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Abstract

In the field of Autism Spectrum Disorder (ASD) intervention, there has
been a growing need for technology-based methods to address atypical sen-
sory responses, a core symptom experienced by most children with ASD.
Atypical sensory responses lead to their difficulties in self-regulation in daily
life. They may have difficulty paying attention or recovering from anxiety.
Sensing technologies and artificial intelligence (Al) in collaboration repre-
sent a promising tool because they not only enable real-time monitoring
of the sensory responses, but can also produce useful intervention strate-
gies for assisting children with ASD. The aim of this research is to explore
how to develop an effective and acceptable intelligent system, using reliable
sensor and Al techniques, to facilitate sensory regulation of children with
ASD. A monitoring system named Roomie, has been proposed and devel-
oped as a tool to explore the research questions. The research followed a
user-centred principle and iterative process, which means that Roomie was
developed with the help of ASD specialists and user groups, and had been
constantly refined. Multiple sensors were used to collect environmental
data and physiological data, in order to obtain a comprehensive under-
standing of a child’s sensory responses in relation to their environment. A
standardised sensory profiling tool was integrated in the system to obtain
information about a child’s sensory processing pattern. Machine learning
algorithms were used to extract and analyse sensory-related data to de-
tect the child’s attention and stress levels. A fuzzy logic algorithm was
employed to stimulate the strategy-making process of an ASD specialist
based on the detected environmental stressors and abnormal states. Key
modules such as data processing and feedback generating were integrated in
a smartphone-based application, which make the system easier for children
with ASD and their caregivers to access. The entire system has been tested
in a series of evaluation sessions in a real-life setting. Overall, the results

presented in this thesis suggest that the proposed sensor and Al-enabled



system can effectively address atypical sensory responses in children with
ASD. At the end of the thesis, discussion on the further improvement and
wider application of the system has been made. The work presented in
this thesis has provided a solid foundation for future studies in which the
proposed system and development framework can be used for creating a
smart health home to implement the environmental control and sensory
regulation strategies automatically without a continuous involvement of a

human assistant.
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Chapter 1

Introduction

This chapter provides a background that motivates this PhD research, be-
ginning with an introduction to Autism Spectrum Disorder (ASD) and
one of its core symptoms, atypical sensory responses. The chapter then
brie y introduces the current development of technology-based interven-
tions (TBIs) that are promising in the ASD eld. Further, the aims of this
PhD research and research questions are articulated. A summary of the
scienti ¢ contributions of this work is presented. The actual work under-
taken by the author is summarized. At the end of this chapter is an outline

of this thesis.

1.1 Introduction to Autism Spectrum Dis-

order (ASD)

ASD refers to a neurodevelopmental disorder that can impact many aspects

of a person's life, as shown in Figure 1.1.
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Figure 1.1: Autism is a spectrum that impacts human functioning in each of
these areas, adapted from AutismBC (2023)

Individuals impacted by ASD may present non-verbal communication, stereo-
typical motor movements such as body-rocking and mouthing, and hypo- or
hyper-reactivity to incoming sensory information (Benssassi et al., 2018).
These symptoms can emerge very early in childhood and last throughout
an individual's life (Levy, 2007), a ecting the way individuals behaved and
interacted in social and non-social contexts around them (Happe & Frith,
2020). ASD is also a disorder with a high degree of comorbidity, leading to
high heterogeneity and complexity. The co-morbid psychiatric disorders in-
clude social anxiety disorder, attention-de cit/hyperactivity disorder, and
depressive disorder (Simono et al., 2008). This has been shown to bring

higher stress and a heavier raising burden for the families of children with

2



ASD compared to families of typically developing (TD) childref and chil-
dren with other disabilities (Deng & Rattadilok, 2020).

Clinical diagnosis of ASD usually depends on quali ed doctors' observa-
tion and assessment of the child's developmental history and behaviour
(Hyman et al., 2020). In 2013, the Diagnostic and Statistical Manual of
Mental Disorder (DSM), Fifth Edition established the latest criteria for
ASD diagnosis (American Psychiatric Association, 2013). A variety of in-
struments validated based on the DSM criteria are used in many countries
to provide structured data to facilitate the diagnosis (Constantino & Char-
man, 2016). They range from checklist questionnaires such as the Autism
Spectrum Quotient 10 items (AQ-10) checklist (Baron-Cohen et al., 2000),
to observational tools such as the Autism Diagnostic Observation Schedule

(Lord et al., 2012).

The most up-to-date data estimates that over 28 million people are af-
fected by ASD globally (Solmi et al., 2022). The mental health survey of
National Health Service in the United Kingdom (UK) reported that the
prevalence was around 1.5% in children of 5 to 10 years old (Franziska et
al., 2018). This rate was higher among children aged 8 years in the United
States, which was 2.3% in 2018 and 2.8% in 2020 (Maenner et al., 2021). In
China, although the rst case of ASD diagnosis was reported in the 1980s,
ASD was o cially listed as a mental disorder around two decades later in
2006 (Deng & Rattadilok, 2020; A. X. Huang et al., 2013). A meta-analysis
study in 2018 estimated that the pooled prevalence of ASD in China was
0.4% (Wang et al., 2018). A recent nation-wide study estimated that the
ASD prevalence rate among children aged 6 to 12 years in China was 0.7%,

generally lower than estimates reported in other countries (Z. C. Zhang

Typically developing children refers to children without an ASD or any other intellectual
and developmental disabilities (Shivers et al., 2019).
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& Han, 2020). The dierence in prevalence rates between western coun-
tries and China suggests that many Chinese individuals with ASD may
remain undiagnosed and unassisted (Deng & Rattadilok, 2020). Besides,
the increase in the prevalence of ASD suggests that ASD is no longer a
rare disorder but an important public health concern (Z. C. Zhang & Han,
2020; Zhou et al., 2020). Especially in China with around 1.4 billion people
(The World Bank, 2021), if estimating the ASD population in China by
applying the latest rate (0.7%), an astonishing 10 million people could have

been a ected by the condition.

To date, there is no known pharmacological treatment that can cure ASD
(Lotufo Denucci et al., 2021). The goals of “treatment' in ASD nowadays
are only to minimise core de cits, maximise functional independence and
prevent problematic behaviours (Hyman et al., 2020). This process should
be more accurately described as psychosocial interventioar psychoed-
ucation. Autism is referred as a spectrum disorder because the symptom
expression varies and the intervention that an individual needs is highly in-
dividualised depending on the condition (Deng & Rattadilok, 2020). Early
intervention of children at young age has been shown to result in positive
outcomes. The most evidence-based intervention is behavioural interven-
tion, known as applied behavioural analysis (ABA) (Hyman et al., 2020).
ABA intervention targets the development of specic skills (e.g., social
engagement), and reinforces desired behaviours while discouraging unde-
sired ones. Other mainstream interventions include speech and language
program, sensory integration intervention, relationship development inter-

vention and many more (Hyman et al., 2020).

2Unlike treatment which is used to cure the diseases, interventions are generally aimed
at improving social functioning and reducing symptom distress and relapses. Inter-
ventions can be integrated in the treatment and facilitate the treatment. Compared
to treatment, interventions can be applied more frequently and be administered by a
wide range of media including computer programs, while treatment generally requires
quali ed therapists (Mueser et al., 2013).



1.2 Atypical sensory processing in ASD

Ability of sensory processing is established through neural development at
the early stages of the life. ASD is a neurological and developmental disor-
der in which impairments in sensory processing are one of the most common
issues observed (Case-Smith et al., 2015). The new diagnostic criteria in
the DSM, Fifth Edition make changes from the Fourth Edition by adding
the explicit recognition of atypical sensory responses within the domain of
restricted, repetitive patterns of behaviours, interests or activities in ASD

(American Psychiatric Association, 2000, 2013).

In general, sensory stimulation can arise from tactile, visual, auditory and
a variety of other senses, such as the sense of smell (olfactory), the sense
of taste (gustatory) and the sense of movement (vestibular and proprio-
ceptive). However, individuals with ASD are known to respond to sensory
stimulations di erently from their TD counterparts in the daily life. Ac-
cording to the description in the DSM, speci ¢ atypical sensory responses,
referred as hypo- or hyper- sensitiveness to sensory input or unusual inter-
ests in sensory aspects of the environment (American Psychiatric Associa-
tion, 2013), will further lead to sensory regulatiofissues. More speci cally,
individuals with ASD who are hypo-sensitive may fail to notice sensory
events which TD peers can easily detect. For example, they can be indif-
ferent to sound, having di culty paying attention due to hypo-sensitiveness
(Tomchek & Dunn, 2007). Contrariwise, hyper-sensitive people are more
prone to su er distress or have an excessive negative reaction to sensory
stimuli. They may present adverse responses to speci ¢ sounds or physi-

cal touches (American Psychiatric Association, 2013). The distress caused

3Sensory regulation refers to a person's ability to take, modulate, and organise the
information from senses, and in turn, making an appropriate behavioural adaptation
to sensory stimuli (Harricharan et al., 2021).
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by sensory stimuli may lead to self-injurious and aggressive behaviours
(Javed et al., 2019). Individuals with unusual sensory interests may ex-
hibit fascination with certain neutral or unpleasant stimuli, such as lights
or movement (American Psychiatric Association, 2013). Sensory stimuli
occur every day as part of human experience (Dunn, 2001). Any of the
sense at any random time, may become hypo- or hyper-sensitive for in-
dividuals with ASD which can further trigger distraction or discomfort
(Gomes et al., 2004; Talay-Ongan & Wood, 2000). In particular, atypical
sensory processing is estimated to a ect more than 90% of individuals with

ASD (Marco et al., 2011; Robertson & Baron-Cohen, 2017).

Despite the overwhelming incidence of atypical sensory processing in ASD
and its detrimental in uence, related sensory regulation issues have received
less attention than other developmental problems in ASD before the new
diagnostic criteria were established in 2013 (Tomchek & Dunn, 2007). One
potential impediment to addressing the issue is that sensory processing
has been complex and idiosyncratic with unclear aetiology in individuals
with ASD (Deng, Rattadilok, Hadian, & Liu, 2021). There is also a lack
of evidence-based theories and interventions that have been standardised
in the clinical practice. Ildenti cation and recognition of atypical sensory
processing in ASD diagnostic criteria have encouraged empirical research,
over the past decade, to lay emphases on the issue. Sensory assessment
tools such as the Sensory Pro le questionnaires are nhow commonly used
to quantify sensory processing di erences relative to smell, taste, vision,
audition and touch (Hyman et al., 2020). In addition, recent studies have
started collecting phenotypic and genetic information at scale in order to
nd biological explanations (Loth & Evans, 2019; Warrier et al., 2019).

Exploring sensory processing patterdswith physiological measures and

4Sensory processing patterns refer to behavioural patterns relating to the child's atypical
sensory responses according to Dunn's sensory processing framework (Tomchek et al.,

6



self-report questionnaires have been suggested to be important for future

research in this area (Happe & Frith, 2020).

Evidence-based studies have identi ed some e ective strategies to address
atypical sensory processing and improve sensory regulation ability in ASD.
Dominant interventions to help children with ASD reduce dysregulation

in sensory processing include clinic-based sensory integration intervention,
sensory regulation strategies, modi cation of environments and tasks in
relation to their atypical sensory responses. A quali ed specialist, usually
an occupational therapist, is required to guide children to participate in
these interventions, thereby supporting better regulation of their sensory
responses. There are also alternative school-based, teacher-directed ap-
proaches, and home-based, parent-mediated approaches such as music in-
tervention, ABA, and massage (Hyman et al., 2020; National Autism Cen-
tre, 2015). However, many conventional interventions necessarily involve
human assistance to engage with a child to reinforce adaptive responses
through play and sensory exercises (Hyman et al.,, 2020). They should
be requested by caregivers of children with ASD through professional ser-
vices (Deng, Rattadilok, Hadian, & Liu, 2021). However, in many areas
in China, especially in remote regions, there are relatively few services to
support the sensory processing issues in ASD (Deng & Rattadilok, 2020).
Therefore, many researchers and practitioners have endeavoured to alter
and enhance this circumstance by promoting collaborative development of
inclusive smart interventions among technology developers, engineers, and
di erent stakeholders in the ASD community (Deng, Rattadilok, Hadian,

& Liu, 2021).

2015). Details regarding sensory processing patterns will be discussed in section 2.2.
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1.3 Technologies for sensory regulation in

ASD

Technologies for application in the ASD eld have grown signi cantly in the
past two decades. In most cases, technologies available to people with ASD
can be categorised by the purpose of use, such as diagnosis, treatment, or
intervention. However, there has been a lack of clear de nition and classi -
cation for technologies providing speci c interventions in ASD, for example,
technologies targeting atypical sensory processing (National Autism Cen-
tre, 2009). Technologies for sensory regulation in ASD are of the larger in-
tervention category, often known as technology-based interventions (TBIs),
which are novel approaches that employed technology as a main medium
of sensory strategy delivery, or to assist sensory-based therapies within or
outside clinical settings (Guan Lim et al., 2020). Among all the sensory-
based interventions for ASD, TBIs can be more inclusive because they can
0 er sensorily cued instructions and trainings, which are consistent and re-
peatable, with less involvement of human assistance compared with other

conventional interventions (Wilkes-Gillan & Joosten, 2016).

A TBI can be delivered via a computer, a robot, a wearable, a mobile
device, or a mixture of these approaches. The last decade has witnessed
a growing use of wearable and mobile devices in delivering sensory-based
interventions for people with ASD. It has been suggested that portable
mobile phones, tablets, smartwatches, and wireless sensors may be the ideal
methods for addressing the needs of people with ASD, because they can be

more easily accessed and more a ordable than other devices such as robots.

5Sensory strategy, or sensory regulation strategy refers to the recommendation that a
therapist usually make in sensory-based interventions to address the child's hyper-or
hyposensitivity and support their self-regulation. For example, a single-sensory strategy
can be a recommended modi cation to the child's environment which helps the child
to fully participate in preferred sensory experiences. (Case-Smith et al., 2015)
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Sensory feedback has also been possible because most successful wearable
and mobile devices have already equipped with sensors to manage stress,

anxiety and other sensory-related issues (Koumpouros & Kafazis, 2019).

At present days, wireless connectivity such as Bluetooth Low Energy and
Wi-Fi has provided developers with an approach to integrate di erent types

of devices in one system for delivering TBIs. The connection has enabled
data transmission either between a sensor and a mobile phone, or between
a device and a cloud server where a large scale of data management and
computation can take place. Therefore, the wireless-enabled and Internet-
connected devices can reduce the physical dimensions for a system, which
shows their potential to be a contemporary trend in the development of
TBI for people with certain impairments (Khullar et al., 2019). Bene t-

ing from the network of devices, TBIs can take account of an individual's
hypo- or hyper-sensitivity and idiosyncratic sensory interests to environ-
mental factors (e.g., noise, brightness, and other features), to extract useful
information from real-time data, and to provide customised interventions

accordingly.

However, TBIs developed for individuals with ASD in China have been
scarce (Tang, 2016). TBIs for sensory regulation in ASD are even rarer.
Compared to western countries, TBIs in China have been more limited
to the type of software applications (Apps) on mobile phones and tablets
(Deng & Rattadilok, 2020). Maintream Chinese Apps aim to develop inter-
active platforms that allow users to share experience and information with
others while receiving knowledge about symptoms, diagnosis, potential in-
terventions and relevant services. This may be because that, in China,
there is high penetration of mobile phones and a lack of access to ASD-
related information and services, especially in rural regions. Moreover, the

underdiagnosis of ASD in China implies that Chinese families of children
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with ASD usually opt to conceal the conditions from others due to their
fear of judgments and stigma (D. Li et al., 2019). Stigma associated with
disabilities and barriers to seeking TBIs can be reduced by using mobile
devices, given that mobile devices are less obtrusive, which can success-
fully address the challenges of public exposure (Deng & Rattadilok, 2020;
Morris & Aguilera, 2012). Apart from Apps, other types of TBIs have also
emerged in China recently. For example, Tang et al. (2015) and Gao et al.
(2018) have developed some plant-shape systems using tangible sensors for

facilitating sensory experience or interaction in children with ASD.

1.4 Research aim and questions

This thesis presents an interdisciplinary PhD research covering computer
science and healthcare. The author has been participating in a PhD pro-
gram under supervision of a team involving professionals from areas of
computer science, engineering, sociology, and psychology. The research
has been carried out in China, an upper-middle-income country with a
large ASD population as estimated (The World Bank, 2023). Motivated
by the overwhelming prevalence of atypical sensory responses in ASD and
low use of TBIs by people with ASD in China, this research aims to explore
the development of an e ective and innovative TBI to support the sensory
regulation amongst children with ASD. With this broad aim, the thesis will

address below speci c research questions (RQs):

RQ1. What are the components and functionality of the system that match

the needs of children with ASD?

RQ2. What Al algorithms can be embedded in such a system to better

support monitoring of atypical sensory responses and to generate suitable
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sensory strategies?

RQ3. To what extent can the sensor and Al-enabled monitoring system de-
veloped for the purpose of this research e ectively deliver those intervention

strategies to support sensory regulation in children with ASD?

In this thesis, the author develops a system nameBoomie as a tool to
explore these RQs. Such a system is expected to play a role as a ‘special-
ist' companion for children with ASD at home or at school. It monitors a
user's environment, detects atypical sensory responses, and generates ap-
propriate strategies to help the user regulate their responses. It uses a ord-
able sensors, o -the-shelf devices, and Al techniques to achieve proposed
functions of sensory environment monitoring, sensory processing pattern
identi cation, atypical sensory responses detection, and sensory regulation

strategy-making.

1.5 Summary of work done by the author

The aim of this thesis is to develop a TBI to support the sensory regu-
lation for children with ASD. The author was responsible for all areas of
development ofRoomie with contributions also from student collaborators,
caregivers of children with ASD, and ASD specialists. The following clar-
i es the actual work done by the author within this thesis and the work

that has been done by others but used in this thesis.

1. Ideation { The initial requirements of the system and the interactions
that the users would need were decided by the key stakeholders, in-
cluding ASD specialists, and caregivers of children with ASD. The

author and her PhD supervisors were involved in discussing how to
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transform these ideas into a feasible, usable, and a ordable system to
aid children with ASD. The author investigated the cost, e ciency,
and e ectiveness of possible hardware and decided the focus of the
prototype. The author also coordinated consultation meetings with
key stakeholders after they used the prototype to obtain feedback and

new suggestions for iterative development.

. Data collection { The procedure of data collection was determined
by the author through consultations with ASD specialists. With the
help of ASD specialists, the author recruited participants and was
involved in all sessions of data collection under close supervision of

ASD specialists.

. Design and programming { Based on the requirement speci cation,
the author designed the interaction ow, system architecture, user
interface, and data processor of the system. The author was the
programmer of the main components of the system, with the initial
interface to the system programmed by student collaborators. The
author was the programmer of machine learning (ML) and rule-based
models embedded in the system. Two student collaborators have
devoted their time in the process of ML training. The author and
student collaborators independently completed the training process
as described in section 3.5 and cross-matched the results. The author
also designed the attention task App described in section 3.4.1 with

two student collaborators completing the programming.

. Real-life evaluation { The author undertook the real-life evaluation

of the system within the classroom with the help of caregivers and
teachers. The procedure of formal evaluation on the overall system
was designed and carried out by the author, under the oversight of

one PhD supervisor from computer science and one PhD supervisor
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from psychology.

5. Research { The author presented an independent and comprehensive
piece of research work with clear clari cations of research questions,
research process, ethical aspects, novelty, and potential future ap-
plications in this thesis. The author independently re ected upon
knowledge from the eld and described the scienti ¢ theories and
methods on which this thesis has been based. The author conducted
a scoping review of previous research with the help of two student col-
laborators to avoid the risk of bias. The remaining formal discussions

and writing were completed by the author.

1.6 Scienti ¢ contributions of this work

The following summarises the speci ¢ contributions and the signi cance of

this work.

1. The research has combined computer science and psychological proto-
cols in the methodology to develop an e ective and acceptable system
for sensory regulation in children with ASD. A user-centred frame-
work was suggested for iterative re nements of the system. The com-
prehensive data collection and experiments of Al algorithms ensure
that the system can be robust and innovative in the current research
work. Psychological methods and measurements were used in the
tests for the e ectiveness evaluation of the system (Refer to Chap-

ter 3).

2. The author collected a rst-hand data set from 35 children with ASD,
comprised of their sensory pro les, environmental features, and phys-

iological features with expert labels, which makes up for the current
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lack of large data set for ML training. The author also developed

a sensory regulation strategy knowledge base through consultations
with ASD specialists. The knowledge base can be used in a rule-based
model to generate suitable sensory regulation strategies for users (Re-

fer to Chapter 3).

. The research has identi ed user needs in China and proposed a com-
prehensive system design based on the needs, including the hardware,
system architecture, user interface, and the interaction ow. The re-
search shows evidence that in China, mobile phones and portable
wearables are the best devices to implement a TBI. Real-time mon-
itoring and sensory regulation strategy recommendations are what
caregivers expected the most in a TBI for atypical sensory responses

(Refer to Chapter 4).

. The research has developed ML algorithms for attention and stress
detection and a rule-based method for sensory regulation strategy-
making. The accuracy of the algorithms and the inclusion of key
parameters were veri ed. A further deep learning method was also
discussed. The analysis suggests that the deep learning algorithm also
has accurate results in feedback generation but requires a connection
to a cloud data processing centre for strategy-making. The rule-
based method is more responsive and can be deployed easily in a
smartphone-based App without a connection to a cloud server (Refer

to Chapter 5 and Chapter 7).

. Following iterative design-development cycles, a naRoomie beta
version has been released and systematically evaluated in real-life
settings. Results from the comprehensive evaluation study suggest
that users generally agree that the system is e ective, user-friendly

and various functions, such as real-time monitoring, detection, alert
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and strategy-making, are well integrated (Refer to Chapter 6).

6. To the author's best knowledge, this research presents the rst sensor
and Al-enabled monitoring system, which fully considers the contexts
of children with ASD (including their surrounding environments and
their personal sensory processing patterns) for detecting atypical sen-
sory responses and generating sensory regulation strategies, to e ec-
tively support children with ASD in dealing with atypical sensory

responses.

Research outputs in this thesis have been published in below peer-reviewed

publication outlets.

1. Deng, L., & Rattadilok, P. (2020). The need for and barriers to
using assistive technologies among individuals with Autism Spectrum

Disorders in China. Assistive Technology, 342), 242{253.

2. Deng, L., Rattadilok, P., Hadian, G. S., & Liu, H. (2021). E ect of
sensory-based technologies on atypical sensory responses of children
with Autism Spectrum Disorder: A systematic review [Conference
Paper]. In Proceedings of the 2021 International Conference on E-
Society, E-Education and E-Technologypp. 208{218). Association

for Computing Machinery.

3. Deng, L., Rattadilok, P., & Xiong, R. (2021). A machine learning-
based monitoring system for attention and stress detection for chil-
dren with Autism Spectrum Disorders [Conference Paper]. IRro-
ceedings of the 2021 International Conference on Intelligent Medicine

and Health (pp. 23{29). Association for Computing Machinery.

4. Deng, L., & Rattadilok, P. (2022). A sensor and machine learning-

based sensory management recommendation system for children with
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Autism Spectrum Disorders.Sensors, 2Z15), 5803.

5. Deng, L., Ratavjia, S., & Rattadilok, P. (2024). Implementing a par-
ticipatory design approach to create a sensory-friendly public space
for children with special needs [Book Chapter]. Ihnnovative Public
Participation Practices for Sustainable Urban RegenerationSpringer

Nature.

1.7 Outline of the thesis

This thesis consists of eight chapters, following a chronological path encom-
passing how the research progresses from the formulation of RQs, provid-
ing incremental improvements in system capability until the nal system

is complete and evaluated.

Chapter 1 has provided an introduction of the disorder and sensory regu-
lation issues in ASD. This chapter also provides an overview of TBIs, an
emerging intervention for people with ASD. Moreover, the chapter clari es
the RQs that will be addressed in this thesis. An outline of the scienti c

contributions and publications relating to this research is presented as well.

Chapter 2 presents a review of literature. This chapter begins by explor-
ing daily environmental in uences on children with ASD and investigating
common assessment tools that quantify their sensory processing patterns
in daily lives. The chapter also looks at TBIs, including sensors and Al,
and existing applications in the ASD eld. The chapter further reports the
ndings from a scoping review which explores the e ect of existing TBIs

designed for addressing atypical sensory responses of children with ASD.

Chapter 3 describes the methodology of the research, demonstrating a

combination of user-centred and iterative development framework which

16



is implemented throughout the research. To address the RQs, an inter-
disciplinary approach is established. This chapter o ers a description of
computer science methodologies used for technological portion and psy-
chological methodologies used for ASD-related evaluation in this study. As
the research involving children with ASD and stakeholders, this chapter
also describes how the author addresses potential ethical issues in this re-

search.

Chapter 4 discusses the user needs, design speci cations, and feasibility
of the proposed system. It begins with an identi cation of user needs to
facilitate the sketch of system design. The chapter presents the overall
system architecture and working ow, and explores the suitable sensors
and devices that can be used to achieve the proposed functions. A rst
Roomie prototype is developed and then used in a feasibility study. De-
tailed descriptions and discussions of these procedures are presented in this

chapter.

Chapter 5 focuses on the performance of Al algorithms for supporting de-
tection of atypical sensory responses and generating sensory regulation
strategies in the proposed system. With data collected from a number
of children with ASD, di erent ML algorithms are evaluated in this chap-

ter for their performance on attention and stress detection. The chapter
also presents the validation of fuzzy logic algorithms developed for pro-
viding real-time sensory regulation strategies. The chapter discusses the

implementation of the algorithms inRoomie

Chapter 6 presents the formal evaluation of the system to investigate
whether and how well it can e ectively deliver strategies to support sensory
regulation in children with ASD. The system usability has been explored.

The evaluation results are discussed to justify its potential real-life use in
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the future.

Chapter 7 rstly revisits the RQs formulated in Chapter 1 to ensure that
they have been fully addressed throughout the research. The chapter then
reports optimised ML algorithms by feeding an updated dataset obtained
from the evaluation study described in Chapter 6. This chapter also reports
the acceptability of the Roomie sensors based on specialists and caregivers'
re ection. A comparison with other existing related work is made in this

chapter to present the novelty of this research.

Chapter 8 synthesises the core ndings from individual chapters and pro-
vides an overview of contributions, challenges and limitations of the re-
search. The chapter also proposes future works for re ning the system and

discusses its wider application.
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Chapter 2

Literature Review

This chapter reviews literature relevant to this research. It starts by con-
sidering the e ects of sensory stimuli in the environment around children
with Autism Spectrum Disorder (ASD). It then explores sensory processing
patterns and sensory developmental trajectories of children with ASD. It
also reviews sensory assessment methods and sensory regulation strategies
in the current practice. Existing technology-based interventions (TBIs) de-
signed for addressing atypical sensory responses in ASD are reviewed. This
includes a scoping review which systematically browses through academic
databases and screens related literature. The scoping review focuses on the
use of technology and the reported e cacy. An additional section reviews
the application of arti cial intelligence (Al) in related studies. This chapter

closes with conclusions and implications drawn from the literature review.
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2.1 E ects of environmental factors on chil-

dren with ASD

Children with ASD are among the community with special sensory needs
largely due to the “overwhelmingly disabling e ects of a sensory handicap-
ping built environment' where they dwelt (Shabha, 2006). It has been sug-
gested that the social trigger of atypical sensory responses in children with
ASD can be found in “unfriendly environment' (Khullar et al., 2019). Par-
ticularly, hypo-or hyper-sensitivity to environmental factors such as noise,
light, or room temperature is perceived as a major challenge for children
with ASD (Caniato et al., 2022b; Martin, 2016; Nagib & Williams, 2017;
Noble et al., 2018; Schaaf et al., 2011). Existing research has investigated
the e ects of environmental factors across multiple sensory modalities, such

as audition, vision, touch and smell.

Understanding the e ects can have important implications for developing
an e ective TBI for children with ASD who experience atypical sensory
processing. Therefore, the following subsections review the literature which
reports impacts of certain environmental factors on human-being or chil-
dren with ASD over the past two decades. The comfort zone reported
in the literature is reviewed as well, which will serve as the reference for

determining sensory thresholdswhile developing theRoomie system.

2.1.1 Noise

Noise refers to unpleasant sounds in one's environment which a ects the

person both physiologically and psychologically (Atmaca et al., 2005). Mea-

1Sensory thresholds in this thesis refer to the limit of sensory input required for a
comfortable setting for children with ASD.
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sured in decibels (dB), a normal level of everyday sounds and noises for
most individuals is expected to be under 70 dB (Berglund et al., 1999; Na-
tional Institutes on Deafness and Other Communication Disorders, 2019).
As de ned by American Academy of Audiology (2008), moderate noise level
is normally between 50 dB and 70 dB. Excessive noise can result in phys-
iological disturbances such as increased blood pressure, faster heartbeat,
muscle tension and sleep disruptions (Goines & Hagler, 2007). Psycho-
logical e ects can be exhibited in a variety of ways including irritation,
agitation, restlessness and di culty perceiving and concentrating (Atmaca

et al., 2005). It is suggested that there is a strong link between stress and
noisy environments (Kanakri et al., 2017). Not only for individuals with
ASD but also for each person, continuous exposure to noise levels in excess
of 80 dB can increase annoyance and anxiety, which can induce aggressive

behaviour in worse scenarios (Berglund et al., 1999).

As suggested by the World Health Organisation (2011), noise exposures
may be more adverse for vulnerable subgroups such as children, elder peo-
ple, and people with particular diseases or medical problems. Atypical
auditory processing is one of the main problems underlying sensory regu-
lation issues in ASD (Shabha, 2006). Individuals with ASD commonly re-
port di culties interpreting auditory information in situations where there

is environmental noise, and troubles creating an appropriate behavioural
response (Wood et al., 2019). MacLennan et al. (2022) investigated sensory
experiences of ASD adults and found that a majority of participants self-
reported annoyance with loud noises. Kanakri et al. (2017) conducted a
survey with teachers of children with ASD and suggested that children with
ASD generally presented sensory regulation issues related to noise. Simi-
larly, in some other studies, caregivers of children with ASD agreed that

when their children entered a public space such as a classroom or a clinic,
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noise could be a key issue which resulted in children's poor performance
or meltdowr? in the public space (Ben-Sasson et al., 2009; Caniato et al.,
2022a; Wood et al., 2019). There was evidence that as decibel levels in-
creased in an environment, frequency of maladaptive behaviours in children
with ASD increased (Kanakri et al., 2016). Besides, listening to and per-
ceiving meaningful information in an environment with background noise
was found to be a particular challenge for children with ASD (Alantara et

al., 2004; Rance et al., 2017).

Although literature suggests a comfortable noise level between under 70
dB, individuals with ASD may have narrowed thresholds for auditory input.
For those with ASD who have hyper-sensitive auditory processing, ambient
sounds are often perceived as loud, and they may take intrusive strategies
such as covering ears, crying, eeing the area, and even self-injury to de-
crease sensory stimulation (Kargas et al., 2014; Stiegler & Davis, 2010). For
those with ASD who have hypo-sensitive hearing, they may be indi erent
to noise even though the noise level around them is harmful (Kanakri et
al., 2017). Although World Health Organisation has promoted that future
research needs to concentrate more on vulnerable subgroups in which expo-
sure to noise may have distinct e ects (World Health Organisation, 2011),
there still remains a signi cant gap in the literature about how to support
auditory experiences and facilitate an acoustically-friendly environments

for children with ASD (Kanakri et al., 2017).

2.1.2 Light

Much of the literature has emphasised that the light environment directly

a ects an individual's academic or work performance through visual ef-

2ASD-related meltdown refers to an explosive behavioural release resulting from stressors
and overload of the nervous system (Bedrossian, 2015).
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fects and indirectly a ects the attention and stress levels (Lu et al., 2020;
Sleegers et al., 2013). An early survey conducted by Shabha (2006) assessed
the impact of the sensory environment on children with ASD in classrooms,
and concluded that the source of light (e.g., uorescent light ickering) and
brightness were the main visual triggers which might have caused atypi-
cal sensory responses. Studies exploring the light comfort of individuals
with ASD have been emerging in recent years, most of which were con-
ducted with the purpose of designing an ASD-friendly building (Caniato
et al., 2022b; Mostafa, 2015; Zaniboni et al., 2021). Mostafa (2015) com-
pared the spaces of a range of special and mainstream schools. The survey
with school designers and individuals with ASD highlighted that the use
of natural lighting was one of the major concerns which were preferred to
improve environmental comfort. Zaniboni et al. (2021) conducted a sur-
vey with caregivers of children with ASD, identifying that light icker and
prevalence of arti cial or dark light might cause discomfort in people with
ASD. However, a more recent study conducted by Caniato et al. (2022a)
suggested that in an indoor environment such as home environment, par-
ticular visual stimuli such as light icker, did not have strong impacts on
people with ASD. Caniato et al. (2022b) admitted that atypical sensory
responses to visual stimuli were associated with age. A di erence between
individuals with ASD aged under and over 18 years old was found in the
impacts of light stimuli on stress. Their ndings suggested that, when
there was a high level of illumination, the perceived stress of children with
ASD was signi cantly di erent from typically developing (TD) people and
this signi cance level was even higher than the adults with ASD. Unfor-
tunately, many studies failed to provide a con rmed answer what level of
light intensity was considered to be comfortable to children with ASD. This
may be because that they did not conduct controlled experiment and use

physiological indicators to evaluate the light environment.

23



Various studies used a combination of measurements and questionnaires
to evaluate visual comfort in di erent lighting conditions (Lu et al., 2020;
Noda et al., 2020; Ricciardi & Buratti, 2018). One of the commonly used
measurement indexes is the value of illuminance in unit lux (Ix), which can
be easily detected by luxmeters such as photoresistors. However, there is no
globally uniform quantitative standard for value of illuminance in indoor en-
vironments (Lu et al., 2020). No recommended or required illuminance for
children with ASD has been identi ed in the existing international guide-
lines, while China's "Architectural Lighting Design Standards' (Ministry

of Housing and Urban-Rural Development, 2014) generally requires that
the average illuminance of the classroom in an educational building should
not be less than 300 Ix. According to the United States' "Annual Sunlight
Exposure’ (llluminating Engineering Society, 2021) index, values over 1000
Ix at the student desk level in the classroom may cause visual discomfort.
Ricciardi & Buratti (2018) evaluated the visual comfort in seven univer-
sity classrooms, with the mean values of illuminance ranging from 49 Ix
to 564 Ix. Discomfort to lighting conditions was identi ed in a classroom
with excessive illuminance, of which the value of illuminance went higher
than 600 Ix. Noda et al. (2020) assessed the visual comfort of children
aged between 9 and 11 years old in classrooms. They found that most
children preferred a slightly darker classroom where the value of illumi-
nance was around 350 Ix to 600 Ix. A study conducted by Lu et al. (2020)
applied Electroencephalograth(EEG) measurements and questionnaire to
guantify the light comfort zone. The light comfort zone was determined
by physiological and subjective evaluation of the e ects of di erent light
environments on people. The result showed that the comprehensive light

comfort zone was between 335.9 Ix and 409.4 Ix. By synthesising the vi-

3An Electroencephalogram (EEG) is a tool to measure brain's electrical activity for
evaluating brain activities or states such as resting state (Michel & Koenig, 2018).
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sual comfort intervals in literature, controlling the light intensity level in
an indoor environment at 300 Ix to 600 Ix is su cient to make children
feel comfortable. However, the comfort zone of children with ASD may be
di erent from TD people. Literature data will then be combined with ASD
specialists’ suggestions when considering a comfort zone of children with

ASD in this thesis.

2.1.3 Temperature and humidity

Temperature and relative humidity are another major environmental fac-
tor that can cause discomfort, distress and distraction in individuals with
ASD (Caniato et al., 2022a; Nagib & Williams, 2017; Tavassoli et al., 2014;
Zaniboni et al., 2021). Thermo-hygrometric discomfort caused by elevated
indoor temperatures and low ventilation rates is considered to have nega-
tive e ects on the children's performance, especially the learning activities
(Wargocki & Wyon, 2007; Yun et al., 2014). Much of the literature has
implied that the thermal environment has a signi cant in uence on atten-
tion, distress and learning behaviours (Abbasi et al., 2019; Barrett et al.,
2013; Riquelme et al., 2016; Wargocki et al., 2019). Findings from a multi-
site study conducted by Barrett et al. (2013) suggested that temperature
was one of the key parameters that accounted for children's academic per-
formance variation over the course. Abbasi et al. (2019) suggested that
very high and very low temperatures not only a ected the learning perfor-
mance, but also caused signi cant changes in heart rate. Another impor-
tant nding was that individuals with ASD who were hyper-sensitive to
temperature stimuli may perceive heat and cold to be painful (Riqguelme et
al., 2016). Studies on relative humidity found that extremely low or high

relative humidity can lead to an increase in stress and fatigue. Caniato et
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al. (2022b) identi ed that children with ASD presented a higher stress level
than their TD peers in low humidity conditions. Some studies found that
a dry environment or a humid environment greatly increased the degree of
fatigue and distraction compared to an environment at neutral humidity
level (C. Liu et al., 2021; Tsutsumi et al., 2007). Typically, temperature
and relative humidity at extreme levels could raise body arousal (Abbasi
et al., 2019), which can lead to adapting behaviours in TD people such as
adjusting layers of clothing or room ventilation. However, individuals with
ASD may fall behind their TD peers in conducting thermally adapting be-
haviours due to cognitive and motor impairments (Chatham et al., 2018).
Therefore, it is necessary to provide more support and create a comfortable

thermo-hygrometric environment for individuals with ASD.

The comfortable temperature and humidity refers to the temperature and
relative humidity level "at which either the average person will be thermally
neutral or at which the largest proportion of a group of people will be com-
fortable' (Nicol & Humphreys, 2010). According to the most commonly-
used standard, the American Society of Heating, Refrigerating and Air-
Conditioning Engineers (ASHRAE) Standard 55, the centre point temper-
ature which corresponds to neutral thermal sensation is Z& (American
Society of Heating, Refrigerating and Air-Conditioning Engineers, 2020).
The most up-to-date ASHRAE Standard does not specify a minimum hu-
midity level, while an earlier version of the Standard recommended an
indoor relative humidity between 30% and 60% for the thermal comfort
purpose (American Society of Heating, Refrigerating and Air-Conditioning
Engineers, 2017). Table 2.1 displays the thermal comfort zone and poten-
tial response of human body to di erent temperature ranges as per the

ASHRAE Standards.
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Table 2.1: Thermal response of human body to temperature

Temperature  Feeling Physiological
Hot Cold  Comfortable Response
(°C) Feeling Sensation
The body temperature
o o rises, and people will
40-45 Limit Limit
have di culties in
self-regulation
Very Sweating, blood
35-40 Very hot
uncomfortable pressure increases
Sweating, heart
30-35 Warm Uncomfortable
rate instability
20-30 Neutral Comfortable Normal
Slightly Little Heat loss is accelerated,
15-20
cool uncomfortable and more clothes are needed

Vasoconstriction
10-15 Cool Uncomfortable

of the hands and feet

Very Poor blood circulation
5-10 Cold

uncomfortable and muscle soreness
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However, some thermal comfort studies have suggested that for preschool
and primary school children, comfortable temperatures can be 0°® to

4 °C lower than those of adults as suggested by the ASHRAE Standards
(Nam et al., 2015; Teli et al., 2012, 2014; Yun et al., 2014). For example,
Nam et al. (2015) reported that in Korea, a country with clear four sea-
sons, the centre point temperatures which correspond to neutral thermal
sensation for preschool children were about ZZ on average. Teli et al.
(2012) reported that a comfortable temperature range for children in the
UK was 20.5°C to 23 °C outside the heating season. These studies were
conducted in kindergartens or primary schools where health conditions of
participants were not articulated, which prevented the author to synthe-
sise the thermal comfort zone for children with ASD. Nevertheless, a range
of studies have found no dierences in thermal detection thresholds be-
tween individuals with ASD and TD people (Cascio et al., 2008; Frandt
et al., 2017; Williams et al., 2019), indicating that in general, comfortable
temperatures perceived by TD children are friendly to children with ASD.
However, there is strong intra-individual variability in ASD based on the

di erent sensory processing patterns, which should be considered when cus-
tomising an e ective intervention for children with ASD (Williams et al.,

2019).

2.1.4 Other factors

Some other environmental factors that also trigger atypical sensory re-
sponses in children with ASD include unpleasant smell, polluted air, and
barometric pressure. However, atypical responses to these stimuli in chil-
dren with ASD are still poorly studied compared to abnormalities in au-

dition, vision and touch. There are very few studies focusing on olfactory
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abnormalities in children with ASD due to methodological di culties (Ku-
mazaki et al., 2016). Indoor odours or pollutions are scattered in the air,
usually coming from di erent chemical particles produced by food, kitchen
appliances, human emissions, furniture and many more. Therefore, mea-
suring and controlling smell, which can be a signi cant challenge, are not
currently included in this research when developing the proposed TBI for

sensory regulation.

On the other hand, barometric pressure can be easily detected and research
has found that people with psychiatric conditions can be susceptible to
changes in barometric pressure (Schory et al., 2003). Impulsive and ag-
gressive behaviours may increase, especially when barometric pressure is
low. However, the reason of the phenomenon is not readily apparent. The
speculation suggested that the decrease in pressure resulted in changes in
cerebral blood ow and hormone levels, which can interfere with brain

activity (Schory et al., 2003).

2.2 Sensory regulation

In ASD practice, knowing environmental stressors is not enough to gen-
erate professional sensory regulation strategies. Children with ASD have
idiosyncratic sensory processing patterns that in uence the way they per-
ceive the environment (Robertson & Baron-Cohen, 2017). Therefore, data
about environmental in uences should be combined with knowledge of sen-
sory regulation ability and patterns, used in a system that is capable of

generating sensory regulation strategies like an ASD specialist does.
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2.2.1 Sensory regulation ability and early childhood

pattern

Since early in development, infants nd themselves immersed in a rich sen-
sory environment and acquire knowledge about the world through senses
(Piccardi & Gliga, 2022). To properly interact with the multisensory world
around them, individuals must be able to choose and process sensory infor-
mation to plan and perform appropriate behaviours. This ability is known
as sensory regulation (Dunn, 2014). However, salient sensory regulation
issues in ASD are manifest early in infancy and childhood. For example,
infants at elevated likelihood of ASD frequently manifest reduced respon-
siveness to or seeking of novel sensory inputs. Although the mechanisms
underlie the atypicality in sensory responses in ASD are unclear, impair-
ments in this fundamental ability of sensory regulation are believed to have
far-reaching implications for the development of children's independent liv-

ing skills.

Extensive evidence has showed that over 90% of children with ASD have
experienced atypical sensory responses (Leekam et al., 2007; Marco et al.,
2011; Robertson & Baron-Cohen, 2017). Sensory regulation ability may
develop with age, but atypical sensory responses continue to a ect children
with ASD over time. A study conducted by Perez Repetto et al. (2017) ob-
served changes in 34 children with ASD aged 3 to 4 years over a two-year
interval, indicating few changes over time for sensory-related challenges.
Similarily, in another study conducted by McCormick et al. (2016), chil-
dren with ASD and TD children were assessed across three time points
from 2 to 8 years of age. TD children decreased in reported sensory symp-
toms while children with ASD demonstrated no signi cant change across

assessment time points, suggesting that atypical sensory responses in ASD
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remained stable over time during childhood. While some cross-sectional
evidence suggested that some atypical sensory responses, such as sensitiv-
ity to bright lights and touch, diminished with age in children with ASD
(Baranek, David, et al., 2007; Baranek et al., 2019; Cheung & Siu, 2009;
Kern et al., 2007; Leekam et al., 2007). Studies found that this reduction
was strongly linked to mental age, perhaps due to maturation of cognitive
functions and sensory regulation abilities, and engagement in early inter-
ventions (Baranek, David, et al., 2007; Baranek, Boyd, et al., 2007; Baranek

et al., 2019).

These ndings indicate that over the several-year period in childhood, chil-
dren with ASD are likely to constantly have sensory regulation issues. How-
ever, improvements in sensory outcomes are possible at this important stage
with e ective interventions. Therefore, interventions for sensory regulation
should be introduced to ASD families during the childhood. This is also
the reason why the author decides to target children with ASD when de-

veloping a certain TBI for sensory regulation.

2.2.2 Sensory regulation strategies

As reviewed in section 2.1, the impacts of experiencing environmental chal-
lenges have been profound for individuals with ASD. Moreover, these im-
pacts stably and continuously a ect individuals with ASD during their
childhood. Strategies could be applied to address children's sensory regu-
lation issues. Understanding sensory regulation ability and relevant strate-
gies is always a starting point for a practitioner to tailor interventions for

impairments in sensory regulation (Baranek et al., 2019).

In general, sensory regulation strategies are the recommendations that are
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made by therapists and followed by caregivers or practitioners to address
the child's hyper-or hypo-sensitivity and support their self-regulation. Ev-
idence shows that children with ASD can bene t from daily sensory regu-
lation strategies being applied at home (Bagby et al., 2012). For example,
a single sensory strategy can be a recommended modi cation to the child's
home environment which helps the child to fully participate in preferred
sensory experiences. A caregiver who receives recommendations may in-
tuitively adapt their home environment to accommodate a child's sensory
regulation di culties. For example, caregivers can avoid highly stimulating
environments, and apply certain strategies such as playing calming music
at home for potential aversive sensory experiences. There were suggestions
and evidence that introducing reduced levels of lighting and sound, and
playing harmonic, rhythmic music such as classical music with repetition

had the calming e ects for children with ASD (G. S. Kim et al., 2024).

Sensory regulation strategies can also be applied in a public setting, in-
cluding schools. There are many strategies that children with ASD and
their families have used already, such as use of headphones when going to
crowded places if the child is sensitive to sound (Pfei er et al., 2019). Some
special education schools have built “sensory rooms', which were spaces with
soft cushions for sitting or lying down, pleasant displays of lights, soothing
sounds such as rhythmic music. Children with ASD have found that pro-
grammes in sensory rooms had a calming e ect and supported their sensory
regulation (Leekam et al., 2007). Communities have attempted to promote
the ASD-friendly public festivals by proactively adopting sensory strate-
gies such as turning o uorescent lights, electric hand-dryers in toilets,
and providing items such as sensory toys and noise-cancelling headphones

(Fletcher-Watson & May, 2018; Richards & Parkes, 2023).
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2.2.3 Sensory-related assessment methods

There are various methods that have been widely used to assess a child's
sensory regulation issues or sensory processing patterns, re ecting how a
person process sensory information in daily lives (e.g., how sensitive a per-
son is to auditory input). Archiving this information into an individual's

pro les is bene cial in clinical settings for providing individualised interven-

tion services to help children better deal with the challenge. These assess-
ment methods can be questionnaire-based and caregiver-reported, mostly
assessing frequencies of a child's responses to a variety of sensory stimuli
across modalities and contexts (Ausderau et al., 2014; Little et al., 2011).
Some assessment methods are implemented by ASD specialists, such as
interviews and observations. Table 2.2 summarises a range of commonly
seen assessment methods that have been used for children with ASD in the

clinical practice.
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It can be found that Winnie Dunn's Sensory Pro le (SP) is a more compre-
hensive and globally adopted assessment tool compared to other assessment
tools. The full SP caregiver questionnaire contains 125 questions evaluat-
ing sensory processing in 14 areas, including auditory processing, visual
processing, vestibular processing, and tactile processing. The result of SP
caregiver questionnaire can be converted into the classi cation of four sen-
sory processing patterns using the scoring sheet. The sensory processing
patterns are developed based on the Dunn's framework of sensory process-
ing which emphasised a crucial link between neurological thresholds and
behavioural responses (Dunn, 2001, 2002; Hyman et al., 2020; Williams et
al., 2019).

Neurological thresholds in Dunn's framework are de ned by the minimum
amount of stimulation necessary to register the perception (Williams et
al., 2019). For individuals with ASD who have atypical sensory processing,
hyper-sensitivity to stimuli is the result of low neurological thresholds for
stimulus perception, while hypo-sensitivity to stimuli is the result of high
neurological thresholds for stimulus perception. Winnie Dunn's framework
further suggests that the way individuals tend to respond to stimuli could

be passive or positive (Dunn, 2001). Based on the intersection of neuro-
logical threshold and behavioural response, Dunn describes four sensory
processing patterns as Low Registration, Sensory Seeking, Sensory Sensi-

tivity and Sensory Avoiding (see Figure 2.1).
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Figure 2.1: Winnie Dunn's framework of sensory processing, adapted from
Dunn (2007)

For each pattern, every child can be classi ed as "Typical Performance’,
"Probable Di erence’, and De nite Di erence' (Dunn, 2002). A child ob-
tains “Typical Performance’ in these patterns indicates that the child is sim-
ilar to most peers in responding to the sensory input successfully. "Probable
Di erence' indicates that the child is probably di erent from most children
while further testing is needed. "De nite Di erence' means that the child
will have problems in their behaviours attributing to sensory processing

patterns.

In general, a child who obtains "De nite Di erence' classi cation in the Low
Registration pattern will probably fail to notice sensory events which others
can easily detect. Obtaining "De nite Di erence' in the Sensory Seeking
pattern means that the child often acts in an excessively seeking manner
to extend his or her sensory stimulations. Obtaining "De nite Di erence'
in the Sensory Sensitivity pattern means that the child is hyper-responsive
to sensory stimuli, whilst those who obtained "De nite Di erence' in the
Sensory Avoiding pattern will go to the other extreme to limit sensory
events (Dunn et al., 2002; Deng, Rattadilok, & Xiong, 2021). Table 2.3

presents some examples of behaviours for each pattern being classi ed as
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"De nite Di erence’, adapted from Geyser (2009).

Table 2.3: Examples of behaviours attributing to "De nite Di erence' in each
pattern, adapted from Geyser (2009)

Behavioural Response Continuum
Passive Active

Low Registration
Have trouble reacting to| Sensory Seeking
rapidly presented or low-| Touch others too often;

. intensity stimuli; Overactive and continually
High i i
Dull a ect; seeks movements;
g Not aware when being spot Bang or tap head, arms and
2 ken to; . legs repeatedly.
'g Delayed reaction.
@)
°
2 Sensory Sensitivity
g Over-respond to loud noises Sensory Avoiding
= or brightness; Withdraw from unexpected
T L Have diculty paying at- | touch;
18] ow .
S tention; Fear movement;
% Jump from one activity to | Resistant to change;
= another so that it interferes| Reliant on rigid rituals.
2 with play.

Examples of behaviours in Table 2.3 implies that the behavioural outputs
of individuals with di erent patterns can be heterogeneous. The use of
SP questionnaire can generally pro le an individual's sensory regulation
ability. However, it cannot predict an individual's atypical response in any
circumstances. It can be found that these behaviours commonly occurred
along with internally generated discomfort symptoms such as stress, as well
as attentional symptoms such as distraction (Roley et al., 2007). Although
there are studies that do not support the neurological threshold theory,
such as behavioural theory (S. H. S. Kim & Lord, 2013; Lovaas & Smith,
1989) the neurological threshold model is still a leading framework and
Dunn's SP has been found to be a reliable assessment method in various

studies (Bundy et al., 2007; White et al., 2007; Williams et al., 2019).
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2.3 Scoping review of existing technology-

based interventions

As introduced in the Chapter 1, a range of technologies have been used
in ASD interventions which are equipped with many features that suit
the needs of individuals with ASD. Although increasingly emerging over
the past decades, TBIs for sensory regulation are less studied compared
to those targeting social-communication de cits in ASD (Benssassi et al.,
2018; Deng, Rattadilok, Hadian, & Liu, 2021). Most studies in the eld
have been exploratory, with inclined focuses on the design and feasibility.
TBIs addressing atypical sensory processing in ASD have been perceived as
an ‘emerging treatment' rather than an “established treatment' (National
Autism Centre, 2015), before their e ectiveness can be assessed and val-
idated in related research (Grynszpan et al.,, 2013). In this section, the
author reviews existing studies on TBIs targeting atypical sensory process-
ing in ASD using a scoping review method. This scoping review maps
evidence on the e ects of TBIs on children with ASD in helping with par-
ticular sensory regulation issues. In addition, it enables the author to learn
from previous practice what technologies and methods may be useful for
developing an e ective TBI for children with ASD who experience atypical

sensory responses in this PhD research.

2.3.1 Methods used for the review

Scoping review method was used because it is suitable for examining emerg-
ing evidence when it is still unclear (Aromataris & Munn, 2020). The
author conducted the review following a standard guideline, Preferred Re-

porting Items for Systematic Reviews and Meta-Analyses (PRISMA) ex-
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tension for scoping reviews (Tricco et al., 2018), to ensure the quality of
review. Two undergraduate students also contributed to the scoping re-
view to minimise the risk of bias. The author and undergraduate students

contributed to the literature screening and quality assessment phases, while

the formal analysis and writing were completed by the author.

Searches were conducted in four online academic databases covering the ar-
eas of the research: (1) "PubMed"' which covers publications in medical and
healthcare areas; (2) 'IEEE Xplore' which covers publications in electrical
engineering, computer science and electronics; (3) "/ACM Digital Library'
which covers publications in computer science; (4) "Web of Science' which
contains publications across multiple disciplines, including numerous pro-
ceeding papers submitted to international conferences. A combination of
relevant keywords was entered into the search bar of databases to identify
potential literature. The search string was: (Autism OR Autistic OR "As-
perger's syndrome') AND (technology OR phone OR wearable OR sensor
OR device OR robot OR computer) AND (intervention OR treatment OR
therapy OR training) AND (sensory OR sensitive* OR responsive*). In
order to identify more recent literature, Iters were applied in the initial
search to include studies published after January 2000 only. The latest
search was executed during the time when this chapter was developed to

ensure that the review included the most up-to-date studies.

The screening for potential eligible studies followed a two-stage process,
carried out by the author and undergraduate students (hereafter referred
as us') independently. At the rst stage, the screening of the articles' ti-
tles and abstracts for primary inclusion based on the selection criteria was
conducted. Thereafter, full text of included articles was read to determine
eligibility and documented the reason for exclusion. After each stage, de-

cisions as to which of these resources were to be remained were settled by
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discussion and consensus among us and validated by one supervisor of the
author. Reference sections of eligible studies were also manually reviewed
to nd more relevant resources. The following inclusion and exclusion cri-

teria were applied for selecting the eligible studies.

Firstly, the study population was set to children with ASD. Studies were
included if they focused on children under the age of 18 who had been
formally diagnosed with ASD. Studies with focus on other disabilities were
excluded. Besides, the technology used in the included studies must be for
intervention purposes, conforming to the de nition of TBI, and target atyp-
ical sensory responses in ASD. Studies that used technology as a diagnosis
tool or merely for assessment were excluded. Studies that were written in
English and were published in peer-reviewed journal or conference proceed-
ings in or after 2000 were included. Considering that the TBI for atypical
sensory responses in ASD has been a relatively new trend and many related
studies were still exploratory, the scoping review did not exclude studies
at earlier stage of design and test. Only empirical studies which contained

data about the impact of a TBI were included for analysing the e cacy.

In order to enhance the validity of results of the scoping review, the method-
ological quality of each eligible study was assessed by us using the Single-
Case Experimental Design (SCED) Scale (Tate et al., 2008). SCED scale
is an 11-item rating scale which is designed speci cally for evaluating the

reliability of single-subject experiments.

2.3.2 Results of the scoping review

2.3.2.1 Results of searching and screening process

The initial searches identi ed a total of 3126 articles. After removing du-
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plicates and papers that did not meet the selection criteria, 95 studies were
remained to be assessed by reading the full texts. After identifying ad-
ditional studies from reference sections of eligible studies, 17 studies were
nally included. Of the studies, only 52.9% ( = 9) measured the e cacy

of a TBI in helping with a certain sensory regulation issue based on em-
pirical evidence. The nine studies were further extracted for analysing the
reported e cacy. The other studies (h = 8) only proposed a design or a
framework, and mainly discussed the feasibility and provided recommenda-
tions. Detailed information about the screening process following PRISMA

guideline is provided in Appendix A.

2.3.2.2 Characteristics and methodological quality of included

studies

Appendix B details summarised characteristics of eligible studies, includ-
ing publication years, detailed information on technology, sample, targeted
sensory regulation issues, and if any, reported e cacy in addressing tar-
geted issues. Table 2.4 below extracts key information about technology
elements and methodological quality from Appendix B and SCED quality
assessment of empirical studies (SCED rating is attached in Appendix C).
Overall, most studies ( = 8) assessed by SCED scale present a moderate
to high methodological quality, indicating that most empirical studies pro-
vide trustworthy evidence to suggest the feasibility of TBIs. For studies
which did not evaluate and report e ects of the TBI on targeted issues, the
author marked their SCED rating as "non-empirical' to indicate a lack of
evidence-based results. Although the emphasis of these studies was merely
on design and guidelines, some innovative framework and architecture they

proposed are also worth reviewing and discussing in this thesis.
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As shown in Table 2.4, all the included studies were published in or after
2013, which rea rms an emerging trait of studies investigating the TBIs
for atypical sensory responses in ASD over the past decade. The trend in
Figure 2.2 illustrates that the studies began to increase after 2019. Because
the latest literature search was conducted in the middle of 2022, the actual

number of publications after 2022 could be more.

Figure 2.2: Number of studies published over years

Children of di erent ages were involved in many of these studies (= 14)
with the youngest participant described as 4 years old. They were all with
a diagnosis of ASD. Although designing TBIs for atypical sensory responses
in ASD, three studies did not perform evaluation with any individuals with
ASD. Over half of the studies (i = 9) involved a small ASD sample which
had no more than 15 children with ASD. Four studies only had less than

ve participants. Only two studies had more than 25 children with ASD.

2.3.2.3 Use of technology

The use of technology in TBI studies was diverse, containing a range of
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hardware devices, such as sensors, robots, and display devices, as well as

software applications, and systems combining hardware devices and Al.

Sensors

Sensors have been most frequently used in these studies. Recent advance-
ment in sensing technologies has made the sensors working similarly as hu-
man senses (Khullar et al., 2019). Firstly, maturation of sound sensors has
facilitated an early and prevalent adoption of this kind of device in studies
for addressing atypical auditory responses. Mentioned previously, children
with ASD who have atypical auditory processing often face di culties in
focusing on and perceiving meaningful information in a noisy environment.
Similar sound ampli cation systems have been developed in many iden-
ti ed studies to target auditory recognition using Phonak, a well-known
technology provider of hearing solutions (Thibodeau, 2020). The sound
ampli cation system included a sound sensor, a transmitter, and earphones
to improve children's auditory attention in a classroom with background
noise. This device simply used the sensor to collect the teacher's speech
and earphones to amplify the sound signal for children with ASD. A similar
classroom ampli cation system was developed which ampli ed the sound
signal via loudspeakers instead of earphones (Rance et al., 2017). A range
of studies have evaluated these TBIs with moderate ambient noise, hy-
pothesising that they were e ective for children with ASD in helping with
auditory-related issues (e.g., speech-in-noise recognition, stress), especially
for those who were hypo-sensitiveness in audition (Rance et al., 2014, 2017,

Schafer et al., 2013, 2016, 2019).

The development of non-invasive body and motion sensors have enabled
recent research to capture behaviours related to atypical sensory responses.

For instance, Mir and Khosla (2018) developed a Kinect-based counting
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game for children with ASD. Kinect is a well-rounded non-invasive sensor
developed by Microsoft which can track body motion, infrared, and depth
data (Azure, 2022). The TBI proposed by Mir and Khosla (2018) was
in the form of the game with the help of Kinect sensor which tracked
the user's motion and responses in the game. Similarly, a more recent
study conducted by Hu et al. (2020) used a Leap Motion sensor in a visual
matching task for children with ASD. Leap Motion is another touch-free
gesture-tracking device (Ultraleap, 2022). Among the identi ed studies,
Hu et al. (2020) rstly integrated a TBI into Chinese special education
classrooms for atypical sensory responses. The Leap Motion-based sensor
was used detecting children's correct responses in hand gestures to the

visual matching task.

Sensor fusions and Internet of things (loTs), bene ting from the Internet
and wireless connectivity, allow a range of sensors to work with smart de-
vices without cables, which signi cantly reduce the reliance on dimensions
for a TBI. For example, Sula et al. (2013) described an loT-based sys-
tem which integrated body and hand movement sensors, a chair vibrator,
a light controller, a smell controller, and a sound controller in a “sensor
box' to relax and calm the children with ASD who experienced atypical
sensory responses. Khullar et al. (2019) designed another loT-based sys-
tem using a gas sensor, a 3-axis accelerometer, a microphone and a camera
to detect the environmental information. More recently, Polo Rodrguez

et al. (2021) proposed an loT-based smart home. They discussed a range
of suitable hardware devices for detecting atypical sensory responses and
adjusting environmental features. After comparing di erent devices, their
framework nally included a smartwatch, a sound speaker, a smart light
bulb, a door controller, a smart mattress, and a range of ambient sensors

for presence detection, humidity and temperature measuring. Ghafghazi
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et al. (2021) proposed a sensor fusion-based framework which suggested
that a combination of invasive and non-invasive motion sensors, EEG sen-
sors, smartwatches, and game environments could facilitate the applied

behavioural analysis intervention e ectively.

Display devices

Some studies have used display devices, such as a projection technology
that superimposed the image in front of the people. Ringland et al. (2014)
designed a multimodal sensory system which used a large display to pro-
vide sensory integration interventions to children with ASD. The system
had a tangible display surface which combined sounds with visual stimuli.
Children can paint on the display and see their moving shadows projected
onto the display. Ringland et al. (2014) believed that this TBI was likely to
balance children's attention between their own bodies and sensory stimuli,
had a calming e ect, and decreased children's inappropriate behaviours in
tactile interactions. However, there was a lack of statistical evidence to
strengthen their arguments. The loT-based system developed by Khullar
et al. (2019) also involved a display device to provide video feedback to

calm down children with ASD.

Nowadays, virtual reality (VR) experience delivered through a head-mounted
display (HMD) makes it possible to implement sensory regulation interven-
tions in a simulated sensory environment (Lubetzky et al., 2022). Johnston
et al. (2020) used Oculus Rift, a commercial HMD, to design a VR game
for auditory hypersensitivity in children with ASD. It realistically simu-
lated an exposure-based training, which was a speci ¢ sensory regulation
training to address auditory hypersensitivity in game contexts (Koegel et
al., 2004). Farroni et al. (2022) developed a multimedia TBI including

an HMD, which allowed children with ASD to undergo di erent virtual
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experiences according to their sensory processing patterns. Although dis-
play devices can easily project any objects that people want and provide a
safe platform for interventions, it was suggested that some display devices
had negative sensory e ects, such as anxiety and visually induced motion
sickness when individuals with ASD faced an HMD display (Bradley &
Newbutt, 2018).

Robots

Robots, usually package with characteristics such as humanoid appear-
ance, tactile sensors and programmable prompts, are widely used as an
interactive assistant to facilitate the ASD interventions (Deng, Rattadilok,
Hadian, & Liu, 2021). Their strengths and limitations were debated in the
literature. One limitation correlated with the nature of robots that the
robot is mostly controlled by an extra specialist. Therefore, they cannot
operate autonomously according to children's response (Cai et al., 2019).
The author did not identify any robot-directed TBIs that targeted atypical
sensory responses in ASD until very recent years (Alabdulkareem et al.,

2022).

In the identi ed studies, the purpose of robots was mainly to generate sen-
sory cues in certain conditions. These sensory stimuli generated, however,
were reported to a ect the interventions di erently. The study conducted

by S. Ali et al. (2020) programmed NAO, a widely used robot in ASD
interventions (SoftBank Robotics, 2020), to give three dierent kinds of
sensory stimuli (i.e., visual, auditory and motion) to address distraction
in children with ASD. However, the study only compared the e ectiveness
of three stimuli. It was concluded that visual stimuli were more e ective
compared to auditory and motion stimuli in improving children’'s atypical

visual responses, while e ectiveness of the robotic intervention was not dis-
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cussed. Chevalier et al. (2022) used the Cozmo, a low-price toy robot, to
deal with attentional issues in 34 children with ASD who experienced atyp-

ical sensory responses. They assessed the children's sensory preference and
aversion before the intervention. The results showed that hyper-sensitive
children were more likely to be annoyed by the noise from the robot's mo-

tors.

Software Apps

To improve the autonomy of a TBI, many recent studies not only used
hardware devices but also developed software Apps to focus on data ac-
quiring, fusing, interpreting, and sharing (Cai et al., 2019). The IoT studies
(Khullar et al., 2019; Polo Rodrguez et al., 2021; Sula et al., 2013) all in-
volved computer programs for data fusing. Caregivers or therapists could
monitor children's states via these Apps in real time. For two HMD studies
(Farroni et al., 2022; Johnston et al., 2020), there were compatible software
Apps developed for delivering the content to users. For two sensor-based
games (Hu et al., 2020; Mir & Khosla, 2018), the hardware devices were
used to identify users' actions. The core of the intervention part was the

content to be displayed to users, which was programmed as software Apps.

There were also few TBIs implemented only by software Apps. Reis et
al. (2021) developed an Android-based App, named "Regul-A’, for sensory
regulation of children with ASD in the home environment. The App allowed
the caregivers to manage the Sensory Pro les of the child with ASD and
provided sensory strategies that aimed to regulate the child in their daily
lives. Reis et al. (2021) conducted a focus group consultation with ASD
specialists to obtain sensory regulation strategies in home routines, such
as sleep, play, eating and bathing. This study described the design and

consultation phases of the App in details and brie y indicated that the App
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was going through a testing phase. However, this App did not provide real-
time monitoring and detection, while their testing results and e ectiveness

of the App have not been released yet.

Systems combining hardware devices and Al

Recent advancements in Al have enabled real-time human state and health
monitoring from sensory-related data (Ghafghazi et al., 2021). The iden-
ti cation of atypical sensory responses has become so important that the
use of Al increased from none to several after the year 2019. The sys-
tem developed by Khullar et al. (2019) used fuzzy logic (FL) algorithms in
combination with emerging hardware technologies such as display, sound
sensor, and speaker. The FL algorithms processed the sensory-related data
obtained by sensors and made decisions for the given conditions. Based
on the decision made by the FL, the system generated alerts to caregivers
regarding environmental risks, and controlled the display device to play
video to calm down children with ASD. In the sensor fusion-based system
developed by Ghafghazi et al. (2021), they proposed to use a deep learn-
ing (DL) algorithm to process EEG and motion sensor data for anomaly
detection in children with ASD. The DL algorithm was able to generate
personalised behavioural intervention plan for the child. Unfortunately,
their study did not provide any more details about the DL algorithm (e.g.,

training process, accuracy) and its real-life testing.

2.3.2.4 Reported e cacy

The following sections summarise the e cacy of the TBIs in helping with
speci ¢ sensory regulation issues (i.e., poor attention, stress, sensory inte-

gration) of children with ASD that have been reported in the literature.

E ect on attention
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Poor attention is one of the most common sensory regulation issues in chil-
dren with ASD. Extensive studies have observed and assessed children's
attention throughout the use of TBIs. A series of studies applying sound
ampli cation devices proved that the device was e cient in enhancing the
auditory attention of children with ASD (Schafer et al., 2013, 2016, 2019).
Data from a total of 21 pre- and post-intervention events in studies by
Schafer and colleagues showed a positive outconze= 6:98, p < 0:01),
which reinforced the evidence for the e ectiveness of the TBI on atten-
tion. Strengthened attention was also identi ed in the study conducted by
Ringland et al. (2014) using a large display device. Ringland et al. (2014)
conducted a qualitative discourse analysis and contended that caregivers
and psychologists who observed the intervention expressed that this large
display device improved the attention level of children with ASD. Mir and
Khosla (2018) used the Kinect-based game to provide sensory training for
three children with ASD for 10 days. No direct evidence showed that the
TBI could improve the basic attention, but authors suggested that the par-
ticipants' obtained higher scores in the game after 10 days. However, the
improvement of performance might be attributable to increased familiarity
with the game. Hu et al. (2020) conducted a more comprehensive com-
parison between the TBI and a teacher-delivered intervention. They found
that both interventions were e ective in performance improvement while

TBI was more e cient than traditional teacher-delivered intervention.

E ect on stress

Children with ASD who experience atypical sensory responses are suscepti-
ble to high levels of stress, particularly in an unfriendly environment. Vari-
ous included studies evidenced that the TBI they proposed had positive im-
pacts on stress self-regulation in children with ASD. In the study conducted

by Rance et al. (2017), comparisons between pre- and post-intervention re-
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sults demonstrated that sound ampli cation devices could reduce listening
stress in children with ASD. Based on the caregiver-reported questionnaire
results, caregivers perceived that their child's anxiety levels were consider-
ably lower after using the TBI. Physiological data (cortisol concentrations)
were also used for measuring stress level in this study. Children with ASD
showed signi cantly reduced cortisol concentrations in the TBI condition,
illustrating an e ective reduction in stress levels with the provision of TBI.
The HMD-based application developed by Johnston et al. (2020) was eval-
uated with six individuals with ASD who were hyper-sensitive to auditory
stimuli. Following a period of intervention, comparisons between pre- and

post-intervention results also showed a signi cant decrease in stress level.

E ect on sensory integration

Sensory integration theory believes that the sensory integration interven-
tions could improve a person's ability to integrate their senses in the brain
to promote adaptive responses, which lead to facilitative e ects on im-
proving self-regulation, including heightened attention and reduced stress
(Green eld, 2017). Some studies focused on sensory integration and found
that compared to classical sensory integration interventions, TBIs can have
same e cacy and be easier accessed for classroom or home use. Over the
course of using sound ampli cation devices, the auditory integration abil-
ity (i.e., binaural listening, speech recognition) of children with ASD was
generally improved (Rance et al., 2014). Johnston et al. (2020) employed
HMD to simulate a sensory integration training, which was used to im-
prove sensory integration ability in children with ASD. Although there was
evidence that participants' stress levels decreased signi cantly, no detailed
data were provided to prove the improved sensory integration. Ringland
et al. (2014) also used its TBI to facilitate a classical sensory integration

intervention where children with ASD were engaged. They suggested that
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the use of TBI balanced children's attention between their own bodies and
sensory stimuli, and improved their performance in the classical sensory

integration intervention.

2.3.3 Lessons learnt from the scoping review

Atypical sensory responses in ASD have obtained more and more TBI stud-
ies' attention in recent ve years. This scoping review synthesises the tech-
nological features and reported e cacy from related studies. Many studies
have successfully adopted a range of technological methods, including sen-
sors, loTs or Al techniques, for addressing atypical sensory responses in
children with ASD. Some TBIs are found to be e ective on a range of out-
comes associated with atypical sensory responses, especially attention and

stress self-regulation.

However, several limitations are commonly found in the included studies.
Firstly, over one third of included studies ( = 6) do not actually evaluate
the e ects of their proposed TBIs. This leads to unknown practicabil-
ity and acceptance among ASD population in real-life use. Small sample
and short-term evaluation in many studies make it challenging to obtain a
generalisable result. Sometimes it is the dimension and complexity of TBIs
which limit their long-term use among ASD population. For example, some
loT studies have attractive designs but must be deployed in a lab setting
at an early stage (Ghafghazi et al., 2021; Polo Rodrguez et al., 2021; Sula
et al., 2013), which are less likely to reach out to participants with ASD.
Studies using small, portable sensors, or software Apps are more likely to

involve more ASD sample.

Notably, there is also a heterogeneity in evaluation designs and outcome
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measures. This may be a result of lacking a uniform and standard measures
for atypical sensory responses. Besides, since atypical sensory responses
include a variety of symptoms, di erent studies usually have di erent fo-
cuses which make the outcome measures vary from study to study. Stud-
ies with high SCED scores generally apply a pre- and post-intervention
design for evaluation. Atypical sensory response outcomes are usually de-
scribed as episodes of distraction, discomfort, and anxiety. The outcome
measure methods used in the previous studies include task performance,
self-de ned survey, as well as validated measurement tools for assessing the
intensity and frequency of these states, such as Child Behaviour Checklist

and Caregiver-Teacher Report Form (Achenbach & Rescorla, 2020).

Among the included studies, only four studies have used validated as-
sessment methods to assess the participants' sensory processing patterns
(Chevalier et al., 2022; Reis et al., 2021; Schafer et al., 2016, 2019). This
indicates that most studies designed and discussed the TBI for atypical
sensory responses in ASD without considering their sensory processing pat-
terns. In a study with limited sample size, subcategorising undoubtedly
further reduces the samples in a group. Therefore, many previous studies
prefer not to di erentiate participants with varied sensory processing pat-
terns in the design and evaluation. However, there is evidence that knowing
an individual's sensory processing pattern is important for improving the

e ectiveness of the TBI (Chevalier et al., 2022; Deng, Rattadilok, & Xiong,
2021), suggesting that sensory processing patterns of children with ASD

should be assessed prior to engaging the children in a TBI.
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2.4 Articial intelligence (Al) for address-

ing atypical sensory responses

During the screening phase of the scoping review, the author found that
the appearance of Al techniques was increasing in relevant studies. Al
techniques have been successfully applied in some ASD research to use a
wide variety of sensory inputs to detect human behaviours, make diagno-
sis, or analyse brain states (Ghafghazi et al., 2021). At the present day,
the convergence of sensing technology and Al provides a new direction for
developing innovative TBIs to address atypical sensory responses in ASD.
Considering Al can play an important role in a TBI by identifying atypical
sensory responses accurately, studies which have used Al for such kind of

detection are reviewed and discussed more deeply in this section.

2.4.1 Features for Al modelling

Atypical sensory responses are di cult to measure using standard meth-
ods due to its complexity and unclear mechanisms. However, physiologi-
cal features can be used to provide sensitive measure of assessing changes
in sympathetic arousal associated with anxiety and attention (Khullar et
al., 2021). For example, some physiological features, such as body sweat-
ing, increased body temperature, abnormal heart rate or facial expressions
could be noticed during stress or distraction-related states (Di Nuovo et
al., 2018; Sigman et al., 2003). Body or hand movements can provide a
convenient measure of detecting stereotypical behaviours (Coronato et al.,
2014; Mohammadian Rad et al., 2018). Besides, it can be seen from the
scoping review that there are some sensors which can extract physiological

features. These sensors are attached to the skin and are accepted by chil-
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dren with ASD (Ghafghazi et al., 2021). Therefore, physiological features,
such as heart rate, Galvanic Skin Response (GSR), Electroencephalograms
(EEG) and skin temperature can be used as key data sources to assist the
Al modelling in related studies (Ghafghazi et al., 2021; Khullar et al., 2021,

Sundaresan et al., 2021; Tomczak et al., 2020).

Table 2.5: Features considered in prior studies for Al modelling

Reference Features

Coronato et al. (2014) HM

Mohammadian Rad et al. HM

(2018)

Di Nuovo et al. (2018) Facial features

Khullar et al. (2019) Auditory stimuli, visual stimuli, tactile
stimuli, smell stimuli

Tomczak et al. (2020) HR, ST, GSR

Sundaresan et al. (2021) EEG
Ghafghazi et al. (2021) EEG, HR

Khullar et al. (2021) HR, ST, GSR
Mauro et al. (2020, 2022) Noise, brightness, crowding, smell,
openness of places, sensory preference

and aversion

HM { Hand Movement, HR { Heart Rate, ST { Skin Temperature, GSR {

Galvanic Skin Response, EEG { Electroencephalograms.

As reviewed in section 2.1, environmental features are also determinants
that a ect sensory-related behaviours in children with ASD. Some TBIs
aim at supporting children with ASD in detecting uncomfortable environ-

ments. Noise, temperature, light intensity, smell and crowding are some of
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the environmental features concerned in Al studies (Khullar et al., 2019;
Mauro et al., 2020, 2022). For example, non-invasive ambient sensors were
used in the study conducted by Khullar et al. (2019) to collect environmen-
tal information. There were some studies using environmental data from
public websites which reported people's feelings about a certain place for
Al modelling, while sensory preferences of individuals with ASD were col-
lected by means of a self-de ned questionnaire (Mauro et al., 2020, 2022).
Table 2.5 presents a range of physiological and environmental features that

are considered in the related studies.

2.4.2 Applied Al algorithms and study designs

Al in smart systems for individuals with ASD can be achieved by a range of

algorithms such as rule-based, machine learning (ML) and DL algorithms.

Data are more important in ML and DL compared to rule-based algorithms
in which rules are more important (Campesato, 2020). There are two key
challenges that limit the application of ML and DL in ASD studies: limited
amount of labelled data to train ML algorithms and black-box nature of
DL algorithms (Ghafghazi et al., 2021). Therefore, some studies which do
not have a rst training dataset, opt to use rule-based algorithms, instead
of ML or DL, for developing a detection system (Khullar et al., 2019; Tom-
czak et al., 2020). For example, Khullar et al. (2019) used a rule-based
fuzzy logic algorithm in their TBI for identifying triggering events of atyp-
ical sensory responses. The algorithm prede ned a set of fuzzy rules in the
MATLAB's Fuzzy Inference System. The inputs to the algorithm were au-
ditory, visual, tactile and smell stimuli in the surroundings of a child with
ASD, which were acquired by ambient sensors. The output of the algo-

rithm was the overall meltdown risk caused by atypical sensory responses.
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Khullar et al. (2019) evaluated the caregivers' level of satisfaction which

suggested that most caregivers were satis ed with the technological func-
tions such as real-time monitoring, analysis, and feedback. Tomczak et al.
(2020) developed a stress monitoring system for people with ASD using a
heuristic rule-based algorithm. The algorithm initialisation was triggered

by an accelerometric motion sensor at the time when the device applied to
the skin was on. The sensor can obtain heart rate, GSR and body temper-
ature data, which were then calculated as the mean values over time. All
the data were continually updated for a long period of time. The values

of the parameters for detection of the child' stress episode were evaluated
basing on the observations of the sensor readings on participants under

various stress and no stress conditions.

Due to the lack of data from ASD population, some studies adopt datasets
from TD individuals for Al modelling. Studies conducted by Mauro et al.
(2020, 2022) developed a recommender system for users to avoid uncomfort-
able places based on compatibility-aware recommendation models. They
extracted information about environmental features from public tourism
websites, while they took a user's sensory preferences and aversions to noise,
brightness, and other features into account. The model based the person-
alised suggestion of places on the acquisition of environmental features and
user pro les that were matched to each other. Their testing results demon-
strated the feasibility of using user preferences and public datasets to pre-
dict a safe and comfortable location for individuals with ASD. Moreover,
Coronato et al. (2014) and Mohammadian Rad et al. (2018) used wearable
accelerometers to record hand movements from TD subjects. They used
the TD data (data obtained from TD individuals) to training DL models,
including Arti cial Neural Network, Nawve Bayes and other models, at-

tempting to enable the models to detect stereotypical motor movement in
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ASD. Both studies veri ed the DL models with real data from individuals
with ASD. The results showed that the Arti cial Neural Network model
yielded an accuracy of over 99% on data from TD subjects, but an accu-
racy of 92% taking the data from one individual with ASD in the hospital
setting. The worse performance of the model on real ASD data implied
the limitation of models using data merely from TD people, as motions,
sensory processing patterns and physiological responses to stimuli between

ASD and TD people can be very di erent.

In recent few years, some e orts have been put on building a training
dataset containing data from real individuals with ASD. Although still
very challenging, few studies have successfully collected physiological fea-
tures of children with ASD and used the data to train an ML or DL model
for detecting atypical sensory responses (Di Nuovo et al., 2018; Khullar et
al., 2021; Sundaresan et al., 2021). Di Nuovo et al. (2018) conducted data
collection with six children diagnosed with ASD for over one month, at-
tempting to estimate attention level from the child's face. Each data collec-
tion session was videotaped by a camera on a NAO robot for approximately
6{8 minutes per child. To build the ground truth for attention detection
training, Di Nuovo et al. (2018) labelled the situation when the child was
staring at the robot as "Attention’, and other situations as "Distraction'.
They applied Viola-Jones and Conventional Neural Network (CNN) for
face detection in camera images, and applied CNN and Histograms of Ori-
ented Gradients (HOGs) for features extraction. With facial features and
attention labels, Di Nuovo et al. (2018) used several classi cation ML algo-
rithms, including K-Nearest Neighbours (KNN), Support Vector Machines
(SVM), Decision Trees, and Nawve Bayes classi ers for attention classi -
cation. A combination of CNN-HOGs-KNN algorithms achieved the best

overall result with an accuracy of 88.2%. The study also considered the
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computational execution time for the purpose of future application. The
combination of CNN-HOGs-KNN was the fastest approach which could
process two frames from the video per second. This study veri ed the fea-
sibility of estimating attention level of the child with ASD directly from
the robot sensors using ML and DL approaches, suggesting its potential

for further application in robot-assisted therapies.

Sundaresan et al. (2021) collected EEG data from eight adolescents with
ASD during a stress induction session and proposed ML and DL algorithms
to identify anxious states from ongoing EEG signals. They created a 25-
minute session of stress induction and breath modulation tasks. Speci -
cally, they selected a widely used arithmetic task as the “stressor' and sim-
plied it to minimise the possibility of overstimulating participants with
ASD (Sundaresan et al., 2021). Following each arithmetic task and breath-
ing task, participants were required to rate their current stress level on a
5-point Likert scale. The analysis of self-reported stress level indicated that
the selected arithmetic task can reliably induce mental stress in the partici-
pants. Therefore, the EEG recorded during the arithmetic task was labelled
as "Stressor', with other classi cations de ned as "Guided Breathing', "Un-
guided Breathing' and 'Baseline'. Sundaresan et al. (2021) performed clas-
si cation analysis on the selected EEG training samples using SVM, CNN,
Long Short-Term Memory Recurrent Neural Network (LSTM-RNN) and a
hybrid Long Short-Term Memory Fully Convolutional Network. The ac-
curacies of the SVM models were computed across four classi cation pairs
(‘Guided Breathing' vs "Stressor', "Unguided Breathing' vs "Stressor', "Un-
guided Breathing' vs "Guided Breathing', and "‘Baseline' vs "Stressor') as
the SVM classi ers were binary. The overall classi cation accuracy of SVM,
around 82%, was satisfactory, while the multi-class LSTM-RNN obtained

the best classi cation accuracy at around 93%.
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Table 2.6: Al algorithms for users with ASD

Reference Algorithm Detection Targets  Evaluation Subjects Involved for Evaluation

Stereotypical . .
Coronato et al. (2014) ANN Model accuracy 1 subject with ASD

motor movement

. Stereotypical 6 subjects with ASD and 5 TD
Mohammadian Rad et al. (2018) CNN, CNN-LSTM Model accuracy
motor movement subjects
. VJ, CNN, HOG, ) . ;
Di Nuovo et al. (2018) Attention level Model accuracy 6 subjects with ASD

KNN, SVM, DT, NB

Not reported in model validation
Model accuracy
Khullar et al. (2019) FL Meltdown or tantrum 10 subjects with ASD in system

System usability
usability evaluation

Heuristic . . i
Tomczak et al. (2020) Stress level System usability 20 subjects with ASD

rule-based model

SVM, CNN, ) )
Sundaresan et al. (2021) Stress level Model accuracy 8 subjects with ASD

LSTM-RNN, LSTM-FCN

Ghafghazi et al. (2021) DL (not speci ed) Vocal stereotypy Not reported Not reported

Not reported in model validation

Model accuracy 10 subjects with ASD and 5 TD

Khullar et al. (2021) CNN, LSTM, CNN-LSTM  Meltdown or tantrum
System usability subjects in system usability
evaluation
Compatibility-aware Safe and . .
Mauro et al. (2020, 2022) Model accuracy 20 subjects with ASD

recommendation model comfortable places

ANN { Arti cial Neural Network, CNN { Conventional Neural Network, LSTM { Long

Short-Term Memory, VJ { Viola-Jones, HOG { Histograms of Oriented Gradients, KNN
{ K-Nearest Neighbour, SVM { Support Vector Machines, DT { Decision Trees, NB
{ Nawe Bayes, FL { Fuzzy Logic, RNN { Recurrent Neural Network, FCN { Fully

Convolutional Network, DL { Deep Learning.

The studies conducted by Di Nuovo et al. (2018) and Sundaresan et al.
(2021) both provided a comprehensive design of data collection, data pro-
cessing, Al model training and comparison, addressing the limitations of
prior studies in ASD data. Unfortunately, Di Nuovo et al. (2018) considered

an estimation of the attention from only one of its components which was
the visual focus of an object. Other components of the attention, such as

child's behaviour, task performance as well as the environment in uences
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were not evaluated nor considered. It was mentioned by Sundaresan et al.
(2021), two participants presented unusually high impedances at the time
of EEG recording probably due to forehead tactile sensitiveness, indicating
that the acceptance of hardware sensors is one of the important factors
that a ect the success of a study in this eld. Alternatively, Khullar et

al. (2021) only applied a wristband to collect heart rate, GSR and skin
temperature from individuals with ASD. A hybrid CNN-LSTM model for
meltdown and tantrum detection was trained and yielded an accuracy of
96%, suggesting the feasibility of combining non-invasive sensors and Al
techniques for the development of a detection system for atypical sensory
responses in children with ASD. Table 2.6 summarises the Al algorithms
applied in related studies and their detection targets associated with atyp-

ical sensory responses.

2.5 Summary: Research gaps and implica-

tions

This chapter has shown the impact of environmental factors on individ-
uals with ASD. In particular, children with ASD have great di culties

in adapting to and behaving appropriately in an environment of extreme
conditions, such as escalated noise, temperature and light intensity. The as-
sociated outcomes can often be seen to be stressful, disengaged attention,
which will result in signi cant problems in sensory regulation in a pub-

lic space. Although previous studies emphasise that noise, temperature,
humidity, light and some other factors should be considered as triggers of
atypical sensory responses, none has ecologically validated the comfort zone

for children with ASD. In general, studies believe that noise level under 70
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dB, indoor light intensity at 300 Ix to 600 Ix, temperature around 25C and
humidity between 30% and 60% are moderate for most people, while chil-
dren may perceive lower temperature around 2Z as comfortable. These
data will be combined with knowledge from ASD specialists to determine

the comfort zone for children with ASD in this research.

Traditional clinical practice to address atypical sensory responses in ASD
includes an assessment of sensory processing patterns, followed by e ective
sensory-based interventions. Sensory developmental trajectories in ASD
demonstrate that early intervention in the childhood can be helpful for im-
proving their sensory regulation abilities, decreasing behaviours associated
with atypical sensory responses. It shows why many studies, including this
study, focus on developing a TBI system that can be used by young children

with ASD.

The scoping review of literature has highlighted the feasibility and poten-
tial of TBIs for mediating the e ects of sensory stimuli on issues related
to atypical sensory responses in ASD. There is research evidence suggest-
ing positive outcomes associated with the TBI used to support children
with ASD who experience atypical sensory responses, especially in atten-
tion, stress, and sensory integration aspects. The author also identi es
several research gaps and shortcomings in current research that need to
be addressed by further e orts. Although prior studies demonstrate the
potential of a wide range of technologies, existing TBIs that show e ective-
ness in addressing the target issue are still very limited. Especially when
a study attempts to design a TBI for individuals with ASD, limitations
such as small ASD sample or absolute lack of ASD sample are noticeable.
Therefore, to engage more children with ASD, many studies designed their
experiments based on games or educational activities to o er learning op-

portunities to participants, which required high collaboration among ASD
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specialists, ASD families, technology developers and academic researchers.

Regarding the use of technology, Table 2.7 summarises the advantages and
disadvantages of technological elements in current TBI studies. As shown
in Table 2.7, sensor devices have been more widely applied in previous
studies compared to robots, display devices and other techniques. A range
of o -the-shelf sensors have shown usability in capturing real-time environ-
mental features as well as physiological features. However, some wearable
sensors such as EEG headsets and Phonak devices have been found to have
negative e ects on children with ASD, such as causing anxiety (Schafer et
al., 2016; Sundaresan et al., 2021). Besides, the purpose of most sensors
has been purely for monitoring which makes the sensor-based TBI less in-
teractive and educational. Display devices and robots have provided more
fun to children. However, display devices have been found to cause dizzi-
ness among users and the settings where they can be used are more limited.
Robots are often more expensive. For example, a NAO Robot Autism Pack
costs around 20,000 dollars (RobotLab, 2022), which is hard for many fam-
ilies to aord. Software Apps, which can gather useful information with
low cost, have compatibility with other sensors, and fast access mobility,
are envisioned as a modern format of TBI. Without wireless-connected ex-
ternal sensors, a software App itself is also able to provide general sensory
regulation strategies which are obtained from a panel of ASD specialists
(Reis et al., 2021). In addition, e cient Al algorithms could extract useful
information from varying signals and be used for atypical sensory responses
detection, while accurate Al algorithms rely heavily on a meaningful train-

ing dataset and powerful computation capacity.
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Table 2.7: Advantages and disadvantages of di erent technological elements in

existing TBIs

Technological el- Advantage Disadvantage

ements

Sensors Widely applied and validated; Wearable sensors may cause tac-

Display devices

Robots

Software Apps

Systems combining
hardware devices

and Al

Some are wearable and portable;
Highly commercialised and easy

to buy.

Can create any virtual environ-
ment with controllable stimuli;
Can be interactive and educa-

tional.

Equipped with human appear-
ance and personality to improve
engagement;

Can be interactive and educa-
tional;

Touch-free.

Wireless connectivity with sen-
Sors;

Integrate and present informa-
tion;

Low cost;

High mobility and accessibility.
Provide accurate detection about

several targets related to atypical

tile defensiveness and anxiety in
children with ASD;

Mainly for monitoring instead of
interacting.

Some devices such as VR glasses
may cause tactile defensiveness
and dizziness in children with
ASD;

Some devices can be expensive,
limited by space for usage.

Some robots can be very expen-
sive;

Some robots produced motor
noise;

Low portability.

May cause excessive use of or ad-
diction to digital devices in chil-

dren.

Al algorithms rely on large

amount of data to obtain better

sensory responses, such as stereo-accuracy;

typical motor movement, stress,

poor attention, and many more.

High  computational capac-
ity may be needed for data

processing.
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As mentioned, atypical sensory responses are complex and hard to mea-
sure. Prior research that monitors the sensory environments and responses
of individuals with ASD tends to focus on identifying situations of poor
attention and stress, as having di culty paying attention and being stress-

ful yield the highest frequencies of atypical sensory responses (Tomchek
& Dunn, 2007). Physiological features, such as heart rate and GSR, and
environmental features, such as noise, light, and temperature, are key pa-
rameters that have been used in Al models for anomaly detection. Many Al
algorithms have shown validity in detection, including conventional rule-
based models, ML models such as KNN, and further improved DL models
such as ANN. Although prior research suggests that sensory processing pat-
terns of children with ASD should also be considered, few studies have taken
their sensory processing patterns, such as hyper- or hypo-sensitiveness, into

consideration in TBI designs or Al models.

In this research, the author hopes to design and develop an innovative
system, to e ectively support children with ASD in dealing with atypical
sensory responses. It should be structured to take into account the current
research evidence and gaps, using existing knowledge and validated practice
to guide the development of the system. The research strengths reviewed
in this chapter are further explored in this research, while the research
weaknesses identi ed in the literature review will be addressed as many as

possible with the following recommendations:

" It is important to explore commercially available sensors that are
a ordable, accurate and acceptable for real-time monitoring of envi-

ronment and physiology;

" An e ective and ASD acceptable TBI can be designed in a form of a

smartphone-based App for convenient and discreet use;

77



It is feasible to employ ML and DL models for stress and attention
detection, and to use environmental features, physiological features

and Sensory Pro les as key predictive parameters;

Implementing data collection sessions with meaningful attention tasks
and stressors to obtain a dataset not only is crucial for Al algorithm
training but also become particularly educational for children partic-

ipants;

Focus group consultations with ASD specialists can help to obtain
sensory regulation strategies and strengthen the e ectiveness of the

system with sharing of knowledge by the professionals involved;

It is necessary and important to evaluate and establish the e ective-
ness of the system by conducting a well-designed system evaluation
study with real end-users (i.e., children with ASD and caregivers) in

a real-life setting.
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Chapter 3

Methodology

This chapter describes the entire methodologies used throughout the re-
search. It rstly looks at the theoretical framework for system design and
development and how this shapes the lifecycle of developifpomie a
system proposed for addressing atypical sensory responses in children with
Autism Spectrum Disorder (ASD). Computer science methods and psychol-
ogy methods are both used in di erent sections of this research to achieve
the interdisciplinary research aims. A description of these di erent meth-

ods is given and why they both are essential for this research is discussed.

3.1 Theoretical framework for system design

and development

The ndings from literature review show that technology-based interven-
tions (TBIs) continue to proliferate with limited evidence for the e ective-
ness and little support for practicing how best to design an ASD individual

acceptable system. Many interventions have been designed on the basis
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of existing technological system constructs and may not be as e ective
as those traditional interventions that involve children with ASD in the
practice and evaluation. Premature adoption of untested TBIs may limit
positive outcomes (Schnall et al., 2016). Therefore, there is a need for a
development framework that results in systems that are acceptable, usable,

and can e ectively support behaviours of children with ASD in daily lives.

The end-users of the proposed systerRpomie, include children with ASD
and their caregivers (i.e., parents, or grandparents). Caregivers are in-
cluded because, in general, children with ASD may lack prior experience
of using technological systems and their cognitive abilities may also have
an impact on the usage of the system functions. Besides, as mentioned in
section 2.2.2, caregivers play an important role in delivering sensory reg-
ulation strategies in home contexts. Speci cally, with aims to develop an
ASD acceptable system for sensory regulation, the system development re-
quires considerations of all potential users' needs, preferences, and their
capabilities. This research intended to “centre' around the end-users. The
user-centred and iterative development frameworks were thus, in this case,

applied throughout the process.

3.1.1 User-centred framework

The development olRoomie has employed a user-centred framework as peo-
ple with special needs usually bene t the most from the approach which
involves them in the development process and ensures that their needs are
met (Frauenberger et al., 2011). World Health Organisation (2011) sug-
gested that a user-centred model should be integrated within the lifecycle of
healthcare technologies in order to ensure e ective outcomes. User-centred

framework may be presented as methodologies but more frequently referred
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as a set of principles or guidelines that engage with, and prioritise the needs
of end-users during the development of a service or artefact (Farao et al.,
2020; Schneiderman, 1998). In a user-centred project, a main principle is
that users are centred and involved appropriately so they may in uence the

system development.

Although previous research has suggested that more people with special
needs had been involved in the decision-making process about things that
a ected their lives (Mathers, 2004), the scoping review in section 2.3 which
assesses methodological quality of related studies highlights that many de-
signs involved no or only a few individuals with ASD. There is limited
preliminary research fully considering the needs of individuals with ASD
in the design process. Although user-centred principles are believed to be
crucial for TBI developments, developers usually nd it unexpectedly di -
cult to work with individuals with ASD. It is not only because individuals
with ASD may face extra di culties to express their needs or desires, but
also, they may be reluctant to be involved during such complex and usually
long processes (Henas et al., 2019). Capabilities and individual preferences
can be very di erent among children even if they all have atypical sensory
responses. In the case of children with ASD, the challenge of this involve-
ment can be bigger (Frauenberger et al., 2011). Therefore, many previous
studies only presented novel ideas generated from discussions within the
research team, relying a lot on their own experiences and understandings.
However, creating ideas by ‘imagining' the position of the individuals with
ASD makes it easy to lose sight of maintaining the system in a user-centred

manner.

The make-up of insu cient involvement of individuals with ASD for a
system development includes some other key stakeholders, such as ASD

specialists, engineering researchers, and service providers (Craven et al.,
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2014). The importance of key stakeholder engagement is evident, includ-
ing increasing the potential for interaction between system developers and
end-users, and addressing other ethical and research governance require-
ments. For example, a collaboration with engineering researchers and ser-
vice providers could facilitate the e ective testing of a system prototype
for its functionality, usability, and reliability in a real-world setting, and
capture end-user data for the study. The ASD specialists, including health-
care professionals and teachers, can typically supply the user needs based
on their expertise and observations. A stakeholder may also be a "user' es-
pecially at the early prototype stage or in a pilot study. While the author,
who acted as the engineering researcher and principal investigator, should
be responsible for all the stakeholder engagement, system development and
implementation of the user requirements throughout the process. A num-
ber of implementation choices had to be made by the author in parallel
with understanding the user needs, such as the choice of devices, operating

platforms, system functions, and many more (Wasserman, 2010).

3.1.2 lterative development framework

The iterative development framework is usually employed in combination
with the user-centred framework, in which a system undergoes a series
of iterations before release to ensure the user requirements are met. The
user-centred framework requires the project to begin with the focus on the
user needs, which allows the system speci cations to be informed by user
needs and requirements whilst taking into account characteristics and po-
tential limitations of the technologies. An iterative process is established
which allows further modi cations to be informed by professional review

and evaluations of the system prototypes. The basic principles of the iter-
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ative development framework include (Centre for Medicare and Medicaid

Services, 2008):

The key objective is for fast development and delivery of a high-

guality system at a relatively low investment cost.

Iterative development attempts to providing more ease-of-change dur-

ing the development process.

Iterative development aims to produce the system through iterative
prototyping, active user involvement and computerised development

tools.

Key emphasis is on ful lling the user needs, while technological ex-

cellence is of lesser importance.

Active user involvement is imperative.

Figure 3.1 shows the overall iterative development process and the empha-
sis of each iteration in this research, adapted from Eeles et al. (2014). As
shown in Figure 3.1, each element, namely User Needs, Architecture, De-
velopment and Test, was repeatedly addressed in every iteration. The size
of box within each of the elements illustrates the relative emphasis spent
on the element. The rst iteration (Iteration 1) was focused more on un-
derstanding user needs, while some architecting, development and testing
were performed. lIteration 2 put the emphasis on stabilising the architec-
ture, together with more development and testing. Iteration 3 was focused
on completing the nal Roomie system based on a relatively stable set of
user needs and architecture, and there was an emphasis on development

and testing.
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Figure 3.1: Iterative development process and emphasis of each iteration,
adapted from Eeles et al. (2014)

It can be seen from Figure 3.1 that each iteration Test resulted in further
understanding of the User Needs. ASD specialists, caregivers and engineer-
ing researchers provided understanding of the needs of end-users followed
by real testing of Roomie prototypes. An advisory panel of 10 ASD spe-
cialists (hereafter referred as advisory panel) was formed in the beginning
of this research. The average years of ASD-related practice experience of
the advisory panel was about 10. They worked together, undergoing review
of the prototype in each iteration to ensure theRoomie is nally robust,
useful and usable. Appendix D provides more detailed information about

the advisory panel members.

A main advantage of the iterative development framework is that each it-
eration can be produced quickly, making it appropriate to a project where
stakeholders' long-term participation commitment is usually unrealistic.
The iterative process potentially reduces the drop-out rates of key stake-
holders (Craven et al., 2014). However, care must be taken to ensure that

the system development is truly accepted by children with ASD, not merely
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by other stakeholders, iterative involvement of children with ASD is also
critical to the project. Therefore, the methods and technologies applied to
facilitate user involvement in the project have to be the most appropriate

for young children with ASD.

3.2 Understanding user needs

Understanding user needs is an indispensable phase in order to develop a
system adapted to the special needs of ASD populations. An online survey
and face to face interviews have been conducted with key informants. Al-
though the main end-user oRoomieis the child with ASD, they may not be
able to collaborate in this phase due to communication di culties. In this
case, key informants including caregivers, ASD specialists, and engineer-
ing researchers become a valuable resource for presenting a wider context
taking into account barriers and needs that children with ASD may not be

aware of.

3.2.1 Online survey

The online questionnaire was conducted anonymously, including questions
about age and gender, the awareness of TBIs and scenario-based questions
investigating the needs for the proposed system. A snowball sampling
strategy was used in the recruitment of the participants. The snowball
sampling strategy is usually bene cial for studies on hidden populations
who tend to be dicult for researchers to access (Hewitt-Taylor, 2011).
Some members of the local ASD community were initially contacted, then
they recruited more participants by encouraging other members to partic-

ipate and reassured them of con dentiality. In China, the questionnaires
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were distributed rstly through ASD parental support groups and childcare
facilities in Ningbo. Ningbo is a sub-provincial city in southeast China. As
de ned by Sun et al. (2019), Ningbo can be regarded as a "Median Economic
Level (neither extremely a uent nor extremely poor)' city. An English ver-
sion of the questionnaire (Appendix E) was used and sent to counterparts
in the United Kingdom (UK) which enabled a cross-regional comparison
between China and a country that has better developed healthcare ser-
vices. The questionnaires were distributed through the author's network
of schools, universities and charities to their ASD clients in the UK. The
organisations helping to distribute the questionnaires included a national
training centre for children with sensory processing di culties and relevant
departments within the universities in London, Nottingham, Leicester and
Northampton. All the questions of the online survey were given in Chinese

or English to participants according to the country where they lived.

3.2.2 In-depth interview

Interviews were another method used to explore Chinese individuals' per-
sonal perceptions of using a TBI for children with ASD. The study pop-
ulation was intended to consist of caregivers and ASD professionals who
had close relationships with children with ASD. The process of conducting
the online survey has helped the author to establish a relationship with the
ASD community and further recruit participants for the interview. The
speci ¢ sampling strategy was purposive and targeted. The ASD parental
support groups and childcare facilities in Ningbo were contacted to send out
the interview invitation while distributing the online questionnaire. Partic-
ipants who agreed to take part in the interviews should have completed the

online questionnaire and provided their answers to the last question. The
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last question in the survey provided participants with a scenario of using
Roomie to address sensory regulation issues in ASD. Participants who were
willing and unwilling to use such a TBI were both intentionally invited to
the interviews. The occupation and years of experience related to ASD

were also considered when choosing participants.

Interviews were conducted face-to face and individually, semi-structured
with a number of close-ended and open-ended questions. The questions
were di erentiated for caregivers and ASD professionals. Each interview
session lasted for around 45 minutes. Some commonly asked questions
were: 1) What are the barriers that may prevent individuals with ASD
from using a certain TBI? 2) What functions are desired in a system for
sensory regulation for the bene ts of individuals with ASD? Appendix F
listed the pre-determined interview questions for caregivers and ASD spe-
cialists separately. Questions for caregivers paid additional attention to
their feelings and concerns about the e ect of TBIs on their child, while
guestions for professionals laid special emphasis on the prospective appli-

cation of techniques in the interventions.

3.2.3 Synthesis

A thematic method was applied to synthesise the user needs. The thematic
analysis allowed the exibility to organise data obtained via di erent above-
mentioned methods. Data from the online survey in China and the UK were
managed in SPSS Statistics Version 26.0 (IBM SPSS, 2019) together, and
interpreted quantitatively to o er descriptive information for the analysis.
The interview data were recorded by the audio recorder and transcribed
into text documents. The author then sent transcripts to the participants

to check for accuracy and missing points. An inductive analysis approach
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was used as the codes and themes were drawn from the raw data (Braun
& Clarke, 2006). The coded data were then categorised into themes and
sub-themes in the analysis. Codes, themes and text segments were devel-
oped and analysed in Chinese rst to avoid misinterpreting. The author
who originally comes from China translated important quotes into English.

Finally, their needs were interpreted into the system design requirements.

3.3 System development

3.3.1 Development platform

Based on the preliminary investigation on the user needs, the author de-
cided to deploy the proposed system on mobile devices, creating an App for
mobile phones and smartwatches which are generally easier for ASD pop-
ulation to access. The iOS platform was chosen as the main deployment
target for Roomie in this thesis considering the availability of diverse iOS
devices within the research team. It was a suitable choice to use existing
iPhones, macOS, and watchOS devices to save the cost in the beginning
of the project. Although Android is more popular in China and more cus-
tomisable than i0OS (Global Stats, 2023), the testing and implementation
are relatively faster with iOS. iOS's development generally requires less
development time and budgets for maintenance (IBM, 2023). Android's
dominance in the Chinese market should not be neglected but attempting
to create an App for both iOS and Android within the limited time leads

to technical issues, high costs and many more challenges. Therefore, it was
decided to use iOS platform initially to build Roomie, while the author also
expected to use other platforms for the possibility of transferring it later if

required for commercial distribution.

88



Xcode is the Integrated Development Environment (IDE) for iOS develop-
ment (Atanasov, 2018). Xcode version 14 was used in this project, working
together with Swift version 4. Swift is the native programming language
speci cally for iOS development, which is more convenient and requires less
coding work compared to the programming languages for Android develop-
ment such as Java and Kotlin. The Xcode's project window (see Figure 3.2)
provides a primary interface for viewing, editing and managing all parts of

the development.

Figure 3.2: Xcode IDE developer interface

Xcode IDE allows the developers to manage the entire development work-
ow, from creating the application, to testing and nally releasing the
application to the public. It o ers the versatility and the features which
could facilitate the completion of development in the given time. Necessary
development frameworks integrated in Xcode which were used for system
development included user interface (Ul) frameworks (SwiftUK and UIKit),

HealthKit, Core ML and many others (see Figure 3.3). Reasons for using
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below main development frameworks were down to user friendliness and

practicality of Roomie

Figure 3.3: Code of selected development frameworks

3.3.1.1 Ul frameworks

Storyboard and SwiftUl were the Xcode Ul builders used in this project,
which served as a visual design editor that graphically connected the ob-
jects and navigation components (Shahrasbi et al., 2021). The Storyboard
is a traditional Ul framework with which a developer can easily and quickly
describe and depict complex Ul dependencies (Atanasov, 2018). SwiftUl
framework has been introduced in 2019 by Apple, which is a revolutionary
development framework that makes building powerful Ul easier than ever
before (Apple, 2019). It is decided to use Storyboard at the early devel-
opment stage because it can rapidly prototype Ul ows by “dragging and
dropping' and have an overview of the work ows in Xcode's Storyboard ed-
itor (Figure 3.4). It can visualise the connections between di erent screens
as shown in Figure 3.4. SwiftUl cannot provide such an overview of the
whole project and only supports iOS devices with iIOS 14.0 or later. While
SwiftUl is easier to maintain and provides a better-looking interface when
the App design grows more complicated. SwiftUl builds interfaces pro-
grammatically and can work alongside Storyboard so that developers can

adopt it iteratively in an existing prototype. Since the development for -
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nal prototype when it was time to construct a more user-friendly interface,

the author started using SwiftUl for completing the system UlI.

Figure 3.4: Storyboard Ul builder in Xcode IDE

3.3.1.2 HealthKit

HealthKit is a framework that provides a wide variety of health data, cov-
ering body measurements, reproductive health, hearing, vital signs, nutri-
tion, mobility and many others (Apple Developer, 2023c). HealthKit is
especially helpful for a health App that allows a clinical care team to send
and receive health data. HealthKit capabilities need to be enabled in Xcode
to access the user's health data. Through HealthKit, data can be automat-
ically synced between the phone and watch devices. However, accessing an

individual's health data presents potential con dential risks. Therefore,
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HealthKit originally requires user's authorisation. When HealthKit is en-
abled, user's permission must be requested to both read and share health
data. Only when the permission is obtained from the user can the App

start recording the health data.
3.3.1.3 Core ML

Core ML framework is developed by Apple to integrate machine learn-
ing (ML) algorithms into an App and deploy them on the user's device
(Coremltools, 2022). Core ML Tools Python package can be used to con-
vert ML algorithms from third-party training libraries such as Scikit-learn
into the Core ML model package format. Once an ML algorithm is deployed
on a user's device, developers can use Core ML to re-train or ne-tune it
on-device, with that user's data. Although other cloud services could be
used to perform ML tasks, they do not supply the level of customisation as
Core ML's on-device training, and the requirement of continuous Internet
connection could limit the usability of the App. Besides, running an ML
algorithm strictly on the user's device without network connection helps
keep the user's data private and the App responsive (Apple Developer,

2023D).

3.3.2 Prototyping

Once the user needs have been elicited and the development platform
has been decided, the information can be transformed into detailed de-
velopment speci cations and development can begin. The development of
Roomie must ensure the feasibility, acceptability and appropriateness for

the particular users. One of the methods used to aid the achievement of

these objectives was to construct prototypes. Prototyping can involve two
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variations, paper-based and functional version. Paper-based prototyping
is usually used in early ideation where developers draw sketches of inter-
faces. Although creating a paper-based prototype is easy and rapid, it
does not involve real user interaction (Kentaro & Hirayama, 2006). Alter-
natively, functional prototypes can fully interact with users and hence are
recommended by previous research (McCabe & Innes, 2013), especially for
an iterative development process that is user-centred. A series of proto-
types may be created with each version accommodating more design ideas
from target users and identifying suitable technologies (Keay-Bright, 2007).
Therefore, following the user needs investigation, the author initially drew

a paper-based prototype foRoomie and con rmed initial design decisions
with caregivers and advisory panel. The author then developed functional
prototypes which allowed users to try the system and provide more robust

feedback.

The system development consisted of three functional prototypes within
the proposed iterative process. Objectives for each prototype version were
di erent and built on each other. The prototype 1.0 was built based on the
use of technology and theoretical mechanisms behind the proposed system.
The testing of the prototype 1.0 with a large sample of children with ASD
allowed the author to obtain data for ML training and to expand on the fur-
ther objectives (i.e., attention and stress detection, strategy-making). The
prototype 2.0 implemented the Al algorithms successfully and improved
the Ul of the system. The prototype 3.0 improved its usability, making it
fully meet the functional and non-functional requirements and reach the
readiness level for real-life evaluation. The prototype 3.0 was the beta

version of Roomie

The development ofRoomie also required the selection of sensors to detect

potentially useable features. Nowadays, smartphones and smartwatches
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have the capability of capturing data sources from sensors that are either
internal to the device (built-in sensors) or external where they are present
in the near location and connected to the device (Craven et al., 2014). In
this research, the prototype 1.0 used sensors available on the iPhone and
Apple Watch for environmental and physiological measurements. However,
some key parameters identi ed in the literature review were not yet read-
able by iPhone or Apple Watch sensors by the time of thesis writing, such
as ambient temperature and humidity, Galvanic Skin Response (GSR) and
Electroencephalograms (EEG). Therefore, external sensors were also in-
cluded as additional measuring tools to obtain more data from the sensory
events. The accuracy, ease of use, stability, acceptability and a ordability
were main factors considered when selecting external sensors for proto-
typing. Section 4.3 investigates and details the characteristics of di erent
sensor devices. Since sensing technologies have become so mature that
there were a lot of o -the-shelf products, the author did not investigate
all the products on the market but looked at the most used ones or those
available within the university lab. For environmental measurements, ex-
ternal sensors like light sensors and temperature sensors, which are highly
commercial, open source, low cost, accurate and durable (Pateraki et al.,
2019), were investigated. For physiological measurements, external sensors
investigated included GSR and EEG sensors that can be borrowed from

the university lab or purchased through research grant scheme.

3.4 Dataset creation

Two datasets were needed for developing Al algorithms to be used by
Roomie They were named as Sensory Dataset (hereafter referred as SD)

and Strategy Knowledge Base (hereafter referred as SKB) in this research.
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A description of both datasets and corresponding data acquisition methods

are given below.

3.4.1 Sensory Dataset (SD)

3.4.1.1 Data acquisition

SD was supposed to contain full information about children's Sensory Pro-
les (SP), physiological activities, ambient environments, and a user's at-
tention and stress level. This dataset was needed because it can be used to
'teach’' an ML algorithm to provide information about attention and stress
with minimal human involvement. This dataset was collected completely
by the Roomie prototype in controlled environments because, by the time of
development, there were no prior public resources that provided the desired
feature data. The data acquisition for SD were performed simultaneously

when testing the prototype 1.0.

A total of 35 children (aged from 3 to 7 years, mean age: 5.3; 29 males,
6 females, gender ratio: 4.83 : 1) who had been formally diagnosed with
ASD were involved. Caregivers' informed consent and children's SPs were
obtained in the registration phase. As suggested by the ndings from lit-
erature review, Sensory Pro le of Children Three to Ten Years Caregiver
Questionnaire (Dunn, 2002) was adopted biroomie to pro le user's sen-
sory processing patterns. A Chinese standard version (attached in Ap-
pendix G) of the questionnaire was used. Caregivers completed the 125-
guestion SP questionnaire, reporting the frequency with which their child
or grandchild responded to various sensory stimuli. The frequency of be-
haviours was determined from a Likert scale where an Always (100% of the

time) answer was scored with 1 point, Frequently (at least 75% of the time)

95



2 points, Occasionally (50%) 3 points, Seldom (25%) 4 points, and Never
(0%) 5 points. Item scores were then transferred to the quadrant grid and
totalled. A raw score was obtained and converted into a classi cation of the
sensory processing pattern as mentioned in section 2.2.3. The calculation

method is detailed in Appendix H.

Since many caregivers were unwilling to have their children involved in
a long testing period, the author adopted a method by discussing with
caregivers and the advisory panel which can both cater to children with
ASD and for the needs of adequate data. The data acquisition was nally
conducted within a rehabilitation centre in Ninghai County, Elim Autism.
Participants were recruited within the rehabilitation centre, and the data
acquisition sessions were arranged at their break time to ensure participa-
tion commitment. A reading room in the rehabilitation centre, which was
quiet and private, equipped with air conditioner, study lamps, speakers,
video recorder, table and chairs, was used as the data acquisition room.
Each participant agreed to undergo 15 sessions in total following a pre-
de ned procedure. During each session, a child with ASD was required
to enter the room accompanied by their caregiver. Environmental in u-
ences (i.e., temperature, noise and light intensity) were controlled in the
room. Each of these variables had ve di erent settings, namely Low level,
Low-Moderate level, Moderate level, Moderate-High level and High level
in order to stimulate as many real-life conditions as possible. Before each
session started, one of the variables was adjusted to a required level and
the other two variables were controlled to be "Moderate'. Details about

controlled variables are provided in Table 3.1.
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Table 3.1: The value of the controlled variables

Variable Values Unit
Low- Moderate- _
Low Moderate High
Moderate High
Temperature 20 22 25 28 30 °C
Noise 40 50 60 70 80 dB
Light intensity 225 300 375 450 525 Ix

Each session lasted about 15 minutes. The preparation phase (rst ve
minutes) was used for coaching three attention tasks, equipping the device
and getting the participant to adjust to the condition. During this time,
the author placed an iPhone on the desk and the wearable devices on
the participant. The prototype App was installed on the iPhone and kept
turned on to collect the data until the session ended. Following the rst ve
minutes were three attention tasks with on-site ASD specialists monitoring
the performance and managing potential risks. Each task had time limits
of three minutes. The participant should play the task until the completion

of the task or the end of the three minutes whichever came rst.

Attention tasks that have been widely used to induce stress and indicate
attention levels were chosen. Referring to the advisory panel's sugges-
tions and previous practice in the literature review, the author simpli ed
the tasks to minimise the possibility of over-stressing young children with
ASD. The design of these attention tasks speci cally considered the capa-
bilities of children with ASD aged under 7 years and was for the bene ts of
participants, hoping to improve their numerical, cognitive and motor skills.
The tasks were counting, picture matching, and drawing tasks, delivered

by an iPad App (Figure 3.5) with below speci cations.
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Figure 3.5: Counting task (a), picture matching task (b), and drawing task (c)

(a) Counting task. The counting task assessed the gure cognition and

(b)

attention aspects, at which children with ASD may not be as good as
TD children of the same age. The task displayed a random number
of apple(s), which the participant would count and select the cor-
rect quantity from a list (see Figure 3.5a). The participant's choices
were recorded, and data were extracted to identify the percentage of
correct answers as an indicator of attention performance. The task

performance was calculated using Equation (3.1).

. Correct answers the child made
Counting task performance = : (3.1)
Total number of questions

Picture matching task. The picture matching task assessed the recog-
nition and matching ability of the participant. This task displayed

an image on the left-hand side of the screen which the participant
needed to match to a matching image from a collection of images on
the right-hand side of the screen (see Figure 3.5b). Similar to the
rst task, participant's choices were recorded, and the data were ex-
tracted to identify the percentage of correct answers as an indicator
of attention performance. The task performance was calculated using

Equation (3.2).
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Correct answers the child made
T otal number of questions
(3.2)

Picture matching task performance =

(c) Drawing task. In the drawing task, the participant was presented
with ve images on the iPad and were required to trace the line in
each image by using an iPad Pencil (see Figure 3.5c). This task aimed
to help improve the eye gaze and motor skill of the participant. The
participant's attention was assessed since they need to pay attention
on the original line when tracing to get better result. This task
recorded the overlaps between the lines and touch position of the iPad
Pencil. The matching rate between the original image and the image
drawn by the participant was calculated by examining each pixel of
the original line in a speci ¢ mask and checked if the corresponding
pixel value in the participant's image matched. A successful match
occurred when the pixel values at the same position were identical.
Conversely, if the pixel values diered, it was considered a failed
pixel. The task performance of a single drawing was calculated using
Equation (3.3).

Number of matched pixels

Drawing task performance = .
g P Total number of pixels

(3.3)

A owchart for a single data acquisition session is presented in Figure 3.6.

Figure 3.6: Sensory Dataset acquisition owchart
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Overall, the majority of participants showed acceptance of the experimental
conditions and the devices worn on their wrists and ngers. Out of the 35
children, 31 successfully completed all the required sessions. However, three
children experienced anxiety and were unable to complete the tasks in the
High temperature condition. Additionally, one child did not complete the
tasks in the Low noise level setting as he appeared to be distracted by the

animation on the Apple Watch and did not hear the task instructions.

3.4.1.2 Data pre-processing

A total of 521 successful data acquisition sessions were conducted, and data
were stored in a raw dataset. SP classi cations were encoded in a format
suitable for ML algorithm training. Each sensory processing pattern in the
SP can be classi ed into three classes: "Typical Performance' (coded as
1 in SD), "Probable Dierence' (coded as 2 in SD), and "De nite Di er-
ence' (coded as 3 in SD). The author incorporated pattern classi cations,
together with age and gender information, to create the nal SD for ML

training. In the raw SD, there were originally 29 features as presented in

Table 3.2.

Table 3.2: Features in the Sensory Dataset
Feature Description
Time Local time in China
Temperature Environmental temperature
Humidity Environmental humidity
Noise Environmental noise level
Brightness Environmental light intensity
Pressure Atmospheric pressure
Magnetometer:x Magnetic eld strength on the x axis
Magnetometer:y Magnetic eld strength on the y axis
Magnetometer:z Magnetic eld strength on the z axis
Gyroscope:x Phone rotation around the x axis
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Feature

Description

Gyroscope:y
Gyroscope:z
Accelerometer:x
Accelerometer:y
Accelerometer:z

Watch _accelerometer:x
Watch _accelerometer:y
Watch _accelerometer:z
Heart_rate

GSR

Task

Question

Correct_or_error

SP_registration

SP_seeking

SP_sensitivity

SP_avoiding

Age

Gender

Phone rotation around the y axis

Phone rotation around the z axis

Phone acceleration on the x axis

Phone acceleration on the y axis

Phone acceleration on the z axis

Watch acceleration on the x axis

Watch acceleration on the y axis

Watch acceleration on the z axis

Heart beats per minute

Galvanic Skin Response

Task the child was playing

Question or subtask the child encountered in that
task

Response accuracy to that question or subtask

The child's pattern of Low Registration in SP. Three
classi cations are “Typical Performance’, "Probable
Di erence' or "De nite Di erence'

The child's pattern of Sensory Seeking in SP. Three
classi cations are “Typical Performance’, "Probable
Di erence' and "De nite Di erence'
The child's pattern of Sensory Sensitivity in SP.
Three classications are "Typical Performance’,
"Probable Di erence' and "De nite Di erence'
The child's pattern of Sensory Avoiding in SP. Three
classi cations are “Typical Performance’, "Probable
Di erence' and "De nite Di erence'

Age of the child at the time of testing

Gender of the child (boy or girl)

The author performed pre-processing on the raw SD before entering the
phase of training ML algorithms. Features irrelevant to the analysis, such

as magnetometer, gyroscope, phone accelerometer data were discarded by
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common-sense knowledge.

Although there was at least one teacher being on-site to observe and ensure
the safety, they worked in rotation among teachers from Elim Autism as
they had di erent available time slots. Asking multiple observers to label
children's attention and stress level may lead to low labelling reliability. To
address this issue, all the sessions were recorded by the video recorder. Two
ASD specialists from the advisory panel, di erent from on-site teachers to
avoid observer bias, were involved afterwards reviewing video records and
labelling each child's attention and stress in each session. They labelled
each child's attention level in each of four phases as either Low or Normal.
They labelled each child's stress level in each of four phases as Low, Mod-
erate, or High. Due to the limited budget of the project to pay their extra
work, they reviewed 222 from 521 records and provided suggestions that

their task performance can be a reliable indicator for classi cation.

Since there was an incomplete set of specialist labels for all sessions, task
performance was considered for inferring attention levels especially. To
determine suitable cutting-o points for classifying attention, the author
combined the task performance scores with the labels provided by the ASD
specialists. The author employed an approach based on entropy and in-
formation gain theory (Shannon, 1948), which is a classical computation
method for determining the best split. As two independent assessors have
done the split on "Attention’ for each session, the entropy (level of uncer-

tainty) of the given dataset (S) can be calculated by Equation (3.4).

X2
Entropy = pi log, pi (3.4)

i=1

Where p; represented the probability of randomly selecting a result of "Low'
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attention from the sample, andp, represented the probability of obtaining
a result of 'Normal' attention. The calculation yielded an entropy value
of Entropy (S) = 0:99789. An entropy value close to 1 indicated higher
uncertainty of the outcome (Reddy & Chittineni, 2021). To improve pre-
dictability, it was necessary to calculate the information gain for a split.
The information gain equation was used to evaluate the impact on uncer-
tainty when the datasetS was split by a range of task performance scores.
When a value of task performance scores)(split S into subsetsSY, the

information gain was determined by Equation (3.5).

xv JSVJ
iS]

Information gain = Entropy (S) Entropy (SY) (3.5)

i=1
As the split value changes, the information gain uctuates. The greater
the information gain, the greater the decrease in entropy or uncertainty.
Figure 3.7 shows the information gain uctuation as the split value changes.
When the split value is 0.6, the dataset has the highest information gain

value.

Figure 3.7: Information gain results on di erent split points
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Therefore, the author de nes task scores above 0.6 as indicative of a "Nor-
mal' level of attention, suggesting that the children generally exhibit the
ability to focus and attend to tasks. Task scores equal to or below 0.6 are
considered indicative of "Low' (below-normal) attention levels, re ecting

decreased focus and attention.

The attention task performance cannot directly indicate stress levels. There-
fore, classi cation of stress level was determined by applying ASD special-
ists' suggestions. They suggested that children experienced low stress when
relaxing, not doing any tasks under moderate (i.e., Low-Moderate, Mod-
erate and Moderate-High) environmental conditions. Engaging in tasks
in these conditions increased their stress level, but still manageable. How-
ever, engaging in tasks in some extreme environmental conditions (i.e., Low
and High temperature, High noise, Low and High light intensity) always
made them highly anxious. Therefore, engaging in tasks under moderate
(i.e., Low-Moderate, Moderate and Moderate-High) and extreme environ-
mental conditions (i.e., Low and High temperature, High noise, Low and
High light intensity) are classi ed as "Moderate' stress and "High' stress,
respectively. Relaxing under moderate (i.e., Low-Moderate, Moderate and
Moderate-High) environmental conditions and extreme environmental con-
ditions (i.e., Low and High temperature, High noise, Low and High light

intensity) are classi ed as "Low' and "Moderate' stress, respectively.

Subsequently, real-time data were extracted from the corresponding seg-
ments that have been properly labelled. Environmental and physiological
data were derived by calculating the average values of the respective seg-
ments. For example, the heart rate value for the counting task was obtained
by averaging the heart rate values recorded throughout the entire duration
of the task. Watch accelerometer data on three 3 axes were converted to

mean absolute value (MAV) data, which were obtained from the average of
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the absolute value of each signal from 3 axes. This pre-processing approach
was adopted because it has been found e ective for extracting statistical
features useful for atypical sensory response detection (Coronato et al.,

2014).

After data pre-processing, the feature vectors consist of 14 features. The
14 features are categorised and listed in Table 3.3. Categorical features in
the input data were pre-processed using one-hot encoding, while numerical

features were normalised using Min-Max Normalisation.

Table 3.3: Selected data features

Category Included Features Data Type

Environmental fea- Temperature, Noise, Humidity, Brightness Numerical

tures

SP features SPregistration, SP_seeking, SPsensitivity, Categorical
SP_avoiding

Physiological fea- Watch_accelerometerMAV, Heart _rate, GSR  Numerical

tures
Personal Gender Categorical
characteristics Age Numerical

3.4.2 Strategy Knowledge Base (SKB)

One of the key functional requirements oRoomie is to provide real-time
sensory regulation strategies to help children with ASD. Therefore, an SKB
was needed to enable the naRoomie prototype to provide strategies au-
tomatically based on real-time information collected. The acquisition of
SKB adopted a similar method applied in the study conducted by Reis et
al. (2021). The author rstly gathered information about sensory regula-

tion strategies through focus group consultations with the advisory panel.
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Focus group consultations or focus group interviews mentioned in this the-

sis refer to the method of gaining information from face-to-face meetings
with stakeholders who have related knowledge. The focus group consul-
tations here were semi-structured based on the conditions that had been
found to trigger atypical sensory responses in children with ASD. Five con-

sultation meetings were conducted separately, each of which involved two
ASD specialists of the advisory panel due to unavailability of all the panel

members at the same time. Specialists were informed that the strategies
they recommended must be suitable for children aged between three and
ten. Although a list of common questions was prepared (see Table 3.4),
additional questions were asked throughout the process according to the
suggestions and di erent perspectives of the specialists involved. Besides,
existing sensory toolkits that provide sensory regulation strategy guidelines

were also searched to complement the provided knowledge (Bundy et al.,

2002; Autism Services, Education, Resources and Training, 2021).

Table 3.4: Common questions asked in the focus group consultations

Questions

1. When children with ASD feel anxious in a noisy environment, what strategies do
you usually adopt?

2. If at the same time, they nd it hard to complete tasks in timely manner, what
strategies do you usually adopt?

3. When they suddenly become anxious in a quiet environment, or has been unable
to concentrate, what strategies do you usually adopt?

4. When they show anxiety and avoidance of bright lights (e.g., sunlight coming in
from a window), what strategies would you recommend?

5. When they are particularly excited in brightly lit areas and unable to concentrate
on other tasks, what strategies would you recommend?

6. When they experience extreme anxiety or are interrupted from getting activities

completed in very cold or hot environments, what strategies would you recommend?
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Questions

7. When they are interrupted from activities by small or new sensory stimuli, what
strategies would you recommend?

8. Can you recommend any references/guidelines for sensory regulation strategies?

The data collected through the method were fully transcribed from the
scripts and subsequently interpreted and organised into combinations of
inputs and outputs in a computer science manner so that an algorithm can
be programmed to implement the strategy-making. As suggested by the ad-
visory panel, the length of time that atypical sensory responses lasted was
also a factor that should be considered before making a certain sensory
regulation strategy. The strategy for long-term and short-term atypical
sensory responses could be dierent, given that children with ASD have
some degree of self-regulation ability. The advisory panel suggested that
continuous “distraction’ and "anxiety' for more than 30 seconds should have
re ected the risky state of atypical sensory responses, which needs a certain
sensory regulation strategy. In order to ensure the robustness of sensory
regulation strategies, the author went further to conduct a survey with
more ASD specialists. Scenarios describing environmental conditions and
responses of a child with ASD were shortlisted in an online questionnaire.
Sensory regulation strategies obtained from focus group consultations and
toolkits were listed as options. The questionnaire consisted of 41 questions
and were distributed through collaborative ASD institutions to their em-
ployed ASD specialists. Sample questions are presented in Table 3.5 and

more questions are attached in Appendix |I.
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Table 3.5: Sample questions of online questionnaire for acquiring sensory reg-
ulation strategies

Questions with Multiple Options

Question-1. If the environment becomes less bright (e.g., power outage), the child
shows short-term anxiety and distraction, but quickly recovers, what strategy would
you recommend the most?

2 Take no action. (Note: "Take no action' refers to continuing the class at your
own pace, without applying speci c intervention for the current incidents.)

2 Adjust the brightness to a comfortable level (e.g., by opening the curtains, turning
on the lights), and observe if their atypical responses persist.

2 Adjust the brightness to a comfortable level (e.g., by opening the curtains, turning
on the lights), and immediately show the child his or her favorite pictures or videos
on mobile phone or other electronic devices.

2 Take him or her away from the current environment and change to another
comfortable environment.

Question-16. If the environment is getting cold, the child shows a long-term anxiety
with normal attention level, what strategy would you recommend the most?

2 Take no action.

2 Adjust the temperature of the room (e.g., by adjusting the air conditioner), and
observe if atypical responses persist.

2 Adjust the temperature of the room (e.g., by adjusting the air conditioner), and
immediately give him or her some dget toys such as balls with texture that the child
likes to help reduce tension.

2 Adjust the temperature of the room (e.g., by adjusting the air conditioner),
and immediately reinforce tactile input, such as giving him or her a deep pressure,
massage, to help reduce tension.

2 Immediately take him or her away from the current environment and change to

another comfortable environment.
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Questions with Multiple Options

Question-23. If the environment is noisy (e.g., under renovations), the child shows a
short-term distraction with low stress level, but quickly recover, what strategy would
you recommend the most?

2 Take no action.

2 Just remind him or her to pay attention.

2 Try to block out the noise (e.g., by playing other music or put on noise cancelling
headphones), and observe if their atypical responses persist.

2 Try to block out the noise (e.g., by playing other music or put on noise cancelling
headphones), and immediately reinforce tactile input, such as giving him or her a deep
pressure, massage, to attract his or her attention.

2 Immediately take him/her away from the current environment and change to
another comfortable environment.

Question-40. If the environment is relatively comfortable and quiet, the child shows
short-term anxiety and distraction, but quickly recovers, what strategy would you
recommend the most?

2 There will be no impact. No action.

2 There will be ignorable impact. Keep observation.

2 There will be severe impact. Consider whether there are other interfering factors

and comfort them immediately.

Through the online survey, responses from 242 ASD specialists were ob-
tained, including 233 special education teachers, 18 sensory integration
specialists, 6 behavioural analysts, 1 psychiatrist and 1 ASD-related social

worker (totalled to more than 242 because some specialists had various
guali cations). The results were nally interpreted into input-output rules

for strategy-making algorithms detailed in section 5.2.1. Figure 3.8 depicts

the overall process of acquiring SKB.
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Figure 3.8. Strategy Knowledge Base acquisition owchart

3.5 Model development and validation

As described above, datasets comprising of comprehensive sensory-associated
data from children with ASD and sensory regulation strategies were ob-
tained. In order to make use of SD and SKB to enable attention and stress
detection as well as strategy-making, the author developed and evaluated
Al algorithms which were appropriate depending upon the number of fea-

tures and nature of detection tasks.

3.5.1 Attention and stress detection algorithms

Supervised ML algorithms can be trained with labelled datasets. The au-
thor explored multiple supervised ML algorithms for attention and stress
detection. The algorithms investigated in this thesis encompass K-Nearest
Neighbours (KNN), Random Forest (RF), Arti cial Neural Network (ANN),

and Gradient Boosting Decision Tree (GBDT).

110



3.5.1.1 K-Nearest Neighbours

KNN is an e ective supervised learning algorithm extensively used for
classi cation (Portugal et al., 2018). It measures the Euclidian distance
between thek nearest objects and the target object and generated pre-
dictions based on the majority label of its neighbours. As a case-based
learning method, KNN keeps all the training data for classi cation (Guo
et al., 2003). In the development of the algorithms for attention and stress
detection, KNN plays a pivotal role in the attention detection because it is
more suitable for binary classi cation problems. The algorithm is trained
using labelled data, where each data point represents a specic session,
and its associated label indicates the level of attention exhibited during
that session. During the testing phase, the KNN algorithm predicts the
classi cation of an unlabelled data by taking into account the features and
labels of the training dataset (Uddin et al., 2022). For instance, in atten-
tion detection, the algorithm identi es the k nearest sessions that closely
resembles the input session and predicts the attention level based on the

majority label among those neighbours.

Firstly, a training dataset D = f(x; yt)g{il is given for KNN task, wherex;

and y; are the input and the corresponding labels of theth instance. For

0k
each instance, KNN tends to retrieveN (x;) =  x{;y® ~ that are
i=1

closest tox based on an Euclidian distance functiod. Then, the predicted

based on a weighting functiorw along with the Euclidian distance function

d as represented by Equation (3.6) and (3.7) (Kang, 2021).

0= f(x.D)= P 0 odoxgx®y0 6)
T T (d(x ™)) '
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q__
d=(x%xM?%) (3.7)

3.5.1.2 Random Forest

RF is a classi cation algorithm introduced by Breiman (2001). It is based

on the fundamental bagging principle of constructing multiple small, weak
Decision Trees (DTs) which have low bias and high variance in parallel
and then combining them to form a robust learner. The merging process
can be done by taking the mean performance of the individual DTs or by
selecting the most popular prediction among them. In an RF, the features
are randomly selected in each DT split, and the prediction performance is
improved by the random selection of features (J. Ali et al., 2012). To make a
prediction at an input label x;, RF calculates they*bhased on Equation (3.8)

(Cutler et al., 2012).

X«
¢ = argmaxy I ﬁj (X¢t) = Wt (3.8)
i=1
Wherer’l\j (x¢) is the prediction of the response variable at; using thei-th

DT.

In terms of application and practicality, RF is known to provide more ac-
curate classi cations compared to a single DT through the use of bagging
on samples (J. Ali et al., 2012). The ensemble nature of RF helps to reduce
over tting and increase the generalisation ability of the model. By com-
bining the predictions of multiple DTs, RF can e ectively capture complex
relationships and patterns in the data, improving the overall performance
of the classi er. Therefore, RF is widely used in various domains, includ-

ing healthcare, nance, and image recognition, due to its versatility and
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e ectiveness. It is capable of handling high-dimensional data, categorical
features, and missing values. Additionally, RF provides measures of feature
importance, allowing for better understanding of the underlying data and

aiding in feature selection.

3.5.1.3 Arti cial Neural Network

ANN is a type of DL technique that seek to emulate the behaviour and
functioning of the human brain (Appiahene et al., 2020). It consists of
interconnected nodes, or arti cial neurons, organised in layers. Each neu-
ron receives input signals and a bias along with them, applies a math-
ematical function to them, and generates an output signal (Peterson &
Regnvaldsson, 1992). The mathematical function that de nes how the
weighted sum of the input is transformed into an output from a node or
nodes in a layer of the network is known as the activation function. The
choice of activation function has a large impact on the capability and per-
formance of the ANN, and di erent activation functions may be used in
di erent parts of the algorithm. Weights represent the strength of connec-
tions between neurons, and determines the impact of each input on the
output. By iteratively adjusting the weights through a process known as

training, ANN can learn complex patterns and relationships in the data.

3.5.1.4 Gradient Boosting Decision Tree

GBDT is a popular ML algorithm that belongs to the ensemble learning
category. It is known for its powerful predictive capabilities and has been
successfully applied in various domains, including regression and classi -
cation tasks (Chen & Guestrin, 2016). Unlike traditional DTs and RF,
GBDT builds a strong predictive model by combining multiple weak learn-
ers that have high bias and low variance, typically DTs, in a sequential

manner. Each weak learner is trained to correct the mistakes made by the
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previous learner, with a focus on the instances that are incorrectly pre-
dicted. This iterative process continues until a speci ed number of weak

learners, known as boosting iterations, are reached.

The key idea behind GBDT is to create an ensemble model that learns
from the mistakes of previous models, thus continuously improving its pre-
diction accuracy. Each weak learner is trained on a subset of the data,
with more emphasis given to the instances that are previously misclassi-
ed. By combining the predictions of all weak learners, GBDT produces a
nal prediction that is a weighted sum of the individual learners' predic-

tions. GBDT can be regarded as an additive model of DTs, which can be

calculated by Equation (3.9) (Friedman, 2001).

X
§= Tm(x) (3.9)

i=1
Where T, (x) represents them-th DT, and k is the number of DTs.
3.5.1.5 Feature selection

Feature selection is a crucial step in ML training because it allows the
estimation and rank of most important features, then helps to remove ir-
relevant and redundant features out of the raw dataset. The main feature
selection approaches can be categorised into three methods: Iter methods,
wrapper methods and embedded methods (W. Liu & Wang, 2021). The
lter methods are based on statistical methods and, as a rule, consider each
feature independently. They do not use any learning algorithm to guide the
feature selection process and therefore are much faster than wrapper and
embedded methods (Artur, 2021). Moreover, they work well even when the
number of features exceed the number of examples in the training dataset.

The essence of wrapper methods is that the classier is run on di erent
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subsets of features of the original training dataset. A subset of features
with the best parameters on the training sample is chosen and tested on
the test dataset subsequently. All wrapper methods require much more
computation than Itering methods. In case of large number of features
and small training dataset size, the wrapper methods have a risk of over-
tting. Embedded methods do not allow to separate feature selection and
classi er training, but select within the computation process. In addition,
the embedded methods require less computation than wrapper methods,
but more than Itering methods. Among the three types, wrapper methods
often provide better performance (Artur, 2021). This is because the usage
of a consistent learning algorithm for subsequent classi cation can bene t

more from the feature selection process.

Since the number of remaining features in SD was relatively small, a pop-
ular wrapper feature selection algorithm, Recursive Feature Elimination
(RFE) was used. RFE works by recursively removing features and building
an algorithm based on the remaining features. It uses detection accuracy
to determine which features (and combinations of features) contribute the
most to detecting the target feature. RFE requires a speci ed number of
features to keep, however it is often not known in advance how many fea-
tures are optimal. To nd the optimal number of features, cross-validation
scores are usually used with RFE to score dierent feature subsets and

select the best scoring collection of features (Artur, 2021).

3.5.1.6 Model validation

In all experiments the cross-validation, a procedure for empirically evalu-
ating the generative ability of ML algorithms trained on precedents, was
used for model evaluation. The algorithm xes some set of partitions of the

original sample into two subsets: a training dataset and a testing dataset.
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For each partition, the ML algorithm is tuned for the training dataset, and
then its average error on the testing dataset is estimated. For the pur-
pose of algorithm validation, the author split the complete dataset into the
training and testing dataset by adopting 80 : 20 as the ratio of training :
testing dataset. Strati ed 5-fold cross-validation approach was applied to
evaluate the quality of the ML algorithm. Strati ed 5-fold cross-validation
was based on a variation of 5-fold which returned strati ed folds where
each set contained approximately the same percentage of samples of each

target class as the complete set.

The evaluation metrics used for ML algorithm validation were common
metrics used in classi cation problems, including classi cation accuracy
and measures derived from confusion matrix. The classi cation accuracy
can be mathematically de ned as the ratio of the number of detections
done correctly by the ML algorithm to the total number of detections made

(Equation (3.10)).

Number of correct detections

Classification accuracy = .
y T otal number of detections made

(3.10)

Confusion matrix is a commonly-used tool that provides a better view of
classi cation errors (Harrington, 2012). It can be applied to two-class as
well as for multi-class classi cation problems. An example of a confusion

matrix for binary classi cation is shown in Figure 3.9.
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Figure 3.9: Confusion matrix for binary classi cation, from Sharma et al.
(2022)

True positive (TP) indicates the number of positive examples classi ed

accurately. False positive (FP) indicates the number of actual negative
examples classi ed as positive. True negative (TN) shows the number of
negative examples classi ed accurately. False negative (FN) is the number

of actual positive examples classi ed as negative.

Apart from classi cation accuracy, other frequently used performance met-
rics obtained from confusion matrix include precision, sensitivity, and F1-
score. Fl1-score is an important measure of the test's accuracy. For at-
tention detection which was a binary classi cation, a regular F1-score was
calculated, while macro F1-score was computed for stress detection which
was a multi-class problem. Macro F1-score calculates F1-score for each
class and sums them up, with each class the same weight. For each class,
F1-score can be calculated by using Equation (3.11), (3.12) and (3.13) (Pe-

dregosa et al., 2011).

L TP

P recision = TP+ FP (3.11)
e TP

Sensitivity = TP+ EN (3.12)
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Precision Sensitivity
Precision + Sensitivity

F1 score=2 (3.13)
Considering the ML algorithms needed to be implemented on an iPhone-
based system, the response time of the algorithm was another critical factor
worth examining. All the ML algorithms were processed on a laptop central
processing unit and the inference time of each ML algorithm was calculated

by using Equation (3.14) and compared.

Total time taken to calculate the outputs
Number of samples

Inference time = (3.14)

3.5.2 Sensory regulation strategy-making algorithm

Along with the SKB was a rule-based strategy-making algorithm using
fuzzy logic (FL), which took in ML detection results and environmental
information, leading to a speci c output. This process was rule-based and
fuzzi ed because, from ASD specialists' point of view, the comfort zone
of environmental factors has fuzzy boundaries and strategy-making in real
life is always complex, in uenced by many factors (i.e., self-regulation ca-
pability, specialists' personal preference of strategy using). The advisory
panel suggested that not all low attention or high stress states would -
nally lead to unmanageable situations such as meltdown. Given the fact
that children with ASD also have self-regulation capability, recovery from
low attention or high stress sometimes can be nearly instant. Continuous
“distraction’ and "anxiety' within unfriendly environment, usually for more
than 30 seconds (as suggested by the advisory panel), re ects the risky

state of atypical sensory responses which needs certain sensory regulation
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strategy. For a single situation, there can be many suitable strategies based

on specialists’ expertise.

An FL-based system is able to transfer expert knowledge into automated
algorithms to recommend an appropriate strategy to an existing condi-
tion (Mahfouf et al., 2001), addressing the vagueness presented in the lan-
guage when describing some phenomena that does not have sharply de ned
boundaries (Contreras-Valenzuela et al., 2022). Therefore, in this context,
FL was used, which took the uncertainty from its inputs and compromised

with it in a condition that the results were not a ected by this variability.

3.5.2.1 De ning the input and output variables

Before an FL algorithm could be used for strategy-making, all the input and
output variables must be prede ned. Consistent with the study conducted
by Khullar et al. (2019), the author has applied a simple risk assessment as
the output of FL. Three levels of risk (Low, Medium and High) have been
determined and the impacts on the sensory regulation strategy-making,
agreed by sensory toolkits (Bundy et al., 2002; Autism Services, Education,

Resources and Training, 2021), have been de ned as:

" Low Risk: there is no negative impact on the child's health or state

and no sensory regulation strategy is needed.

Medium Risk: there is an ignorable impact on the child's health or
state. Distraction or anxiety generally stops by self-regulation or
disappearing of the stressors. Some adjustments can be made to

environmental conditions to prevent high risk.

High Risk: there is a severe impact on the child's health or state and a
certain intervention is needed. Once the child with ASD has reached

this risk level, they cannot maintain control of themselves the en-
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tire time. Adjustments made to environment and sensory regulation

strategies are needed.

The input variables for the decisions included sensory stimuli (i.e., tem-
perature, noise and light intensity), duration of atypical sensory responses
(i.e., distraction and anxiety), attention and stress levels. It is necessary
to establish general thresholds for sensory inputs (i.e., temperature, noise
and light intensity). The parameters suggested by the literature review
in section 2.1 and ASD specialists were used. Table 3.6 summarises the

comfort zones for the three sensory input variables.

Table 3.6: Comfort zones for the sensory input variables

Variable Comfort Zone from Litera- Comfort Zone Suggested by

ture ASD Specialists

Temperature 20°C { 30 °C for adults, for TD 22 °C { 28 °C would be most
children, comfortable zone may comfortable for children with

be 0.5°C to 4 °C lower than those ASD.

of adults.
Noise Under 70 dB for general popula- No specic limit, but higher
tion. noise level always refers to higher

risk in children with ASD.
Light intensity 300 Ix { 600 Ix for TD children. 300 Ix { 500 Ix would be most
comfortable for children with

ASD.

As suggested by the focus group, the length of time that atypical sensory
responses lasted was a factor that should also be considered. The deci-
sion of strategy-making for long-term and short-term atypical sensory re-
sponses could be di erent given that children with ASD have some degree
of self-regulation ability. ASD specialists mostly agreed that continuous

“distraction' and “anxiety' for more than 30 seconds re ecting the risky
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state of atypical sensory responses which needed a certain sensory regula-
tion strategy. The other two inputs to FL were the attention and stress
levels. Attention had two levels (Low and Normal) and stress had three

levels (Low, Moderate, and High).

3.5.2.2 Fuzzy sets

Each input or output variable is associated with levels through fuzzy sets.
A fuzzy set is de ned as one in which its elements belongs to it with a
certain degree of membership function de ned as a number between 0
and 1 (interval [0, 1]), and are used to process uncertainty and characterise
knowledge through rules (Contreras-Valenzuela et al., 2022). Thus, the
concept of a fuzzy set associated with a certain level, de ned by a word,
adjective, or linguistic labelA, is introduced. A fuzzy setA is de ned as a
membership function that links or matches the elements of a domain or uni-
verse of discours& with elements of the interval [0, 1]; for each fuzzy set,
a membership functionA(x) should be de ned, which represents the degree
to which a value for the variablex is included in the concept represented by
the label A. The closerA(x) is to the value 1, the greater the membership
of object x to set A. Membership values vary between 0 (does not belong
at all) and 1 (total membership). Therefore, a fuzzy set is a class of objects
with continuous degrees of membership. For example, the linguistic labels
for Brightness (referred to light intensity) are Low, Moderate, or High. A
membership function is an application that links every element of a fuzzy
set to the degree it belongs to the associated linguistic value. A fuzzy set
can also be represented graphically as a function, especially when the uni-
verse of discourseX (or underlying domain) is continuous (not discrete),

as can be seen in Figure 3.10.
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Figure 3.10: The representation of the universe of discourse, linguistic label
and fuzzy sets

All the input variables were implemented to their membership function to
determine the degree of truth of each premise. For example, for the Tem-
perature input variable, the membership of three trapezoidal fuzzy sets
has been built considering the suggestions from ASD specialists. As seen
in Figure 3.11, the temperature below 18C had a membership set to 1,
indicating a low temperature with certainty. With a trapezoidal member-
ship function, it was necessary to create a decreasing ramp between’C8
and 22 °C with the aim of creating a transition from low temperature to
moderate temperature. The temperature higher than 32C was certainly a
high temperature. Therefore, it had a membership setto 1. In the opposite
case, it was necessary to build an increasing ramp between°€8and 32°C,
creating a transition from moderate temperature to high temperature. The
temperature between 22C and 28°C was moderate temperature with all
certainty. The temperature between 18C and 22°C, and 28°C and 32°C

represented the vagueness of the boundary.
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Figure 3.11: Membership function plot of Temperature

For the Brightness input variable, the membership function of three trape-
zoidal fuzzy sets has been built. As shown in Figure 3.12, the brightness
below 200 Ix had a membership set to 1 with all certainty, indicating low
brightness level. In the opposite, the brightness above 600 Ix had a mem-
bership set to 1, as the brightness more than 600 Ix was certainly high.

The brightness in the range of 300 Ix to 500 Ix was de ned as moderate.

Figure 3.12: Membership function plot of Brightness

For the Noise input variable, di erent from the previous two input vari-
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ables, only two fuzzy sets (Low and High) were built and the Gaussian
membership function was applied. The Noise input variable was de ned
in this way because the linguistic label for noise was rather vague. There
was no clear and sharp edge for labelling low and high noise levels. There-
fore, based on the prior information, the author developed a membership

function for the Noise as Figure 3.13.

Figure 3.13: Membership function plot of Noise

For the Duration input variable, which referred to the length of a con-
stant state of attention or stress, two trapezoidal fuzzy sets were built
(Figure 3.14). The duration from 0 to 10 seconds represented short-term
atypical sensory responses, and the duration more than 30 seconds repre-
sented long-term atypical sensory responses. Duration between 10 and 30

seconds represented the vagueness of the decision.
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Figure 3.14: Membership function plot of Duration (of atypical sensory re-
sponses)

The other variables, including Attention Level, Stress Level, and the output
variable (Outcome, which referred to Risk Level) were discrete variables.

Their membership functions are plotted graphically in Figure 3.15.

Figure 3.15: Membership function plots of Attention (a), Stress (b), and Out-
come (c)

3.5.2.3 Fuzzy rules

FL allows the interpretation of data with prede ned linguistic descriptions

using conditional (IF-THEN) operators, de ned as fuzzy rules, written as:

IF situation 1 AND situation 2 AND situation 3 AND ... THEN the

decision
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Where each situation can re ect the level of each input variable. The output
is the expected decision similar to a decision made by an ASD specialist
after evaluating the situations. Therefore, FL can perfectly simulate the
strategy-making mechanism of ASD specialists to reach the output value
related to risk levels. It is an intuitive model which represents the ASD
specialists' knowledge by determining the risk levels based on the user

situations.

3.5.2.4 Validating the FL algorithm

In the validation, results of 21 di erent combinations of conditions eval-
uated by ASD specialists were used as validator results, called “expected
results’. The experimentation then used the FL algorithm to simulate re-
sults in 21 conditions and veri ed if the algorithm could correctly replicate

the results made by the ASD specialists.

Defuzzi cation is a process that combines the fuzzy set and the aggregation
and produces an output in the form of a scalar number. Its value depends
on the range of values assigned to the output variable, which represents
the risk level assigned (Contreras-Valenzuela et al., 2022). The selection
of defuzzi cation method usually in uences overall performance of the FL
algorithm (Perumal & Nagi, 2012). In the validation, the author com-
pared two most popular defuzzi cation methods, Centroid and Largest of

Maximum, in order to obtain the FL algorithm with better performance.
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3.6 System usability and e ectiveness eval-

uation

Evaluation of system functionality included the evaluation of system us-
ability and e ectiveness using psychological methodologies. This section

describes the details in this particular evaluation process.

After each prototype was developed, evaluation sessions allowed the au-
thor to focus on specic features, usability, bugs of each version. The
evaluation methods used in these procedures involved both qualitative and
guantitative methods to gain feedback on the user experience and potential

e ectiveness ofRoomie

Qualitative methods such as focus groups and interviews are widely ap-
plied to gain feedback after testing a technology. Observation methods
are usually heavily relied upon for qualitative evaluation of TBIs with spe-
cial needs user groups. Observational data is particularly important in an
ASD-related study, where self-report data is often limited (Neale et al.,

n.d.).

The prototype 1.0 was rstly tested in a small-scale rf; = 4) feasibility
study with three TD children and one child with ASD at a local childcare
centre. The aim of the feasibility study was to assess the acceptance of
the design concept and wearable devices. Children in the feasibility testing
also went through the same data acquisition procedure as described in sec-
tion 3.4.1. However, because the prototype 1.0 was an incomplete version
of the system and participants had to travel a long way to the childcare
centre for participation, four children only completed 9 out of required 15
sessions. Two ASD specialists provided on-site support and guidance in

case of any di culties throughout the period. Children's caregivers and
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ASD specialists made observations on the use of technology and took a
record on the child's performance. When the feasibility testing period was
nished, a focus group meeting with two ASD specialists and caregivers

who were willing to participate was conducted.

After the feasibility study, the prototype 1.0 was presented to a larger
sample f, = 35), most of whom completed 15 sessions following the data
acquisition procedure as described in section 3.4.1. The data acquisition
sessions were conducted in an ASD rehabilitation centre, where a total
number of four ASD specialists were involved to provide on-site support
and make observations. Similar to the evaluation in the feasibility study,
caregivers and ASD specialists were interviewed in a follow-up focus group
meeting. Feedback from the focus group interviews was used to further
adjust the system and build the prototype 2.0. Appendix J lists the com-
mon questions that were asked in the focus group sessions based on the

semi-structured interview.

It is anticipated that the prototype 3.0 (beta version) will lead to better
outcomes for children with ASD who experience atypical sensory responses.
During the later stage of the study, a more comprehensive evaluation was
conducted with 30 children with ASD and 30 TD children f, = 60). The
following sections provide a more comprehensive description of the methods

and measurements used to evaluate the prototype 3.0.

3.6.1 Single-case within-subjects experimental design

The author applied a single-case within-subjects design to eld-test the ef-
fectiveness and usability of the prototype 3.0. A single-case within-subjects

design is a standardised experimental design where researchers repeatedly

128



measure a dependent variable before and after introducing an independent
variable to a single participant (Barlow et al., 2009). A typical single-case
study implements multiple trials within a group, but involved only one
individual each time. It presents the intensive study of the individuals,
including systematic observation, manipulation of variables, repeated mea-
surement and data analysis. The advantage of the experimental design
is its exibility and capacity to individually tailor an intervention to the
speci ¢ characteristics or behaviours of the individual, with adequate in-
formation for estimating intervention e ects in a population (Tate et al.,
2008). Although single-case within-subjects experimental design has been
widely used over the past two decades, it is not a gold standard for clinical
research and some problems must be addressed to ensure the methodolog-

ical robustness.

The author has considered key domains relating to potential problems with
this study design. In terms of subject selection, the author adopted a
purposive sampling strategy with clear inclusion and exclusion criteria.
Preschool-age children formally diagnosed with ASD and TD children were
recruited. An additional brief ASD diagnostic tool, Autism Spectrum Quo-
tient 10 items (AQ-10, attached in Appendix K), was used to conrm
their conditions. All the participants were recruited from special educa-
tion schools or public kindergartens and should have been enrolled in the
school for at least two weeks and have adapted to the school settings.
Children whose caregivers were unable to use smartphone devices should
be excluded. Children who were reluctant to participate or agreed to par-
ticipate but their caregivers did not give consent, should be excluded as

well. Figure 3.16 provides a ow chart of this recruiting process.
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Figure 3.16: Participant recruitment process in the nal evaluation study

A suggested experimental design for single-case study is an AB design where
baseline/non-intervention phase (A) always precedes an intervention phase
(B) (Lourenco et al., 2021). The AB design has also been widely applied by
studies which obtained high methodological quality scores in the scoping
review in section 2.3. Therefore, the author decided to adopt the AB design
in the nal evaluation of prototype 3.0. Each child should go through a
baseline phase and an intervention phase with continuous sensory response
measures. Another key concern of single-case design is the observer bias.
Teachers who provided assistance to children in the testing sessions should
be independent from the assessor to reduce the possibility of observer bias.
Therefore, all the sessions should be videotaped and later independently
assessed by a di erent ASD specialist, who was blindetb which phase of

the design was in e ect in each test session.

1Blinded here means that the ASD specialist was unaware of A or B phase during their
assessment.
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To demonstrate the e ectiveness ofRoomie in addressing atypical sen-
sory responses, the author adapted a well-validated measuring instrument,
Caregiver-Teacher Report Form (C-TRF) (Achenbach & Rescorla, 2020),
which evaluates behavioural problems that occur in the classroom across
multiple domains including anxiety, stress, attention, and social interac-
tion. Each item on the problem section of the C-TRF contains a statement
about a child's behaviour. Response choices include: "Not True' (scored as
0), 'Somewhat or Sometimes True' (scored as 1), and Very True or Often
True' (scored as 2). The adapted version of C-TRF used in this study
included items listed in "Attention Problem' and "Anxious or Depressed'
domains for measuring children's performance on attention and stress re-
spectively. Appendix L presents the adapted version of C-TRF. The score
of each domain was calculated by adding up the points that an ASD special-
ist or caregiver selected on the individual items that comprised the domain.
A paired-samplest-test was performed to statistically compare the mea-
surements over the study phases. When there was a signi cant di erence in
anxiety and attention performance between A and B phase, e ect size was
calculated which indicated the actual magnitude of the di erence between
A and B phase. There are several ways to measure e ect size. One of the
most commonly used methods in within-subjects studies, Coherds was
used in the analysis. Cohen'd explores e ect size by examining di erences

relative to within-subject samples and standard deviation (Mayers, 2013).

To demonstrate the functional utility of Roomie, the author also conducted
a post-session evaluation upon completion of all testing sessions. The over-
all usability performance of Roomie was evaluated by the standardised
System Usability Scale (SUS), which is a Likert scale-based questionnaire
designed by Brooke (1996) to measure users' perceived usability and sat-

isfaction of a system. The SUS has 10 items designed to measure users'
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perceived usability and satisfaction of a system (Brooke, 1996). As shown
in Appendix M, questionnaire statements arranged as odd numbers are
positively expressed and statements with even numbers are negatively ex-
pressed. Responses of each statement range from "Strongly Disagree' to

"Strongly Agree' on a 5-point Likert scale.

3.6.2 Procedure and measurements

The evaluation sessions were conducted in normal classrooms within test-
ing sites equipped with desk, chairs, and necessary facilities (such as Fig-
ure 3.17(a)). The external sensor box was placed near the participant. An
Apple Watch and Grove-Galvanic Skin Response (GSR) sensor were worn
by the participant (Figure 3.17(b)). As shown in Figure 3.17(c), in each
testing room, there were one teacher and one participant at a time, with

the caregiver usingroomie App and observing around the corner.

Figure 3.17: A real classroom setting (a), a child worn sensors in the evaluation
(b), and a classroom setup for an example session (c)

Before the formal evaluation sessions, caregivers were invited to install
Roomie beta version and sign up an account for their children. If the care-
givers did not own an iPhone or Apple Watch, test iOS devices belonged

to the author's university were lent to them. All the participants and cor-
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responding stakeholders (i.e., caregivers and teachers) were given coaching
sessions about App use and testing settings in advance. Caregivers were
asked to complete the questionnaire for identifying children's SP in the
App before the formal evaluation sessions. Each participant should un-
dergo three sessions: n@eomie session,Roomie session 1, andRoomie
session 2. The duration of each individual session was 30 minutes. Any
two sessions for each participant were not scheduled in one day to avoid

the possible short-term e ect such as fatigue and stress.

3.6.2.1 No- Roomie session

Prior to the rst testing session usingRoomie App, the ASD specialist and
caregiver provided a baseline rating regarding the child's attention and
stress in a noRoomie condition. The child took a class as he or she did in
normal life, and caregivers did not us&koomie App in the session. After
the session, the ASD specialist and caregiver rated the child's performance

by using the adapted C-TRF.

3.6.2.2 Roomie session 1

In the rst Roomie session, children and caregivers us&bomie system, in
the same class as the nBoomie session. The author helped the child put
the watch and Grove-GSR sensor on before the class started. The caregiver
held the phone and use@Roomie App on the phone in the classroom. Care-
givers were asked to observe their child's attention and stress levels, and
check if Roomie made correct detection. If the detection results regarding
attention or stress were false, the caregiver should make a real-time cor-
rection on the anomaly detection to provide true labels on the phone. In
this session, the caregiver or teacher would not follow immediate sensory
regulation strategies recommended bigoomie for attracting the child's at-

tention or calming down the child. After the session, the caregiver and
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ASD specialist completed the adapted C-TRF. Results from this session
were used to evaluate how accuratellRoomie identi ed the abnormal at-
tention and stress levels of the children with ASD. Besides, by comparing
the reported scores between the n@eomie session and thdRoomie session

1, the author could discuss whether the implementation of wearable devices

would in uence children's attention and stress in the classroom or not.

3.6.2.3 Roomie session 2

The procedures described for the testing preparation in theoomie session

1 were identical for the Roomie session 2. However, during this session,
when Roomie identi ed an abnormal situation and generated a recom-
mended sensory regulation strategy, the teacher in the classroom would
receive a Short Message Service text message of the recommended strategy.
The teacher should take actions immediately as instructed by the strategy,
such as using deep pressure (Figure 3.18(a)), dget toys (Figure 3.18(b)),
or playing a calming video (Figure 3.18(c)), to help the child pay atten-
tion or calm down during the class. Similarly, after the session, the ASD
specialist and teacher completed the adapted C-TRF. By comparing the
reported scores between th®oomie session 1 and théRoomie session 2,
the author could investigate whether the sensory regulation strategies rec-
ommended byRoomie were helpful on children performance improvement.
If no alerts happened when conducting sessions with a child from the ASD
group, the child would be asked to go through th&oomie sessions again

with caregiver's consent.
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Figure 3.18: The teacher applied strategies recommended by Roomie: Deep
pressure strategy (a), dget toy strategy (b), and calming video strategy (c)

3.6.2.4 Post-session evaluation

Caregivers were involved in the post-session evaluation as well to evaluate
the utility of the system, as caregivers and children were the main users who
were supposed to nally useRoomie in daily life. Following the completion

of previous sessions, caregivers of the participants were invited to evaluate

the overall functionality of Roomie by completing the SUS questionnaire.

3.7 Ethical approvals

Crucial to this research is the adherence to the professional and ethical
standards. Ethical considerations have included the practical aspects of
ensuring personal data security and con dentiality. Other ethical consid-
erations have been related to potential burden on the children with ASD
due to frequent monitoring and data collection, and impacts on clinical
care. Assessment of such ethical issues at an early stage of system devel-
opment was advisable. The author submitted three ethics applications for
each plan of involving human participants from 2019 to 2022, and obtained
approval from the University's Research Ethics Committee (attached in

Appendix N). During the whole period of study, the author complied with
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the University's Code of Research Conduct and Research Ethics. A sum-
mary of the speci c ethical considerations which relate to this study are

presented below.

3.7.1 Informed consent

Informed consent has been gained from all adult participants. This re-
search also involved a number of ASD and TD children. Some children
may be unable to fully understand the purpose of the study. To ensure
that children's participation in this study was totally voluntary, all the

caregivers sought consent from their children, and they were informed of
their right to withdraw from the study at any time. The caregivers pro-

vided informed consent for the child before participation. See Appendix O

for the information sheets and consent forms.

3.7.2 Data security and con dentiality

All the information has been treated con dentially and that neither adult
participants, nor children's real name has been mentioned in the research
or any publications of the results. All the paper documents signed by
the participants have been stored securely in locked le cabinets when
not in use. The study also involved using video recorders or surveillance
system to record the participants' performance. These video records will
be only kept on the author's personal computer with secured access or
within the collaborative schools in accordance with the schools' security
law. The signed documents and video records will be retained for at least
ve years following the close of the study, or until participants' request their

disposal in writing. Two data sets associated with existing publications,
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