover, while results are promising future work must evaluate whether improvement is a practice 

effect, true improvement, and most importantly whether the system translates into improvements outside of the 

intervention system. Second, the stress of caregiver was analyzed based on physiological signals and assumptions of 

their relationships with stress. Although those assumptions were widely acknowledged [175], the results would be 

stronger if self-reports on caregiver’s stress were also collected as an additional evidence. Finally, caregivers needed 

to operate the tablet in C3I, which occasionally distracted children’s attention. Anxiety difference between RTN trials 

and IJA trials 

One may find out that most time, anxiety of IJA trials seems less than that of RTN trials, especially when measured 

by EDA. We speculate this was mainly due to the following reasons: 

First, as in this study, all caregiver-child dyads experienced RTN trials before IJA trials, which shared similar 

protocols and environment. thus, the learning and adaption of caregivers happened within RTN trials might increase 

their mental burden, leading to an increased anxiety. 

Second, in IJA trials, caregivers didn’t bother to call children’s name, which might put extra burden on caregivers. 

It may be interesting to reverse or mix the order of these trials, which is left for future work. 

5.4.3 Future work 

In order to address the aforementioned limitations, in the future, we plan to conduct randomized controlled trials 

with larger sample sizes. The intervention effect may also be investigated with a control group of children who interact 

with ASOTS on IJA training, i.e., without a caregiver involved. With such a control group and multiple visits, isolation 

effect may also be quantitatively investigated to see if the incorporation of caregivers can help children on transferring 

learnt social skills back to daily lives or increasing their social interests [13]. Moreover, the tablet may be replaced by 

a Bluetooth remote controller, which senses the gesture along with ear buds which send system instruction to 

caregivers and collect their voice to trigger system events. 

The scope of C31 may also be extended to include other tasks, such as response to joint attention, triadic play, and 

imitation leading to a more comprehensive intervention environment for children with ASD. 
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Chapter 6: Classifying stress of individuals with ASD based on functional Near-Infrared 

Spectroscopy signal 

Abstract 

Individuals with ASD often have difficulties ascertaining the emotional states of themselves as well as others. 

According to the two-level model, individuals with ASD generally exhibit normal neurophysiological responses in 

brain regions (regular first-order experience) in reaction of emotion, whereas they mainly suffer from second-order 

experience, i.e., the self-awareness of emotional states. Therefore, extensive works have been done to investigate the 

relationship between physiological signals of individuals with ASD and their emotional states. So far, cardiac signals, 

skin conductivities, respiration, EEG, EMG, etc. have been analyzed to infer emotional states. On the other hand, 

human machine systems are in great demands to assist the training and development of social skills of children with 

ASD. An intelligent intervention system is expected to adapt its output based on the sensing of participants’ emotional 

states, such as stress level. In this work, we designed predictive models of stress for autonomous systems designed for 

children with ASD, which took as input the fNIRS signal. To the best of our knowledge, this is the first work which 

tried to predict stress based on fNIRS in an individual-independent manner. Due to the pandemic of COVID-19, we 

trained and validated the proposed models on a public dataset collected on TD. The proposed models will be validated 

in the future when data of children with ASD can be collected. 

6.1 Problem description 

There were limited amounts of public fNIRS datasets available [120], [179]–[181]: Shin et al. investigated the 

effectiveness of adopting a high-density multi-distance source-detector separations to enhance the performance of 

fNIRS [181]. Their raw data is available online in comma spread value (.csv) files 9. Duncan et al. reported a work on 

willingness-to-pay of cosmetics of thirty TD female, measured by fNIRS [179]. The raw data associated with this 

work is available in .csv files 10. Shin et al. provided an open access EEG + fNIRS dataset [120]. Thirty TD participants 

performed both motor imagery and mental arithmetic tasks and the dataset is in the .mat files11 processed by BBCI 

toolbox [182]. Additionally, Hudak et al. provided the fNIRS data in the investigation of how study design may 

influence neurofeedback data and mechanisms in attention-deficit/hyperactivity disorder (ADHD) [180]. The dataset 

is available in text format 12. 

Among these datasets, we chose the work of Shin et al. [120] to work on due to the following reasons: First, it had 

standardized timing of stimuli and recording of raw light intensities, including both low and high wavelengths. Second, 

labelling is clear, without the need for further clarification or additional conditions such as the work of Hudak et al. 

[180]. 

Specifically, we chose the trials of mental arithmetic (MA) as our primary focus in this work: In these trials, 

participants were either instructed to do arithmetic operations or keep rest, which we considered as stressed and non-

stressed state, respectively. The trial structure is depicted in Fig. 6-1. There were 29 participants enrolled in this study, 

each going through 20 repetitions of such trial, with 10 as MA and 10 as rest, in a randomized order. The sampling 

frequency of their fNIRS sensor was 10 𝑠−1.  

 

 

 
9http://dx.doi.org/10.6084/m9.figshare.5606029 
10https://doi.org/10.6084/m9.figshare.7409834.v4 
11http://doc.ml.tu-berlin.de/hBCI 
12https://doi.org/10.17026/dans-xrk-hnhb 

 

Fig. 6-1 Trial structure of the selected public dataset 

Instruction (2s) Task (10s) Rest (15 -17s)

http://dx.doi.org/10.6084/m9.figshare.5606029
https://doi.org/10.6084/m9.figshare.7409834.v4
http://doc.ml.tu-berlin.de/hBCI
https://doi.org/10.17026/dans-xrk-hnhb
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In this public dataset, fNIRS data was collected by NIRScout device. There were 14 source emitters and 16 

detectors on this device, resulting in a total of 36 channels, covering the prefrontal, motor, and visual cortices. 

We first converted raw light intensities into optical densities and then hemoglobin concentration changes, using 

modified Beer-Lambert law [108]. Recommended by the work of Zhao et al. [109], extinction coefficients of Moaveni 

[183] were adopted to achieve optimal results. We then used a sliding window to segment the fNIRS signal into 10 

second pieces, with 1 second as step length. The starting position of sliding window ranged from the start to the end 

of task period. Baseline was selected as [-5, -2] second prior to the start of task. The averaged baseline values were 

subtracted from the following 10 second segments. As a consequence, we had input dataset of size 5800 × 100 × 36 

for both HbO and HbR, and input dataset of size 5800 × 100 × 72 for Hb (HbO+HbR). 

6.2 Proposed models 

We tried three different neural networks: 1D Inception, 1D Resnet, and 1D Inception-Resnet. Based on Hebbian 

principle—neurons that fired together, wired together and the idea of multi-scale processing, Inception net was first 

proposed by Szegedy et al. [184], which achieved the state-of-the-art (SOTA) performance for classification and 

detection in the ImageNet Large-Scale Visual Recognition Challenge 2014 (ILSVRC2014). Later, multiple variants 

of Inception net were proposed to further improve the performance [185]–[187]. Resnet was proposed by He et al. 

[188], which reformulated the layer as learning residual functions with reference to the layer inputs. Resnet achieved 

SOTA performance in ILSVRC2015 because residual networks were easier to optimize and could gain accuracy from 

increased depth. As a combination of Inception and Resnet, Inception-Resnet v1 and v2 were first proposed by 

Szegedy et al. [186], which paved way for ResNext [189]. 

All these neural networks were first proposed to address computer vision problems. It was not until recent years 

that these models were adapted to address the problem of time series classification [190]–[192], with transformation 

of 2D convolutions into 1D convolutions and decreased network depth due to less information embedded in the input 

of physiological signals, compared to the image input of computer vision problems. In terms of neural networks for 

physiological signals, several invariants of one dimensional Inception and Resnet were applied to achieve SOTA 

performance [191], [193]–[195]. 

For comparison, XGBoost [196] was also included as a representative of non-neural network machine learning 

models. 

6.2.1 Neural networks 

6.2.1.1. 1D Inception 

A simplified architecture of one-dimensional Inception—InceptionTime, is depicted in Fig. 6-2 (a). This 

architecture is simplified as it did not contain Bottleneck module between the input tensor and three convolutional 

layers. Bottleneck was designed to reduce the dimensionality of input time series data, leading to decreased model 

complexity and smaller risk of overfitting for small dataset [190]. As the dimensionality of fNIRS signal was 36 for 

either HbO or HbR, we kept the simplified version in this work. There are three one-dimensional kernel sizes — 10, 

5, and 2 in Fig. 6-2, extracting features from three different scales. The Maxpooling1D+Conv1D branch was designed 

to mitigate small perturbations. The outputs of four branches in an inception block were concatenated along the axis 

of dimensionality.  

6.2.1.2. 1D Resnet 

The architecture of 1D Resnet is shown in Fig. 6-2 (b). The major contribution of Resnet came from the residual 

link, which was designed to connect the input layer with output layer to solve the problem of vanishing gradient during 

backpropagation [186][188]. The input was added to the output through a convolutional layer with kernel size 1 and 

padding method of same, which generates output the same size as input. In contrast to InceptionTime, where the kernel 

sizes along each branch kept the same, in 1D Resnet, the kernel sizes need careful selection.  
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6.2.1.3. 1D Inception-Resnet 

It is reasonable to combine the strength of InceptionTime—multiscale processing and the strength of 1D Resnet—

better optimization performance and increased depth to design a one-dimensional Inception-Resnet neural network. 

The proposed 1D Inception-Resnet was expected to perform better than 1D Inception due to residual links while it 

                             

Fig. 6-2 (a) Simplified InceptionTime architecture     (b) One-dimensional Resnet 

Inception 
block

Resnet 
block

 

Fig. 6-3 Architecture of 1D Inception-Resnet 

 

 7x1 @ 64 x N

Residual link

 5x1 @ 64 x N  3x1 @ 64 x N
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Inception-Resnet 
block
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took less time than 1D Resnet to select kernel size, as 1D Inception-Resnet can reasonably stack more layers with 

small kernel sizes. It has been recommended that more convolutional layers with smaller kernel sizes are easier to 

train and perform better, compared to less convolutional layers with larger kernel sizes. The architecture of one-

dimensional Inception-Resnet is displayed in Fig. 6-3. 

For all three models, the final classification layer had the same number of neurons as the number of output classes. 

Sparse categorical cross entropy was chosen as the loss function. tanh was chosen as the activation function, except 

for the final classification layer, which was chosen as softmax. The blocks of Inception, Resnet, and Inception-Resnet 

can be duplicated and stacked in their respective models to balance variance and bias. In order to avoid overfitting, 

we reduced learning rate on plateau during training period, with a factor of 0.5, a patience of 10, to a minimum of one 

tenth the initial learning rate. Moreover, early stopping with a patience of 10 was also adopted. 

6.2.2 XGBoost 

XGBoost is an open source parallel tree boosting algorithm that can operate in an optimized and distributed manner 

[196]. It has been applied in millions of scenarios across industrial and academic communities. In order to take 

advantage of XGBoost, we extracted the following features from fNIRS signal: 

▪ Statistical features: mean, standard deviation, slope, autocorrelation, kurtosis, skewness [197] 

▪ Hjorth parameters: activity, mobility, and complexity [198] 

In order to deal with inter-individual variability and outlier distortion, the following feature normalization method 

was adopted: 

𝑋 =
(𝑋 − 𝑋𝑚𝑖𝑛)

(𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛 + 10−7)
, 

Here, 𝑋𝑚𝑖𝑛 was a design vector/matrix where every entry was the minimum value across all samples and 𝑋𝑚𝑎𝑥  

was a design vector/matrix where every entry was the maximum value across all samples. 10−7 was added in the 

denominator to avoid zero division exception. 

The generated feature dimensionality was over 900, feature selection was thus adopted to eliminate features 

irrelevant with output labels. There are generally two kinds of feature selection methods: filter (model-independent, 

less computation power) and wrapper (select features based on the interaction with a classifier) [199], [200]. Here we 

selected K best features based on 𝜒2 criterion [168]: 

𝛸2 = ∑
(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

,

𝑖

 

where 𝑂𝑖  is the observed value and 𝐸𝑖 is the expected value.  

6.3 Evaluation 

The proposed models were evaluated by 5 × 5 nested cross-subject cross validation: First, 5 out of 29 participants 

were selected as testing subjects while the remaining 24 participants were used to train a model. Second, for every 

such train-test split, we randomized the initial parameters of each model for 5 times, the one with the best validation 

performance was chosen to be applied on the testing participants. Finally, we repeated the aforementioned steps for 5 

times. As for each participant, there were 100 samples of class stressed and 100 samples of class non-stressed, we 

used only accuracy for the model performance evaluation metric.  

6.4 Results 

For each proposed neural network model, we tried a number of stacked layers ranging from 1 to 3. Moreover, 

bootstrapping [201] was adopted to boost model performance: In every iteration of bootstrapping, 2000 samples of 

both stressed and non-stressed were resampled with replacement, resulting in an aggregation of 4000 training samples. 

Bootstrapping was adopted in hope that resampled training samples might represent the distribution of whole 
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population better than the existing samples. After careful tuning of hyperparameters, the predictive performances 

using HbO, HbR, and Hb were shown in Table 6-1, 6-2, and 6-3, respectively. 

 

 

 

 

We can see that one-dimensional Inception-Resnet achieved best performance with HbO, HbR, and Hb at an 

averaged 63.6%, 63.8%, and 64.6%, respectively. Generally, the classification accuracies of neural networks 

outperform XGBoost, primarily due to the features being manually generated, which might not be able to represent 

the characteristics of input signal. 

6.5 Discussion and Conclusion 

Individuals with ASD usually suffer from hardship in recognition of emotional states, both of themselves and those 

of others. However, their neurophysiological responses to emotional states were shown normal. fNIRS, as a newly 

emerging technology for emotion recognition, differing from other brain scanning technology such as EEG, fMRI, 

etc., fills a particular technical niche between EEG and fMRI. We explored the topic of stress recognition using fNIRS. 

# Block Inception Resnet Inception-Resnet XGBoost 

w/  

Bootstrapping 

1 0.617 (±0.066) 0.634 (±0.032) 0.636 (±0.025) 

0.590 (±0.023) 2 0.586 (±0.043) 0.605 (±0.01) 0.607 (±0.036) 

3 0.623 (±0.059) 0.623 (±0.053) 0.567 (±0.069) 

w/o 

Bootstrapping 

1 0.592 (±0.031) 0.625 (±0.026) 0.620 (±0.037) 

0.578 (±0.03) 
2 0.593 (±0.046) 0.631 (±0.022) 0.625 (±0.047) 

3 0.577 (±0.028) 0.590 (±0.041) 0.610 (±0.034) 

Table 6-1 Classification accuracy using HbO 

# Block Inception Resnet Inception-Resnet XGBoost 

w/ 

Bootstrapping 

1 0.624 (±0.043) 0.617 (±0.02) 0.580 (±0.025) 

0.577 (±0.034) 2 0.608 (±0.030) 0.561 (±0.033) 0.638 (±0.041) 

3 0.591 (±0.035) 0.602 (±0.047) 0.610 (±0.02) 

w/o 

Bootstrapping 

1 0.589 (±0.034) 0.626 (±0.038) 0.595 (±0.037) 

0.558 (±0.051) 
2 0.569 (±0.040) 0.625 (±0.027) 0.589 (±0.014) 

3 0.638 (±0.036) 0.575 (±0.033) 0.615 (±0.028) 

Table 6-2 Classification accuracy using HbR 

# Block Inception Resnet Inception-Resnet XGBoost 

w/ 

Bootstrapping 

1 0.599 

(±0.036) 

0.621 (±0.02) 0.623 (±0.057) 

0.551 

(±0.032) 
2 0.589 

(±0.043) 

0.597 (±0.044) 0.602 (±0.034) 

3 0.603 

(±0.012) 

0.602 (±0.047) 0.638 (±0.028) 

w/o 

Bootstrapping 

1 0.591 

(±0.030) 

0.617 (±0.041) 0.646 (±0.039) 

0.543 

(±0.026) 
2 0.594 

(±0.028) 

0.623 (±0.02) 0.616 (±0.032) 

3 0.615 

(±0.046) 

0.617 (±0.035) 0.616 (±0.027) 

Table 6-3 Classification accuracy using Hb (HbO+HbR) 
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For human machine interaction systems designed for individuals with ASD, the perception of participants’ stress 

condition is critical for effective intervention delivery. Moreover, one generally expects less preparation and more 

intervention delivery with an autonomous system. As such, we aimed to provide a cross subject validated solution, 

where individuals did not need to first offer enough training data for emotion recognition. Several neural network 

models, along with XGBoost, were tried out on a public dataset in this work to explore this topic. In particular, MA 

vs rest were regarded as stressed vs non-stressed. With the proposed one-dimensional Inception-Resnet, the 5 × 5 

nested cross subject cross validation showed an averaged accuracy of 64.6% when using Hb (HbO+HbR) as input. 

The best classification accuracy we could achieve in this work is not promising for practical purpose. The 

following reasons may be considered in the future studies:  

First, although among several existing public datasets, the work of Shin et al. [120] was the most suitable one for 

affective computing, due to its standardized experiment design and complete data recording, the labels were task states 

instead of self-reports or observer ratings. With the provision of subjective reports, affective computing can be more 

accurate, as people react to the same task in different ways. 

Second, per the original work of Shin et al. [120], when doing individualized binary classification of MA vs rest, 

even only with a few statistical features such as mean and slope and a classifier like Shrinkage LDA [202], the binary 

classification accuracy could surpass 80% for both HbR and HbO. This result, combined with our work, showed the 

critical nature of fNIRS signal—highly individualistic. In the future studies, if individual-independent classifiers are 

to be designed for HMI, single trials with large participant size are recommended. 

Third, this work is only the first step to design a stress classifier for individuals with ASD. Due to the uncertainty 

brought by COVID-19, participants with ASD were difficult to bring in for data collection. We thus designed and 

validated the aforementioned models on a public dataset. When applicable, participants with ASD shall be recruited 

to create a dataset of fNIRS, based on which the proposed models will be validated before it can be adopted by any 

autonomous systems designed for individuals with ASD. 

Moreover, hybrid sensors may further boost the performance of stress classification. Shin et al. [120] tried a hybrid 

solution, where EEG and fNIRS sensors were embedded as one sensor. Their results showed that the hybrid solution 

can outperform any single modality, either EEG or fNIRS. We may try out another wireless multimodal solution, 

wireless fNIRS and ambient sensor like E4, which detects peripheral physiological signals of PPG, EDA, and skin 

temperature. With multimodal solution, different physiological responses can be combined to complement each other, 

which may promote the performance of stress classification.  
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Chapter 7: Major Contributions 

Analytical modelling of affective data in intelligent systems designed for children with ASD is the fundamental 

research focus of this work: in Chapter 2, descriptive models of hit rate and prompt level, primarily derived from gaze 

data in HRI, were proposed to analyze the intervention outcomes for multi-session study with a SAR; in Chapter 3, 

descriptive, diagnostic, and prescriptive models on gaze data were applied to summarize, analyze, and improve 

intervention protocol and study timeline for multi-session study with a SAR; in Chapter 4, a predictive model on gaze 

data was introduced to determine the relationship between social performance in HRI and social performance in HHI; 

in Chapter 5, descriptive models on gaze, EDA, and BVP were used to capture and analyze the performances of three 

different groups of caregiver-children dyads, namely, ASD group, HRS group, as well as TD group. The descriptive 

model on gaze data demonstrated the system’s capacity to train social skill for children with ASD while the descriptive 

models on EDA and BVP revealed the system’s capacity to relieve caregiver’s anxiety during interaction; in Chapter 

6, predictive models to predict participant’s anxiety based on fNIRS signal were proposed as the future work, which 

will empower the future systems with more adaptability and thus improve intervention outcomes.  

As can be seen in the preceding chapters, all four fundamental analytical models, namely, descriptive, diagnostic, 

predictive, and prescriptive models, were involved in this work. These models were either completely or partially 

based on the affective data in the human-machine interaction process, and the human-machine systems were all 

designed for children with ASD.  

7.1 Technological Contributions 

The main technological contribution of this work is analytical modelling of affective data in a human-machine 

interaction system designed for children with ASD. All the four fundamental types of analytical models were involved 

in this work. These models can be used to critically assess an existing HMI with children with ASD to understand 

how such interaction can be improved and how HMI-based ASD intervention can be translated to real-world 

application. 

First, to rigorously, objectively, and efficiently evaluate the efficacy of a SAR designed for children with ASD, 

we conducted a multi-session study (Study I) using a fully autonomous system with a randomized control group 

design. Through analysis by a descriptive model, significant performance improvement was not observed in this work, 

but small group differences were observed regarding improvements in core joint attention skills within and beyond 

the intervention. The sample showed tremendous individual variability in response to the system. Results highlighted 

the current challenges related to developing pragmatic, beneficial, and generalizable robotic intervention systems for 

the targeted population. 

Then, through a novel diagnostic model, System Capture Ratio, designed to indicate participant engagement, we 

found that a lengthy intervention timeline and repetitive trials led to decreased engagement and consequently a lack 

of improvement of RJA performance in Study I. Therefore, we conducted another multi-session study (Study II) based 

on a prescriptive model: a shorter timeline and a more adaptive interaction protocol. Experimental results showed that 

in Study II, the participants’ engagement measured by the diagnostic model was maintained consistent, and their RJA 

performance improved significantly, when measured by the descriptive model. To the best of our knowledge, this 

work is the first that demonstrated 1) an automatically quantified indicator of engagement and how the tracking 

of engagement could help design a new study timeline and intervention protocol for improved outcome, and 2) the 

impact of intervention timeline and protocols on changes in children’s engagement. 

As in a SAR like NORRIS, robot is used as a replacement or substitute for human care, the training and intervention 

brought by SAR might reduce their human-human interaction [13]. In the literature, it is sometimes conjectured that 

too much technology-based interaction might adversely impact one’s ability to interact with people. However, to our 

knowledge, there is no systematic approach to analysis such hypothesis. This implies that there is a gap in 

understanding between the social skill performance within HRI and the social skill within HHI. In order to investigate 
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the isolation effect occurred in HRI, we built a predictive model to classify one’s RJA performance in HHI based on 

gaze distribution in HRI. To the best of our knowledge, this is the first work trying to quantitatively bridge the gap 

between HRI performance and HHI performance for children with ASD. 

Next, as none of the existing works could address social skill training for children with ASD as well as caregiver 

anxiety relief in parallel, we developed a novel Computer-mediated Caregiver-Child Interaction (C3I) system to fill 

this gap. The preliminary study whose result was based on a descriptive model showed a promising effect on the 

dyads of ASD group: A near significant increase with medium effect size on IJA performance was observed in children 

with ASD. Meanwhile, significant group differences on anxiety amongst caregivers were also observed, which 

indicated that the proposed system fit ASD caregiver-child dyads the most. 

Lastly, as there has not been any study reported on predicting stress of individuals with ASD based on fNIRS 

signal, we proposed predictive models to fill this research gap. Due to the portability, robustness, non-invasiveness, 

and reasonable temporal and spatial resolution, fNIRS signal was believed to provide us with insight on emotion status 

of individuals with ASD. Individual-independent classifiers were designed based on neural networks and XGBoost. 

One of the proposed neural network, one-dimensional Inception-Resnet, achieved an averaged accuracy of 64.6% with 

a 5 × 5 cross-subject cross validation, with Hb (HbO+HbR) as input. Individual-independent classifiers based on 

neural networks were preferred for the following benefits: first, the input signal did not need to be preprocessed, except 

the conversion of light intensities to hemoglobin concentrations; second, its end-to-end way of prediction was suitable 

for online prediction with new participants, without any need to further training. 

7.2 Societal Contributions 

Early assessment and behavioural intervention have shown promising results to help alleviate heterogeneous 

symptoms in young children with ASD [8]. In the past decade, Socially Assistive Robotics (SAR) has also gained 

momentum due to its ability to engage and evoke various social behaviours in children with ASD as well as its capacity 

for uniform intervention delivery and objective, quantitative performance tracking [12]–[17]. With the advancement 

of AI and robotics, it is possible to create new intervention modalities and protocol to augment the current ASD 

intervention and care. However, there still exists gaps between proof-of-concept design of an intelligent system and 

its potential as clinical application. Our research addressed some of these gaps to make HMI systems closer to real-

world impact in ASD intervention. Through the analyses and comparison of two multi-session studies, we highlighted 

the need of adaptive interaction protocol and appropriate study timeline to reach promising intervention effect of a 

SAR designed for children with ASD. To the best of our knowledge, Study II introduced in Chapter 3 was the first 

multi-session study with a waitlist control group design that demonstrated the capacity of a SAR to significantly 

improve RJA skill for children with ASD. 

The work discussed in Chapter 4 will pave the way for future research on solving the problem of isolation effect, 

as well as increase the influence and outreach of a SAR by providing results beyond HRI results. Additionally, we 

believe this predictive model may shed light on an automated, efficient, and consistent way to evaluate one’s social 

skill in HHI, as a replacement of the labour intensive and time-consuming therapist evaluations. 

Then, in the development of C3I, for the first time an intelligent system designed for children with ASD was aimed 

to benefit both children and caregivers, though in different aspects: C3I was shown to help children with ASD develop 

their social skill such as IJA while benefit their caregiver on anxiety during caregiver-child interaction. 

Finally, individuals with ASD often have difficulties ascertaining the emotional states of themselves as well as 

others. According to the two-level model, individuals with ASD generally exhibit normal neurophysiological 

responses in brain regions (regular first-order experience) in reaction of emotion, whereas they mainly suffer from 

second-order experience, i.e., the self-awareness of emotional states. The stress predictive model for individuals with 

ASD based on fNIRS provided an alternative for the existing works on stress prediction for individuals with ASD, 

such a predictive model will help individuals with ASD on their anxiety during human-machine interaction process 

and thus improve the intervention effect. 
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Appendix A: Additional results of C3I project in Chapter 5 

We conducted additional social skill training task, response to joint attention (RTN), with the C3I system 

introduced in Chapter 5. Everything with C3I kept the same except the interaction protocol. In this appendix, 

interaction protocol and the respective results of RTN are covered. 

Moreover, caregiver-child dyads of not only ASD, but also high-risk siblings (HRS), and TD were recruited. Their 

results are also discussed. 

RTN interaction protocol 

Before the start of an RTN trial, a distraction video clip would be played on any monitor, except the one on top of 

the caregiver, to distract a child’s attention away from the caregiver and thus made it possible to judge the social 

response. 

Then, the caregiver was expected to trigger an RTN trial by operating a tablet app, which would prompt the 

caregiver to start calling name. Finally, if the child’s RTN was observed and recorded by the caregiver, a reward video 

clip would be played on the monitor on top of the caregiver, with a pre-recorded reward video showing a therapist’s 

face and saying: “You did such a great job!” 

Additional Results 

Four topics regarding to C3I will be analyzed and discussed in this section: First, the potential influence of 

covariates on children’s performance, including distraction duration, selection of target monitor in Distraction state, 

and whether audio was added in Distraction state of RTN trials. Second, the average response time, which measured 

from the beginning of Task state to the beginning of Reward state. Third, Subjective measurement of C3I by a 

questionnaire finished by caregivers on user satisfaction. Fourth, analysis of anxiety level of caregivers through 

measurement of physiological signal, including skin conductance and heart rate. 

Recruitment 

24 young children (12 male, 12 female, age: 13-40 months, mean= 24.2 months, SD= 6.3) with their caregivers 

were recruited for one session to finish a proof-of-concept study. Of the 24 recruited children, 10 were ASD, 6 were 

High Risk Sibling (HRS) and 8 were TD. 20 out of 24 caregiver-child dyads finished the study, resulting in a feasibility 

rate of 83.3%. The 4 dropped were all ASD dyads, partially because they came to participate in this study after 

experiencing another study and became exhausted. 2 sessions of the 8 TD dyads are excluded in the following data 

analyses due to data missing. Therefore, the following data analyses are based on 18 caregiver-child dyads, with 6 

ASD, 6 TD and 6 HRS. In this study, a session was fixed as 2 RTN trial-groups followed by 2 IJA trial-groups. The 

study was approved by Vanderbilt University Institution of Review Board. 

As the caregiver played a significant role in this study, prior to the start of a session, caregivers were informed 

about the system interaction scheme and tablet app usage in a consistent way to eliminate introduction bias. 

Additionally, caregivers were recommended to subjectively control the distraction duration (neither too long, nor too 

short) to explore different task difficulties. 

Caregivers wore E4 wristbands on their wrists throughout a session. There was a one-minute rest period before 

session started. Skin conductance and heart rate will be analyzed in the following sections. 

Objective performance analysis 

There were three covariates that could potentially influence the performance of children: distraction duration, 

selection of target monitor in Distraction state, and audio added or not in Distraction state. 

Distraction duration was measured from the time children started to watch distraction video to the time caregivers 

decided to trigger Task state C3I. Here, the time children started watching distraction video was registered as the first 
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time a gaze point fell into the detection range of target monitor. The average distraction durations are listed in Table 

A-1, from which we can see that there were no significant differences on distraction durations between any two groups, 

on either task. 

 

 

Besides distraction duration, selection of target monitor in Distraction state might also influence the task difficulty, 

as presumably, distraction video on Monitor 2 might be easier for children to respond than on Monitor 5. Hereby, the 

frequency of each target monitor during Distraction state was counted, which turned out that there was no statistically 

significant difference between any two children group: pAT= pTH= pHA=1 (For both RTN and IJA, notations the same 

as Table 3).For difference of whether the audio of mute video was added or not in the Distraction state, there was no 

significant difference between any two groups on either task (pAT= pTH= pHA=1). 

Given that the covariates were statistically insignificant, it’s fair to compare the response time of three children 

groups, as shown in Table A-2. We can see that for RTN, there are a significant difference between ASD and TD, as 

well as between ASD and HRS; for the remaining comparison, there is no significant difference. It’s interesting to 

point out that for both RTN and IJA, the difference between RTs of TD and HRS are quite smaller, compared with 

that between ASD and HRS. This means C3I could capture the general psychological reality of ASD, TD and HRS 

on their capability of RTN and IJA. 

 

 

 

Table A-1 Distraction time of three groups on two tasks 

Children 

group 

RTN IJA 

Mean (std. 

dev) 

Two sampled t-

test 

Mean (std. 

dev) 

Two sampled t-

test 

ASD 3.68(1.41) pAT=.48 

pTH=.45 

pHA=.92 

3.49(0.56) pAT=.42 

pTH=.65 

pHA=.41 

TD 3.29(0.79) 4.04(1.94) 

HRS 3.62(0.99) 3.73(0.64) 

pAT, pTH, pHA: p-values between ASD and TD, TD and HRS, HRS and ASD, 
respectively. These notations will be used in the following sections. 

Table A-2 Response time (RT) of three groups on two tasks 

Children 

group 

RTN IJA 

Mean 

 (std. dev) 

Two sampled 

 t-test 

Mean 

 (std. dev) 

Two sampled  

t-test 

ASD 20.19(5.70) pAT=.0004 

pTH=.48 

pHA=.004 

11.87(3.46) pAT=.092 

pTH=.96 

pHA=.17 

TD 10.30(3.69) 9.11(3.10) 

HRS 11.83(5.24) 9.21(4.38) 

pAT, pTH, pHA: p-values between ASD and TD, TD and HRS, HRS and ASD, 

respectively. 

     

Fig. A-1 (a) Response time of RTN trials; (b) Response time of IJA trials 
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Then, the trends of response time are depicted in Fig. A-1-a (RTN) and Fig. A-1-b (IJA). The dotted lines in both 

figures are to separate two trial-groups. As the learning might accumulate with the experiencing of trials across the 10 

trials, pre- and post-trial-group comparison (between Trial 1 and Trial 5, between Trial 6 and Trial 10), and pre- and 

post-task comparison (between Trial 1 and Trial 10) are displayed in Table A-3. 

 

We can see that for pre- and post-trial-group comparison, there was no significant findings related to any children 

group on either task. Nevertheless, there was a near significant decrease of IJA response time for ASD in pre- and 

post-task comparison, with a medium effective size. This showed the potential of the C3I to help train IJA skills for 

ASD. Meanwhile, C3I was shown less suitable for TD due to its negative impact on RTN and neutral impact on IJA. 

For HRS, the impact was unclear: there was a positive impact on RTN while a negative impact on IJA. 

Moreover, when combining all the RTN and IJA trials, non-social cue (bouncing ball) was triggered 89 times for 

ASD, 42 times for TD and 40 times for HRS. This showed that ASD group generally needs more system assistance 

to transfer attention. 

Subjective performance analysis 

Every caregiver finished a survey as listed below after the session to evaluate every aspect of the system on an 

integer scale from 0 to 4: 

 

1. How hard is it to use the app? (0: Very difficult, 4: Very easy) 

2. How much help did you need to use the app? (0: Very much, 4: Not at all) 

3. Overall, what do you think of the app? (0: Very bad, 4: Excellent) 

4. How much do you think the system could help you teach your child? (0: Not at all, 4: Very much) 

5. How hard were the tasks for your child? (0: Very easy, 4: Very difficult) 

6. Did you like the activities where you called your child’s name? (0: Not at all, 4: Very much) 

7. Did you like the activities where you paused the video to see if your child looked at you? (0: Not at all, 4: Very much) 

8. What do you think of the system’s video and sound?  (0: Very bad, 4: Excellent) 

9. How much do you think your child liked the system? (0: Not at all, 4: Very much) 

10. What do you think of the system in general? (0: Very bad, 4: Excellent) 

11. During the first set of activities, do you think your child responded to his or her name more quickly by the end? (0: Not at 

all, 4: Very much)  

Table A-3 pre- and post-Group comparison and pre- and post-task comparison, mean with std. dev 

Children RTN IJA 

ASD 

Trial 1 Trial 5 Trial 6 Trial 10 Trial 1 Trial 5 Trial 6 Trial 10 

16.93 

(13.42) 

22.82 

(18.10) 

26.35 

(18.82) 

22.57 

(15.76) 

15.18 

(10.99) 

11.59 

(7.08) 

8.07 

(6.24) 

9.64 

(9.11) 

p1=.60 p2=.53 p1=.60 p2=.79 

p3=.61 p3=.052, Cohen’s d=.55 

TD 

Trial 1 Trial 5 Trial 6 Trial 10 Trial 1 Trial 5 Trial 6  Trial 10 

4.78 

(3.28) 

13.40 

(16.34) 

8.65 

(11.38) 

13.42 

(10.98) 

9.80 

(9.55) 

9.10 

(5.87) 

14.36 

(15.81) 

10.98 

(8.46) 

p1=.31 p2=.09 p1=.71 p2=.54 

p3=.06 p3=.70 

HRS 

Trial 1 Trial 5 Trial 6 Trial 10 Trial 1 Trial 5 Trial 6 Trial 10 

16.14 

(14.58) 

5.62 

(3.40) 

8.95 

(6.32) 

5.99 

(2.75) 

9.62 

(5.97) 

7.22 

(6.16) 

5.32 

(3.28) 

20.27 

(27.42) 

p1=.20 p2=.28 p1=.61 p2=.24 

p3=.13 p3=.38 

p1, p2, p3: p-values between Trial 1 and Trial 5, Trial 6 and Trial 10, Trial 1 and Trial 10, respectively, using 
paired t-test. 
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12. By the end of the second set of activities, do you think your child looked at you more quickly when the video was paused? 

(0: Not at all, 4: Very much) 

 

The results of survey are summarized in Table A-4. In general, caregivers were satisfied with the tablet app (Q3), 

the whole system (Q10) and task design (Q6, Q7). On impressive intervention effects, caregivers were divided on how 

much IJA training helped (pTH = .02, pHA = .04, two-sampled t-test) and how much RTN training helped (insignificant, 

though). 

 

 

Caregiver’s anxiety analysis 

In this study, both the intervention effect on children and the relieved anxiety on caregivers were expected. 

Therefore, caregivers wore E4 wristbands to measure their Electrodermal Activity (EDA) and Photoplethysmography 

(PPG) signals. The detection frequency of EDA is 4 Hz and that of PPG is 64 Hz. Heart rate (HR) was extracted from 

the PPG, provided by the E4 embedded software, with a frequency of 1 Hz. 

▪ Anxiety measured by EDA 

Evidence has shown the link between EDA and autonomic emotional and cognitive processing and has been widely 

adopted as an measurement of emotional processing and sympathetic activity [174]. 

Generally, EDA signal contains two kinds of information: a slowly changing background tonic-skin conductance 

level (tonic-SCL) and rapidly changing phasic skin conductance responses (phasic-SCRs) [174]. Here we use it as a 

measurement of anxiety level of caregivers and the widely accepted pattern summarized in [175] that decreased 

tonic-SCL and decreased frequency of phasic-SCRs both stand for decreased anxiety was adopted. 

As noted in [176], there is a 1-3 seconds lag between the event and the generation of phasic-SCRs, and a phasic-

SCR can last for 4 seconds. Therefore, the corresponding EDA signal piece of a trial was counted from 1 second after 

the start of the Distraction state to 4 seconds after the end of Reward state. 

The EDA signal was processed as follows: First, we filtered the raw EDA signal with a gaussian filter (window 

size=32). Then, a deconvolution method proposed in [176] was adopted to extract the tonic-SCL and  frequency of 

phasic-SCRs for each trial. Next, the tonic-SCL was normalized by equation (1) to make it inter-individual comparable 

[177] and any phasic-SCRs with amplitude less than the threshold of 0.01 μS were excluded as noise [178]. Finally, a 

one-minute resting period before the session was used as baseline, of which tonic-SCL and frequency of phasic-SCRs 

were subtracted from the following tonic-SCL and phasic-SCRs to evaluate within-individual variations [178]. 

SCL=(SCL-SCLmin)/(SCLmax-SCLmin)          Equation 5-1 

As the EDA detection equipment in [176] was not E4 wristband, we tuned the parameters of its deconvolution 

method carefully. After an extensive exploration and validation, three critical parameters were set as such: Smooth- 

Window = 2, Gird-Size = 4 and Sig-Peak = 1. The tonic-SCL was measured in μS and the frequency of phasic-SCRs 

Table A-4 Average scale of each question in the questionnaire 

Question ASD HRS TD Total 

Q1 0.67 (0.52) 0.33 (0.82) 1.33 (0.82) 0.78 (0.81) 

Q2 0.83 (1.17) 0.5 (1.22) 1.83 (0.98) 1.05 (1.21) 

Q3 3.33 (0.52) 2.67 (0.82) 3 (0.63) 3 (0.69) 

Q4 3.67 (0.52) 2.83 (0.75) 3 (1.1) 3.17 (0.86) 

Q5 2 (0.89) 2.17 (1.17) 1.67 (0.52) 1.95 (0.87) 

Q6 3.5 (0.84) 3.5 (0.55) 3.33 (0.82) 3.44 (0.70) 

Q7 3.67 (0.52) 3.33 (0.52) 3.33 (0.52) 3.44 (0.51) 

Q8 3.5 (0.55) 3.5 (0.55) 3.5 (0.84) 3.5 (0.62) 

Q9 3.17 (0.98) 2.17 (1.17) 3.17 (1.33) 2.84 (1.20) 

Q10 3.5 (0.55) 3.33 (0.52) 3 (0.89) 3.28 (0.67) 

Q11 1.83 (1.17) 2.83 (1.17) 2.67 (1.37) 2.44 (1.25) 

Q12 3.17 (0.75) 1.67 (1.37) 3.5 (0.84) 2.78 (1.26) 
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was measured in per minute. For a detailed discussion on phasic-SCRs and the resting period, please refer to Section 

5.3.1. 

Tonic-SCL variations of RTN trials and IJA trials are displayed in Fig. A-2, respectively. The dashing lines denote 

the boundary between two trial-groups in a task. 

 

 

Considering the first trial-group measured by tonic-SCL, caregivers experienced increasing anxiety. With more 

trials going through, anxiety started to decrease for caregivers of ASD and maintain relatively stable for caregivers of 

TD and HRS. For a detailed discussion on this, please refer to discussion in Section 5.4.2. 

Variations of frequency of phasic-SCRs of RTN trials and IJA trials are shown in Fig. A-3, respectively. For 

caregivers of ASD, they were less anxious, especially in IJA trials. Whereas for caregivers of HRS and TD, their 

anxiety was unstable in RTN trials and stably decreasing in IJA trials.  

Thus, when measured by phasic-SCRs, compared with resting period, caregivers of ASD experienced less anxiety 

whereas caregivers of TD and HRS experienced similar level of anxiety but the trend was approximately going down. 

 

 

▪ Anxiety measured by heart rate 

Similar to the analysis of EDA signal, the heart rate (HR) data of caregivers was first normalized in the same way 

as equation (1) and then the average HR in resting period was subtracted from the HR signal corresponding to trials. 

     
     (a)                  (b) 

Fig. A-2 (a) Tonic-SCL variation of caregivers in RTN trials (Mean value with 10% std. dev as error bar); (b) tonic-SCL variation of 

caregivers in IJA trials (Mean value with 10% std. dev as error bar) 

     
     (a)               (b) 

Fig. A-3 (a) Frequency of phasic-SCRs variation of caregivers in RTN trials (Mean value with 10% std. dev as error bar); (b) Frequency of 

phasic-SCRs variation of caregivers in IJA trials (Mean value with 10% std. dev as error bar) 
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The results of HR variation in RTN and IJA are displayed in Fig. A-4. The commonly accepted pattern that decreased 

HR stand for decreased anxiety [175] was adopted. 

 

 

We can see that for both RTN and IJA trials, anxiety of caregivers dropped when they interacted with their children 

within C3I, measured by HR. 

The summarized statistics about tonic-SCL, frequency of phasic-SCRs and HR of caregivers are shown in Table 

A-5. Significant differences amongst caregivers of three children groups are also shown in Table A-5, along with their 

corresponding effect sizes. Generally, if anxiety was used as an indicator of evaluating the amount of help caregivers 

received from C3I to interact with their children, most time anxiety of caregivers of ASD decreased more than that of 

caregivers of TD or HRS. 

 

To conclude, the anxiety of caregivers was measured by EDA and HR data in this study and the preceding results 

show that the system did help relieve the anxiety of caregivers in a moderate way. This effect was most prominent on 

caregivers of ASD, which significantly different from that on other caregivers. This justified the proposal of this work, 

a system designed for young children with ASD to interact with their caregivers. 

 

     
     (a)               (b) 

Fig. A-4 (a) HR variation of caregivers in RTN trials (Mean value with 10% std. dev as error bar); (b) HR variation of caregivers in IJA trials 

(Mean value with 10% std. dev as error bar) 

Table A-5. Average tonic-SCL, frequency of phasic-SCRs and HR of 

caregivers in RTN and IJA trials, with std. dev in the parenthesis 

 ASD HRS TD 

Tonic-SCL 

RTN 
0.19(±0.29) 0.09(±0.4) 0.25(±0.4) 

pTH=.03, Cohen’s d=.41 

IJA 
0.06(±0.42) 0.15(±0.4) 0.15(±0.31) 

 

Phasic-SCRs 

RTN 
-0.8(±3.9) 0.04(±4.48) 1.03(±3.11) 

pAT=.01, Cohen’s d=.2 

IJA 

-4.4(±5.6) -1.11(±4.32) -0.46(±3.73) 

pHA<.001, Cohen’s d=.66 

pAT<.001, Cohen’s d=.83 

HR 

RTN 
-0.16(±0.3) -0.11(±0.31) -0.26(±0.3) 

pTH=.01, Cohen’s d=.49 

IJA 

-0.26(±0.28) -0.1(±0.25) -0.21(±0.34) 

pHA=.002, Cohen’s d=.6 

pTH=.04, Cohen’s d=.37 
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Appendix B: In memory of critical moments in Ph.D. career 

 

Fig. B-1 A drawing by Letao Wang, my nephew 

Background: When I first came to US in August 2015, he sent me this drawing as a gift prior to departure. As I was 

born in 1993, the year of rooster in Chinese tradition, this picture was named as Dr. Rooster. 

 

Fig. B-2 A photo of a sketch by Yiyuan Zhao 

Background: During my early days at Vanderbilt in Fall 2015, I consulted with a senior graduate student, Yiyuan 

Zhao, about his recommendation of advisors. My advisor, Dr. Sarkar’s name is at the very top of this recommendation 

list. 
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Fig. B-3 Roadmap to Ph.D. by Zachary Warren 

Background: When I was offered a Ph.D. position at RASL in the Summer 2016. Dr. Sarkar, Dr. Warren, Dr. Weitlauf 

and I had a meeting about my Ph.D. research schedule. Dr. Warren gave me this sketch as a roadmap. Research ideas 

including the Study II of NORRIS, and C3I system were proposed back then. 

 

Fig. B-4 Group photo of RASL during the 2020 Xmas  

Background: We started WFH since March 2020 due to COVID-19 pandemic through the end of my Ph.D. career so 

that I did not have a chance to meet lab members physically. We thus had a special gift exchange activity in our lab 

during the 2020 Xmas break and an online video meeting was held for unpacking. This was a screenshot, including 

some of our lab members and Dr. Sarkar. 


