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Abstract

This thesis presents a comprehensive exploration into the interaction between indi-

viduals with dysarthria and Smart Voice Assistants (SVAs), focusing particularly on

the utilization of a novel interaction method: non-verbal voice cues, and assessing the

efficacy of different interaction methods. Dysarthria, a speech disorder resulting from

neurological injury, significantly impairs speech clarity, challenging those attempting

to interact with SVAs that typically rely on clear verbal commands.

The thesis examines the needs of users with dysarthria, firstly through a review of

related literature to situate our thesis. This research examines current gaps in voice re-

cognition technology for individuals with dysarthria and limitations in interaction. We

follow this by conducting three studies to investigate the current use of SVAs by indi-

viduals with dysarthria and to evaluate the efficacy of alternative interaction methods

in enhancing accessibility.

Through user-centered and participatory design, we develop ’Daria,’; a bespoke system

designed to use non-verbal cues, enabling users to leverage sounds they can articulate

comfortably. We thereafter use Daria to further test our hypotheses. This method ef-

fectively bypasses the need for intermediary devices, thus reducing interaction fatigue

and streamlining communication. We conducted comprehensive research involving

three sequential studies to identifying user challenges, evaluating interaction effect-

iveness and command mapping, and comparing usability and user experience across

different design options against alternative methods.
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The findings conclude that non-verbal voice cues are viable and preferred by individu-

als with moderate to severe dysarthria due to their simplicity and ease of use, high-

lighting the effectiveness of this interaction method in facilitating more reliable and

efficient communication for users. The mapping approach within the system proved

to be successful and memorable for users, enhancing overall system usability. Con-

sequently, non-verbal voice cues have been identified as a highly usable technique for

individuals with dysarthria, offering them an accessible and efficient user experience.
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Chapter 1

Introduction

Smart voice assistants (SVAs), such as Google Home and Amazon Alexa, are voice-

activated devices that have been widely adopted in the consumer industry. The number

of households using smart home products is projected to reach nearly 380 million by

the end of 2024 [5]. These voice-activated devices use automatic speech recognition

systems (ASRs) and are controlled through voice commands to perform tasks. The

voice user interface (VUI) underlying these SVAs allows for hands-free and eyes-free

interaction. This facilitates greater accessibility to various devices and services, es-

pecially when multitasking [6]. Thus, VUIs require less visual demand and are less

distracting than other interfaces [7, 8]. An example of a task that benefits from this

voice interface occurs while driving a car and the user can play a text message or

change the music without using their hands and eyes. Users can control not only SVAs

but also various smart devices, such as doorbells, or access services, such as playing

the news, through voice commands. The advantage of SVAs and VUIs is not only that

it is hand and eye free but also this technology could help to perform tasks faster [9].

For example, according to Pearl [10], speaking a text message is faster than typing the

message.

These devices also offer valuable benefits for individuals who have disabilities [11,12],

serving as assistive tools that provide enhanced access for those who may struggle with

conventional interfaces. For example, users who are visually impaired do not need to

visually navigate screens to request a service; they can simply utter the commands.

Moreover, the response is also provided through voice, eliminating the need to struggle
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with reading text. In addition, individuals who have physical disabilities or limited

hand dexterity can, for example, turn on a light without physical movement, allowing

for greater independence.

Despite their widespread use, there are some challenges that affect users’ experiences.

One of the main challenges that users face is unstable speech recognition, leading to

misinterpretations [11, 13], for instance, people who have heavy accents or use slang

language [14,15]. This extends to some individuals, especially those who have speech

disabilities, who encounter challenges when interacting with SVAs [12, 16, 17]. Given

that SVAs depend primarily on verbal communication, those who have speech impair-

ments might struggle to use these devices as effectively as individuals without such

issues. The challenges can intensify depending on the severity of the impairment [18].

One key issue is that these devices are not designed to recognise and understand their

speech style. In other words, these devices are not typically trained on nonstandard

or impaired speech patterns [19]. A primary obstacle to such training is the diffi-

culty in collecting a large number of recordings from those who have speech impair-

ments [20, 21], especially from individuals with dysarthria , which is considered one

of the most severe communication disorders [16, 21].

As an alternative to directly interacting with SVAs, users who have speech impairments

use intermediary devices. For example, they use tablets, phones, eye gaze systems or a

mouse and keyboard to perform various tasks or send commands to SVAs [22]. Thus,

users employ various input methods and modalities to interact with voice interfaces.

However, having a physical disability that is usually accompanied by dysarthria can

limit this interaction [21, 23]. All of this leads to users who have speech impairments

having a different experience than users without the disability: they may have to use in-

termediary devices, which can result in slower interactions, or sometimes users cannot

access potentially life-changing devices.

Various studies have been conducted in the field. Prior studies have focused on im-

proving speech recognition models to understand people who have dysarthria [23–28].
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However, overall, these studies highlight the need for better models. Other studies have

centred around assistive technology devices entering the market. These devices are de-

signed for individuals with dysarthria ; however, as previously explained, users may

still need to rely on intermediary devices. In addition, various techniques have been

tested for interacting with SVAs. One example is brain–computer interactions [29], in

which brain signals are interpreted as voice commands to interact with SVAs. How-

ever, this approach is currently an intrusive method that is not yet mature enough for

commercial use.

In addressing these challenges, this study centres on dysarthria, which is considered

one of the most severe communication impairments [30]. This condition results in

slow, weak, imprecise or uncoordinated movements of the speech muscles, making it

challenging for individuals to control them effectively. Taking into account these dis-

tinctive features of dysarthric speech, we introduce a novel interaction technique that

empowers people who have dysarthria to communicate with SVAs within their capab-

ilities, effectively overcoming their communication obstacles. This method involves

engaging with SVAs through nonverbal voice cues, which are sounds uttered by users

that are not words, such as ‘aaaah’. For example, instead of saying, ‘Hey Google, turn

on the light’, the user simply utters, ‘aaah’. In this, we are embracing an ability-based

design approach [31], which fundamentally shifts the focus from compensating for

user limitations to harnessing their existing abilities.

By aligning with the principles of ability-based design [31], this approach stands as a

testament to the potential of inclusive technology. It not only enhances accessibility

for those who have speech impairments but also ensures that the technology adapts

to the user, rather than the other way around. This approach aligns with not only our

aim to create a more accessible digital environment but also a broader commitment

to universal design, specifically, a commitment to creating systems that are usable by

all people to the greatest extent possible without the need for adaptation or specialised

design [31].
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This approach has several advantages that enhance the interaction experience for indi-

viduals with dysarthria , aligning it more closely with the experience of users without

speech impairments: it allows for direct interaction with SVAs without the need for in-

termediary devices, because using intermediary devices causes fatigue for users [32];

it uses voice as an input method, because some people who have dysarthria prefer to

use their voices to the maximum extent [32, 33]; and, importantly, it remains within

users’ speech capabilities.

A system was implemented to utilise this technique, and the system is called ‘Daria’.

The name is extracted from the word ‘DysARthrIA’ and uses all the letters in the same

order. Our study makes a significant contribution to narrowing the accessibility gap. It

not only enables individuals with dysarthria to seamlessly engage with these devices

but also enriches their lives. By providing them with the means to access various

services and devices, we offer greater independence and the potential to accomplish

tasks more efficiently.

In this thesis, I explore the challenges faced by individuals with dysarthria . I delve into

the design of an alternative interaction technique that uses nonverbal voice cues and

develop a framework for designing nonverbal interaction systems. The evaluation of

these techniques includes a comparison of various design options of Daria. In addition,

I compare interactions using Daria with verbal interactions through off-the-shelf SVAs,

as well as other interaction modalities, such as eye gaze. The thesis concludes with

recommendations for interaction system designers and suggestions for future research.

1.1 Research Questions

This work aims to answer the following research questions:

RQ1: How do individuals with dysarthria currently utilize smart voice assistants and

what are their present experiences with these devices?
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This question will help us understand the usage of SVAs by individuals with

dysarthria, specifically the purpose and frequency of their use. Moreover, it

will aid in understanding the challenges they face and the effectiveness of these

devices in understanding their speech.

RQ2: Can a standardized vocabulary be developed for individuals with dysarthria that

aligns with their unique speech capabilities and the range of sounds they can

produce?

This question aims to help us develop a vocabulary that aligns with the speech

capabilities of individuals with dysarthria. By doing so, we can improve the

accuracy of speech recognition systems for this group, which in turn can re-

duce communication barriers and alleviate frustration. Furthermore, this tailored

vocabulary could serve as a guide for future developers in creating more inclus-

ive and accessible designs

RQ3: How does the use of non-verbal voice cue interaction techniques affect the user

experience and usability of smart voice assistants?

RQ3.1: How memorable will the non-verbal voice cues be for users?

RQ3.2: How does the usability, user experience, and workload differ between

the proposed interaction technique and using verbal interaction?

This question is asked to explore the feasibility of non-verbal voice cue interac-

tion techniques. It is not enough for the solution to be technically feasible; we

also need to investigate other aspects, such as usability and user experience. Ad-

ditionally, the workload involved is a critical factor, especially since individuals

with dysarthria can experience fatigue from speaking. As for memorability, this

aspect is essential in designing an interaction system that users can adopt and

use effectively over time. Ensuring that users do not forget how to interact with

the system is crucial for its long-term success



1.2 Contributions 6

RQ4: What is the impact of allowing customization rather than standardization on the

interaction?

Currently, off-the-shelf SVAs do not offer customization options. Various stud-

ies have examined the role of customization in SVAs and have found that users

generally prefer devices that can be customized. It has been shown that custom-

ization can enhance user satisfaction and improve performance. In this research,

the focus is on understanding customization because it is a crucial aspect, espe-

cially for people with disabilities, including those with dysarthria in particular.

Additionally, this exploration can provide valuable insights into understanding

user needs, leading to the design of more effective and accessible systems.

1.2 Contributions

Towards this thesis, our work has produced the following peer-reviewed publications:

[1] Jaddoh, A., Loizides, F., Rana, O. and Syed, Y.A., 2024. Interacting with Smart

Virtual Assistants for Individuals with Dysarthria: A Comparative Study on Us-

ability and User Preferences. Applied Sciences, 14(4), p.1409.

[2] Jaddoh, A., Loizides, F. and Rana, O., 2023. Interaction between people with

dysarthria and speech recognition systems: A review. Assistive Technology,

35(4), pp.330-338.

[3] Jaddoh, A., Loizides, F., Lee, J. and Rana, O., 2023. An interaction framework

for designing systems for virtual home assistants and people with dysarthria.

Universal Access in the Information Society, pp.1-13.

[4] Jaddoh, A., Loizides, F. and Rana, O., 2021. Non-verbal interaction with vir-

tual home assistants for people with dysarthria. The Journal on Technology and

Persons with Disabilities, p.71.
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Contributions

C1 A systematic literature review that presents the limitations and gaps in the

area of people who have dysarthria and automatic speech recognition sys-

tems and smart voice assistants.

C2 Analysis of interviews conducted with people who have dysarthria, explor-

ing the use of smart voice assistants and revealing the challenges faced.

C3 An interaction framework for designing systems for smart voice assistants

and people who have dysarthria.

C4 Creating a ‘language’ allowing users to keep the verbal modality, known

as nonverbal voice cues.

C5 Creating a (currently non-existing) specialised utterances data set.

C6 Analysis of smart voice assistants, revealing the effectiveness of nonverbal

voice cue systems in accommodating diverse dysarthria severities, which

is a significant advancement in voice interaction technology.

C7 Validating the effectiveness of our bespoke system Daria.

Contribution C1 is relevant to the work in [2]. C2, C3 and C4 are relevant to [3].

Contribution C6 and C7 are relevant to [1]

1.3 Thesis structure

The research presented in this thesis is structured as follows, including a brief overview

of each chapter.

Chapter 2 – Literature review: This chapter explores ASR systems and smart voice

assistants for individuals with dysarthria . It discusses dysarthria, its impact on lives
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and assistive device usage and the current use of VUIs by individuals with dysarthria

and presents a systematic review on this topic. The chapter concludes by identifying

gaps in the literature, focusing on nonverbal voice cue interactions as an alternative

method.

Chapter 3 – Methodology: This chapter addresses the methodology of the research,

focusing on a user-centred design approach. It highlights the low accuracy of SVAs

for individuals with dysarthria and the need for user involvement in SVA research and

outlines the research methods used to develop more user-attuned solutions.

Chapter 4 – First Study – Understanding Challenges and Feedback: The primary aim

of this chapter was to explore the challenges faced by individuals with dysarthria when

using SVAs and gather feedback on nonverbal voice cues. Interviews with 19 par-

ticipants who had dysarthria provided insights into the design components that are

crucial for developing voice assistants for this demographic. This study corresponded

to the first research question (RQ1) of the thesis.

Chapter 5 – Designing Nonverbal Voice Cue Interaction Systems: Focusing on under-

standing user requirements, this chapter introduces a standardised approach for design-

ing nonverbal voice cue interactive systems. It discusses key design components, aligns

them with user-centred design principles and elaborates on creating intuitive and mem-

orable mappings between actions and sounds.

Chapter 6 – System Design and Preliminary Study – Daria: This chapter introduces

‘Daria’, the nonverbal voice cue interaction system designed for individuals with dys-

arthria . It details the system’s design and evaluates its efficacy through a preliminary

study. The chapter links theoretical concepts from previous chapters with practical

application, focusing on the design and evaluation phases of the user-centred design

process.

The subsequent chapters 7, 8, and 9 detail the main study of this thesis, with each

chapter dedicated to a distinct aspect of this study to allow for a comprehensive ana-
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lysis.

Chapter 7 – In-Depth Evaluation of Daria with Pre-mapped List: Building on the

foundational work of Chapter 6, this chapter delves into a detailed evaluation phase

of Daria using a pre-mapped list of commands. It presents a between-subject study to

assess usability and user experience, providing comparative insights into various user

interactions with the Daria system.

Chapter 8 – Customised List Interaction Study: This chapter continues the evaluation

of Daria, focusing on a second group of participants interacting with a customised list.

The chapter aimed to understand the impact of customisation on usability, memorabil-

ity and overall user experience for individuals with dysarthria .

Chapter 9 – Comparing Interaction Modalities: Expanding the research scope, this

chapter explores eye gaze interaction as an alternative modality and compares it with

verbal and nonverbal voice interactions. The chapter aimed to assess the usability

of each interaction method for individuals with dysarthria , contributing to a more

comprehensive understanding of accessible communication technologies.

Chapter 10 – Conclusion and Future Directions: The final chapter revisits the research

questions, combines and discusses the results from previous chapters and addresses the

research gaps identified earlier. It also discusses recommendations for future designers,

the limitations of this study and potential future research directions.

Figure 1.1 provides a visual representation of the thesis structure, mapping each chapter

to the corresponding research questions it addresses.
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Figure 1.1: Thesis structure
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Chapter 2

Background and Literature Review

2.1 Introduction

This chapter explores the literature in the area of ASR systems and smart voice assist-

ance when used by individuals with dysarthria. This frames the work we conducted in

this thesis and identifies the limitations and gap in the literature, which contributes to

answering the research questions.

The chapter starts with a general discussion about dysarthria, followed by an examin-

ation of the research about how dysarthria affects individuals’ lives and the assistive

devices they use. This helps in understanding the case of dysarthria and the effect.

After that, research about VUIs and how they are used by individuals with dysarthria

is covered. This section helps to explain the current uses of assistive devices and the

options they have. In Sections 2.6.1 and 2.6.2, we describe the systematic review we

conducted that was published in [2], including later research that was published after

publication. This covers the status of current research. The results of these sections

lead to Section 2.6, which discusses nonverbal voice cue interactions as an alternative

method of interaction. Section 2.7 covers the methodologies in current research re-

garding non-verbal voice cue interaction for SVAs, specifically addressing dysarthria

and the gap in this area.

The work in this chapter has been previously published in Assistive Technology Journal,

the Official Journal of RESNA [2].
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2.2 Dysarthria

Dysarthria is a neurological motor speech impairment caused by damage to the central

or peripheral nervous system [34, 35]. This condition results in slow, weak, imprecise

or uncoordinated movements of the speech muscles [34]. Dysarthria can be congenital

or acquired. One of the most well-known congenital causes of dysarthria is cerebral

palsy (CP), which typically begins in childhood. Estimates suggest that dysarthria

appears in up to 90% of individuals who have CP [35]. Acquired dysarthria typically

presents in adults and can be nonprogressive. Common causes include stroke and

Traumatic brain injury (TBI). Dysarthria occurs in approximately one-third of people

who have TBI [35]. Gradual onset dysarthria is associated with conditions such as

Amyotrophic lateral sclerosis (ALS), in which it may be the initial symptom in 25% of

cases, as well as multiple sclerosis (MS), Parkinson Disease (PD) and other conditions

[35].

Dysarthric speech has various characteristic that are not necessarily exhibited by all

individuals who have the condition; however, it varies from case to case [34]. These

characteristics include a low rate of speech, poor articulation, speech muscle fatigue

and low levels of speech intelligibility. One prominent characteristic is a slower rate

of speech, which is slower than that of a normal speaker [36–38], that could lead to

prolonged words and syllables and varied vowel spacing. Another aspect of dysarthria

is poor articulation or pronunciation.

Prior studies have explored the relationship between dysarthria and consonants and

vowels [39–41]. Consonants have been found to be challenging to pronounce for

people who have dysarthria. Unvoiced consonants, for instance, are pronounced in-

correctly [39, 40]. Similar to this, difficulties in pronouncing vowels are primarily

related to front rounded vowels and mid-vowels, in which the tongue is positioned

halfway to the roof of the mouth [41]. This consideration is crucial for the system

design described in Chapters 5 and 6.
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Another characteristic is speech muscle fatigue. Weak facial muscle endurance is com-

monly linked to dysarthria [42] and can be caused by problems in various parts of the

nerve-muscle process. Studies have shown that a lack of strength and endurance in the

lips and tongue are associated with conditions related to dysarthria, such as Parkinson-

ism [43], stroke and TBI [44]. This means that speech is tiring for individuals with

dysarthria; the longer the speech, the more difficult it becomes.

Moving to the intelligibility characteristic, this refers to the degree to which speech

by an individual who has dysarthria is understood by a listener [35, 45]. Given that

dysarthria is caused by ‘disturbances in muscular control over the speech mechan-

ism’ [34], this leads to reduced speech intelligibility. The intelligibility is reduced

when the severity increases. The severity of dysarthria, which is measured by a speech

and language pathologist or other rehabilitation professional, is classified into mild,

moderate or severe. According to Duffy [35], mild dysarthria is when there are detect-

able disturbances in speech but it does not affect intelligibility. Moderate dysarthria is

when there are detectable speech disturbances that affect intelligibility. Finally, severe

dysarthria is when intelligibility is very low and the use of alternative communication

is needed. Further, there is another cases where the classification between moderate

and sever becomes challenging due to the overlapping characteristics in speech pat-

terns and the variability of symptoms among individuals. Various factors can affect the

severity, including intelligibility, speech rate and other factors [46, 47].

2.3 Dysarthria’s effects on individuals

Dysarthria can have a severe impact on an individual’s quality of life, particularly af-

fecting their communication skills and independence [48,49]. Several researchers have

explored the multifaceted impact of dysarthria [48–51]. Although the impairment dir-

ectly impairs speech, its effects also extend to emotional and physiological wellbeing

and relationships [49]. Hindered communication can also lead to a host of second-
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ary issues, such as frustration, social isolation and emotional distress. According to

Light’s [52] definition, communication is not merely about exchanging information; it

also encompasses expressing needs, engaging in social interactions and even influen-

cing moods and feelings.

One of the areas of life that dysarthria affects is relationships [48–51, 53]. Although

dysarthria can occasionally have a positive impact, such as by bringing families closer

together, it generally negatively affects relationships. For example, difficulties in com-

munication can prevent individuals from bonding with their children [49]. One of the

most compelling findings is that impaired communication leads to a sense of social

isolation [48–51, 53]. Social isolation is another concern. individuals with dysarthria

find it challenging to keep up with conversations, leading to an avoidance of social in-

teractions and limited self-expression. Affected individuals often restrict their conver-

sations to only essential exchanges, further contributing to feelings of loneliness [49].

This avoidance of social situations has various underlying causes, one of which is the

frustration of having to repeatedly clarify themselves. Emotional wellbeing is also af-

fected [54]. individuals with dysarthria often report feelings of insecurity, helplessness

and low self-esteem. Emotional disturbances, such as feelings of frustration, anger and

sadness, are also common outcomes of dysarthria.

In addition to affecting communication, dysarthria affects individuals’ independence

[51]. Often accompanied by physical disabilities, individuals with dysarthria may lose

their ability to perform everyday tasks. Independence is not just a matter of conveni-

ence; it also pertains to safety and security. An interview by Beukelman et al. [55]

highlighted that the ability to make phone calls, for example, is crucial for the safety

and security of individuals with dysarthria.
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2.4 Assistive technology

As dysarthria progresses, many individuals turn to Assistive technology (AT), which

was defined by the Technology-Related Assistance for Individuals with Disabilities Act

of 1988 (PL 100–407) as ‘any item, piece of equipment, or product system, whether

acquired commercially off the shelf, modified, or customised, that is used to increase,

maintain, or improve functional capabilities of individuals with disabilities’. These

assistive devices can be for supporting mobility, communication, vision or cognition.

One specific type of AT is Augmentative and alternative communication (AAC) [56].

These systems are designed to help those who have speech difficulties, facilitating more

effective communication and social interactions [57]. These systems can be unaided,

such as sign language and gestures, or aided by devices, such as tablets. Input methods

can vary and may include options such as a mouse, keyboard or joystick. Moreover,

these systems often offer multiple input modalities to minimise user fatigue and allow

users to select the most effective method for their particular situation. However, it is

worth noting that AAC communication is generally slower than typical speech [33,58],

could be counterintuitive and requires time to learn.

Voice input is another modality that warrants special consideration, especially for in-

dividuals with dysarthria. Despite its potential, the use of vocalisation as an input to

AT is relatively rare [59]. Given the slowness and less reliable performance of AAC

systems, many users prefer their own speech because it may increase communication

effectiveness [33] and reduce effort and time [60, 61].

In the section that follows, we discuss VUIs, including their general applications and

specific relevance for individuals with dysarthria.
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2.5 Voice user interfaces

VUIs are speech-based interfacing substituting keyboard to interact with electronic

devices [62]. In other words, they are the interfaces through which a user interacts

with a speech-based application, system or device using spoken language and receives

a feedback or reply. Given that the interaction uses voice only, this eliminates the need

to be able to use complex computing devices [63, 64]. The feedback received could

be of an audio, other modality or an action performed. VUIs have been studied for

decades; however, recent improvements in automatic speech recognition system (ASR)

technology have made VUIs a common feature in current computing systems. VUIs are

increasingly being integrated into various devices, including mobile phones (e.g. Siri

on Apple devices), computers (e.g. Microsoft Cortana), vehicles (e.g. Apple CarPlay)

or standalone devices such as SVAs (e.g. Amazon Echo and Google Home) [65]. In

addition, VUIs are being integrated in household devices, such as televisions, ovens

and washing machines.

VUI devices use ASRs , which receive, understand and process audio commands [66].

First, ASR systems detect the user’s utterance then extract features from the input

signal, which is converting the input to a measurable characteristics, and identify the

words. Then, a meaning of the word sequence should be detected. Finally, the system

produces a response or action. ASR systems can be classified according to the acoustic

input or the type of speaker [2]. In terms of acoustic input categories within ASR

systems, there are three primary types [67]. The first is a ‘single word’, in which the

system receives one word at a time. The second is ‘sentence’, in which commands

consist of multiple words separated by pauses. Finally, there is ‘continuous speech’, in

which words are spoken in a connected manner without noticeable pauses.

The other classification is according to speaker type [68]. The first are speaker-independent

systems, which are designed to be used by the general public, such as commercial

devices. These devices are trained on typical speech, so people who have difficult ac-

cents or speech difficulties may not be able to use it as efficiently as others [22,69,70].
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However, speaker-dependent systems can be tailored to a specific individual. This

approach requires significant resources and effort to train and maintain a separate sys-

tem for each individual user [71]. In addition, speaker-dependent systems may not

be as widely adopted as speaker-independent systems [72]. The third classification is

speaker-adaptive systems, which are first trained on typical speech and then adjust to

the specific speech patterns of the user [71]. These systems do not need a lot of train-

ing, but their performance may be poor at first until they have adapted to the user’s

speech and can improve over time .

One of the main devices featuring VUIs and ASR is SVAs, which enable users to

interact with other VUIs and devices. A major advantage of using VUIs in general

and SVAs in particular is hands-free and eye-free interaction. SVAs can be instructed

to execute a variety of tasks, such as controlling a household device, adding an entry

to a shopping list or requesting information, such as daily news [73]. SVAs can serve

as an accessibility tool and be of great assistance to individuals who have disabilities,

allowing them to control their surroundings without physically moving [74, 75]. For

instance, someone who has a motor disability can use SVAs to control their thermostat

or switch off lights without moving. In the same way, a person who has a visual

impairment can listen to the news without needing additional technology. However,

these devices may not yet be fully accessible to those who have other specific types

of disability [74]. Interacting with SVAs is performed through verbal commands, such

as words and phrases, which can cause two problems. First, people who have speech

difficulties may face issues using SVAs [16]. This intensifies with an increase in case

severity [18]. Second, these devices are not designed for their type of speech because

it is difficult to collect recordings from individuals with dysarthria [16, 21]. Another

concern for SVAs is security and privacy issues that make users hesitant to use them

[76].

This leads to the next section, which focuses on people who have speech impairments,

specifically, dysarthria, because people who have dysarthria are the target of our study.
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The next chapter discusses the literature studying the interaction between people who

have dysarthria and SVAs.

2.6 Voice technologies for people who have dysarthria

2.6.1 Automatic speech recognition for individuals with dysarthria

This section is based on the literature review paper I published [2]. However, the

structure of the literature review in this thesis differs from that in the published paper.

This adjustment allows for the seamless incorporation of the review’s findings into the

overall structure of the chapter. Paper Link: (https://www.tandfonline.com/doi/

abs/10.1080/10400435.2022.2061085)

Individuals with dysarthria interact with voice technologies differently than those without

speech disorders. The primary issue in this interaction is the performance of the sys-

tems, which tends to deteriorate for people who have dysarthria and worsens as the

severity of the condition increases. Performance in ASR systems is commonly meas-

ured by various metrics, and word error rate (WER) is the most frequently used [77].

The WER is calculated as WER=(S+D+I)/N, where S represents the number of words

substituted, D is the number of words deleted, I is the number of words inserted and

N is (S + D + I + number of correct words). Given that this is the focus of the study,

we conducted an exhaustive search in this specific area. This systematic review used

the following search terms: (dysarthri* OR dysarthri* speech) AND (automatic speech

recognition system* OR ASR OR virtual home assistant* OR voice-controlled digital

assistant* OR conversational agent* OR commercial voice assistant* OR voice inter-

face* OR personal assistant*). The search used the following databases: ACM Digital

Library, Google Scholar, IEEE Xplore digital library, Springer Link and Science Dir-

ect. A backward and forward reference search was also performed: the backward

search identified the references from certain studies and the forward search identified

https://www.tandfonline.com/doi/abs/10.1080/10400435.2022.2061085
https://www.tandfonline.com/doi/abs/10.1080/10400435.2022.2061085
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studies that cited a certain piece of research.

To identify studies, we used the following inclusion criteria: (i) studies published

from 2011 to 2020 (Siri launched in 2011, making ASR mainstream and enabling

people who have dysarthria to use ASR ubiquitously), (ii) studies evaluating interac-

tions between people who have dysarthria and ASR systems or devices and (iii) studies

using WER as the measurement criteria, the most commonly used metric for accur-

acy. Selecting studies that used the same metrics allowed the authors to compare one

thing that was common across the studies. Our focus was on human–computer inter-

actions (HCI) rather than on the disorder and therapeutic interventions; therefore, we

excluded clinical and therapeutic studies and those that examined dysarthria in indi-

viduals who had language and cognitive impairments (e.g. aphasia and dementia) to

eliminate factors that affected the interaction process. The preferred reporting items

for systematic review and meta analysis (PRISMA) was followed [78]. One author

conducted the screening process and another undertook the final review of the screen-

ing results. Out of 83 studies that were selected and assessed for eligibility, 32 were

chosen to understand the characteristics of users’ speech that affect their interactions

with ASR systems, the types of acoustic input required to effectively interact with ASR

systems, the ASR systems that have been evaluated in dysarthria studies and the eval-

uation of current ASR systems (see flowchart 2.1). During the thesis writing, recent

publications from the period 2022 to 2023 were included.

In accordance with the systematic review we conducted [2], we summarised the WER

results from various studies in Table 2.1. We found notable differences in performance

when ASR systems were used by people who had dysarthria, despite advancements in

ASR technologies. This is consistent with findings from [66, 79], which indicate that

regardless of the systems used, study subjects or research methodologies, the results

have not improved substantially.

Several studies have focused on understanding the factors affecting the accuracy of

ASR systems [66, 80, 81]. One primary factor is speech intelligibility; lower intelli-
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Figure 2.1: PRISMA-P 2015 flowchart

gibility correlates with lower accuracy. Table 2.2 presents the accuracy according to

dysarthria intelligibility levels. Another factor closely related to intelligibility is sever-

ity; more severe cases typically have poorer intelligibility. The results according to

severity are presented in Table 2.3. In addition, muscle fatigue influences interactions

with ASR systems, reducing speech quality and increasing speech variability, thereby

leading to lower recognition accuracy [80].

Other factors not directly related to the characteristics of dysarthric speech have also

been found. One such factor is the speech mode, specifically, whether it involves

isolated words or continuous speech. Many studies have found that isolated words

result in better accuracy [66, 86] because it is easier for individuals with dysarthria

to utter single words and it causes less fatigue. Another factor is the type of ASR
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Study Database Input modality Word error rate (%)

Geng et al. (2021) UA-Speech Isolated words 25.6

Jin et al. (2021) UA-Speech Isolated words 25.8

M. Kim et al. (2017) Recordings Isolated words 28.0

CUDYS Isolated words 28.2
Liu et al. (2019)

UA-Speech Isolated words 31.0

M. Kim et al. (2016) Korean Isolated words 33.4

Marini et al. (2021) IDEA Isolated words 14.99

Sentences 25.9

Sentences 53.7Hermann & Magimai-Doss (2020) Recordings

Isolated words 42.9

Rudzicz (2012) TORGO and MOCHA Sentences 34.7

Turrisi et al. (2021) Easycall Sentences 61.9

oward a lightweight ASR Recordings Isolated word 15.6

Accurate synthesis of dysarthric 39.2

Benefits of pretrained Copas Sentences 40.73

Table 2.1: General accuracy of automatic speech recognition systems (Some pa-

pers were not included. They did not provide precise numbers. For example, they

presented the word error rate in charts).

system used. Speaker-independent systems, designed for the general public, perform

worse than speaker-dependent or speaker-adaptive systems [4]. However, obtaining

training data for speaker-dependent systems is challenging, especially for people who

have dysarthria, given the fatigue and frustration associated with recording a large

number of samples [21]. Speaker-adaptive systems may initially offer lower accuracy

but improve over time as they adapt to the user’s speech.

Various methods were employed to address the previously mentioned interaction prob-

lems. To resolve the issue of variable dysarthric speech and enhance performance,

prior studies have presented various models capable of modelling diverse phonetic

variations [23–26]. Other approaches have aimed to resolve the problem of limited dys-

arthric speech data sets by either (1) using models that require less training data [27],
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Intelligibility

Study High Medium Low Very low

[82] 7.91 16.80 27.16 59.83

[83] 7.75 16.50 27.37 61.42

[84] 7.55 16.47 26.84 62.37

[85] 5.81 16.38 4.47 50.36

[26] 16.17 31.41 45.79 83.36

Table 2.2: Accuracy (word error rate) of automatic speech recognition systems

according to dysarthria intelligibility.

Study Input modality
Dysarthria severity

Severe Severe-moderate Moderate Mild

Xiong et al. (2019) Isolated words 67.83 27.55 26.41 9.71

Joy & Umesh (2018) All modalities 46.52 46.97 56.26 25.94

Yue et al. (2020) Isolated words and sentences 57.6 – 33.0 14.3

Sriranjani et al. (2015) Isolated words and sentences 43.61 – 32.63 21.14

Vachhani et al. (2018) Isolated words 69.3 36.45 21.32 1.35

M. Kim et al. (2017) Isolated words – – 28 28

Seong et al. (2016) Sentences – – 46.00 29.11

Benefits Sentences 51.54 – 31.26 39.4

Accurate synthesis of 50.1 – 36.8 12.6

Table 2.3: Accuracy (word error rate) of automatic speech recognition systems

according to dysarthria severity (Some papers were not included. They did not

provide precise numbers. For example, they presented the word error rate in

charts).

(2) employing data augmentation as a source for new recordings, meaning artificially

producing dysarthric speech [20, 28, 83–85, 87, 88] or (3) adapting data to particu-

lar speakers [82, 89]. Finally, ‘data pooling’ was used, that is, a group of normal

speaker recordings were pooled from detests and combined with a dysarthric speech

data set [90].
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Another attempt to improve ASR performance is trying to create new data sets for

dysarthric speech, which will enable researchers to train and test their models [91–96].

Examples include, TORGO database [42], UA-Speech [97], Nemours [98] and others.

The latest effort is Google’s Euphonia corpus [96], which aims to collect recordings

from various speech disorders, including but not limited to dysarthria. However, this

corpus is not open to the public. Another attempt for improving ASR performance

is adding features to systems, for example, word prediction [99] or adding interfaces

that help to formulate commands and reduce fatigue and frustration, which the authors

discovered was a different way to interact because the system’s structure was unable

to comprehend incomplete commands [100]. However, adding interfaces may result

in other issues for people who have dysarthria because it is often accompanied by

physical disability [21]. For example, using a mouse or keyboard would not be easy

for individuals with dysarthria. To reduce fatigue, some researchers have suggested

using smaller vocabularies, which has been found to increase ASR accuracy [27].

2.6.2 Smart voice assistants for people who have dysarthria

SVAs, such as Google Home and Alexa, are primarily speaker-independent systems

that are widely available for purchase. They can also be integrated into devices such

as smartphones through Siri or computers via Cortana. However, prior studies have

indicated that these commercial devices require further improvements to better accom-

modate users who have dysarthria [18, 22, 79, 101]. One primary challenge lies in

the devices’ accuracy, specifically, in understanding commands issued using dysarthric

speech. Variability in volume and pitch adds another layer of complexity [22,100]. For

example, fluctuations in volume and pitch within a single word or sentence can confuse

these systems, making it difficult to capture the intended command accurately [102].

Moreover, these devices may time out before the user finishes speaking [22, 100]. Al-

though Alexa offers a follow-up mode that keeps the device listening for a few extra

seconds, this feature has not been empirically tested on users who have dysarthria to
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the best of our knowledge. Another issue arises as a result of the unique characteristics

of dysarthric speech, which often includes breaths between syllables. Current devices

struggle to handle this as a form of input [79]. However, some studies, such as the

one by Ballati [22], have suggested that these devices may be capable of understand-

ing moderate dysarthria to some extent. Navigation presents another challenge. If the

device does understand the initial command, it might issue a verbal prompt request-

ing additional information. This would require the user to speak another command,

leading once again to potential errors and misunderstandings [22, 100].

In commercial devices, the WER for typical speech is 9%, according to kepuska [103],

but it is significantly worse for those who have dysarthria. Multiple studies, including

those by Ballati [22,101] and De Russis and Corno [18], have assessed how these sys-

tems perform using recordings of speech from individuals suffering from dysarthria.

The findings are presented in Table 2.4. Siri, which continuously attempts to transcribe

every received command, scored worse than other platforms. However, some systems

give feedback when they cannot comprehend a command, allowing the user to reph-

rase it [101]. These commercial devices do not rely solely on the transcribed text; they

also consider the context for better understanding [22]. Consequently, WER is not

the only metric used by researchers to measure system efficiency. They also qualitat-

ively analyse the system’s understanding of commands and its subsequent responses.

Evaluating voice-controlled systems thus requires a multifaceted approach. Table 2.4

indicates that these systems generally underperform for users who have dysarthria,

possibly because test data are not tailored for this specific type of ASR system.

Individuals with dysarthria can use assistive devices as an alternative. This ensures

better access to SVAs; however, the interaction will be slower and require more steps

to perform the desired action because the user needs to type the command instead of

uttering it. This means that users who have dysarthria do not have the same experience

as healthy users. Thus, the challenge is not solely about accuracy; rather, it represents

a broader issue. These devices are not accessible or usable for this specific group of
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Study Dysarthria severity
Automatic speech recognition system

Google Siri IBM Microsoft Sphinx

De Russis & Corno (2019) Severe 78.21 – 89.08 78.59 –

Ballati et al. (2018a) Moderate 24.88 70.89 – 39.39 –

Ballati et al. (2018b) Various 15.38 69.41 – – –

Moore et al. (2018) Various 43 – – – 126

Table 2.4: Accuracy (word error rate) of commercial automatic speech recog-

nition systems (Some papers were not included. They did not provide precise

numbers. For example, they presented the word error rate in charts).

users [74]. Moreover, the experience for users who have dysarthria is not similar to

that of nondisabled users. Existing guidelines, such as the Americans with Disabilities

Act, the Web Content Accessibility Guidelines or the United Kingdom’s Equality Act,

may offer some framework for accessibility, but implementation in SVAs has been

inconsistent. This results in a system that is not just technically inaccessible but also

socially exclusive.

2.6.3 Examples

There are various projects aimed at assisting people who have dysarthria, each em-

ploying different approaches. One approach is training based. A key example is the

STARDUST project [104], which is command only. Another significant initiative is

the voice-input voice-output communication aid, which focuses on converting dysarth-

ric speech into synthesised speech. CanSpeak [105] is similar to STARDUST in that

it features a small vocabulary. In this project, users give computer commands using

a predefined list of keywords tailored to their preferences. Likewise, Kim [99] de-

signed a mobile voice interface that presents users with a list of predicted sentences

or words in accordance with the initial letter of their utterance. Users can then select

the desired word or sentence using a confirmation button, simplifying the interaction

process. A later example is Mpass, software that helps users to train and generate a
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model according to their speech and preferred words.

There are also projects that focus on home automation. An example is the Cloud-

Cast [106] application in which researchers tried to create a low-cost voice-controlled

system for home automation using Open Home Automation Bus open-source software.

Another project is ALADIN by [100, 107]. This project is a VUI assistive device that

involves users training the system by themselves so they can use any vocabulary.

Unlike ASR systems, there is a notable gap in the literature focused on SVAs [74].

This section incorporates findings on various voice assistants, including Siri. Ballati’s

study [101] emphasised the need for enhanced accessibility in voice assistants. The

research found that these systems could identify 47% to 59% of dysarthric speech after

testing three major voice assistants, Siri, Amazon Alexa and Google Assistant. The

effectiveness of these platforms is not solely determined by their ability to transcribe

speech accurately but also influenced by the context of the spoken words [22]. A single

correctly identified word could substantially improve the system’s response. Russis’

findings [18] align with Ballati’s but also revealed a level of transcription accuracy so

low that it captured less than one correct sentence out of 51 for all tested platforms.

Furthermore, the WER exceeded 78%, indicating a significant limitation in these sys-

tems. Although these studies did not account for the impact of contextual clues, they

do reveal performance constraints. Another work by Ballati [22] investigated the per-

formance of Siri, Google Assistant and Cortana for Italian speakers and found that

user-specific variations affect systems’ behaviour. One limitation of existing studies is

the use of databases such as TORGO, which was not initially intended for virtual as-

sistant systems, which potentially affects the reliability of the results. However, some

research efforts have generated data sets specifically designed for these systems.

One work by Masina [74] involved users to understand their interactions with SVAs.

In this study, the focus was on people who had cognitive or linguistic functions, which

differs from our target group. However, their results align with prior studies on dys-

arthria. They showed that there is an issue concerning the timing of users uttering
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commands and the system timing out.

It is clear that the work in the literature focuses on improving the accuracy of the

models for SVAs or understanding their performance. To the best of our knowledge,

there is no study that has suggested a solution to directly interact with SVAs for people

who have dysarthria. Moreover, the existing literature does not involve users in the

evaluation and assessment process to understand their needs.

2.7 Nonverbal voice cue interactions

Nonverbal voice cue interaction refers to interacting with VUI systems or devices using

nonverbal voice cues. In other words, this is using any sounds that a person can utter but

not words or sentences. As the literature has found, and as discussed in earlier sections,

the shorter the commands, the easier it is for an individual who has dysarthria to utter

them. Furthermore, a more accurate ASR system could improve understanding. AAC

users prefer to use their own speech because of poor performance and slow response

times, as reported by Ferrier [33]. Furthermore, the approach of using vocalisation

specially for people who have dysarthria is scarce [59]. To address these issues and

accommodate a range of users who have diverse backgrounds, including those who

have technical limitations and various types of dysarthria, it is recommended to design

interfaces that are simple and user friendly [63, 64].

Therefore, we explored the literature on using nonverbal voice cues as a method of

interaction. Nonverbal voice cues are any sounds that users can utter that are neither

words nor sentences. Beyond the reasons mentioned earlier, nonverbal voice cues offer

the advantage of being language independent. These cues can be classified into two

categories: continuous input and discrete input. In the case of continuous input, users

continue to utter the sound, receiving feedback while still vocalising. This method

is particularly useful in gaming [108–110], interactive art drawing [111] and mouse

simulation [112, 113]. However, discrete input occurs when the user finishes uttering
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the sound and the system responds according to that specific input. This method is

beneficial when articulating longer utterances is challenging.

The concept of using nonverbal voice cues was first introduced by Igarashi [114]. Since

then, various works have implemented this approach. Nonverbal voice interaction has

been employed in various contexts, such as art, gaming [111], mapping [115] and

accessibility [109]. Several types of nonverbal voice interaction have been used, in-

cluding vowel sounds, humming, hissing, whistling and blowing.

Regrading continuous speech input, Igradshi [114] employed continuous nonverbal

voice input to control various interactive applications. For example, Igradshi used the

utterance ‘volume up, aaaaah’ to prompt the system to increase the volume continu-

ously until the user ceased vocalising. Similarly, Mihara [116] employed this approach

for cursor control. The cursor continues to move as long as the user maintains the

sound. Other continuous sounds are vowel sounds, which have been used in voice-

drawing applications in which they controlled the drawing brush and cursor [117].

Humming has also been used, and it was found that it was faster than speech commands

in game control and served as an alternative keyboard input method [108]. Whistling

and blowing have been used to control a mouse pointer through a microphone [112].

However, discrete input has not been as widely adopted as continuous input [118]. It

has been used mainly for actions such as mouse clicks [117].

It is worth noting that the study described above did not focus mainly on accessibility

research and did not specifically consider enabling people who have speech impair-

ments. However, a recent study has proposed using nonverbal voice cues for inter-

acting with mobile phones to assist people who have disabilities [119]. In this study,

15 nonverbal sounds were suggested and a model was trained using recordings from

healthy individuals. During the evaluation phase, some sounds were removed because

they were not suitable for various types of speech impairment. However, this study

indicates that this area is worth investigating.
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2.8 User involvement in system design

To improve our design quality and project outcomes, the involvement of humans,

which includes the user and any individuals who contribute to the design of systems,

is crucial [120]. Such involvement in the design, testing or evaluation of systems,

products or projects provides rich information that can significantly benefit the project.

From the literature, we found that few studies have involved users in the design process

of systems for people who have dysarthria and ASR systems.

One example of a thorough user-centred approach is the work by Gemmeke [107]. His

research focused on understanding user needs through various techniques, including

interviews, storyboards, creating personas and others. Another study by [105] also

involved users through using a participatory design approach in which the users were

part of the design team. It involved users in two phases. The first phase included system

customisation, in which users could choose the number of words they could utter to be

used as commands. The second phase involved codesigning, in which the users made

design decisions in addition to the research team. Users can also be involved in the

testing phase to obtain feedback on proposed systems and designs [19, 121].

When focusing on SVAs specifically, researchers have relied on recordings from users

to understand device performance or have used available data sets for evaluation [18,

22, 101]. Such approaches may have been used because of difficulties with recruiting

people who have dysarthria. For example, M. Kim et al. [23] were unable to recruit

people who had severe dysarthria and thus focused their study on mild and moderate

cases only. A limitation of this approach is that these data sets were not designed to

test SVAs and are not in the form of commands. Furthermore, we found no study that

specifically tested SVAs for people who have dysarthria. One study evaluated the feas-

ibility of using SVAs for people who have motor impairments and mild speech issues,

without specifying their particular speech impairment. Therefore, we concluded that

there was a need to evaluate user interactions with SVAs, understand their challenges

and needs and identify feasible solutions.
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2.9 Conclusion

From this literature review, we identified that SVAs are limited in accommodating

the needs of individuals with dysarthria. The main reason for this is the variability

in dysarthric speech, in addition to the difficulty in collecting enough recordings to

train machine learning models. Moreover, the literature highlighted the significance

of enabling these individuals to gain independence in everyday tasks and have better

communication abilities and more safety. It is also clear that the alternative communic-

ation methods currently available are slower than direct voice interaction, which could

lead to frustration. Therefore, people who have dysarthria prefer to use their voices to

the maximum extent possible. Thus, individuals with dysarthria prefer voice modality.

Furthermore, we discovered that user involvement in SVA research is minimal. A

possible explanation is the difficulty in recruiting individuals with dysarthria and the

difficulty for them to give recording, as is discussed in Chapter 6, leading to a lack of

solutions that accommodate their specific needs. It became evident that shorter voice

commands are easier for users who have dysarthria. This realisation opened the door

to exploring nonverbal voice cues as a means of establishing more directed interaction

methods for individuals with dysarthria, an area that the existing literature has largely

overlooked.

Our work builds upon these efforts, focusing specifically on dysarthria and actively

involving users in the development process. We aimed to create an accessible solution

that allows individuals with dysarthria to use the system independently. Moreover, the

interface was designed to align with users’ capabilities, ensuring that they do not exper-

ience fatigue or discomfort while using it. The objective was to provide users who have

dysarthria with an experience similar to that of individuals without speech difficulties,

thus eliminating the need for intermediary devices to interact with SVAs. Ultimately,

users should be able to use their voice as their primary modality for interaction, just

like individuals without speech impairments.
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The proposed interaction approach uses nonverbal voice cues, satisfying all the above

requirements. This method is well within users’ capabilities: the use of short, non-

verbal voice cues is less likely to cause fatigue than uttering full words or sentences.

The interaction is direct: users can communicate with the SVAs using these nonverbal

cues without the need for additional steps or intermediary devices. Furthermore, us-

ing voice as the sole modality for interaction is parallel to how individuals without

disabilities typically interact with these devices, ensuring the approach is accessible.

The intention of this chapter was to highlight the issues and limitations found in the

literature, which led to the following contribution:

C1 A systematic literature review that presents the limitations and gaps in the

area of people who have dysarthria and automatic speech recognition sys-

tems and smart voice assistants.
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Chapter 3

Methodology

The preceding chapter highlighted the low accuracy of SVAs when used by individuals

with dysarthria. It also explained the difficulties faced by individuals with dysarthria

when interacting with SVAs and how the capabilities of people who have dysarthria

do not match the requirements of the SVAs. Moreover, it covered the prevalent lack of

user involvement in research related to SVAs. These issues lead to inadequate results

and solutions that do not meet the needs and preferences of individuals with dysarthria.

Further, they limit user experience and hinder the full utilisation of these technologies.

In light of the issues highlighted, the primary aim was to develop solutions more at-

tuned to user needs and contexts. To achieve this, users’ input, feedback, preferences

and recommendations were incorporated right from the planning phase to implementa-

tion and evaluation. This approach entailed the integration of various research methods.

To accomplish this, the present work employed a user-centred design approach, spe-

cifically, a method in HCI that actively includes users and focuses on understanding

and addressing their needs. Furthermore, other contributors were involved to allow

more involvement of in the design process, thereby fostering the creation of solutions

that are well suited and responsive to user needs.
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3.1 User-centred design and mixed methods approach

3.1.1 User-centred design

In the 1980s, the term ‘user-centred design’ was introduced by Donald Norman [122],

whose philosophy centred on making the user the focal point of the design process.

Two original publications introduced this concept and described the key principles

[122, 123]. According to Gould [123], the principles focus on early consideration of

users and tasks. First, the designer should fully understand the users for whom they

are designing and the task. Second, measurements should be used to evaluate the per-

formance of the early prototype and analyse users’ responses and feedback. The third

principle emphasises that an iterative approach should be followed, which means that

there should be an iterative cycle of design, evaluate and redesign. Over the years,

several researchers and designers have introduced guidelines on implementing user-

centred design, all aimed at incorporating the end user into the design process [124].

An example is the work by Maguire [125], who described a complete process and

methods for every stage of the design process. It was not until the International Stand-

ards Organization (ISO), in 2010, expanded the scope of user-centred design under the

standard 9241–210 [126], and the latest version is ISO 9241–210:2019, emphasising

the importance of addressing the impact of various stakeholders or individuals related

to the project at hand in the design process and not only the end users. User-centred

design involves a variety of methods, ranging from observations and interviews to pro-

totyping, surveys and others [127].

In the research outlined in this thesis, our goals were closely aligned with the founda-

tional objectives of user-centred design, which seeks ‘to make interactive systems more

usable by focusing on the use of the system and applying human factors/ergonomics

and usability knowledge and techniques. Usable systems can provide a number of

benefits, including improved productivity, and increased accessibility.’ To achieve

our objectives, we adhered to the user-centred design process as outlined by ISO
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9241–210 [126]. This process encompasses the following steps: (a) planning the pro-

cess, (b) understanding the context of use, (c) specifying user requirements, (d) design

and (e) evaluation.

3.1.2 Integrating user-centred design with mixed methods

Given that this study aimed to understand user experience and system performance, we

used a mixed-method approach: qualitative and quantitative methods.

In HCI, qualitative methods are important for understanding the user and the area of

research [128, 129]. Within some of the stages in this study, we used a qualitative ap-

proach aimed at obtaining an in-depth understanding of users’ experiences when inter-

acting with SVAs and the underlying reasons around the issues they face. Specifically,

we conducted interviews because of their flexibility, ability to understand individual

perspectives and interpretations and sensitivity to various expressions [130].

However, in other stages, we employed a quantitative approach focused on numer-

ical data, logic and outcomes, this will give us information about system perform-

ance and users’ performance as well. Thus, by utilising mixed methods, incorporating

qualitative and quantitative techniques, we obtained more comprehensive answers to

our research questions by understanding the relationship between the qualitative and

quantitative results.

The following are the five steps of the user-centred design process, according to the ISO

[126]. Within this process, we integrated user-centred design and mixed qualitative

and quantitative methods. The processes were iterative; after the end of the cycle, we

revisited previous processes to edit and refine the system.

1. Planning phase: During this phase, we formulated the research questions to

guide the study, using an extensive literature review undertaken to explore the

current state of research and identify gaps, as detailed in Chapter 2.
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2. Context understanding: To attain a more comprehensive understanding of the

challenges faced by users and how they currently use SVAs, a qualitative ap-

proach was used, specifically, interviews, because this is a common method in

HCI [131]. We interviewed individuals who had dysarthria to grasp their chal-

lenges and discover how they use SVAs. This aspect is elaborated on in Chapters

2 and 4.

3. User requirements elicitation: In terms of eliciting user requirements, we also

chose a qualitative approach. Interviews were held with individuals who had

dysarthria to inform design decisions, as outlined in Chapter 4. In addition, an

expert in communication sciences and disorders was involved who became part

of the research team to enhance the collection of these requirements.

4. Design stage: The design stage was initiated according to the insights gathered

during the requirements elicitation phase and using the involvement of the expert.

A pilot study was conducted to test the first prototype. In line with our iterative

approach, following the findings and feedback from the pilot study, the system

was subsequently redesigned. More details about the design process and the

considerations are in Chapters 5 and 6.

5. Evaluation phase: Finally, the evaluation phase employed qualitative and quant-

itative methods. Detailed in Chapters 7, 8 and 9, this stage involved field testing

the system on actual users, followed by various questionnaires and post-study

interviews. The questionnaires measured various aspects of the interaction. One

measured usability (system usability scale [SUS] questionnaire [132, 133]), an-

other measured user experience (subjective assessment of speech system inter-

faces [SASSI] questionnaire [134]) and the final one measured the workload

required to interact with the system (NASA task load index [NASA-TLX] ques-

tionnaire [135]).
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3.2 Methodological considerations

This section highlights the considerations we implemented to have an accessible re-

search design. This means that the study was designed to remove the barriers to par-

ticipants who have disabilities participating in the study [136]. This consideration

was through all stages of the research process. In our work, we implemented special-

ised methodological considerations to accommodate the unique needs and challenges

faced by individuals with dysarthria. The methodologies were chosen to ensure ethical

rigour, participant comfort and accessibility and reliability of the collected data. One

of the key factors considered was the nature of the disability under study, specifically,

speech impairment because of dysarthria.

Starting with the planning and context understanding phases, an option to understand

user experience is focus groups or workshops. However, in these settings, participants

who have a speech impairment might struggle to be heard or might not have the time

or capability to fully express their needs [136–138]. Such limitations could result in

social pressure, which might further inhibit participants from expressing themselves

freely [138]. Finally, some individuals might dominate the conversation in a group

setting [136], limiting the representation and data collection for participants who have

more severe impairments. To overcome this limitation, we decided to use individual

interviews. Focusing on a single participant during each interview allowed us to collect

richer, more nuanced data without causing undue stress or frustration to the participant.

Another barrier was accessibility, which refers to any obstacles that might prevent

someone from accessing information or participating fully in an activity because of

their unique challenges or disabilities. This could be, for example, the set-up of the

study or materials being in a format that does not suit participants. Recognising that

some participants might have challenges communicating on their own, we followed

suggestions from prior studies [130, 139–141] during the interviews. We offered mul-

tiple communication modalities to accommodate the participants’ needs. The parti-

cipants could use speech if possible, typing or text-to-speech assistive devices. Moreover,
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the researcher was familiarised with each participant’s preferred communication method

prior to the interview. Given that it has been reported that users who have speech diffi-

culties can communicate more effectively and experience less fatigue when supported

by a partner [141], we allowed partners and caregivers to assist participants during

interviews to ensure comprehensive communication.

To further address varied preferences and capacities, when administering the question-

naires, we made them available in digital and paper formats, providing participants the

freedom to select the most convenient option for them.

By carefully considering these factors, we aimed to cultivate a research environment

that was effective and considerate of our participants’ unique challenges, ensuring that

the research process was inclusive and respectful and yielded valid and reliable findings

that accurately reflected the experiences and needs of individuals with dysarthria. By

aligning our methodological choices with the research objectives and ethical standards

recommended by Cardiff University’s ethical review board, we aimed to contribute

meaningful and trustworthy insights to the existing body of knowledge. Further details

about these considerations are elaborated on in the chapters dedicated to each study.

3.3 Conclusion

This chapter outlined the methodology used in this study, which aimed to create altern-

ative solutions allowing individuals with dysarthria to interact more effectively with

SVAs. A mixed-method approach was used to gain deep insights into various aspects

of the study. Given a noticeable lack of user involvement in prior studies, user-centred

design approache was adopted to ensure comprehensive user participation in our study.

We detailed the methods used in each of the four steps of the user-centred design pro-

cess. The explanation of each phase in this chapter lays the groundwork for subsequent

chapters, which provide more detailed insights. This chapter also presented a series of

methodological considerations to ensure the reliability and validity of the data collec-
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ted, addressing each aspect of the study with thorough consideration of the ethical,

practical and scientific principles.
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Chapter 4

Understanding User Experiences and

Design Requirements

The primary objective of this study was to explore the challenges encountered by in-

dividuals with dysarthria when using SVAs and to obtain feedback on the proposed

interaction modality, which involves nonverbal voice cues. To do this, we followed the

user-centred design process, specifically, the stages of (b) understanding the context of

use and (c) specifying user requirements. To address this objective, the subsequent sec-

tion details the first study, which was designed to answer the research question (RQ1):

RQ1: How do individuals with dysarthria currently use smart voice assistants, and

what are their present experiences with these devices?

Our approach involved conducting interviews with 19 participants who had dysarth-

ria and analysing the interview data, which enriched our understanding of the specific

issues faced and the areas that demand attention. This investigation led to the identific-

ation of key design components essential for developing voice assistants that cater to

those who have dysarthria. Feedback and the requirements for a proposed nonverbal

voice cue interaction system were collected from these interviews. The insights from

this initial phase steered the direction for the subsequent phase, which focused on the

design of a system aligning with user needs, as elaborated in Chapter 4.

The work in this chapter has been previously published in the Universal Access in the

Information Society Journal [3].
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4.1 Method

Semi-structured interviews was the main research method. The interviews covered

various aspects. We focused on understanding how the participants use technology

for assistance in their daily tasks. In addition, we asked them about their experiences

using voice assistants in general or SVAs in particular. We also asked them about their

views on how systems should be designed to use nonverbal voice cues and account

for their enunciation capabilities and preferences. We adapted the interview questions

from [99] and [142]. These studies targeted participants who had speech difficulties,

and their general goal intersects with ours. Each of the studies examined the problem

from a different angle. One focused on user experience [99] and the other [142] on

system design for people who have dysarthria.

Ethical approval was obtained from the ethics committee at Cardiff University School

of Computer Science and Informatics. There were no incentives provided for parti-

cipation to ensure unbiased responses and maintain the integrity of the data collected.

The interviews were 45 minutes long to allow for in-depth discussion without causing

fatigue to the participants.

4.1.1 Participants

To recruit participants, announcements were made through various channels. Given

that social media has been identified as an effective tool to overcome the challenges

researchers might face during recruitment [143], we posted calls for participation on

various social media platforms, including X (formerly known as Twitter), Facebook

and Instagram, specifically, on dysarthria support groups’ and charities’ pages. We

also reached out to various charity organisations and posted on the university’s an-

nouncement platform. Furthermore, numerous speech and language therapists were

contacted and asked to share the announcement with their patients.
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The inclusion criterion for participants was that they should be adults who have dys-

arthria to the extent that it affects their speech yet still possess the ability to produce

sounds. We focused on individuals whose speech was affected because we aimed to

study those who have begun experiencing challenges when interacting with speech

technologies. This would enable us to inquire about their specific issues and experi-

ences. However, we excluded participants who had extremely severe cases to the point

that they could not produce any sounds. This was because our target area did not en-

compass such cases; our work focused primarily on using nonverbal voice cues for

interaction.

We recruited 19 adults: 10 males and nine females. Their ages ranged from 42 to

65+ years (see Table 4.1). The severity of the cases (see Table 4.2) and participants’

speech capabilities varied so that our system and requirements could facilitate the entire

spectrum of people who have dysarthria. All participants are native English speakers.

In the section that follows, we describe how we accounted for this disparity and range.

Age group (years) Number of participants

25–44 2

45–64 7

65+ 10

Table 4.1: Participants’ age range

Dysarthria severity Number of participants

Mild 9

Moderate 4

Severe 4

Unknown ∗ 2

Table 4.2: Dysarthria severity among participants ( ∗ Patients did not officially

know the severity of their cases.
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4.1.2 Procedure

Prior to undertaking the interviews, informed consent was obtained from all parti-

cipants. Then, the participants completed a demographic survey in which they were

asked to indicate their age, location, severity of dysarthria and preference regarding

the method of communication or assistive device to be used in the interview.

We conducted the interviews during the first half of 2021. The timing is important

because during this year much of the world was weathering the coronavirus disease

(COVID-19) pandemic. Given that several countries, including many in which we

conducted interviews, were under lockdown for varying periods, we conducted all in-

terviews online.

One of the considerations during the interviews was that we gave participants as much

time as they needed to answer, ensuring that they did not feel rushed or pressured. At

the beginning of the interviews, we informed participants that the researcher’s time was

flexible. We emphasised that if they needed a break or wished to continue the interview

at another time, it was entirely acceptable. Given that all the interviews were conducted

online and participant speech capabilities varied, each interviewee communicated their

answers using different methods. Some relied on their own speech to communicate

whereas others, when unable to speak clearly or were tired of speaking, typed in the

video call program’s chat function or shared their screen to reveal their answers typed

into a Microsoft Word document. Another group used an assistive device (e.g. a text-

to-speech device) to communicate.

Several participants had another person to assist them in communicating. Considering

that the person helping them could be biased from their own experiences, we wanted to

clearly distinguish between the subjective feedback of the assistant and that of the par-

ticipant. Consequently, we focused our questions and framed them to relate exclusively

to the participants’ experiences. For instance, rather than posing generalised queries,

we opted for more personalised prompts, such as ‘How did you find using smart voice
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assistants?’ or ‘What would you wish for ... ?’. This approach reinforced the primacy

of the participants’ perspectives and not the partners’. In addition, we made efforts to

periodically reaffirm to participants and their assistants the core objective of our study:

to understand the unadulterated experiences of the participants. By consistently em-

phasising this aim, we sought to encourage assistants to remain as neutral as possible,

allowing the true voice of the participants to come through.

Given that the interviews were semi-structured, all participants were asked to answer a

set of core questions and then, depending on their responses, follow-up questions. The

interview questions can be found in (Appendix A). The first section was about their

experience with dysarthria, including the history of their case, their speech style and

the associated effects on their lives at home. The second section focused on how they

coped with dysarthria. They were asked about the technologies or assistive devices

they use and their experience using these. They were also asked whether they were

using SVAs or any voice interface device or service. The last section concerned the

proposed system. In this interview, our questions were not limited to SVAs but covered

any voice technology. This was done to ensure broader data coverage. This approach

not only allowed us to gather more comprehensive data but also offered insights into a

wider range of user experiences. During the interviews, the interviewer explained the

proposed system concept and its functioning. Then, the users were asked about their

feedback on the proposed system, voice cues that they would find convenient and the

system design they would prefer.

4.2 Data analysis

Given that the interviews were exploratory, we conducted a thematic analysis. Them-

atic analysis is a useful approach when conducting user-centred design research [144].

It helped in identifying themes and patterns in the interviews that would inform the

design of the system. The thematic analysis was conducted using an open coding
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approach, which was driven by the transcripts (bottom-up approach), utilising the

guidelines in [144, 145]. First, all interviews were transcribed verbatim. NVivo 12

was used to assist with the coding process. The process began by transcribing a few re-

corded interview files to generate the code logbook, and then moved on to transcribing

all the files. The coding process was repeated several times to identify similar codes

and refine these until a final set of codes was reached. The next step was to ensure the

credibility of the coding process. When collecting qualitative data, the coding process

needs to be validated before being accepted. A common method for this validation is

using intercoder reliability. Intercoder reliability assesses the reliability of the coding

process by employing a numerical measure to gauge the agreement between different

coders on the data coded. There are several statistical measures available to determine

intercoder reliability. In our work, we used Krippendorff’s alpha, which has recently

gained popularity among researchers because of its flexibility, which allows for the

inclusion of more than two coders [146]. The result scale for intercoder reliability

ranges between 1 and 1. Values between 0.61 and 0.80 indicate substantial agreement

and those between 0.81 and 1.00 are almost perfect [147].

The software used to perform the intercoder reliability was Atlas.ti. The steps followed

to assess the reliability after the data were initially coded and a codebook generated

were as follows:

• First, I randomly selected approximately 25% of the data to be multiply coded

[148].

• From the selected interviews, specific chunks of data were chosen for coders to

process.

• Subsequently, two independent coders who had no prior involvement in the inter-

view process were chosen. They both had a background in qualitative research.

Each coder worked on the data separately. Both used the Atlas.ti software.

• After the coders completed their coding, I merged the two sets of codes and
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performed an intercoder reliability agreement analysis. The Atlas.ti software

offers built-in statistical features. Krippendorff’s alpha was chosen because of

its flexibility, should we decide to add more coders, and its ability to produce the

most accurate possible results [149]. The result value was 0.86, which indicated

the reliability of the coding.

It is worth noting that while this study employed thematic analysis based on Braun

Clarke’s approach [144] it diverged in the use of intercoder reliability. Thematic ana-

lysis, as described by Braun Clarke, does not incorporate intercoder reliability; in-

stead, it focuses on the researcher’s subjective interpretation of the data. The use of

intercoder reliability is a somewhat controversial topic in the qualitative research com-

munity [148]. In this research, we opted to employ intercoder reliability to enhance the

credibility of our findings. Future work should aim to adhere more closely to Braun

Clarke’s method or explicitly adopt a different analytical framework.

4.3 Results

In this section, we discuss the themes and the major points identified from the inter-

views with the study participants. The subheadings in this section are the themes we

derived from our coding analysis. For each of these themes, we discuss the parti-

cipants’ responses and provide direct quotations from the interviews.

4.3.1 Tasks

Participants reported that they used voice interfaces in general and SVAs for different,

specific tasks. These devices gave the participants some independence. One participant

commented that using voice assistants

‘would give my wife a break from me asking her to find that information for me’.
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They mentioned various tasks, either those for which they were currently using the

devices or those for which they would like to use one if their health condition de-

teriorated. The majority reported that they most often used the SVA device to play

music. Similarly, they noted that they used their SVAs to acquire information, such

as news, weather updates and football scores. Furthermore, they used SVAs for en-

tertaining themselves. One participant stated that they often asked their SVA to tell a

joke and another that they asked it to play the ‘Alexa, I love you’ song. Interestingly,

few participants indicated that they used the device for communication, such as to send

messages and make calls. They also gave examples of tasks for which they did not

currently use a device but would like to have the opportunity to do so. Examples were

to control smart devices and home appliances, such as lights, heating, alarm systems

and curtains, and the volume of the television or music system.

4.3.2 SVA/VI experience

Participants shared their experiences using SVAs or other voice interfaces, such as Siri

or smart devices. Our first finding is that the ways in which each participant interacted

with the devices varied. Some participants who had mild dysarthria interacted with

these directly through speech whereas others who had severe dysarthria used their mo-

bile phone to type the command that they wanted to send to the device and then relied

on their mobile phone to speak it. This would occur with the help of either a text-

to-speech application or an application that relied on the user’s stored voice, which is

a recording made by the users when they were still able to utter phrases. These re-

cordings are then transferred to synthesised speech. Another group used their AAC

devices to speak on their behalf. These devices are tools that aid communication for

people who have communication disorders. The device receives input through various

devices, such as a mouse, keyboard and joystick, and converts it to speech.

The participants’ experiences of interacting with the SVAs or other voice interfaces

similarly varied, but the majority had negative experiences, regardless of the method
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with which they interacted. When the participants interacted by speaking, the device

often failed to understand their speech. One interviewee said,

‘I would rather type because nine times out of 10 you get the wrong answer.’

Their experiences with the voice interface failing to recognise their speech drove them

to use a different method of interaction that sent their input directly. Another parti-

cipant indicated facing the same problem when using the alarm feature, commenting,

‘I find myself yelling at them a lot. My alarm clock, I can’t turn it off anymore.’

Given that dysarthria can co-occur with a physical disability, using a regular alarm

clock or phone alarm requires the use of hands, which the user might be unable to do.

However, one participant observed that when the method of interaction was through a

mobile phone, the process was complicated, requiring more steps to send their com-

mand to the device. Moreover, another participant commented,

‘I suppose the only difficulty with ... all these voice banking systems is that the pro-

nunciation that you get from your synthetic voice is not necessarily the word that you

want to come out and therefore Alexa does not always respond correctly. So, you have

to learn how to type certain words in to get the correct pronunciation.’

This comment raises several issues concerning the effects of system design in SVAs

and other voice interfaces on people who have dysarthria.

Nevertheless, not every participant’s experience was uniformly negative. Some were

happy with their interactions with their devices. These individuals most often interac-

ted through their mobile phones or an AAC device.

4.3.3 Proposed system design

Participants expressed a variety of perspectives about the potential of interacting with

SVAs using nonverbal voice interaction. Overall, they responded positively to the idea.
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One group was interested in nonverbal voice interaction as a means of decreasing their

dependence on others for performing a task. Moreover, the technique would empower

them to use other device features, especially if they only had limited use of their hands.

Other participants compared it with other interaction methods, such as typing, believ-

ing that nonverbal voice interaction would be faster and more direct than typing. One

participant noted that typing to interact with their SVA ‘feels backward’.

Another group thought otherwise and disagreed that nonverbal voice interaction would

be convenient. Some could not make any noise using their voice at all and thus be-

lieved that the proposed system would not suit them. Moreover, the dysarthria of some

participants was severe enough to make it difficult to distinguish between even non-

verbal voice cues. Others noted that given that they were physically able to perform

all their tasks, they did not need to use their voices. One interviewee argued that using

one’s voice if one has dysarthria is fighting a losing battle. Another found typing to be

faster and, because of the rapid deterioration of their condition, said that they preferred

typing or using their eyes over using their voice.

The last group did not have a clear opinion. These participants had dysarthria that was

still mild and they believed that nonverbal voice interaction might be helpful if their

condition was to worsen.

Sounds

When asked about the sounds that they could make if they were able to make sounds

at all, to be used as commands, participants were unable to give specific answers and

found it difficult to decide on an exact sound. However, regardless of the severity level

of their dysarthria, most of them found vowels to be easier, albeit softer, sounds to make

than consonants. A participant who had severe dysarthria tried to enunciate the sound

of the long form of the letter ‘E’ (e.g. ‘eeee’), but their voice was breathy. The same

participant found it challenging to enunciate combinations of vowels because their

voice was similarly breathy when uttering all of them. Another vowel that was difficult
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for a participant who had a mild case of dysarthria to enunciate was ‘U’. The participant

had difficulty pulling their tongue back. In terms of consonants, some participants were

able to enunciate these; however, these required more effort and made the participants’

speech sound lazy or that they had not taken the time to pronounce the consonant

properly. Participants noted that the most difficult consonant sounds to make were ‘G’,

‘H’, ‘S’, ‘D’, ‘K’, ‘F’, ‘Ch’, ‘T’, ‘P’, ‘B’ and ‘L’. Two participants observed that words

that contained multiple consonants, such as the word ‘consonant’, were more difficult

to pronounce than words that had only one consonant. For instance, a participant said

that it was easy to pronounce ‘T’ and ‘L’ separately but it was much more difficult to

pronounce the word ‘little’. In summary, the ability of each individual to pronounce

letters and words varies and is affected by various factors, such as the level, cause

and type of dysarthria. However, most of the participants found it easier to pronounce

vowels.

List preference

When the participants were asked whether they preferred the system to have a pre-

defined list of voice commands or to generate their own list, their opinions differed.

Most respondents preferred to program their own voice commands. They argued that

because every case is different, voice commands should be personalised and custom-

ised. One participant indicated that creating commands helped to make these easier

to remember. However, a few participants preferred a predefined list. One individual

stated that the choice was related to age or generation because this participant was

used to ‘Plug and Play’ devices. Another commented that developers would know the

sounds that worked best and therefore preferred a predefined list. Another participant

alluded to the same idea but said it was preferable to have a predefined list initially and

then move on to creating personalised commands. Many of the participants agreed that

both options should be available to users. For instance, one noted using the predefined

list to become comfortable with the system and then generating one’s own voice com-
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mands, and another suggested that developers offer guidelines to start or provide a list

of voices that the user can choose from.

4.4 Discussion

The objectives of the interviews were to understand users’ requirements; obtain feed-

back on the proposed interaction method, which involves nonverbal voice cues; and

to determine the nonverbal voice cues that may be incorporated into the system. The

interview results indicated that people who have dysarthria face challenges in using

VIs and SVAs and that these devices are not fully accessible. Difficulty is experienced

when interacting directly with the device and when interacting through an intermedi-

ary device. However, Ballati [22] indicated that people who have mild dysarthria could

use these devices to a certain degree. This finding is consistent with the results of other

studies that address the issue of interactions between people who have dysarthria and

SVAs [150].

A person’s quality of life is a major issue, and we found that these devices improve

different aspects of the quality of life. For instance, they give users the ability to com-

municate. As per Light’s definition of communication [52], the act of communicating

involves expressing needs, exchanging information and engaging in social interaction.

This was shown when the participants used the SVAs to tell a joke, call a partner or

send text messages. This result supports that of prior studies, which have indicated

that a person who has dysarthria could use music as a form of interaction with their

children. Others who have dysarthria use music to express themselves and add a hu-

morous effect when communicating with others [151]. Another aspect of improving

quality of life is these devices giving individuals independence in performing various

daily tasks [152].

The participants in our study reported that they performed various tasks using SVAs.

However, a notable limitation in the tasks for which SVAs were used is the participant’s
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ability to clearly enunciate the correct commands. In other words, instead of searching

for a task that would perform the specific job they needed, the users started to examine

which tasks they were able to utter. For instance, if the user was able to enunciate

‘weather’ and not ‘music’, then they would only use the SVA for ‘weather’. In terms

of tasks, we also inferred from some users that there was a discoverability issue with

SVAs. The participants sometimes did not know the capabilities of the device and how

they could use it fully. This is an issue for all users and not specifically for people

who have dysarthria [153]. However, this would be more difficult for people who have

dysarthria because they would find it challenging to discover the tasks verbally, owing

to their speech impairment.

In addition, we discovered from the interviews that people without physical disabil-

ities could perform daily tasks themselves despite the severity level of their dysarth-

ria. They were able to use their phones or other input devices if they wanted to use

text-to-speech applications, perform a certain task or find an answer to something.

Moreover, if their case was mild and their speech was still intelligible, they were able

to use SVAs. However, their experiences would not necessarily be similar to those of

people who have physical disabilities. Similarly, if the level of dysarthria becomes so

severe that the participants cannot use their voices, they will obviously be unable to

use SVAs. Consequently, the target audience of our system would be people who have

moderate dysarthria and a physical disability. We hypothesise that people who do not

have a physical disability but have dysarthria will prefer to use voice rather than the

alternatives that they currently use. We intend to test this hypothesis in another study.

However, the audience is not limited to this group and could also include people who

have severe dysarthria as long as they are able to utter sounds using their voice.
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4.5 Conclusion

Throughout the study, various insights, experiences and needs of participants who had

dysarthria were discussed, in addition to the challenges they faced. The conclusion

from this chapter is that there is a need for accessible solutions to enhance the quality

of life for this group of users. Users who have dysarthria use SVAs to gain independ-

ence in daily life tasks; however, this is hindered by the capabilities of these devices.

However, rather than the devices expanding their capabilities, users are adapting their

needs to what they can utter and what these devices can understand.

The highlight of this study is that users positively responded to the proposed idea of

using nonverbal voice cues for interaction, reflecting a willingness and interest in lever-

aging any potential mode of interaction that would streamline their experiences. They

identified their preferences for the list of tasks, sounds and task-sound mapping.

These data help to enhance the understanding of users and thus the ability to build

more effective and more usable systems. Moreover, they lay a foundation for other

researchers to build on, driving the development of more accessible solutions. The

chapter that follows describes the design process of the system developed according to

users’ needs and preferences.

The intention of this chapter was to explore the challenges encountered by individuals

with dysarthria when using SVAs, which led to the following contribution:

C2 Analysis of interviews conducted with people who have dysarthria, explor-

ing the use of smart voice assistants and revealing the challenges they face.
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Chapter 5

Designing Daria, a Nonverbal Voice

Cue System

This chapter represents an important phase in the user-centred design process; spe-

cifically, it focuses on understanding user requirements and initiating the design stage.

Using the qualitative data gathered from Chapter 4, and lessons learned from prior

studies, this chapter introduces a standardised approach for designing nonverbal voice

cue interactive systems that enable people who have dysarthria to interact with smart

voice assistance. This chapter also identifies key design components and shapes the

design of a standardised framework. By providing a reproducible framework for de-

veloping nonverbal interactive systems for SVAs, we can increase the accessibility of

said devices, their usability and their user experience.

In aligning with the user-centred design principles, this chapter delves into the design

element considerations when designing our system. The focus was not only user cent-

ric but also on considerations for adaptability to the unique needs and preferences of

users. The chapter also covers the list of sounds that resonate with users’ preferences,

ensuring ease of use while allowing for customisation to suit varied needs. Then, the

chapter moves to describing the mapping between the action and sound list to ensure

an intuitive and memorable mapping. The mapping approach employed principles of

natural mapping and used metaphors from everyday life.

By outlining these design components and their alignment with user-centred design
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principles, this chapter contributes significantly to the development of a reproducible

framework for nonverbal interactive systems. Such a framework is instrumental in

enhancing the accessibility, usability and overall user experience of SVAs.

This chapter attempts to answer the following research question (RQ2):

RQ2: Can a standardised vocabulary that aligns with their unique speech capabilities

and the range of sounds they can produce be developed for individuals with dysarthria?

The work in this chapter has been previously published in the Universal Access in the

Information Society Journal [3].

5.1 Design elements

5.1.1 List

This system’s design fundamentally revolves around creating an effective voice com-

mand list. Reflecting on the findings from Chapter 4, it became evident that participant

preferences for command lists were split into two distinct groups. One group favoured

a predefined list that allows immediate use of the system. However, the other group

expressed a desire for customisation, seeking a more tailored interaction experience.

Our approach aimed to accommodate both preferences.

To accommodate the need of the group that preferred customisation, provided struc-

tured flexibility in voice command customisation was provided. Users can select from

a controlled list of voice commands, which were designed using input from our tar-

get user group, that they can then map to specific tasks as per their preferences. This

approach ensures that although users can personalise their experiences, the system re-

tains a level of standardisation for consistency and ease of use. This approach has been

incorporated in the related literature, which has also emphasised user input in com-

mand selection and customisation. For instance, Kim et al. [99] collected preferred
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keywords—verbal commands in their case—from participants and programmed these

into their system. When users start to use the system, they can choose various keywords

that are easier for them, which are selected from the list provided by the participants

in that study. In addition, Hamidi [105] relied on the same process, allowing users

to customise their lists. Further, Hamidi [154] found that list customisation resulted

in improvement in accuracy rates, and the improvement was significantly greater for

groups whose caregivers and therapists participated in customising the list. Therefore,

our approach draws on these insights, aiming to create an accessible, user-friendly in-

terface that adapts to the unique communication styles of individuals with dysarthria.

To study the impact of list choices on users, this approach was compared to partially

customising the list, which is discussed in detail in Chapter 8, with that of providing

a predefined list in the system, which is elaborated on in Chapter 7. The lists in the

two approaches were extracted from the interview results and users’ preferences and

capabilities identified from Chapter 4, as in Parker’s study [104]. In this study, the

participants provided a list of appliances they wanted to be able to control using their

voice. The researcher then selected the words pragmatically according to the func-

tionality of the appliance (e.g. ‘on’ and ‘volume’). After participants recorded their

voices, if the researcher found that certain voices were unclear, the researcher replaced

the unclear word with another word.

5.1.2 Sounds

Sound and mapping: Mapping the sounds to their corresponding actions entailed con-

necting each sound to a command. To have a usable, learnable and memorable system,

a framework was created for the sound–action mapping process (see Figure 5.1). First,

the criteria for selecting sounds were established. Next, the sounds that met the criteria

were listed, the mapping approach was decided upon, and finally, the mapping was

conducted.
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In the first step, setting the criteria for selecting sounds, the initial criterion was users’

preferences. The second criterion was for the sound to be easy to utter. The third

criterion was related to acoustic discriminability.

For the first criterion, which was users’ preferences, almost all of the participants repor-

ted that vowels were convenient sounds for them to make. However, it was difficult for

them to select specific preferred vowel sounds or any sound for the interactions. There-

fore, the selection criteria were adapted according to the findings of [155] and [154].

The second selection criterion, namely, the sound should be easy to utter, aimed to

lower the likelihood of vocal fatigue. In accordance with the users’ preferences, vowel

sounds were selected, in addition to nasal sounds, which are easy for people who have

dysarthria to utter. Nasal sounds were added to increase the number of command

combinations. The third criterion was related to acoustic discriminability, which is the

ability to recognise different sounds [156]. The sounds of vowels may overlap in some

cases of dysarthria [157]. Sounds that are in the corners of the International Phonetic

Alphabet vowel chart were selected to minimise and avoid overlapping sounds.

The second step was sound selection. Given the disparate etiologies attributed to the

various causes of dysarthria, various articulation capabilities emerged [158], which led

to a limited number of vowels to choose from. For example, certain vowels (e.g. /i, a/)

remain quite intelligible even in individuals who have severe dysarthria, unlike other

vowels [45]. Given the capabilities of individuals with dysarthria, the vowel sound op-

ted for comprised monophthongs, which are single-vowel voices. Notably, diphthongs

(i.e. a combination of sounds) require changing the vocal tract configuration, which

results in a steep second formant slope, a type of acoustic measure [159]. People who

have dysarthria find it challenging to pronounce diphthongs. Given that a monoph-

thong is composed of only one sound, it is less challenging to pronounce compared

with diphthongs or other vowels. While working on these steps, we collaborated with

an expert in communication disorders. Her specific work focuses on speech production

for individuals with dysarthria. Her role was to help in curating and finalising the set
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of sounds that were distinct and easily recognisable by the participants.

The third and fourth steps, which overlap, entailed selecting the mapping approach

and implementing it. As mentioned in the beginning of this section, the aim of the

mapping process was to increase the usability and memorability of the voice commands

by considering the users’ preferences. Prior researchers have applied several mapping

approaches to map sounds to actions or controllers. For example, [113] and [155]

used the tongue’s position to map vowel sounds with mouse movement and direction.

Harada [117] incorporated a similar approach in a voice-driven drawing application.

Norman [160] also discussed mapping as one of the design principles that aimed to

increase system usability. The natural mapping design principle from Norman’s design

principles was followed. Natural mapping occurs when the knowledge in our heads is

integrated with the knowledge from the world around us. In other words, through

natural mapping the relationship between our knowledge and what we are trying to

control is clear and obvious.

This principle was applied by taking a concept in our daily life and applying it to our

design. This could also be described using life metaphors. An example from our daily

life is the iPhone brightness controller, which increases the brightness by simply slid-

ing the control up. Another example is the volume button in phones or remote controls,

in which the upward direction represents an increase and the downward direction in-

dicates a decrease. This metaphorical orientation (up means more, turn on or increase)

is not arbitrary; it results from physical and cultural experiences [161]. From this

concept, the /a/ vowel that most participants were able to utter was selected. This is

an open vowel that requires opening the mouth and positioning the tongue far from the

roof of the mouth. In our mapping, this sound represented open, up, raise and increase.

This vowel was mapped with commands that had an increasing and turning on feature.

Thus, the /a/ vowel was mapped with ‘Turning on Light’ and ‘Increasing Volume’.

However, a nasal letter was added before the vowels (ma) to differentiate between the

commands for increasing volume.
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Command Voice cue

Light /A/

/i/

Volume /mA/

/mi/

Main menu /E/

Ring (call) /N/

/N//N/

Stop/terminate /n/

Alarm /m/

Music Mmm (humming)

Weather /u/

Table 5.1: Sound–action mapping

An effective design takes into consideration user behaviour [160]. Accordingly, users’

behaviour was used as a basis for mapping one of our voices. The commands were

chosen according to the users’ behaviour or what they would say in certain situations.

For the ‘Weather’ command, behaviors and spoken words related to the weather were

examined. Then, ‘oh’ was chosen because it is used to communicate the sense that

something has “just now” been noticed or realised’ [162]. For example, a person could

comment about the weather by saying, ‘Oh, the weather is nice’ or ‘Oh, the weather

is cold’. In her book [163], Diane described ‘oh’ in the sentence ‘Oh, this weather

is awful’ as an attitudinal adverb that expresses emotion or attitude. From this, the

/u/ vowel was used, which has the same sound, for the ‘Weather’ command. Next,

given that people hum when they are trying to recall or repeat the lyrics of a song, for

the ‘Music’ command, ‘Hmm’ was chosen. Table 6.1 summarises the sound–action

mapping list.
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The last technique was extracting the voice from the words, following Haradah [117],

who used the ‘ck’ sound for the command ‘Click’. In our mapping, the sound ‘ing’

was used for the command ‘Ring’, which was intended for calling someone. Similarly,

the sound ‘am’ was used for the ‘Alarm’ command.
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Figure 5.1: Sound–action mapping framework
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5.2 Conclusion

This chapter presented a standardised approach for designing interactive systems using

nonverbal voice cues for individuals with dysarthria.

Through this chapter, the main elements were identified as the basis for designing such

systems. The key takeaways from this chapter emphasise the importance of custom-

isation options in the design, leading to a substantial enrichment in the interaction

between individuals with dysarthria and SVAs. Offering a ready-to-use system and an

option to customise the mapping to the user’s preferences showcases the importance of

maintaining balance in the system and accommodating the needs of users.

Moreover, the process of mapping sounds to actions highlights the significance of in-

tuitive design and demonstrates how metaphors from daily life can be used to foster

seamless interactions. Furthermore, extending our research to include a wider array of

sounds and mappings, while also considering the unique challenges faced by individu-

als with dysarthria, will be pivotal.

In conclusion, this chapter has described a standardised, user-centred approach to

designing systems. The proposed framework lays the groundwork for future research

into nonverbal interaction using SVAs. Thus contributing to existing knowledge on

designing interaction systems by providing the steps followed to design the sound–action

approach.

The intention of this chapter was to create a new language for interacting with SVAs

for people who have dysarthria. In addition, the aim was to design a framework that

future researchers could build on. This leads to the following contributions:

C3 An interaction framework for designing systems for smart voice assistants

and people who have dysarthria.

C4 Creating a vocabulary that allows users to keep the verbal modality, known

as nonverbal voice cues.
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Chapter 6

Development and Evaluation of Daria,

a Nonverbal Voice Cue System

This chapter introduces the design of the nonverbal voice cue interaction system, Daria,

and represents Steps 3 and 4 of the user-centred design process: the design and eval-

uation phases. The name ‘Daria’ is derived from the word ‘DysARthrIA’ and has all

the letters in the same order. The findings from the previous study indicate that there

is a need for alternative interaction methods. Moreover, there is a need for interact-

ing with SVAs directly, effortlessly and using the voice modality. The system design

in this chapter responds to the results in previous chapters. In Chapter 4, the results

from Study 1 identified participants’ preferences concerning a list of tasks, sounds and

task–sound mapping. Chapter 5 explained the framework for designing this system.

Building on these foundations, this chapter presents the system implementation accord-

ing to the identified requirements. It links the previous chapters, which described the

theoretical understanding of interaction systems, to the practical application of these

concepts.

The primary objective of this chapter was to explore the technical details of the sys-

tem’s design, presenting the steps we took to develop our nonverbal voice interaction

system. In addition, we aimed to validate the efficacy of our system through a prelim-

inary study. This study tested two design options, as outlined in the previous chapter

(see Chapter 5): a pre-mapped list option and a customisation option. Another key

objective was to understand user interactions with the system under these two distinct
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design scenarios.

In this chapter, we discuss the key technical decisions that influenced the structure of

the system. We then describe the system components and architecture. Following this,

we begin the process of collecting recordings from participants who have dysarthria

because these recordings will be used to train the system. The chapter then describes

the classification model and the iterative process of building it. Finally, we tested a

prototype with seven participants to test its usability and, in turn, the soundness of our

framework and thereby validate our proposed approach of system design. Of these par-

ticipants, three were individuals with whom we had previously conducted interviews

and the remaining four were new participants. Our work empirically demonstrates

how an informed, structured design of a fast, direct (verbal rather than forcing users to

change modalities or use an intermediate device) method of communication improves

the usability of SVAs for people who have dysarthria while allowing for a more authen-

tic experience. The data also highlight that using nonverbal voice cues is a convenient

option.

This chapter contributes to answering the following research question (RQ2):

RQ2: Can a standardised vocabulary that aligns with their unique speech capabilities

and the range of sounds they can produce be developed for individuals with dysarthria?

The study in this chapter has been previously published in the Universal Access in the

Information Society Journal [3].

6.1 System design

In this section, we delve into the integral components and design principles that power

our system.
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6.1.1 Requirements

The design of Daria was informed by user needs, performance objectives and technical

considerations. To effectively serve its intended purpose, the system should:

• be user centric and focus on ease of use

• be simple in its design

• take into account user preferences

• have a list of nonverbal voice cue commands that are memorable

• ensure that the list of nonverbal voice cue commands is within users’ capabilities

• ensure that the mapping of commands to actions is in accordance with metaphor-

ical concepts and not arbitrary, facilitating intuitive user interaction.

The rest of the chapter explains the system components and technical considerations.

6.1.2 System components

The main components of the system are the nonverbal voice commands and the sys-

tem’s hardware and software. The process of selecting the sounds is described in

Chapters 4 and 5.

List of nonverbal voice cue commands: Having nonverbal voice cues as an input will

make interactions with the system faster than speech because speech takes longer to

produce and the system will be waiting for the utterance to end to perform actions. In

addition, processing shorter voice cues will lead to faster processing than words and

sentences [109]. Eleven nonverbal voice cues were chosen as commands (see Table

6.1). Each of these commands were mapped to one action. The commands were

chosen according to the following criteria: (a) user preferences, which were elicited



6.1 System design 65

Command Voice cue

Light /A/

/i/

Volume /mA/

/mi/

Main menu /E/

Ring (call) /N/

/N//N/

Stop/terminate /n/

Alarm /m/

Music Mmm (humming)

Weather /u/

Table 6.1: Sound–action mapping

from interviews with target users; (b) the ease of uttering the command, to avoid fa-

tigue; and (c) the need to use various sounds to avoid overlapping sounds (acoustic

discriminability). The mapping between the voice cue and the commands were in ac-

cordance with human reactions or gestures. The detailed approach for choosing each

of the voice cues and the mapping process is described in Chapter 4.

Raspberry Pi: We used the latest version of the Raspberry Pi, the Raspberry Pi 4

Model B, which is equipped with 4 GB of RAM and a 32 GB SD card. The device

was connected to a USB microphone and USB speaker. The choice of using a Rasp-

berry Pi was due to its affordable cost, its ability to handle multiple tasks efficiently

and its compactness. Moreover, we followed the United Nations’ 2015 Sustainable

Development Goals (SDGs) [164], more specifically, SDG 12.5 (substantially reduce

waste generation through prevention, reduction, recycling and reuse). No device was

required except the Raspberry Pi, which is cheap, reusable and has a long life.
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Classification model: This component was responsible for the nonverbal voice cue

interpretation. The classification model was a machine learning model that received the

users’ inputs (nonverbal voice cue commands) and mapped them to their corresponding

meanings. This means that the model output was to the class or sound to which the

input belonged. For example, is the input an ‘/A/’ or an ‘/i/’.. etc. The classification

result was then mapped to the intended action, which was sent as a text request to

Google Assistant to execute the desired task. This means that if ‘/A/’ is mapped to

‘turn on the light’, ‘turn on the light’ as a text is sent to Google Assistant. To ensure

the privacy of the users and their voices, the classification process was executed locally

on the Raspberry Pi, ensuring no data transmission to external servers, which is called

edge computing [165]. Applying edge computing concepts means that the data were

processed at the edge of the network rather than the cloud [165].

Google Assistant service: The Raspberry Pi was equipped with the Google Assist-

ant service. To use Google Assistant on the Raspberry Pi, first the Google Assistant

Software Development Kit released by Google was installed. The installation process

involved several steps, including setting up a project on Google’s developer platform

(actions.google.com console), registering the Raspberry Pi device and downloading

the OAuth credentials. Once Google Assistant was set up on the Raspberry Pi, it could

receive commands from users in audio or text formats and act on them. The responses

were through audio or as an action performed in accordance with the command.

It is important to note that at the time of implementation, Google Assistant did not

offer the same comprehensive functionality as devices such as Google Home or Google

Nest. Its command set was restricted, and it could not execute three of our specified

commands. To address this, we recorded responses for these specific commands as if

they were played by Google Assistant. The final list of commands are described in

Section 6.2.3.

RabbitMQ: In software development, the challenge often arises in which there is a

need to integrate diverse software systems into one cohesive unit. To connect systems,
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we used message-oriented middleware technology (MOM). MOM is a technology that

simplifies the transfer of data and enables systems that have different hardware or soft-

ware to interact with each other [166]. In our system, among the available solutions,

we opted for RabbitMQ [167], an open-source message broker. We chose RabbitMQ

because it was easy to implement and used the advanced message queuing protocol

that enables connection between different platforms [168]. RabbitMQ received mes-

sages from the classification model described above and added these to the message

queue. The messages in the queue, which indicated the requested actions, were then

received and executed by Google Assistant. By streamlining this message processing,

we achieved enhanced responsiveness and efficiency in our overall set-up.

6.1.3 System architecture

To summarise this section, we integrated all the components of the system. The system

was implemented on a Raspberry Pi that was connected to a microphone and speaker.

First, users spoke a nonverbal voice cue into the microphone, and this command was

interpreted in the Raspberry Pi to the action it was mapped to. The user’s commands

were then converted into text-based commands that were sent to Google Assistant,

which processed the request and produced a response. The response could have been

a verbal response or an action performed in accordance with the user’s request. Figure

6.1) describes this process.
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Figure 6.1: System architecture

6.2 Classification model

In this section, we cover the steps for building and training our classification model.

The first step involved collecting recordings to train the model. Then, we decided

on the classification technique to use. This was followed by discussing the model

architecture. After that, we trained the model, enabling it to learn and understand the

features of the nonverbal voice cues. Finally, we initiated the model prediction process,

in which a sound was fed into the model and the model was expected to predict which

sound it was.

6.2.1 Data set

To train the machine learning classification model, the model needed to be supplied

with numerous recordings of nonverbal voice cues. Given that these recordings were

highly specific, to the best of our knowledge, there was no available open-source cor-

pus that contained the 11 nonverbal voice cues required for our system, especially

when uttered by individuals with dysarthria. Therefore, we undertook the process of

collecting recordings from individuals who had dysarthria.
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Participants

The recordings were conducted with a total of 10 participants who had dysarthria. Of

these, six were participants we had previously interviewed (see Chapter 4) and four

were newly recruited. The recordings were conducted in two rounds: the first round

involved six participants, and the second round involved six participants as well, which

included four new individuals in addition to two who had participated in the first round

(see Table 6.3). All participants were above the age of 18. Their dysarthria severity

levels varied: seven had mild severity, two had moderate severity and one had severe

dysarthria.

Among the participants we initially interviewed, several challenges arose: some did

not respond to our follow-up requests and others expressed reluctance to have their

voices recorded. This reluctance was sometimes because of concerns about fatigue

and a desire to conserve their voices for essential daily communication. In addition,

some participants were concerned about the exertion involved and the potential strain

on their voices. Most regrettably, we also faced the unfortunate circumstance of one of

the participants we interviewed passing away.

Round Total participants Participants from previous interviews Newly recruited participants

First round 6 6 0

Second round 6 2 (from first round) 4

Table 6.2: Distribution of participants across two recordings rounds

Procedure for collecting recordings

Designing the online recording experiment: The recordings were collected in 2021.

Given the COVID-19 pandemic, all recordings were gathered online. We used the on-

line platform Gorilla.sc [169] https://gorilla.sc/. This platform serves as an experiment

builder, enabling researchers to design and conduct experiments online. We chose this

platform because it met our requirements and made it straightforward to construct the
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necessary components. First, we designed the experiment, which involved designing

the building blocks of the task, as presented in Figure 6.2a, in which each block on the

page represents a screen. Next, we created the stimuli needed to be recorded and the

survey. The total number of nonverbal voice cues to be recorded by the participants

was 11 sounds. Figure 6.2b shows the final design of the experiment structure.

We sent a link to the participants, which they could click on to do the recordings at

any time of their convenience. Although we could not control the recording process

or the quality of the recordings, we provided users with instructions to mitigate these

issues. We advised them to use a microphone and record in a quiet place 6.3a. The

recording did not start unless the user was using a microphone. Figure 6.3b shows the

message that prevented users from moving forward unless a microphone was plugged

in. However, collecting recordings in a home environment might have been beneficial

because it represented the actual setting in which the Daria system will be deployed.

Furthermore, there are available data sets that have gathered recordings from parti-

cipants in home environments, emphasising the realistic nature of such settings, such

as the homeService corpus [93].

Recording process:

Recording Round 1: In the first recording round, data were collected from six parti-

cipants. Five of the participants had mild dysarthria and one case was moderate. This

recording round was divided into two sessions. We asked the participants to record

each session at different times of the day or on other day because, as a result of dys-

arthria, their voices could differ throughout the day, depending on their level of fatigue.

Thus, having recordings at various times would give us more extensive varieties of re-

cordings, which were needed to train our system. In addition, this approach helped to

prevent participant fatigue.

In Round 1, the total number of repetitions for each sound was five times. These five

repetitions were divided between the two sessions: three repetitions in the first session,

and two in the second session. We divided the recording sessions to not cause fatigue
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/
(a)

(b)

Figure 6.2: Recording experiment design on Gorilla
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(a)

(b)

Figure 6.3: Recording experiment instructions

for the participants.

At the beginning of the recording session, users gave their consent to participate in this

study and then completed a demographic survey in which they were asked to provide

their names and indicate the severity of their dysarthria. The names were anonymised

immediately after ensuring that the recordings were completed accurately. The severity

question was also extended to participants who were a part of the interviews described

in Chapter 4, in case there had been any changes in their condition since the time of

the interview.

After the survey, the first recording session commenced. A microphone check was dis-

played to the participants to ensure that their microphones were connected and func-

tioning correctly. Then, instructions were displayed to guide the participants through
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the recording process. After the instructions, a page appeared displaying a nonverbal

voice command as text and play button. Participants could press this button to listen

to the sound uttered by the same female speaker (the researcher). After listening to the

sound, participants clicked ‘next’ and the recording started immediately. Once they

finished uttering the sound, they clicked ‘next’ again and a new page appeared with a

new word for recording and so on.

The order in which the stimuli appeared to the participants was randomised, ensur-

ing no specific sequence was followed. Each stimulus appeared thrice throughout the

recording process in the first session and twice in the second session. However, the

stimuli were presented one at a time to avoid any priming effect. The term ‘priming

effect’ refers to a phenomenon in which exposure to a stimulus affects the response to

later stimuli, which occurs without the users’ awareness [170]. For instance, if parti-

cipants heard and then recorded a particular nonverbal voice command, their responses

to this stimulus could unconsciously influence how they perceived and recorded the

next command. This approach was essential for ensuring the accuracy and reliability

of the recordings. By randomising the order of the stimuli and presenting them one at

a time, we minimised the chances of one sound influencing the participants’ responses

to the next one.

Data pre-processing

Having collated our data, the next step was its pre-processing to make it suitable for

feeding into our model. After the completion of the recording session, I listened to all

the files to ensure that the recording process was conducted correctly because some of

the files had no sounds and others contained noise, which made the sound unclear, so

these files were discarded. I standardised the files into a single format then converted

all the files to WAV format because this was the required input for the machine learning

model.
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TORGO database

To increase the overall number of recordings and enhance the data set for a more robust

one, we supplemented our data with 36 files from the TORGO database [94]. TORGO,

a joint effort between the University of Toronto and the Holland Bloorview Kids Re-

habilitation Hospital in Toronto, contains recordings from eight speakers (three female

and five male) who have dysarthria and seven speakers (four male and three female)

from a non-dysarthric control group. The database is open and free for academics. We

selected this data set not only because it is, to the best of our knowledge, the only one

that includes nonverbal voice recordings by individuals with dysarthria but also to en-

hance the diversity and volume of our data. The nonverbal voice recordings in TORGO

included ‘aa’, ‘ee’ and ‘oo’.

For each of the three classes ‘aa’, ‘ee’ and ‘oo’, we used 12 nonverbal voice cues from

the TORGO database. Given that our data set comprised five classes in total, we needed

to even out the distribution across all classes. To achieve this balance, we applied data

augmentation techniques to the remaining two classes. This process involved adding

noise and altering the speed of the audio files, thereby creating additional variations

in the data set. These augmentation strategies enabled us to ensure an even number of

samples for all five classes, including ‘aa’, ‘ee’ and ‘oo’, thus contributing to a uniform

and comprehensive data set suitable for robust analysis.

6.2.2 Classification technique

Numerous techniques exist for audio classification. Among these, deep neural net-

works are emerging as one of the most promising solutions. Notably, the performance

of convolutional neural networks (CNNs) in terms of computational efficiency and ac-

curacy has been shown to surpass other neural network architectures [171,172]. CNNs

offer several advantages, such as robustness against background noise, proficiency in

handling distorted sounds, suitability for small devices and a design that maintains
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effectiveness even when scaled down [173]. Furthermore, CNNs have demonstrated

an ability to reduce the error rate by up to 10% compared with other deep neural net-

works [174]. Their applications span various tasks, including speech recognition [175],

vowel recognition [174, 176, 177] and environmental sound recognition [178, 179].

Given CNNs’ widespread use in image processing, to harness the efficiency of CNNs

in image processing, we can transform audio into image form, such as spectrograms,

to leverage this efficiency. A spectrogram converts a one-dimensional temporal se-

quence, typically an audio clip, into a two-dimensional image, preserving the original

data while accentuating the relationship between time and frequency [180]. This is

achieved by extracting time and frequency features from a signal. Extracting features

from a spectrogram can be more efficient than using those from an audio file because

the data from two-dimensional images provide a richer context than those from one-

dimensional audio files [174]. To illustrate the distinction between the WAV format and

the spectrogram format, Figure 6.4 presents a comparative representation of an audio

file in the two formats; the upper is the WAV format and the lower is the spectrogram

format. Each of the subfigure represents different sounds from our data set.

6.2.3 Model training

For building and training the model, we used an edge impulse framework [181], which

suggested a one-dimensional CNN that contained four convolutional layers. The data

were divided into 80% training data sets and 20% testing data sets. The training process

involved two steps: first training the model using the training set and then testing the

model using the testing data set to ensure the system’s accuracy.

The model training began with the uploading of the recordings in a WAV file format.

In this context, each group of similar sounds was labelled and uploaded as a separate

‘class’. In machine learning, the term ‘class’ refers to a distinct category used in clas-

sification tasks. Each class in our model corresponded to a specific group of sounds.
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(a) oo (b) aa

(c) ing (d) silence

Figure 6.4: Audio files in various formats

Further, these classes served as the target labels for the machine learning algorithm

to recognise and differentiate. This classification step was crucial because it lay the

foundation for the subsequent training process. After that, the training commenced

within the framework. The system automatically converted these files into spectro-

grams.

The spectrograms were then input into a neural network architecture that was specific-

ally designed to discern and learn the patterns present in them. The initial steps of the
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training involved the neural network learning these patterns and extracting salient fea-

tures. The types of features extracted depended on the nature of the sounds and their

spectrograms, which could include frequency patterns, amplitude variations and tem-

poral characteristics. This feature extraction was pivotal because these features directly

influenced the model’s ability to accurately classify and interpret sounds.

Owing to the limited number of data sets available and the challenges in collecting

recordings from people who had dysarthria, there was a need to find alternative meth-

ods to enhance the training of the model. One effective solution to this challenge was

data augmentation. Data augmentation techniques helped to increase the number of

samples available for the model during training.

These techniques were particularly beneficial because they reduced the risk of model

overfitting, contributing to the development of a more robust model and saving the

time and effort required to collect additional data. Although the use of more real data

would have ideally produced a better model, data augmentation presented a viable

alternative. In this project, data augmentation was implemented using the edge impulse

framework. Two specific augmentation techniques were employed: adding noise to the

spectrogram and mask time band.

Data augmentation can be applied before or after converting audio into spectrograms,

depending on the augmentation type. For spectrogram augmentation, it has been

proven that it enhances model accuracy [182]. Time masking, in which portions of

the spectrogram are masked, helped the model to perform reliably even if the given

sound was imperfect. This technique enabled the model to learn from a variety of

scenarios, mimicking real-world imperfections in sound recordings.

Throughout the training, there was a dynamic flow of features and information from

one layer of the neural network to another. This involved not just the transmission

of data but also their refinement and transformation, enhancing the model’s learn-

ing. Each feature was mapped to its respective class, allowing the model to categorise

sounds according to their distinct characteristics.
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Moreover, during the training, the framework incorporated optimisation and validation

steps to ensure the model’s efficacy and accuracy. Optimisation involved tweaking

the neural network parameters to improve performance whereas the validation steps

involved testing the model using unseen data (testing data set) to evaluate its general-

isation capabilities. These steps were vital for ensuring that the model not only learned

effectively but also performed reliably in real-world scenarios. Through these pro-

cesses, the model progressively advanced in learning and understanding the features,

ultimately contributing to its overall task of sound classification (see Figure 6.5).

Figure 6.5: Model training

The model was trained on 11 sounds of nonverbal sound cues. Given the limited data

collected and the similarities among some voice cues (e.g. ‘aaa’ and ‘aaam’), the model

underperformed: its accuracy did not surpass 50%. Figure 6.6 represents a confusion

matrix that played a role in evaluating the model. A confusion matrix is a table used

to describe the performance of a classification model on a set of test data for which the

true values are known. In our case, it helped us to understand how well the model was

identifying each of the 11 nonverbal sound cues. The diagonal elements of the matrix

represent the percentage of correct predictions made for each sound class, which is

where we would ideally see higher numbers. However, as indicated by the highlighted

numbers in Figure 6.6, our model showed a low count of correct predictions for several

classes. This suggests that the model often confused certain sounds with others, leading

to misclassifications. For example, sounds such as ‘aaa’ and ‘aaam’ might have been
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incorrectly identified as one another, indicating that their acoustic similarities were

challenging for the model to distinguish. This analysis was pivotal in our decision

to reduce the number of sound classes in the model, because we aimed to eliminate

those sounds that were most prone to misinterpretation by the model. After several

iterative rounds of training and class removal, we reduced the number of classes of

nonverbal voice cues to five (see Table 6.6). Although this constrained the number of

commands available for testing, the primary aim of this work, as stated, was to validate

the concept of using nonverbal voice cues as an interaction method. The decision

to reduce the sound classes to five simplified the model’s classification task. This

reduction was crucial for tailoring the model to be more effective and efficient. These

results highlight the challenges of implementing such a project for individuals with

dysarthria. When the quantity of recordings is limited, this inherently constrains the

variety of commands that can be included. This limitation could be mitigated if more

recordings were available.

At this stage it became evident that our approach needed to evolve to gather more

recordings. The initial recordings provided valuable insights, but we recognised the

necessity of expanding our data collection to improve our system’s performance. This

realisation led us to conduct a second round of recordings using a revised approach.

Our goal was to capture a broader spectrum of speech patterns in dysarthria, which was

crucial for enhancing the system’s robustness and accuracy. This strategic shift in our

data collection methodology was aimed at obtaining a richer and more diverse data set,

which was essential for the nuanced refinement of our system.

Recording Round 2: In the second round, we gathered data from four new parti-

cipants and rerecorded two participants from the first session. Although some of the

participants had already recorded in the previous session, because we did not collect all

the sessions simultaneously, the speech of the users could have differed because a par-

ticipant’s speech can deteriorate or improve over time. Consequently, even though the

same participants were recording, the variations in their speech could be so significant
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that it was akin to collecting data from new participants.

The process of conducting the recording was similar to in Round 1. However, the num-

ber of repetitions in the second session was increased to 12 because we needed a larger

volume of recordings in each class. In addition, we increased the number of repetitions

because of the difficulty in finding participants, thereby ensuring a more extensive col-

lection of data from each participant. Unlike the previous round, in which recording

was divided into two sessions to avoid fatigue, this time we adopted a different ap-

proach. We conducted the recordings in a single session but informed participants that

they were free to stop whenever they felt it was necessary and could resume recording

at their convenience. This adjustment was made to maintain participant comfort while

accommodating the increased demand for data. By allowing participants this flexib-

ility, we aimed to mitigate fatigue while still capturing the broader range of speech

samples needed for our study.

Round Total participants Participants from previous interviews Newly recruited participants

Second round 6 2 (from first round) 4

Table 6.3: Distribution of participants across two recordings rounds

Finally, after retraining the model using the five classes, we added two more classes

to the data set: silence and noise. These classes were important because the model

needed to be able to classify whether the input was just noise or silence, rather than

one of the five nonverbal voice cues. Figure 6.7 presents the confusion matrix and the

seven classes.

6.2.4 Model prediction

After the model was trained, we proceeded to optimise it, tailoring it to meet the spe-

cific requirements of the Raspberry Pi. The platform offered options for additional

layers of optimisation, which was critical given the limited computational resources

of the Raspberry Pi. This optimisation process was designed to make the model more
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Figure 6.6: Confusion matrix: 11 classes

Figure 6.7: Confusion matrix: five classes

efficient, enabling it to run using 25 to 55% less RAM, a crucial factor for its operation

on the Raspberry Pi. Once optimised, the model was ready for deployment. Once the

model was deployed to the Raspberry Pi, it was ready to receive inputs and perform

predictions. This involved receiving an input, extracting its features, comparing these

features with previously learned sounds and then determining which sound it matched.

Figure 6.8 presents the prediction process.
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Command Voice cue

Light /A/

News /i/

Ring (call) /N/

Music Mmm (humming)

Weather /u/

Table 6.4: Sound–action mapping

Figure 6.8: Model prediction

6.3 Initial prototype and preliminary evaluation

This pilot study, as a part of the user-centred design process, primarily served as an

initial test to gather early feedback and make necessary adjustments. In this section, we

describe the prototype system in accordance with our framework presented in Chapter

5 and the system design and implementation presented in Chapter 6.

The initial system comprised a list of five actions and five nonverbal voice cues. Each

voice cue was mapped to one action, as shown in Table 6.6. The list was selected

according to two factors: first, the interview results, which indicated the activities for

which the participants used SVAs and, second, voice cues that had only one sound,
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rather than, for example, commands that contained a vowel and nasal sounds. This was

after eliminating some sounds, as described in the previous chapter. A new command

was added to the list, which was not included in Table 6.1 because of the limitations of

the Google Assistant functions. Specifically, given that Google Assistant used a single

command for controlling lights—turning them off if they are on, and vice versa—we

faced a limitation in testing distinct commands for turning lights on and off. Given this

limitation, and to test more commands, we used the nonverbal voice command /i/ for

another action. In addition, given that we now had five commands, instead of having

two commands for lighting, we changed the command /i/ to be used for accessing

news instead of for turning off the light. The mapping approach was similar to that

described in Chapters 4 and 5, because the nonverbal voice command was extracted

from the word itself, in this case, the letter ‘e’.

At the end of the design and implementation phase, we conducted preliminary test-

ing using seven participants. This user acceptance test primarily aimed to explore

two specific aspects: the memorability of nonverbal voice cues and user preferences

concerning predefined versus customisable mapping designs, in addition to assessing

the general efficacy of the system, focusing on its ability to accurately recognise and

respond to nonverbal voice cues.

First, we tested the system using one participant to ensure that it performed well and

had no bugs. In this test, we encountered some issues concerning the system’s sound

clarity, leading us to implement external speakers to enhance the audio quality. This

adjustment was made before testing the system using the remaining six participants.

Despite these issues, the participants gave positive feedback about the mapping and

found it clear and easy.
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6.3.1 Method

Participants: The initial testing included six participants who tested the system re-

motely. Of these, three were male and three were female. Three cases had mild dys-

arthria and three had moderate dysarthria.

Set-up: The study was conducted using Zoom on a Windows laptop, which was con-

nected to an Anker speaker to ensure superior sound quality. The system was installed

on a Raspberry Pi, which was connected to a microphone. The set-up (see Figure 6.9)

remained consistent for all participants and was situated in the same location within a

room in the Abacws building at Cardiff University. One of the actions requested by the

users was turning on the light, so a smart light bulb was also included in the set-up.

Figure 6.9: Study set-up

Procedure: This testing was conducted online. We conducted a between-subjects test,
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dividing participants into two distinct groups. Each group tested the system using a

different list option: the first group used a predefined list and the second group used

a customisable list. Our aim in having two groups was to assess the memorability of

commands in each scenario. Conducting a between-subjects study helped to elimin-

ate the carryover effect [183], especially when different scenarios were present in the

study. This was crucial because users’ performances might vary according to their ex-

periences in a previous study if they were to test the two scenarios. Moreover, being

introduced to the nonverbal voice commands twice could also introduce a carryover

effect.

The first group (Group 1) tested the system using a set of pre-mapped commands,

that is, we had already mapped the commands (voice cues) to the desired action. The

second group (Group 2) tested the system using commands that they mapped to actions;

thus, they chose the command for each action.

The sessions started with training, which lasted for approximately five minutes. During

this, we explained the system to the two groups and introduced the list of commands.

For Group 1, we explained the process we followed to map the commands to their

corresponding actions, in addition to the metaphorical concepts these represented. This

was conveyed through presentation slides. However, participants in Group 2 were

provided with a set of nonverbal voice commands and a list of actions and were asked

to create their own command-to-action mappings. This was also conveyed through

presentation slides.

Next, to ensure familiarity, the participants from the two groups were asked to practise

each command that was on the screen aloud at least once. During the practice, we

provided immediate feedback on their pronunciation and command execution to ensure

accurate recognition by the system. After starting the system for the actual test, we

prompted the users to select and utter one of the nonverbal voice commands shown on

the screen (the sound and the expected action were on the screen). After completing an

action, participants could choose another command. If a command was not detected
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or was detected incorrectly, they could repeat it. There was no limit on how many

times they could repeat it; we gave them the choice. The commands were listed in a

random order, and this order was randomly changed for each participant to avoid the

serial position effect [184], which explains why our memory often recalls the first and

last items in a list more vividly than the middle items. The participants were instructed

to follow any order that they preferred.

Finally, we conducted post-test semi-structured interviews to collect feedback from

the participants about the system, specifically, the sounds uttered and the mapping.

We asked the participants how easy it was for them to utter the sounds and sought

their feedback about the system, specifically, whether they would use it again and how

simple they found it to use. Their feedback and insights helped us to understand system

usability and user satisfaction. We also measured the effectiveness of the system by

evaluating its success in performing the task and understanding the sounds, that is, the

accuracy of the system.

In terms of the mapping, we asked the two groups for their feedback. Group 1 was

asked for its perspective on the mapping we provided, specifically, its intuitiveness, to

understand how natural these mappings felt. For Group 2, given that these participants

had created their own mappings, we asked them to share the underlying reasons for

their choices. This was to understand how individuals might approach the task if given

the opportunity, providing insights for future design.

To understand which design option users would prefer, a standardised option for direct

use (compromising customisation) or a customised option that requires initial effort,

we asked the participants about their preferences. Specifically, we inquired whether

they would like the system to be pre-mapped for immediate use or they would prefer

to undertake the mapping themselves.

In terms of memorability, to compare it between the two groups and analyse the ef-

fectiveness of our mapping approach, we emailed them 24 hours later. We asked the

participants to recall the nonverbal sounds associated with each action to gauge the
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memorability of the commands. The results concerning memorability will aid in en-

hancing system usability and inform future design considerations. Finally, task success

was evaluated as a sound and system effectiveness measure for the two types of map-

ping.

6.3.2 Results

Through this preliminary testing, we found that the selected nonverbal voice cues were

appropriately simple, being just one syllable in length, which prevented user fatigue

during articulation. Moreover, they were utterable, indicating that users could produce

the sound consistently. All participants reported that they had no difficulty in uttering

the sounds, found the system easy to use and would like to use it again. For example,

one participant stated that the system was ‘easy to use because [it does not] use difficult

letters like R, Z or S’.

Although the aim of this preliminary study was not to test system performance, we

did observe that vocal volume is important. Levels sometimes differ between voice

cues, which is accentuated when users do not increase their vocal volume for nonverbal

voice cues. This challenge was attributed to dysarthria, which limits the ability to mod-

ulate volume. For example, two of the participants spoke more quietly when uttering

‘hmmm’, and the system did not detect their almost voiceless commands. Similarly,

one participant’s voice was quieter when uttering ‘/N/’. Nevertheless, although this

participant had to repeat it for the system to detect the commands, the sounds were not

reported as difficult to utter.

The results also showed that Group 1 found the mapping provided by us to be learnable

and memorable. This opinion was parallel with the memorability measurements we

used, in that all the participants remembered all the commands 24 hours after using

the system. When asked whether they would prefer to have the voice and actions

pre-mapped, all the participants in Group 1 expressed a preference for the voice and
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Table 6.5: Mapping memorability
P1 P2 P3

/A/ 1 0 0

/i/ 0 1 0

/u/ 0 1 0

hmm 1 0 0

/N/ 1 1 0

actions to be pre-mapped. When Group 2 was asked about the mapping 24 hours later,

only 40% of the commands were remembered; however, all of the participants said

that they would prefer to do their own mapping. We also asked Group 2 about the

reasons behind the mapping decisions. Two participants indicated that they had done

the mapping randomly; one of these participants did not recall any sound and the other

recalled three out of five. Another participant stated that he ‘tried to choose sounds

that sounded a bit like the commands’ and recalled three out of five. The memorability

results are presented in Table 6.5.

6.3.3 Discussion

The findings show that the system that was built using the framework proposed in

Chapter 5 has the potential to be used as a method of interaction as an alternative

to using different ATs that have varying modalities for people who have dysarthria.

The observations about system performance and volume require further investigation.

Although the devices did not detect some of the commands that were uttered quietly,

the fact that the study was conducted remotely and the users were not directly by the

device could have had an effect.

The preliminary findings related to the question of mapping show that participants’

opinions differed regarding mapping customisation. Each group preferred to use the

system in the way they tested it given that they reported it was easier. Group 1 found
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that the mapping made sense whereas Group 2 preferred customisation. A possible

explanation for this variation is what Ellsberg [185] defined as ambiguity aversion.

This concept suggests that individuals prefer known risks to unknown risks. Con-

sequently, participants might have chosen the option they knew and thus avoided the

risk of unknown factors. Therefore, further testing is required to determine whether

user preferences for the pre-mapped and self-mapped systems differ.

In terms of memorability, the results suggest that meaningful mappings enhance recall

capabilities. However, when mappings are done randomly, it becomes more difficult

to remember the information. However, it is worth noting that other factors might

enhance memorability when users create their own mappings rather than doing so in

an arbitrary manner. Therefore, additional research is required to delve deeper into this

aspect.

Table 6.6: Sound–action mapping

Command Voice cue

Light /A/

News /i/

Ring (call) /N/

Music Mmm (humming)

Weather /u/

6.4 Conclusion

This chapter provided details on the design of the Daria system, which was crafted ac-

cording to the recommendations from previous chapters. It delved into the integration

of hardware and software, in addition to the associated machine learning aspects.
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The brain of the system, represented by the Raspberry Pi, demonstrated the capabilities

of a tool that is affordable and readily available. In this system, we employed a clas-

sification model, specifically, a CNN. The CNN exhibited robustness and capability

even when the recordings were made in suboptimal environments. The initial model

struggled to differentiate between similar voice cues, especially when working with

a limited data set. Thus, we adopted an iterative approach of removing and refining

similar sounds, underscoring the pragmatism required for deploying systems in real-

world scenarios. This exposed the challenges in designing a system for this group of

users and the potential difficulties that could be encountered. The primary difficulty

was in recruiting participants who had dysarthria and collecting representative voice

recordings from them.

Furthermore, the process of data collection, specifically, the fact that it was conducted

online in home environments, presents advantages and disadvantages. The advantage

lies in the real-world applicability of the data, because this is the environment in which

the system will be used. However, the lack of controlled recordings conducted in

labs did affect the model’s performance, and better results could have been achieved,

especially using similar voice cues. In addition, although the range of severity among

the participants who contributed to the recordings was valuable, expanding this range

and including a greater number of participants could lead to a more robust and better

system performance across a wider spectrum of cases.

In the preliminary study presented in this section, we discovered that individuals who

had dysarthria found using nonverbal voice cues to be a convenient option. Neverthe-

less, this study does have a limitation: the study was conducted online, so this could

have an effect on the system’s performance. Second, only six participants were in-

cluded in the preliminary testing process. This test was conducted primarily to under-

stand users’ experiences and system performance. Therefore, a larger sample should

be included in future tests to gather more quantitative and qualitative data and conduct

a more insightful analysis on the specific utterances that should be mapped. Despite
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this limitation, the study undeniably contributes to our current understanding of the re-

search topic by providing insightful perspectives on the participants’ experiences and

feedback.

Although the results of this study offer valuable insights into this field, further research

involving more participants is necessary to validate the findings. In addition, a broader

range of evaluation metrics should be employed. This section sets the stage for further

discussions and evaluations in the section to follow.

This chapter leads to the following contribution:

C5 Creating a (currently non-existing) specialised utterances data set.
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Chapter 7

Standardisation in Nonverbal Voice

Cue Interaction

Chapter 6 provided a comprehensive overview of the system requirements and design

for Daria, our nonverbal voice cue interaction system. It also presented the insights

gained from the pilot study. This foundational chapter set the stage for a deeper explor-

ation of Daria’s functionality and potential user experiences. Building on this found-

ation work, this chapter, which aligns with Step 4 of the user-centred design process,

delves into a detailed evaluation phase.

To evaluate and test Daria, a between-subject study was conducted to assess the two

system options. The study tested the system options using two distinct groups. The

first group interacted with Daria using a pre-mapped list of commands, which is the

primary focus of this chapter. The second group used a customised list tailored to their

preferences or needs, which is the focus of Chapter 8. We also compared the non-

verbal interactions using a different modality, specifically eye gaze, for both groups,

which was explored in Chapter 9. The study was divided into different chapters to

allow for an in-depth and comprehensive analysis of each aspect of the study. Unlike

the preliminary study in Chapter 6, which provided initial insights, this study was con-

ducted in person and involved a larger group of participants. This methodological shift

allowed for more robust and nuanced data collection and analysis, offering a deeper

understanding of user interaction with nonverbal voice cue systems. This approach

also aimed to address any limitations identified in the preliminary study, providing a
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more comprehensive evaluation of the system’s performance.

The primary objective of this study was to investigate the usability and user experience

of the Daria system, in addition to providing comparative insights into different user

experiences with the Daria system. By comparing the insights gained from the two

groups and the preliminary findings, we aimed to paint a holistic picture of the Daria

system’s effectiveness and user friendliness. Given that this chapter focuses primarily

on the study using the pre-mapped list group, this chapter aimed to determine how

intuitive and user friendly the pre-mapped list was, analysing its effectiveness in aiding

smooth and efficient user interaction.

Furthermore, in our study, the objective of the comparison between off-the-shelf SVAs

and our proposed nonverbal interaction system was to evaluate and understand the

extent to which each system, a conventional SVA and our nonverbal system, can ac-

commodate the needs of users who have dysarthria. This comparison was crucial to

ascertain which system offers greater accessibility and user friendliness for this demo-

graphic. By analysing the performance of Alexa, which is optimised for verbal inter-

actions, we aimed to establish a baseline of current SVA capabilities. Concurrently, we

assessed the effectiveness of our nonverbal system in providing an alternative means

of interaction. The contrast between these two systems allowed us to identify gaps

in existing technologies and explore how innovations in nonverbal interactions could

potentially enhance the accessibility of SVAs for individuals with dysarthria. This

comparative analysis was not just about evaluating our system in isolation but also

situating it within the broader context of existing SVA technologies and their usability

for people who have diverse communication abilities.

The primary contribution of this chapter is that through the study it provides evidence

that using nonverbal voice cues to interact with SVAs is a viable option. It also suggests

that users would employ nonverbal voice systems if they were made available. This not

only opens new avenues in AT but also underscores the potential for wider adoption of

nonverbal voice systems.
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In this study we assessed:

• the usability of the proposed interaction technique

• the user experience

• the task workload.

Our study aimed to answer the following research questions (RQ):

RQ3: How does the use of nonverbal voice cue interaction techniques affect the user

experience and usability of smart voice assistants?

RQ3.1: How memorable are the nonverbal voice cues for users?

The work in this chapter is under review in the ACM Transactions on Accessible Com-

puting journal. (Paper number 5 in page xvi )

7.1 Methodology

7.1.1 Participants

To ensure the applicability of our system across a broad spectrum of dysarthria sever-

ities, we recruited 20 new individuals who had varying levels of dysarthria to parti-

cipate in this study. These participants were distinct from those involved in previous

chapters, ensuring a diverse perspective on the system’s usability and effectiveness.

All participants had been diagnosed with dysarthria and did not have any cognitive is-

sues. Fourteen participants were male and six were female. Six participants had mild

dysarthria, 10 moderate, and four severe. The severity level was determined by their

speech and language therapists. To maintain consistency and reliability across assess-

ments, all therapists employed the same standardised assessment known as the ‘Motor
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Speech Assessment’. The participants also had various etiologies. All participants

are Arabic speakers, so the study was conducted in Arabic. All participants were pa-

tients at Sultan Bin Abdulaziz Humanitarian City (SBAHC), which is a rehabilitation

hospital [186]. The diversity of our participants in terms of gender, severity of dysarth-

ria and etiology was essential to our study’s objective of developing a system that is

effective and adaptable for a broad spectrum of individuals with dysarthria.

7.1.2 Measures

In this chapter, we expand on the methods used to measure usability, user experience

and workload, building on the initial approaches explored in Chapter 6.

We assessed various attributes of usability, focusing primarily on effectiveness. Ac-

cording to the ISO definition [187], effectiveness is the ‘extent to which planned activ-

ities are realised and planned results are achieved’. To evaluate the effectiveness of the

system’s interaction, we documented the number of times the command was success-

fully executed after the user directed a request to any of the systems. Each command,

including nonverbal voice cues and verbal commands, was repeated five times. For

each command, the user would utter it clearly then wait for the system to execute the

task before repeating the command. The repetition was intended to reduce the effect

of randomness [188]. This was to ensure consistency of the response pattern. This

number is in line with other studies in many domains, in which a range of three to five

repetitions has been commonly used to ensure data reliability without compromising

participant comfort and study efficiency [188–191]. This measure directly reflected the

practical usability of the system in real-world scenarios.

Another important aspect of usability is memorability. We assessed the memorability

of the command mappings 24 hours after the study, choosing this time frame because

SVAs are typically used on a daily basis. This measurement involved calculating the

percentage of correctly remembered mappings. Using the measure, we aimed to under-
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stand how intuitive and user friendly the command mappings were, which is essential

for ensuring long-term user engagement.

For usability, we used the SUS [132,133], which is the most widely used instrument for

testing usability [192] and has been applied in various domains. Notably, it has been

used in studies to measure VUIs [193]. The SUS contained 10 questions and used a 5-

point Likert scale (rating from strongly disagree to strongly agree). This questionnaire

helped us to quantify user satisfaction and identify areas for improvement.

To measure user experience, and gain a comprehensive understanding of it, the SASSI

[134] was used. We selected this questionnaire recommended by [194], in addition

to taking into consideration the suitability of the system. The SASSI consisted of 34

items divided into six categories of user experience design, according to the definition

proposed by [194]. These categories included:

• system response accuracy (nine items): the users’ perceptions of the system as

accurate and therefore doing what they expected

• likability (nine items): the users’ rating of the system as useful, pleasant and

friendly

• cognitive demand (five items): the perceived amount of effort needed to interact

with the system and the feelings resulting from this effort

• annoyance (five items): the extent to which the users rated the system as repetit-

ive, boring, irritating and frustrating

• habitability (four items): the extent to which the users know what to do and what

the system is doing

• speed (two items): how quickly the system responded to user input.

Each of these dimensions was scored using the mean ranges outlined in Table 7.1.

These ranges provided a framework for interpreting the users’ level of agreement with
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each dimension, from strongly disagree to strongly agree. This method of interpreta-

tion helped us to quantify and understand the participants’ experiences with the system

in a structured and consistent manner.

Table 7.1: Mean range and its interpretation
Verbal interpretation Mean range

Strongly disagree 1.00 – 1.85

Disagree 1.86 – 2.71

Slightly disagree 2.72 – 3.57

Neutral 3.58 – 4.42

Slightly agree 4.43 – 5.28

Agree 5.29 – 6.14

Strongly agree 6.15 – 7.00

The third questionnaire we used was the NASA-TLX [135], which is used specifically

to assess the workload required to perform a task. In this questionnaire, the lower

the value, the lower the workload. Given that the NASA-TLX is typically used as a

relative measure to compare results between two tasks, we used this questionnaire to

compare the two systems. The questionnaire contained six questions and each question

covered a dimension of workload: mental demand (How mentally demanding was the

task?), physical demand (How physically demanding was the task?), temporal demand

(How hurried or rushed was the pace of the task?), performance (How successful was

the user in accomplishing what they were asked to do?), effort (How hard did the user

have to work to accomplish their level of performance?) and frustration level (How

insecure, discouraged, irritated, stressed or annoyed was the user?). The dimensions

ranged from low to high, and the performance dimension ranged from good to poor.

This tool was vital for understanding how the system’s usage affected user workload,

an important factor in overall system design and user satisfaction.

Following the completion of the interaction tasks, we conducted a post-study interview

to qualitatively assess the participants’ experiences and gather detailed feedback. The
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interview questions were designed to explore various dimensions of the user experi-

ence. Participants were asked about their perceptions of the mapping process, specific-

ally, its ease of use and any aspects they might not have liked. We also inquired whether

participants had a preference for customising the mapping themselves. In addition, the

interviews sought to understand the participants’ experience with the nonverbal voice

cues, specifically, the choice of sounds and the inclusion or exclusion of certain let-

ters. This qualitative approach aimed to complement our quantitative data, providing

a richer, more nuanced understanding of the participants’ interactions with the system

and their subjective assessments of its usability and effectiveness.

7.1.3 Procedure

Before the study, ethical approval was obtained from both the Cardiff University School

of Computer Science and Informatics Ethics Committee and the SBAHC Review Board.

The study was conducted at a clinic in SBAHC, on a one participant at a time basis,

with each session lasting an hour. Before the study commenced, consent forms were

filled out by the participants. We began by explaining the purpose of the study and

ensuring that participants understood that they could request breaks or stop the study

whenever needed. The study was conducted in three parts: the first to test the usability

and performance of Alexa, the second to test the Daria system, and the third to test the

eyegaze interaction.

In the first part, the participants were instructed to ask Alexa, verbally, to perform five

tasks. It is important to note that Alexa was accessed through a mobile phone because

it supports Arabic, given that all our participants were Arabic speakers. Each command

was repeated five times. After the participants had completed the five tasks, they were

asked to complete three questionnaires: the SUS, the SASSI and the NASA-TLX. The

questionnaires were available in hard copy and soft copy formats, allowing users to

choose the format most suitable for them. We used Alexa on a mobile phone, primarily
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because it supports the Arabic language and all participants were Arabic speakers. This

decision was crucial in ensuring that the participants could interact with the system in

their native language, thus facilitating a more natural and accurate representation of

their user experience with voice-activated technology.

The second part of the study was conducted immediately following the first part. The

participants were instructed to ask Daria, using nonverbal voice cues, to perform five

tasks. It commenced with a 10-minute briefing, during which we explained the system

to the participants and introduced the list of nonverbal voice commands. We explained

the process we followed to map the commands to the actions, in addition to the meta-

phorical concepts they represented. Next, the participants were asked to utter the com-

mands to ensure that they were capable of doing so. After this task was completed, the

system testing process commenced. To accommodate participants, especially those of

older ages who might have faced challenges with reading, we adapted our approach.

Instead of asking participants to read the commands, we verbally communicated each

command to them, in addition to its expected output. We then requested the users to

send commands to the system. Each command was repeated five times. Each time,

we told the participants the command and the expected action. The order of the com-

mands was random. After this exercise, the participants were asked to complete the

same three questionnaires from Part 1 to evaluate the performance of Daria. At the

end, a post-study interview was conducted to gather feedback about the systems. We

asked about their preferences between the two interaction systems and their feedback

about Daria, the nonverbal sounds and the mapping.

Finally, to assess the memorability of the commands, we contacted the participants

24 hours after the session. We employed various approaches in contacting them. For

those who were still admitted in the rehabilitation centre, we approached them directly.

Meanwhile, for those who had been discharged, we reached out via text messages.

During these follow-ups, we asked each participant to recall the nonverbal commands

associated with each action to assess how well they remembered the mappings. It is
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important to acknowledge a practical limitation in this approach: the response times

varied because not all participants replied immediately. This variability in response

times potentially affected the accuracy of the 24-hour recall measure. Future studies

should consider this factor and explore alternative solutions to ensure a more consistent

time frame for assessing memorability, thereby addressing this practical limitation.

7.1.4 Analysis approach

The analysis was divided into five steps. In each step, we analysed the results according

to the suitability of the measurement, using quantitative and qualitative data. The five

steps included:

• user interaction and command success, to determine the success of the interac-

tion with the system in accordance with the number of times the command was

successfully executed

• memorability, to summarise the memorability result

• usability, according to on the SUS results

• user experience, according to the SASSI results

• workload, according to the NASA-TLX results.

To describe the results statistically, we used the Wilcoxon signed-rank test. This is a

scale-free statistical test that is appropriate for smaller and non-normally distributed

data sets. Furthermore, this test is ideal for comparing differences between two related

groups, which aligned with our research design. We used this testing when analysing

the significance difference between two systems when used by the same participants.

We also used the Mann–Whitney U test, a scale-free statistical method that is suitable

for smaller and non-normally distributed data sets. This test is particularly appropriate

for comparing independent groups. We used this test when comparing two groups
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of participants who tested different system options. However, these tests also come

with limitations, such as less statistical power compared to parametric tests, ordinal

interpretation of results, and limitations in handling complex experimental designs.

[195]

7.2 Pre-mapped list group

The results of the preliminary study presented in Chapter 6 revealed a dichotomy in

user preferences for nonverbal voice cue interaction: some users preferred a predefined

and mapped list of nonverbal voice cues and actions whereas another group preferred

customisation. Similarly, the results of the interviews in Chapter 4 showed differences

in users’ preferences. Thus, it is important to focus on each option separately. This sec-

tion focuses primarily on testing the Daria system using a predefined list of mappings.

Understanding the dynamics of this interaction is critical before we delve into custom-

isation in more detail in a subsequent chapter, which then shifts focus to the second

group. This staged approach allowed us to comprehensively explore and compare the

effectiveness and user experiences associated with standardised and customisable in-

teractions within the Daria system.

7.2.1 Participants

This group had 10 individuals who had varying levels of dysarthria. Six participants

were male and four were female. Three participant had mild dysarthria, five moder-

ate, and two severe. The severity level was determined by their speech and language

therapists. The participants also had different etiologies, as shown in Table 7.2. All

participants were patients at SBAHC, which is a rehabilitation hospital [186]. The di-

versity of our participants in terms of gender, severity of dysarthria and etiology was

essential to our study’s objective of developing a system that is effective and adaptable

for a broad spectrum of individuals with dysarthria.
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Table 7.2: Participants details

Participant Gender Severity Age range Diagnosis

P1 Male Severe 25–44 Stroke

P2 Male Mild 18–24 Traumatic brain injury

P3 Female Mild 25–44 Cerebral palsy

P4 Male Mild 25–44 Traumatic brain injury

P5 Male Moderate 65+ Traumatic brain injury

P6 Male Moderate 45–65 Stroke

P7 Male Severe 18–24 Traumatic brain injury

P8 Female Moderate 45–65 Stroke

P9 Female Moderate 18–24 Stroke

P10 Female Moderate 65+ Amyotrophic lateral sclerosis

7.3 Results

User interaction and command success: To assess the effectiveness of the system’s

interaction, we calculated the percentage of successful actions, as shown in Table 7.3.

The upper section presents the results for the percentage of successful nonverbal sound

utterances for each dysarthria severity level and the lower section indicates the percent-

age for the verbal utterances for Alexa.

On average, the rate of success when interacting with Daria was 72% for mild cases,

64% for moderate cases and 66% for severe cases. Notably, the command ‘/A/’ in

nonverbal cues showed a high rate of success across all severities, which indicates its

effectiveness as a command sound. However, the command ‘/i/’ in nonverbal cues

had a notably lower rate of success in severe cases, indicating potential challenges in

articulation for users who have more pronounced dysarthria.

When comparing these results with Alexa, we found that Alexa performed better for

mild cases. We also observed that Daria’s performance remained relatively consistent
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across the severity levels whereas Alexa’s performance varied significantly. Figure 7.1

illustrates the clear decline in Alexa’s rate of success as the level of severity increased.

Specifically, the average rate of success for mild cases using Alexa was 82.67%; for

moderate cases, it was 33.60%; and for severe cases, it was 24%. A statistical ana-

lysis further supported this observation, as presented in Table 7.4, indicating a signi-

ficant difference in the performance of four out of the five commands between Daria

and Alexa. These results demonstrate Daria’s overall better performance and potential

suitability for users who have dysarthria, especially in moderate to severe cases.

Another analysis was conducted (see Table 7.5) to gain insights into the effectiveness

of various nonverbal voice cues. The command ‘aa’ was identified as the most suc-

cessfully recognised voice command by the system, demonstrating significantly higher

rates of recognition than other tested commands. The system appeared to be more

adept at recognising certain nonverbal voice cues (‘A’, ‘hmm’, ‘/u/’) than others (‘/i/’,

‘/N/’). The reason may be that ‘A’ requires less precise tongue and mouth movements.

Figure 7.1: Percentage of successful commands for each severity group

Memorability: To measure the users’ ability to recall the mapping of the sound and
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Table 7.3: Rates of success for individual commands according to severity group

Nonverbal voice cues

/A/ /i/ /u/ hmm /N/ Overall

Mild 80 86.67 60 60 73.33 72

Moderate 80 44 64 68 64 64

Severe 100 10 60 80 80 66

All 84 50 62 68 70

Alexa

Light News Weather Music Call Overall

Mild 86.67 66.67 86.67 80 93.33 82.67

Moderate 32 48 32 24 32 33.6

Severe 40 30 0 40 10 24

All 50 50 42 44 46

command, we calculated the percentage of correctly remembered mapping, which was

80%. This high score indicates that the majority of users was able to remember the

mapping. This observation aligns with the findings from the preliminary study, in

which all participants who tested the system using the predefined mapping list were

able to remember all commands 24 hours after use. Table 7.6 shows the memorability

of each command. Here, 1 indicates correctly recalled mapping and 0 indicates not

recalled mapping. From the table, the most remembered mapping was ‘hmmm’ for

music and ‘/A/’ for turning on the lights whereas the least recalled sound was ‘/i/’ for

news.

Usability: To calculate the SUS score, we followed the procedure described in [132]

taking into consideration negative and positive questions, which should be treated dif-
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Table 7.4: Command success. Significance between Daria (predefined) and Alexa.

The significance level was 0.05..

Command System Mean p-value p-value assessment

Light
Daria 0.840

0.0004 Significant
Alexa 0.500

News
Daria 0.500

1.0000 Not significant
Alexa 0.500

Weather
Daria 0.620

0.0412 Significant
Alexa 0.420

Music
Daria 0.680

0.0233 Significant
Alexa 0.440

Call
Daria 0.700

0.0186 Significant
Alexa 0.460

ferently in analysis.

The system was evaluated positively by the participants. They found it user friendly,

given that the SUS score was 85.75 and thus rated the system as excellent [196]. For

Alexa, the score was 71.5, indicating that users found Daria more usable. The analysis

presented in Table 7.7 yielded significant results (p = 0.027). The bold p-values in this

table and throughout the study indicate significant results.

User experience:

The mean score analysis for Daria, as shown in Table 7.8, revealed that participants

strongly agreed about the speed dimension (mean = 6.45). The participants also agreed

about the accuracy dimension (mean = 5.33) and the likability dimension (mean =

6.09), suggesting that they perceived the system to be fast, accurate and likable. Fur-
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Table 7.5: Significance assessment between voice cues (predefined). The signific-

ance level was 0.05..
Voice cue Mean p-value p-value assessment

/A/ 0.840 <0.001 Significant

/i/ 0.500

/A/ 0.840 0.012 Significant

/u/ 0.620

/A/ 0.840 0.059 Not significant

hmm 0.680

/A/ 0.840 0.071 Not significant

/N/ 0.700

/i/ 0.500 0.257 Not significant

/u/ 0.620

/i/ 0.500 0.095 Not significant

hmm 0.680

/i/ 0.500 0.050 Significant

/N/ 0.700

/u/ 0.620 0.549 Not significant

hmm 0.680

/u/ 0.620 0.371 Significant

/N/ 0.700

hmm 0.689 0.808 Significant

/N/ 0.700

ther, the participants expressed slight agreement with the habitability dimension (mean

= 5.10). For the annoyance dimension, the participants provided a rating of neither

disagree nor agree (mean = 3.80). Finally, the participants disagreed that the system

required a cognitive demand (mean = 2.14). This is a positive result because a higher

score would have reflected a negative perception. In accordance with this analysis, we
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Table 7.6: Mapping memorability
Voice cue P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 # of errors # of recalled mappings

/A/ 1 1 1 0 1 1 1 1 1 1 1 9

/i/ 0 1 0 1 1 0 1 1 1 0 4 6

/u/ 1 0 1 1 1 1 1 1 1 0 2 8

hmm 1 1 1 1 1 1 1 1 1 1 0 10

/N/ 1 1 1 0 1 0 1 1 1 0 3 7

Table 7.7: SUS: significance between Daria (predefined) and Alexa

System Mean Z p-value p-value assessment

Daria (predefined) 3.01
–2.11 0.035 Significant

Alexa 2.78

can conclude that the participants had an overall positive perception of the system.

We also analysed the mean values of the responses when using Alexa, as shown in

Table 7.9. When comparing the results, our system had a more positive rating for the

accuracy and likability dimensions whereas habitability and cognitive demand had an

equal rating. However, Alexa obtained a lower rating for the annoyance dimension.

Further statistical analysis of the data was conducted using the Wilcoxon signed-rank

test, and the results are presented in Table ??, which shows that there were no signific-

Table 7.8: Level of agreement: Daria

Dimension Mean Std. deviation Verbal interpretation

System response accuracy 5.33 0.903 Agree

Likability 6.09 1.234 Agree

Cognitive demand 2.14 1.323 Disagree

Annoyance 3.80 1.360 Neutral

Habitability 5.10 1.088 Slightly agree

Speed 6.45 1.165 Strongly agree
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Table 7.9: Level of agreement: Alexa

Dimension Mean Std. deviation Level of agreement

System response accuracy 4.56 0.934 Slightly agree

Likability 4.46 0.839 Slightly agree

Cognitive demand 2.24 0.970 Disagree

Annoyance 2.34 0.971 Disagree

Habitability 4.70 0.985 Slightly agree

Speed 6.00 1.491 Agree

ant differences between the two systems, given that both were rated as having positive

user experiences. However, there was a significant difference in the likability dimen-

sion, and our system scored higher.

When examining the results concerning the likability dimension of our system, we

observed a similarity between this result and the responses to the post-interview ques-

tions. When asked about their preference for system interaction, seven of the 10 par-

ticipants expressed a preference for Daria. Among these seven participants, two were

categorised as having mild dysarthria, three with moderate dysarthria and two with

severe dysarthria. This diversity in levels of dysarthria severity among the participants

who preferred Daria provided further insight into the system’s appeal across user pro-

files. The other noteworthy finding pertains to the annoyance dimension. Participants

reported a higher level of perceived annoyance associated with Daria. It is important

to note that this analysis was conducted post-study, making it challenging to return to

participants for further clarification on this specific aspect of frustration. Furthermore,

this aspect of frustration was not highlighted in the post-study feedback. However, a

possible explanation for the annoyance could be attributed to two main factors: the

limited customisation options and technical challenges during interaction. In terms of

the customisation, four out of the 10 participants expressed a preference for using the

system that had a customised list. The lack of such customisation options in Daria
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could have led to frustration among users who desired a more personalised interaction.

In addition, instances in which the system failed to detect commands accurately or

misinterpreted them could have further contributed to user annoyance. This highlights

the importance of customisation and accurate command recognition in enhancing user

satisfaction.

Table 7.10: SASSI: significance assessment between Daria (predefined) and Alexa.

The significance level was 0.05..
Dimension System Mean p-value p-value assessment

System response accuracy
predefined 5.33

0.609 Not significant
Alexa 5.20

Likability
predefined 6.09

0.007 Significant
Alexa 4.46

Cognitive demand
predefined 2.14

0.498 Not significant
Alexa 2.24

Annoyance
predefined 3.80

0.007 Significant
Alexa 2.34

Habitability
predefined 5.10

0.284 Not significant
Alexa 4.70

Speed
predefined 6.45

0.128 Not significant
Alexa 6.00

Workload: We hypothesised that nonverbal voice interactions would demand a smaller

workload compared with words and sentences. Consequently, the NASA-TLX [135]

was used to test the amount of workload required for the two types of interactions.

The results are presented in Figure 7.2 and Table 7.11. The figure shows that Daria

required a lower level of workload across most dimensions. However, it is noteworthy

that the workload dimensions of performance and effort were higher for Daria. In

the result for the performance dimension, for which participants rated their degree of

success in accomplishing the task, Alexa scored better than the Daria system. This
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result contradicts the result presented in Section 7.3(User interaction and command

success), which showed that the rate of success when interacting with our system was

greater. This was due to some participants’ commands not being detected because they

spoke at a lower volume and so had to repeat their command. A similar observation

was made in the pilot study discussed in Chapter 6. The repeated instances across

studies underline the need for ongoing improvements, especially in terms of sensitivity

to varying speech volumes. In addition, two participants encountered a similar issue

with Alexa, which timed out before they could complete the task. This could also have

contributed to the result for the effort dimension, in which there was a small difference

between the two systems, specifically, Alexa required less effort (Daria 8.33, Alexa

6.67). Finally, despite these variations in performance and effort, the overall workload

between the two systems showed no significant difference.

Figure 7.2: NASA-TLX results
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Table 7.11: NASA-TLX: significance and effect size between Daria (predefined)

and Alexa.
Dimension System Mean rank Mann–Whitney U p-value p-value assessment Effect size (r) Effect size assessment

Mental demand
Daria 9.95

44.50 0.585 Not significant 0.122 Small
Alexa 11.05

Physical demand
Daria 9.40

39.00 0.234 Not significant 0.266 Small
Alexa 11.60

Temporal demand
Daria 9.50

40.00 0.234 Not significant 0.210 Small
Alexa 11.50

Performance
Daria 10.00

45.00 0.669 Not significant 0.096 Small
Alexa 11.00

Effort
Daria 10.20

47.00 0.786 Not significant 0.061 Small
Alexa 10.80

Frustration
Daria 9.60

41.00 0.400 Not significant 0.188 Small
Alexa 11.40

7.4 Discussion

The study revealed that there was no substantial difference in the average performance

of Daria across degrees of dysarthria severity. This was unlike Alexa, for which per-

formance noticeably declined as severity increased. These findings indicate that Daria

is suitable for users who have varying degrees of dysarthria, as long as they are capable

of producing vocal sounds. Using nonverbal interaction is more effective in moderate

and severe cases. The performance of Daria could be further enhanced through tech-

nological advancements and additional training using a larger data set. In terms of

Alexa, the limitations of this system become more pronounced as the severity of dys-

arthria increased, making it difficult for individuals to generate words and sentences in

interactions.

Concerning the question of memorability, we found that nonverbal voice commands

remained memorable even 24 hours after the study, demonstrating a high rate of recall.

This indicates that meaningful mapping contributes significantly to the memorability

of voice cues. Further, our detailed explanation of the meaning and reasoning behind

these mappings enhanced the users’ ability to remember them. This finding validates

the effectiveness of the mapping process, which was explained in detail in Chapter
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5. These results are consistent with those of [197, 198], who tested the memorability

of earcons and musicons. Their findings highlight the importance of establishing a

meaningful connection between sounds and their associated tasks.

A positive result was also obtained from the usability evaluation. The SUS score was

rated excellent according to the SUS rating. This result was higher than that achieved

for Alexa, one of the leaders in the smart speaker market. A significant difference was

also noted in the results of Alexa and Daria. This finding demonstrates that participants

found the system usable and user friendly and interactions using nonverbal voice cues

were preferred over Alexa. Prior studies [2, 101] have indicated that SVAs still require

improvement to cater for the needs of people who have dysarthria. Although some

prior studies have focused on the accuracy of voice assistants [18,22], to the best of our

knowledge, no study has measured the usability of smart voice assistance for people

who have dysarthria.

The results of the SASSI questionnaire and the interviews align with the results of the

SUS questionnaire. The participants had overall positive perceptions of the dimensions

of the system. The statistical analysis indicated a significant difference in the ‘likabil-

ity’ dimension, and the effect of using nonverbal voice cues in relation to ‘likability’

was high. This result suggests that users would employ nonverbal voice cues for inter-

action if this was available as an alternative.

Another finding is that, in general, Daria scored better for most of the workload dimen-

sions (i.e. mental demand, physical demand, temporal demand and frustration), which

is what we hypothesised. The reported inflexibility and lack of customisation, which

contributed to ‘annoyance’ and ‘frustration,’ will be addressed in future studies.

Finally, this study demonstrated that using nonverbal voice cues to interact with SVAs

is a usable and efficient alternative method. It also revealed that users can recall map-

ping at a high level of accuracy. In accordance with the results of this study, and to gain

a better understanding of the effectiveness of different system options(customisation),

an additional study was conducted, which is described in the following chapter.
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7.5 Conclusion

This chapter expanded our knowledge on the use of SVAs for individuals with dysarth-

ria. It covered commercial off-the-shelf SVAs and an alternative SVA using nonverbal

voice cues, namely, Daria. The study examined usability and user experience when

interacting with both systems.

The study demonstrated how the performance of off-the-shelf SVAs declines with in-

creasing levels of dysarthria severity. However, using nonverbal voice cues remains

consistently effective across various levels of dysarthria severity, presenting potential

suitability for a larger and more inclusive group of users who have a speech impair-

ment. This advancement is particularly notable in nonverbal voice interaction techno-

logy, especially for moderate and severe cases.

In addition, the study addressed the aspect of memorability. It confirmed that the map-

ping approach we followed aided in command mapping retention, making the system

intuitive and more user friendly. Moreover, this can significantly enhance user experi-

ence and memorability.

The current data highlights users’ preferences and their consideration of Daria as being

more usable than Alexa. This finding is significant in the context of designing ATs

that are accessible to a broader range of users. In alignment with this finding, the

user experience questionnaire showed that participants had a positive perception of

various dimensions of the interaction process. Moreover, using nonverbal voice cues,

in general, did not show a difference in workload, indicating that users did not find a

difference in the effort between the interaction methods.

There are aspects of the study that require further investigation. Future researchers

could benefit from asking for more specific feedback, such as the factors contributing

to users’ annoyance and frustration. Moreover, to generalise the findings of this study,

further studies need to be conducted using a larger number of participants and covering

different etiologies and severities.
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Finally, this chapter sets the stage for the next chapter, which explores the effect of

customisation on the interaction experience, thereby broadening our understanding of

effective SVA design for individuals with dysarthria.

This chapter leads to the following contributions:

C6 Analysis of smart voice assistants, revealing the effectiveness of nonverbal

voice cue systems in accommodating diverse dysarthria severities, a signi-

ficant advancement in voice interaction technology.

C7 Validating the effectiveness of our bespoke system, Daria.
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Chapter 8

Customisation in Nonverbal Voice Cue

Interaction

Following the in-depth exploration of nonverbal voice cue interaction using a premapped

list in Chapter 7, this chapter shifts focus to the second group of our between-subjects

study: interaction with the Daria system using a customised list. This chapter con-

tinues the narrative of our comprehensive research into enhancing the usability and

accessibility of SVAs for individuals with dysarthria.

In the previous chapter, various measurements were employed to understand users’ in-

teractions with SVAs when using a pre-mapped list of commands. The results of that

study presented positive usability results and proved the efficacy of the system. How-

ever, according to the findings in Chapter 4, a group of the participants expressed a

preference for system customisation options. This customisation allows participants to

create their own mappings between a given set of sounds and specific actions. Custom-

isation could potentially enhance the system’s intuitiveness and memorability for users.

Moreover, this customisation offers participants the opportunity to map the sounds that

are easier for them to the most frequently used tasks. This can lead to greater satisfac-

tion with the system.

In response, a test using a second group was initiated. This aimed to meet users’ needs

and understand the impact of this customisation on interaction. Specifically, it aimed

to investigate how this flexibility affects the usability, memorability and overall user
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experience of the system for individuals with dysarthria.

Therefore, this chapter represents a continuation of Step 4 of the user-centred design

process, which is evaluation. By understanding the specific needs and preferences of

users who have dysarthria, we can develop more inclusive and effective SVAs. Con-

sequently, this study addressed the following research questions:

RQ3: How does the use of nonverbal voice cue interaction techniques affect the user

experience and usability of smart voice assistants?

RQ3.1: How memorable are the nonverbal voice cues for users?

RQ3.2: How does the usability, user experience and workload differ between

the proposed interaction technique and using verbal interaction

RQ4: What is the impact of allowing customisation rather than standardisation on the

interaction?

The work in this chapter is under review in the ACM Transactions on Accessible Com-

puting journal.

8.1 Method

8.1.1 Participants

In this study, a new group of participants who had dysarthria was recruited, distinct

from those involved in previous chapters, to eliminate potential biases from prior ex-

periences. This approach was particularly important for accurately assessing memor-

ability, a key measure of interest. One of the main measures that would be affected is

memorability. The reasons are as follows. First, when asked about the mapping, par-

ticipants could confuse the mapping from their first experience with that of the second
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one. Second, participants should be unaware that they would be asked to recall the

mapping after the study. A total of 10 individuals who had dysarthria participated in

the study. Eight of the participants were male and two were female. The participants

had different levels of dysarthria severity. Three participants had mild dysarthria, five

moderate, and two severe. The severity level was provided by their speech and lan-

guage therapists. The participants also had different etiologies, as shown in Table 8.1.

All participants were patients at the rehabilitation hospital SBAHC [186].

Table 8.1: Participant details

Participant Gender Severity Age range Diagnosis

P1 Male Moderate 45–65 Spinal cord injury

P2 Male Severe 25–44 Traumatic brain injury

P3 Male Severe 18–24 Traumatic brain injury

P4 Male Moderate 18–24 Traumatic brain injury

P5 Male Mild 45–65 Stroke

P6 Male Moderate 25–44 Traumatic brain injury

P7 Male Moderate 45–65 Stroke

P8 Female Mild 25–44 Cerebral palsy

P9 Female Mild 25–44 Cerebral palsy

P10 Male Moderate 65+ Stroke

8.1.2 Procedure

The procedure was exactly the same as for Study 1 (see Section 7.1.3), in which parti-

cipants asked to send commands to Daria and Alexa, with the exception that we asked

the participants to map each command to an action. To do so, they were given a set of

nonverbal voice commands and a list of actions and were allocated time to conduct the

mapping.
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8.1.3 Results

User interaction and command success: We calculated the average of successful

interactions according to the number of correctly completed tasks. Table 8.2 presents

the results for Daria and Alexa. Starting with Daria, the average rates of success for

participants who had mild and moderate dysarthria (68% and 62.4%, respectively)

were relatively similar; however, the rate of success for Daria was significantly higher

for severe cases (80%). For Alexa, the rate of success was lower for severe cases

(38%) whereas mild and moderate cases had a higher rate of success (57.33% and

41.6%, respectively). In general, the mild cases tended to score higher; however, the

rate of success decreased as the level of severity increased (see Figure 8.1). Table 8.3

presents the significant differences between various voice cues. When comparing the

results with the highest voice cue, specifically, ‘/A/’, we observed that if the rate of

success was lower than 52%, a significant difference started to appear.

Figure 8.1: Percentage of successful commands for each severity group

Memorability: The percentage of correctly recalled mapping was 28%. This indicates

a significant difference between the group who had a predefined mapping from the
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Table 8.2: Rates of success for individual commands according to severity groups.

Nonverbal voice cue

/A/ /i/ /u/ hmm /N/ Overall

Mild 93 20 93 66.7 66.7 68

Moderate 84 28 72 92 36 62.4

Severe 100 80 90 80 70 84

All 90 36 82 82 52

Alexa

Light News Weather Music Call Overall

Mild 53 73 53 53 53 57

Moderate 60 16 32 56 44 41.60

Severe 50 40 40 20 40 38

All 56 38 40 48 46

previous chapter, and its percentage of correctly recalled mapping of 80%, and the

group in this study. This significant variance highlights the impact of mapping type on

memorability. Table 8.4 shows the mapping memorability of each command. Here, 1

indicates correctly recalled mapping and 0 means incorrectly recalled mapping.

Usability: The SUS score for this group was 80.6, which, according to the SUS rating

scale, is considered ‘Good’ [196]. For Alexa, the score was in the same range: also

‘Good’, scoring 81.2. In the statistical analysis (see Table 8.5), we found no signi-

ficant difference between the two systems, which suggests that the two systems are

comparably usable.

User experience: Table 8.6 presents the SASSI questionnaire results for each of the

questionnaire dimensions. Beginning with the dimensions that received the highest
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Table 8.3: Significance assessment between voice cues (custom). The significance

level was 0.05..
Voice cue Mean p-value p-value assessment

/A/ 0.900
<0.001 Significant

/i/ 0.360

/A/ 0.900
0.248 Not significant

/u/ 0.820

/A/ 0.900
0.285 Not significant

hmm 0.820

/A/ 0.900
<0.001 Significant

ing 0.520

/i/ 0.360
<0.001 Significant

/u/ 0.820

/i/ 0.360
<0.001 Significant

hmm 0.820

/i/ 0.360
0.074 Not significant

/N/ 0.520

/u/ 0.820
1.0000 Not significant

hmm 0.820

/u/ 0.820
0.003 Significant

/N/ 0.520

hmm 0.820
0.003 Significant

/N/ 0.520

mean rate, this result indicates that participants strongly agreed with the system’s

‘likability’ (mean = 6.48), ‘accuracy’ (mean = 5.34), ‘habitability’ (mean = 5.88) and

‘speed’ (mean = 5.95) dimensions. However, the mean of the ‘cognitive demand’ di-

mension was very low, which means that the participants strongly disagreed that the
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Table 8.4: Mapping memorability
Voice cue P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 # of errors # of recalled mappings

/A/ 0 1 0 1 0 0 0 1 0 0 7 3

/i/ 0 0 0 1 0 1 0 0 0 1 7 3

/u/ 0 0 0 1 0 0 0 1 1 0 7 3

hmm 0 1 0 0 0 0 0 0 0 1 8 2

ing 0 1 0 0 0 1 0 0 1 0 7 3

Table 8.5: SUS: significance between Daria and Alexa

System Mean p-value p-value assessment

Daria (custom) 4.35
0.719 Not significant

Alexa 4.25

system required a cognitive demand. Finally, participants slightly disagreed with the

‘annoying’ dimension. Having a low mean for these two latest mentioned dimensions

is a positive result because the lower the annoyance and cognitive demand, the better

the system. In summary, participants had a positive perspective about the system.

Table 8.7 presents the comparison between the Daria system and Alexa. According

to the results, the mean for the ‘response accuracy’, ‘likability’ and ‘habitability’ di-

mensions was between 2.72 and 3.75, which suggests that participants slightly agreed

with these dimensions. However, the results were more positive for Alexa for the ‘an-

noyance’ dimension. In terms of ‘cognitive demand’, the results for the two systems

were equal, which shows that participants did not find the system cognitively demand-

ing. When the results were compared with the feedback received from post-interview

questions on the preferred method of interaction between the two systems, six of 10

participants preferred Daria.

A Wilcoxon signed-rank test was conducted, and Table 8.8 presents the p-values di-

mension. There was no significant difference between any of the dimensions, with the
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Table 8.6: Level of agreement for Daria

Dimension Mean Std. deviation Level of agreement

System response accuracy 5.34 0.821 Agree

Likability 6.48 0.810 Strongly agree

Cognitive demand 1.68 0.994 Strongly disagree

Annoyance 3.10 1.851 Slightly disagree

Habitability 5.88 1.042 Agree

Speed 5.95 1.383 Agree

Table 8.7: Level of agreement for Alexa

Dimension Mean Std. deviation Level of agreement

System response accuracy 4.74 1.138 Slightly agree

Likability 5.17 1.485 Slightly agree

Cognitive demand 1.64 1.006 Strongly disagree

Annoyance 1.86 0.755 Disagree

Habitability 5.03 0.901 Slightly agree

Speed 6.80 0.422 Strongly agree

exception of likability, for which Daria scored higher. Overall, the results demonstrate

that the Daria system was more likable than the Alexa system.

Workload: The results of the NASA-TLX questionnaire are presented in Figure 8.2.

As can be seen, Daria required less ‘mental’, ‘physical’ and ‘temporal’ demand and had

a lower ‘frustration’ dimension. For Alexa, the ‘effort’ dimension was slightly lower.

Further, for the ‘performance’ dimension, the participants felt that they completed the

task successfully using Alexa than Daria. The statistical analysis demonstrated that

there was no significant difference between the two systems (see Table 8.9).
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Table 8.8: SASSI: significance assessment between Daria and Alexa. The signific-

ance level was 0.05..
Dimension System Mean p-value p-value assessment

System response accuracy
Custom 5.34

0.201 Not significant
Alexa 4.74

Likability
Custom 6.48

0.028 Significant
Alexa 5.17

Cognitive demand
Custom 1.68

1 Not significant
Alexa 1.64

Annoyance
Custom 3.10

0.114 Not significant
Alexa 1.86

Habitability
Custom 5.88

0.137 Not significant
Alexa 5.03

Speed
Custom 5.95

0.092 Not significant
Alexa 6.80

To further understand these results, we examined the qualitative data collected. The

analysis revealed that six participants encountered issues with Daria, including com-

mands not being detected. This could be attributed to factors such as participants’ low

voice volume. However, one participant experienced problems with Alexa; specific-

ally, the system timed out twice, requiring the user to repeat the command. These

findings may provide a possible explanation for the differences observed in the work-

load results.
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Figure 8.2: NASA-TLX score

8.1.4 Discussion

The study revealed that regardless of dysarthria severity Daria generally achieved a

higher rate of success and better recognition than Alexa. As hypothesised, shorter

phrases, and in our cases nonverbal voice utterances, were more effective to be used

to interact with SVAs. This result aligns with prior studies, which have indicated that

shorter commands are associated with enhanced recognition accuracy [66, 86]. In ad-

dition, studies [2, 158] have shown that the vowel sounds used in Daria are easy to

articulate and within users’ capabilities, allowing for effective detection by the sys-

tem. However, it is worth noting that Alexa performed better in mild cases in study in

Chapter 7.

Another notable observation was the inverse relationship between the results for Alexa

and the severity of dysarthria. As the level of severity increased, Alexa’s performance

tended to decrease. This is explained by the decrease in speech intelligibility associated

with greater dysarthria severity, leading to reduced ASR accuracy [80, 199–201]. It is



8.1 Method 125

Table 8.9: NASA-TLX: significance assessment between Daria (custom) and Al-

exa. The significance level was 0.05..

Dimension System Mean p-value p-value assessment

Mental demand
Daria 91.667 0.317 Not significant

Alexa 90.000

Physical demand
Daria 85.001 0.655 Not significant

Alexa 81.668

Temporal demand
Daria 94.999 0.285 Not significant

Alexa 83.333

Performance
Daria 93.333 0.317 Not significant

Alexa 95.000

Effort
Daria 91.666 0.317 Not significant

Alexa 93.333

Frustration
Daria 88.334 0.655 Not significant

Alexa 81.667

important to note that Alexa was not specifically trained on dysarthric speech. How-

ever, Daria exhibited performance variations across severity levels. As can be seen

in Table 8.2, there was no large difference between the results for mild and moderate

cases in Daria. However, the severe cases reflected notably improved performances.

A possible explanation may be that even individuals who have the same level of dys-

arthria may exhibit variations in voice characteristics. For instance, two users who

have moderate dysarthria may differ in terms of voice volume, that is, one speaks at

a lower volume and the other at a regular volume. Such variations in voice character-

istics can affect the system’s performance. In addition, intra-speaker variability, which

refers to variations in speech within the same speaker, can also influence results, and

this variability tends to increase as severity levels increase [80]. When examining spe-



8.1 Method 126

cific commands, we observed that the ‘/i/’ command had a lower rate of success for

mild and moderate cases but a higher rate of success for severe cases. This could be

caused by the fact that it requires tongue raising [202].

In terms of memorability, the score was lower than in the pre-mapped list study in

Chapter 7. When the participants were asked about their mapping process, all 10 re-

ported that mapping was performed randomly, despite having as much time as they

wanted for mapping. This non-systematic mapping approach made it difficult to as-

sociate the sound with the action, making participants more likely to struggle with

recalling the mapping. The authors of [197, 198] supported this point, highlighting the

importance of establishing meaningful connections between mapping elements to en-

hance memorability. Interestingly, the study conducted by [197], which employed ear-

cones as navigation cues, demonstrated that some participants attempted to construct

meaning from the sounds to help them to recall the sounds, even though the sounds

were abstract and had no direct association with the task. The conclusion drawn from

this study, combined with the results of Chapter 7, emphasises the significance of map-

ping between sound and action to promote higher recall scores. Such mapping would

not necessarily need to be predetermined; users could be provided with guidance or

training on how to create a mapping that would make sense to them.

When analysing the usability data, the results indicate that the SUS scores for the

Daria system and Alexa were almost identical and there was no significant difference

between the two systems, suggesting that the usability of the two is nearly identical.

Therefore, the results suggest that the presence of a customisation option did not have a

significant positive or negative impact on usability when compared with Alexa, which

does not offer customisation.

In contrast, from the post-interviews, six out of the 10 participants reported a prefer-

ence for a pre-mapped system for various reasons. First, it allowed them to directly use

the system without the need for additional set-up. Second, a pre-mapped system was

perceived as being easier to use. Third, it offered a faster user experience by elimin-



8.1 Method 127

ating the mapping step. Finally, it provided independence because users did not need

assistance from others to perform the mapping.

However, the participants who preferred the customisation option highlighted that it

would help them to remember the mappings and tailor the system to their preferences.

In accordance with the results of this study and the results of Chapter 4, it can be

concluded that users generally prefer a fast, direct and easy-to-use system that offers

independence rather than relying on external assistance. However, there is a subset of

users who value customisation because it aids the memorability of answers and aligns

with personal preferences.

A positive outcome was obtained from the user experience questionnaire, indicating

higher scores for Daria than Alexa in terms of likability. This finding is consistent with

the post-study interviews, in which seven out of 10 participants expressed a preference

for Daria over Alexa. The participants reported that Daria was less tiring, did not re-

quire them to speak, could understand their requests and was easy to use. However, the

three participants who preferred Alexa cited different reasons, such as the availability

of the system on mobile phones and more advanced technology.

The SASSI questionnaire revealed different effect levels. For the ‘habitability’ dimen-

sion, there was a higher favourability towards Daria (r = 0.41). However, for the speed

dimension, there was a favourability towards Alexa (r = 0.13), which was expected

given that Alexa is a commercial product that has been on the market for several years.

In terms of the workload questionnaire, similar to the results of Group 1, there was

no significant difference. Future research will be conducted to further understand this

result.

The section that follows explores the difference between Daria used through a pre-

mapped list, as described in Chapter 7, and users customising the system themselves,

as described in this chapter.
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8.2 Overall discussion of pre-mapped study and cus-

tomisation study combined

In accordance with the results of the study using the two groups, it is evident that the

group using a predefined list had a higher percentage of participants who remembered

the commands after 24 hours (80%) than the group that performed its own mapping

(28%). Thus, users were able to recall the mapping more effectively when the map-

ping was predefined than when asked to map them themselves. Consequently, various

recommendations emerged depending on the customisation option. If the mapping is

predefined, system designers should ensure that the mapping is meaningful and un-

derstood by the user. This could be achieved by providing a guide with the system,

which could be in written format or video format, for example. The same could apply

to systems that have a user customisation option. Users should be educated about the

importance of meaningful mapping and how it affects usability, possibly through a user

guide. However, it is still necessary to examine the effects of using the system over

multiple days and how this might influence memorability despite having meaningful

mapping.

Another finding is that having predefined mapping is substantially more user friendly.

The results indicate that the SUS score of the first group (Study 1) was higher where

the interpretation of the score was ‘excellent’ (SUS = 85.7) whereas the second score

(Study 2) was ‘good’ (SUS = 80.6). Various factors contributed to the pre-mapped

system being more usable. As mentioned in the preceding sections, users preferred a

ready-to-use system that could be directly used without the need for additional set-up

or dependence on someone else. This preference was statistically significant in Study

2, in which a distinct difference emerged in the physical demand dimension. This

demonstrates that the group from Study 2 required greater physical effort to perform

the tasks. However, this was not the case for other workload dimensions. The negative

effects of customisation have been discussed in the literature. Prior studies have found
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that customisation may require more time and effort from users, thereby decreasing

usability [203, 204]. Although these studies were conducted on different systems and

VUIs, the concept of having an additional step before using the system remains the

same. Moreover, it has been found that there could be a trade-off between immediately

using a system and allowing time to customise it [205, 206]. Other studies that focus

on speech assistance have indicated that there is an inverse correlation between user

satisfaction, usability and the effort expended to complete a task [207].

Turning to user experience, there was no significant difference between the two sys-

tems. Thus, the user experience in general was positively similar. This result was

expected because the two systems were identical after the mapping step. The only

difference we found was in the habitability option: the ‘habitability’ dimension had a

medium effect, indicating that users were more familiar with the system’s behaviour

when using the custom option. This could suggest that during the study although the

users still remembered their mapping, they better understood what the system would

do. Focusing on the ‘annoyance’ dimension yielded contradictory results in Study 1;

specifically, annoyance with Daria was higher than with Alexa whereas the frustration

dimension in the NASA-TLX exhibited the opposite. The results in Study 2 differed:

the ‘annoyance’ level in the SASSI was not significant and Daria scored lower ‘frus-

tration’ levels in the NASA-TLX.

Finally, the results of the NASA-TLX presented in Table 8.10 for the two groups show

a significant difference only for the physical demand dimension, specifically, that the

custom option required greater ‘physical demand’.

8.3 Conclusion and future work

This chapter provided a comprehensive analysis of the efficacy of nonverbal voice cue

interaction in the Daria system, focusing on the use of a customised list. The findings

have significant implications for the design and application of ATs for individuals with
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Table 8.10: NASA-TLX: significance assessment and effect size for Study 1 and

Study 2.
Dimension System Mean rank Mann–Whitney U p-value p-value assessment Effect size (r) Effect size assessment

Mental demand
Predefined 10.90

46.00 0.627 Not significant 0.109 Small
Custom 10.10

Physical demand
Predefined 8.30

28.00 0.039 Significant 0.461 Medium
Custom 12.70

Temporal demand
Predefined 10.30

48.00 0.842 Not significant 0.045 Small
Custom 10.70

Performance
Predefined 10.95

45.50 0.675 Not significant 0.094 Small
Custom 10.05

Effort
Predefined 10.10

46.00 0.720 Not significant 0.080 Small
Custom 10.90

Frustration
Predefined 10.50

50.00 1.000 Not significant 0.000 No effect
Custom 10.50

dysarthria.

The findings reinforce the idea that establishing meaningful connections between voice

cues and actions is crucial for enhancing memorability, thereby improving the overall

usability of the system. In addition, the results suggest that customisation, although

beneficial in certain contexts, may not always be the preferred option, especially for

people who have dysarthria. The need for additional steps or dependence on others

for customisation can inadvertently increase the physical effort required and reduce the

user’s sense of independence. The primary takeaway from this study is the significance

of designing SVAs that are not just accessible but also thoughtfully adaptable to meet

the varied needs of users who have speech impairments. This approach will ensure that

SVAs can be used effectively by a broader spectrum of users, maximising utility and

user autonomy.

This study sets the groundwork for future research into these interaction techniques.

Future work includes creating a wider range of command to provide users with a bet-

ter experience when using SVAs. Deeper studies could focus on the memorability of

commands to understand their retention over longer periods or the impact of various

types of training on system usage. Future researchers should also continue to seek to

optimise the balance between ease of use, customisation and overall user satisfaction.
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Finally, to generalise these results, larger groups should be involved in system testing

to gain richer feedback.

The contribution of this study lies in:

C6 Analysis of smart voice assistants, revealing the effectiveness of nonverbal

voice cue systems in accommodating diverse dysarthria severities, a signi-

ficant advancement in voice interaction technology.

C7 Validating the effectiveness of our bespoke system, Daria.
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Chapter 9

Evaluating Eye Gaze Interaction and

Voice Command Modalities

This chapter shifts focus to the third part of the study, which compares non-verbal in-

teraction using a different modality: eye gaze. Our theis up to this point has focused

primarily on verbal and nonverbal voice interactions. However, given the complex

nature of dysarthria and the wide range of abilities among this group of users, we

recognised the need to compare our approach to a different modality beyond voice.

Considering that dysarthria can deteriorate to a level at which the user might have

full motor disability, the most logical alternative to explore was eye gaze interaction.

Therefore, we decided to test interaction using eye gaze to understand how this mod-

ality compares with the other Daria and Alexa. By doing this, we acknowledged the

multifaceted nature of dysarthria. Consequently, we incorporated eye gaze interaction

into our research paradigm, expanding our exploration of accessible communication

technologies for individuals who have varying degrees of dysarthria.

This chapter aimed to determine how the usability of each interaction method—namely,

direct speech commands through Alexa, nonverbal voice cues through the Daria sys-

tem and eye gaze control—vary for individuals with dysarthria when interacting with

SVAs. These methods were chosen for their potential to accommodate the varying

communication capabilities of individuals with dysarthria, ensuring a broad and in-

clusive approach to enhancing their interaction with SVAs. By evaluating the usability

of various interaction methods, this study will help to inform a more comprehensive
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approach to future research efforts. Understanding the strengths and limitations of each

method will enable us to enhance and optimise these technologies in parallel. This will

also affect the daily lives of individuals by offering them greater independence and

ease of communication.

Notably, the eye gaze interaction test was conducted in the same session as the between-

subject tests described in the previous chapters, 7 and 8. This approach was taken to

ensure consistency in participant experience and facilitate direct, immediate compar-

ison among the interaction methods. However, it also posed unique challenges, such

as managing potential fatigue effects, which were carefully considered in our study

design and analysis.

The first interaction method involved using speech. Users directly sent commands to

the SVA by uttering a sentence command, for example, ‘Alexa, what is the weather

today?’. The second method used nonverbal voice cues in the Daria system. The

third method employed eye gaze control, in which users controlled a tablet connected

to the SVA using only their eyes. These methods were chosen for their potential to

accommodate the varying communication capabilities of individuals with dysarthria,

ensuring a broad and inclusive approach to interaction with SVAs. Understanding the

strengths and limitations of each method enabled us to enhance and optimise these

technologies. Usability measures for each modality were assessed according to the

ISO, which defines usability as the ‘extent to which a product can be used by specified

users to achieve specified goals with effectiveness, efficiency and satisfaction in a spe-

cified context of use’ [187]. Furthermore, the workload required for each interaction

was also evaluated.

The work in this chapter has been previously published in Applied Sciences Journal [1].
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9.1 Background

Although SVAs are mainly controlled through voice, they could also be controlled

through other modalities to overcome the challenges faced by people who have dys-

arthria. A recommendation by Masina [17] has suggested that systems may use addi-

tional modalities to overcome the voice accessibility issue for people who have speech

impairments. In this study, we evaluate interaction with SVAs using eye gaze because

people who have dysarthria usually do not suffer from issues with eye movement or

visual impairment thus using eye gaze technology is a practical option for them [208].

Eye gaze technology works by tracking eye movement to determine the eye gaze posi-

tion, which enables users to perform various actions. For example, if the user looks at

the light button, the light is turned on. This could be through detecting dwell time or

blinking, depending on the eye-tracking device setting.

To date, there is a relatively small body of literature that is concerned with the usability

of eye gaze systems when used by people who have speech impairments in general and

dysarthria in particular [209–211]. Donegan [212] explored some aspects of usability

by examining user satisfaction and how eye gaze can affect the quality of life of people

who have disabilities. This study pointed out that users were satisfied with the use of

eye gaze and it did have a positive impact on their daily lives. Similarly, a study by

Najafi [213] also evaluated the use of eye gaze devices. In addition to receiving user

feedback on the use of the device, it evaluated the issues that may occur from using

these devices and the adjustments that are required to be able to use them efficiently.

Recently, Hemmingeeon and Borgestig [209] used surveys to assess the usability of

eye gaze technology for people who have physical and communication impairments.

The results reported that most of the participants were satisfied with using eye gaze in

controlling computers and it was efficient to use.



9.2 Study 135

9.2 Study

9.2.1 Method

In this study, we measured usability, effectiveness, satisfaction and workload. As in

previous chapters, the usability attribute measured the effectiveness of interacting with

the system. This was measured by the SUS.

The effectiveness attribute measured the user’s ability to complete a task (task success

rate). The task was considered successful if the SVA replied or correctly performed

the requested command. The success was recorded during the study and confirmed by

video recordings.

The satisfaction attribute measured user satisfaction with the system. It could be meas-

ured through various methods; however, in this study we measured it qualitatively and

quantitatively. We measured it using the SUS questionnaire, in addition to post-study

interviews to receive feedback.

Finally, given that we aimed to compare three interaction options, we considered the

workload required to perform the tasks. This was measured by the NASA-TLX ques-

tionnaire. This questionnaire contained six questions. Each question covered a dimen-

sion of workload: mental demand, physical demand, temporal demand, performance,

effort and frustration level.

9.2.2 Participants

Eight of the participants who had dysarthria participated in this section of the study.

These participants also participated in the studies discussed in previous chapters. How-

ever, we could not conduct the study with all participants for various reasons. Some

participants had issues with their eyes or vision, or the eye-tracking device did not

work effectively for them because of uncontrolled head movements caused by different
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Participant Gender Severity Age range Diagnosis

P1 Male Mild 25–44 Traumatic brain injury

P2 Male Mild 45–65 Stroke

P3 Female Mild 25–44 Cerebral palsy

P4 Male Moderate 45–65 Spinal cord injury

P5 Male Moderate 25–44 Traumatic brain injury

P6 Male Severe 25–44 Stroke

P7 Male Severe 25–44 Traumatic brain injury

P8 Male Severe 18–24 Traumatic brain injury

Table 9.1: Participants’ details

cases of dysarthria. None of the participants had cognitive issues, ensuring that their

responses and interactions with the systems were solely influenced by their dysarthria

condition. All the participants were patients at SBAHC. Participants were adults of

various ages, ranging between 18 and 65, and had varying levels of dysarthria sever-

ity. The level of severity was provided to us by the language and speech therapists of

the patients. Although all participants had experience using voice technologies, none

had prior exposure to eye-tracking systems. Table 9.1 provides details about the parti-

cipants.

9.2.3 Set-up and Equipment

The study occurred in a clinic in the medical city. For testing the verbal interactions,

we used Alexa on a mobile phone, primarily because it supported the Arabic language

and all participants were Arabic speakers. To test the nonverbal voice interactions,

we employed the Daria system. Finally, to test the eye gaze interactions, we used

the Tobii Eye Tracker 4C, an off-the-shelf eye tracker from one of the leading eye-

tracking companies [214]. This eye tracker was compatible with Windows PCs and
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easy to use. The tracker was affixed magnetically to the bottom of a laptop screen. For

the eye-tracking interactions, the key components were the eye-tracker device and a

HTML web page that contained buttons. Each button represented a command. This

page was connected to the Raspberry Pi through the RabbitMQ message broker. The

user interface of this HTML page was designed in accordance with guidelines that

recommend large buttons to ensure ease of selection and interaction [215].

During the study, participants were asked to instruct the devices to perform five tasks.

These tasks were turning on the lights, playing music, playing the news, calling someone

and asking about the weather. First, the participants verbally asked Alexa to perform

these five tasks. The order of the tasks was randomised and varied for each participant.

Next, the participants switched to Daria, and they gave commands using nonverbal

voice cues. Finally, they tested the eye gaze system.

When the participants used the eye tracker, a bar containing buttons appeared at the

top of the screen, as shown in Figure 9.1. A red circle, functioning as a cursor (see

Figure 9.1), also appeared, positioned on the second item from the left on the bar,

which participants controlled using their eyes. Participants were instructed on how to

use the tracker, including identifying which buttons represented the left-click mouse

function and the confirm button. The users were required to first select the mouse click

button and then, once this bar disappeared, needed to choose (Figure 9.2) one of the

boxes that appeared on the screen using the cursor. Each box represented a command.

Once the user pointed to one of the boxes, it would be highlighted and the action would

be performed.

After each part, the participants filled out the SUS and the NASA-TLX questionnaire.

At the end of all three parts, post-study interviews were conducted to ask about their

preferences among the three systems.



9.3 Results 138

Figure 9.1: Eye-tracker control bar

9.3 Results

9.3.1 SUS

The SUS result for Alexa was 79.06. According to the SUS rating scale this is equival-

ent to ‘Good’. For the Daria system, the score was 84.68. This score is also equivalent

to ‘Good’. Finally, for the eye gaze system, the score was 52.81, which indicated that

the evaluation was ‘OK’.

To compare the three approaches, a statistical analysis was conducted using the Fried-

man test, which is suitable for small sample sizes and comparing the same subjects.

The results indicated that there was a significant overall difference between the options.

To better understand these differences, we conducted a pairwise statistical analysis us-

ing the Wilcoxon test. This test revealed significant differences when comparing the

eye gaze approach with the Daria system (p = 0.011), favouring the Daria system.
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Figure 9.2: Selecting a command

Moreover, there was a significant difference between the eye gaze approach and Alexa

(p = 0.011), in which Alexa was favoured. There was no significant difference between

the Daria system and Alexa. To further understand how these usability scores related

to the workload experienced by participants during the interactions, we turned to the

NASA-TLX assessment.

To further understand how these usability scores related to the workload experienced

by the participants during the interactions, we turned to the NASA-TLX assessment.

9.3.2 Workload

Given that the NASA-TLX is commonly used to compare results between tasks, we

used this questionnaire to evaluate the differences between the three systems. In this

questionnaire, a lower score indicated less workload and effort, which translated to
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better results. The averages are presented in Figure 9.3. Starting with mental demand,

Daria had the least demand, followed closely by Alexa and then the eye gaze inter-

action, which showed a significant difference to the other two. In terms of physical

demand, Alexa scored the lowest, followed by Daria, which had only a slight differ-

ence. However, the eye gaze interaction imposed a notably higher level of demand.

For temporal demand, the pattern was similar to that of mental demand: Daria scored

the lowest, followed by Alexa and then the eye gaze interaction. In terms of perform-

ance, which is how successful the user was in accomplishing what they were asked to

do, Alexa had the lowest score, then Daria, showing a marginal difference, and the eye

gaze interaction, which had a significantly higher level of demand. Finally, considering

effort and frustration, Daria had the lowest score, followed by Alexa and then the eye

gaze interaction.

Similarly to the statistical analysis for the SUS, the Friedman test was used to determ-

ine whether there were statistically significant differences in the workload scores across

the three interaction methods (see Table 9.2). The test revealed statistically significant

differences in physical demand (p = 0.003), performance (p = 0.040) and effort (p =

0.011); however, no significant differences were found for mental demand (p = 0.174),

temporal demand (p = 0.054) and frustration (p = 0.244).

To understand the specific differences between each pair of methods, we conducted a

Wilcoxon test for the categories that had significant Friedman results (see Table 9.3).

For physical demand, the pairwise comparison showed significant differences in favour

of Alexa over eye gaze interaction (p = 0.024) and Daria over eye gaze interaction (p =

0.025), indicating that Daria and Alexa required less physical effort than the eye gaze

method. Similarly, for temporal demand, significant differences were noted between

Daria and eye gaze interaction (p = 0.020), in which Daria required less time to per-

form tasks. For performance, there was a significant difference between Daria and eye

gaze interaction (p = 0.041). Participants found themselves to be more successful in

performing the tasks using Daria. For effort, a significant difference was found again
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in favour of Daria over eye gaze interaction (p = 0.018), suggesting that Daria interac-

tions demand less effort from users. Similarly, Alexa required less effort than the eye

gaze method (p = 0.042).

These findings suggest that for individuals who have varying degrees of speech impair-

ment, nonverbal and verbal voice command methods (Daria and Alexa) may impose a

lower workload and be more accessible than eye gaze interaction methods. However,

it is noteworthy that no significant differences were found between Daria and Alexa,

indicating that the two voice-based interaction methods performed similarly in terms

of workload.

Figure 9.3: NASA-TLX workload

9.3.3 Task success rate

When the interaction with the system was successful, that is, when the action was

performed by the SVA, this was considered a successful interaction. Given that it was

difficult to control the number of attempts using the eye gaze interaction, we did not fo-
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Category System Mean rank Chi-square p-value p-value assessment

Mental demand

Daria 2.25

3.50 0.174 Not significantEye gaze 1.63

Alexa 2.13

Physical demand

Daria 2.31

11.47 0.003 SignificantEye gaze 1.25

Alexa 2.44

Temporal demand

Daria 2.44

5.85 0.054 Not significantEye gaze 1.38

Alexa 2.19

Performance

Daria 2.31

6.42 0.040 SignificantEye gaze 1.44

Alexa 2.25

Effort

Daria 2.50

8.96 0.011 SignificantEye gaze 1.25

Alexa 2.25

Frustration Daria 2.38

2.82 0.244 Not significantEye gaze 1.69

Alexa 1.94

Table 9.2: Workload: significance between three interaction systems. Friedman’s

analysis of variance was used for overall comparison. The significance level was

0.05..

cus on the number of attempts; if the device detected the command, no matter after how

many attempts, this was counted as a success. Given that there were five commands

and eight users, the total number of successful attempts was 40 if all commands were

successful for each user. For interacting with Daria, 38 interactions were successful

out of 40. For Alexa, 33 were successful, and for eye gaze, 13 were successful.
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Category System Mean p-value p-value assessment

Mental demand

Daria 93.75
0.223 Not significant

Eye gaze 43.75

Daria 93.75
0.317 Not significant

Alexa 77.08

Eye gaze 43.75
0.223 Not significant

Alexa 77.08

Physical demand

Daria 93.75
0.025 Significant

Eye gaze 52.08

Daria 93.75
0.317 Not significant

Alexa 95.83

Eye gaze 52.08
0.024 Significant

Alexa 95.83

Temporal demand

Daria 89.58
0.020 Significant

Eye gaze 64.58

Daria 89.58
0.285 Not significant

Alexa 87.50

Eye gaze 64.58
0.205 Not significant

Alexa 87.50

Performance

Daria 93.75
0.041 Significant

Eye gaze 62.50

Daria 93.75
0.655 Not significant

Alexa 89.58

Eye gaze 62.50
0.242 Not significant

Alexa 89.58

Effort

Daria 95.83
0.018 Significant

Eye gaze 43.75

Daria 95.83
0.564 Not significant

Alexa 93.74

Eye gaze 43.75
0.042 Significant

Alexa 93.74

Frustration

Daria 89.58
0.068 Not significant

Eye gaze 64.58

Daria 89.58
0.461 Not significant

Alexa 77.08

Eye gaze 64.58
0.498 Not significant

Alexa 77.08

Table 9.3: Pairwise workload statistical analysis and significance. The significance

level was 0.05..
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9.3.4 Preferences

Participants were asked to share their preferences across the three systems. Five par-

ticipants preferred the Daria system, citing its ability to accurately understand their

utterances and the ease of use. One participant specifically appreciated that it did not

require pronouncing challenging letters, such as ‘R’.

Two participants favoured Alexa, including one who had moderate and one who had

mild dysarthria, explaining that they were comfortable with it and capable of articu-

lating words and sentences using this system. However, for some participants, using

Alexa was not preferred because continuous speech was found to be tiring, particularly

for those who had more severe forms of dysarthria in which prolonged speaking can

be physically demanding.

Meanwhile, one participant (moderate dysarthria) preferred the eye gaze interaction,

valuing the option to interact without the need to use voice. However, two participants

(P5, P1) reported that the eye gaze system was not their preferred choice because of

the discomfort caused by the laser from the tracker, which was uncomfortable or even

painful for their eyes. In addition, the effort required to accurately control the eye gaze

system was mentioned.

This feedback sheds light on the diverse experiences and preferences of participants

for each interaction modality. A breakdown of participants’ preferences and their re-

spective diagnoses is provided in Table 9.4.

9.4 Discussion

This study contributes significantly to the field of HCI and the accessibility of HCI

technologies. By examining three distinct HCI methods—direct speech commands,

nonverbal voice cues via the Daria system and eye gaze interactions—our study not

only revealed their effectiveness, usability and participant preferences but also provided
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Table 9.4: Participant preferences for assistive communication systems
Preference Participant Diagnosis

Alexa
P1 Mild

P5 Moderate

Daria

P2 Mild

P3 Mild

P6 Severe

P7 Severe

P8 Severe

Eye gaze P4 Moderate

a comprehensive comparison of these methods. These findings are highly valuable for

future researchers in this field and contribute to the development of more inclusive and

accessible communication technologies.

The diverse preferences expressed by the participants in our study revealed a nuanced

picture of interactions with SVAs. Our findings indicate a preference for the Daria sys-

tem among most participants, which was attributed to its ease of use and adeptness at

understanding commands. This preference was particularly notable among participants

who had severe dysarthria, suggesting that Daria’s design is well suited to users who

have significant speech impairments. This finding shows how using nonverbal voice

cues, which is within users’ capabilities, aligns with Wobbrock’s principles, specific-

ally, ability-based design principles [31], for creating systems in accordance with the

strengths and capabilities of users, thereby enhancing accessibility. However, Alexa

was preferred by participants who had milder forms of dysarthria, indicating its ef-

fectiveness for users who can articulate clearer speech patterns. Eye gaze interaction

was uniquely valued by one participant who had moderate dysarthria, highlighting its

potential as an alternative communication method for those who find voice-based in-

teraction challenging.
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These preferences correlate with our findings on usability, which indicate that SVAs

which use verbal or nonverbal commands are more usable than those using eye gaze

interactions. This increased usability arises from the relative ease of speaking and

the ability of the device to understand speech. In addition, prior studies, such as that

of [32, 33], have indicated that voice interactions are closely aligned with natural hu-

man communication patterns. Further, users who have dysarthria prefer to use their

voice to the maximum extent. However, this finding contradicts that of [216], who

found that participants rated the usability of eye gaze interactions with SVAs as ex-

ceptional, providing an average SUS score of 92.5. However, the limited scope of this

study, which focused on a single user who had a disability, raises questions about the

generalizability of the findings. Another study, [217], found that users who had a motor

disability (but provided no information on their speech ability) gave eye gaze interac-

tions an average SUS score of 78.54, which is higher than our result but lower than that

of [216]. A broader participant base in future studies could offer more comprehensive

insights into the usability of eye gaze systems.

The alignment of user preferences with usability scores in our study resonates with

the technology acceptance model [218] and the unified theory of acceptance and usage

of technology [219]. These models emphasise ease of use and effort expectancy as

critical factors in technology adoption. This was confirmed by our findings, in which

participants gravitated towards systems that offered greater ease of use and less effort,

reflecting a natural inclination to technologies that align with their individual abilities

and communication preferences.

In addition, interacting through voice is likely to be a more intuitive and natural method

[220], even for individuals who have impaired speech capabilities [33]. However, it is

important to consider the influence of participants’ lack of prior experience with the

eye-tracking device and the Daria system. None of the participants had previously used

these systems, introducing significant factors that may have affected system usability,

including the intuitiveness required to use the system and the learning curve associated
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with unfamiliar technologies [221]. Although the Daria system, which uses nonverbal

voice commands, relies on the inherent familiarity most individuals have with vocal

communication, thus making it more intuitive, eye-tracking systems may require a

steeper learning curve because of their unconventional interaction mode. Therefore,

these factors may influence the overall usability of each system for first-time users

[222], underscoring the importance of considering the novelty and intuitiveness of HCI

technologies in their evaluation.

These findings are further supported by our workload results, which offer important

insights into the experience of users who have dysarthria when interacting with vari-

ous technologies. The data show that eye gaze interactions involve considerably more

effort across several dimensions. This higher level of workload suggests that although

eye gaze interactions remain a viable option for individuals with dysarthria, especially

those who have severe cases, the extensive demands may affect this technology’s prac-

ticality and acceptance for long-term use. This has been noted in prior studies [223],

suggesting that the burdensome nature of eye gaze interactions may extend to other

populations who have similar challenges.

Further, the perceived effectiveness and reduced effort associated with voice-based

interactions suggest a higher likelihood of long-term acceptance and use. Their ease of

use and lower physical and mental demands position these methods as more sustainable

and practical for individuals with dysarthria. This aligns with the broader goal of ATs,

which is to enhance quality of life through user-friendly and efficient solutions [224].

Therefore, our findings underscore the critical need to consider workload and user

effort as key factors in the design and implementation of HCI methods, specifically, in

terms of ATs for individuals with dysarthria.

These findings were also reflected in the success rate, which was higher for interactions

that were more usable and required less effort. Participants who had varying levels of

dysarthria severity preferred using their voices to interact with SVAs. This finding

aligns with that of [32, 33], who found that users prefer using their voices as much as



9.5 Conclusion 148

possible.

Our study offers valuable insights into the interaction preferences of individuals with

dysarthria. It serves as a foundation for further research in this area. To build on these

initial findings, future studies could benefit from exploring a wider range of participant

experiences, enhancing the generalisability and depth of the research. In addition,

investigating the learning curve associated with various interaction systems, especially

for users who are new to eye gaze technology, would provide a more comprehensive

understanding of how user familiarity affects effectiveness.

9.5 Conclusion

This study uncovered the effectiveness and user experience of various interaction meth-

ods used by individuals with dysarthria. It also revealed users’ preferences among these

techniques. The preferred interaction for most users was found to be the Daria system,

especially for those who had severe dysarthria, owing to its ease of use and effective

command recognition. This underlines the potential of nonverbal voice cues in enhan-

cing accessibility for users who have significant speech impairments. In addition, the

study identified challenges with eye gaze interaction, especially in terms of usability

and workload, and noted that it required more effort than the other two methods.

However, the study revealed that participants who had milder forms of dysarthria fa-

voured voice-activated systems, such as Alexa, indicating their suitability for those

who can articulate clearer speech patterns. This preference emphasises the need for

HCI technologies to cater to varying levels of speech ability.

Finally, this chapter was instrumental in understanding how individuals with dysarth-

ria interact with various types of SVAs and the factors that influence their usability and

user experience. These insights are invaluable for guiding future technology develop-

ment to better meet the diverse communication needs of individuals with dysarthria.

For individuals who have mild or moderate dysarthria and can still use Alexa and for
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those who have mild, moderate and severe dysarthria and can use Daria, as well as

for those who have severe cases and cannot use voice-based systems such as Alexa

or Daria, eye trackers emerged as a crucial alternative. In addition, future studies

will focus on further investigating these methods of interaction by using larger groups

and collecting more comprehensive data. This will not only aid in understanding all

methods of interaction more thoroughly but also assist in refining and expanding the

systems.
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Chapter 10

Discussion and Conclusion

This thesis presented work exploring the accessibility of SVAs for individuals with

dysarthria. It did so by introducing the technique of using nonverbal voice cues to

enable individuals with dysarthria to interact with SVAs. This chapter concludes the

thesis by revisiting the research questions laid out in Chapter 1. The results of this

research, including the literature review in Chapter 2 and the studies in Chapters 4, 7, 8

and 9, are combined and discussed to show how they answered the research questions.

This study aimed to determine the efficacy of interaction modalities, including non-

verbal voice cues, in controlling SVAs for individuals with dysarthria through four

research questions:

RQ1: How do individuals with dysarthria currently use smart voice assistants, and

what are their experiences with these devices?

RQ2: Can a standardised vocabulary that aligns with their unique speech capabilities

and the range of sounds they can produce be developed for individuals with

dysarthria?

RQ3: How does the use of nonverbal voice cue interaction techniques affect the user

experience and usability of smart voice assistants?

RQ3.1: How memorable are nonverbal voice cues for users?

RQ3.2: How does usability, user experience and workload differ between the

proposed interaction technique and verbal interaction?
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RQ4: What is the impact of allowing customisation rather than standardisation on the

interaction?

Three studies were conducted to answer the research questions. Chapter 4 described

the interview study (Study 1). This chapter aimed to explore the challenges encountered

by individuals with dysarthria when using SVAs and to obtain feedback on the pro-

posed interaction modality involving nonverbal voice cues. The results of this study

led to (a) the design of the interaction framework presented in Chapter 5 and (b) the

design of the Daria system described in Chapter 6. After designing the system, we

conducted a preliminary study (Study 2), which served as an initial test to gather early

feedback and make necessary adjustments. Following these steps, we conducted our

between-subject study (Study 3), described in Chapters 7, 8 and 9. These chapters in-

vestigated the usability and user experience of the nonverbal voice cue interaction and

provided comparative insights into user experiences with Daria. To further investigate

user preferences and compare this interaction method with another interaction modal-

ity, we extended the study to compare the usability of Daria and verbal interaction with

eye gaze interaction.
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Figure 10.1: Alignment of thesis chapters with corresponding research questions

10.1 Review of research questions and contribution

RQ1: How do individuals with dysarthria currently use smart voice assistants, and

what are their experiences with these devices?

To explore the experiences of individuals with dysarthria using SVAs, we initially con-

ducted a literature review. This review, presented in Chapter 2, aimed to identify the

current state of the literature and understand the gaps in the field. To address spe-

cific questions about how individuals use SVAs, we detailed an interview in Chapter

4. Moreover, we conducted a study to observe individuals’ use of off-the-shelf SVAs,

presented in Chapters 7 to 9.
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In the literature review, we analysed prior studies on this topic, gaining insights into

their outcomes. Our findings indicated a limited exploration of how individuals with

dysarthria interact with SVAs. In addition, studies on ASR have consistently shown

lower accuracy rates for individuals with dysarthria compared with those without. Con-

tributing factors include the difficulties in designing systems that accurately understand

dysarthric speech and the challenges in collecting recordings from individuals with

dysarthria, since longer sessions can increase their fatigue.

After presenting the findings from our literature review in Chapter 2, which revealed

significant gaps in the current understanding of SVA usage by individuals with dys-

arthria, we designed our studies to directly address these shortcomings. The limited

exploration of individuals with dysarthria’s interactions with SVAs and the challenges

in ASR technology, as highlighted in prior studies, formed the basis of our investigat-

ive approach. Our Study 1, detailed in Chapter 4, was specifically structured to delve

into these under-researched areas. By conducting interviews with individuals who had

dysarthria, we aimed to not only address the research gap but also provide empirical

data that could lead to the development of more inclusive and effective voice assist-

ant technologies. This methodological choice was a direct response to the need for

user-centred research in this field, a gap identified in the literature review.

The interviews not only addressed the gaps identified by our systematic review but

also responded to the inquiries raised by Cave [225]. In his scoping review, Cave high-

lighted the absence of studies investigating the specific commands used by individuals

who have ALS, a condition associated with dysarthria, when interacting with SVAs.

Moreover, this review underscored the lack of studies examining the use of SVAs by

this particular user group, including explorations of their expectations. One notable

point in Cave’s review is the omission of detailed information about the condition of

users in prior studies—an aspect that our study also addressed.

In Study 1, we identified a need for individuals to independently use these devices,

noting that users are restricted to commands they can articulate clearly. Our findings
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pinpoint major issues, such as timing out, fatigue and the specific nature of speech

impairment. However, the insights we gained extend beyond Study 1. The studies

described in Chapters 7 to 9 also contribute significantly to answering our first research

question (RQ1). In these studies, we evaluated the use of off-the-shelf SVAs, such as

Alexa, by individuals with dysarthria. We observed how these individuals interact with

SVAs and conducted an analysis focused on the success rate—specifically, how often

the device correctly understood their speech out of five attempts.

In addition to the findings mentioned, our study revealed that individuals with dys-

arthria often rely on intermediary devices to facilitate their use of SVAs. This reliance

on additional technology underscores a critical need for independence in the use of

SVAs. The intermediary devices, although helpful, introduce an extra step in the inter-

action process, potentially complicating the user experience and possibly exacerbating

issues such as timing out and fatigue. This reliance on intermediary devices reflects

the current limitations of SVAs in directly accommodating the unique speech patterns

of individuals with dysarthria.

Our studies, particularly those described in Chapters 7 to 9, demonstrate that although

off-the-shelf SVAs such as Alexa are capable of recognising speech, their effectiveness

declines with the complexity of speech impairments. This restricts users to commands

they can articulate clearly. In addition, this requires the use of intermediary devices,

which can limit the spontaneity and ease of use, because the additional step of using

an intermediary device may affect the user experience.

In light of these observations, future SVA designs may aim to reduce the need for inter-

mediary devices by being more accommodating and sensitive to diverse speech impair-

ments. Enhancing the direct interaction capability of SVAs would empower users who

have dysarthria to use these devices more independently and efficiently. This could

involve using various interaction techniques. Such advancements in SVA technology

would not only enhance autonomy and ease of use for individuals with dysarthria but

also represent a significant step towards creating truly inclusive and accessible digital
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environments.

These results highlighted a distinct experience for people who have dysarthria com-

pared with those without. When comparing success rates, we found that device per-

formance deteriorated in line with the severity of dysarthria. Notably, the success rate

was less than 50% for moderate to severe cases. However, there were differences in

the results for mild cases between the studies, which had a variance of approximately

30%.

Consequently, we conclude that although Alexa may not be effective for moderate and

severe cases of dysarthria, it could be useful for those who have mild cases. This

finding is comparable to the Ballatie [22] study, which tested recordings of moderate

dysarthria using three virtual assistants and found that comprehension by the device

varied in accordance with the severity of the condition; however, moderate dysarthria

could still be understood by these devices.

RQ2: Can a standardised vocabulary that aligns with their unique speech capabilities

and the range of sounds they can produce be developed for individuals with

dysarthria?

A key part of the design of the nonverbal voice cue interaction was developing a

vocabulary for interactions with the system. In addressing RQ2, this thesis navigated

the design of a standardised vocabulary for individuals with dysarthria, as detailed in

Chapters 4 and 5. Chapter 4 laid the groundwork by exploring the unique challenges

and preferences of individuals with dysarthria in using SVAs. Being asked about their

preferences with regard to voices underscored the need for alternative interaction meth-

ods tailored to their capabilities. The insights gained from this qualitative study were

pivotal in informing the design choices that followed.

Building on these findings, Chapter 5 introduced ‘Daria’, a nonverbal voice cue sys-

tem designed specifically for individuals with dysarthria. This chapter exemplified a

user-centred design process, in which the chosen voice cues not only were aligned with
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users’ preferences but also ensured ease of production and clear acoustic distinction.

In line with ability-based design principles [31], this approach effectively utilised the

unique abilities of individuals who had dysarthria. By concentrating on their capabil-

ities, such as producing specific vowels and nasal sounds, we crafted a more inclusive

and powerful interaction technique. This approach aligned with Wobbrock’s [31] ad-

vocacy for creating systems in accordance with the strengths and capabilities of users,

particularly those who have diverse abilities, thereby enhancing accessibility and em-

powerment.

The work in Chapters 4 and 5 focused on the creation of a new vocabulary of non-

verbal voice cues. This vocabulary considered the varied speech capabilities of users

and offered a customisable yet standardised method for interacting with SVAs. The

sound–action mapping framework established in this thesis, which integrated natural

mapping principles and everyday life metaphors, represents an innovative approach to

intuitive and memorable interactions for users who have dysarthria. This vocabulary

could be used as the basis of a command language in which these sounds could be

combined.

In summary, this thesis addressed RQ2 and expanded the discourse surrounding ac-

cessible technology. By acknowledging and catering to the unique speech capabilities

of individuals with dysarthria, this study makes a significant contribution to enhancing

their autonomy and engagement with technology. However, it is important to note that

this work has only tested and generated a limited vocabulary, which may not encom-

pass the full range of sounds or communication needs of all individuals with dysarth-

ria. The framework and vocabulary developed provide a foundation for future research

and development in creating more inclusive and empathetic technological solutions.

Further expansion and refinement of the vocabulary is necessary to ensure its broader

applicability and effectiveness. In addition, the practical application and effectiveness

of this vocabulary were further demonstrated in subsequent chapters, showcasing its

real-world applicability and impact.
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RQ3: How does the use of nonverbal voice cue interaction techniques affect the user

experience and usability of smart voice assistants?

One of the goals of this study was to develop an alternative usable interaction tech-

nique. The results of the preliminary study in Chapter 6, and the study focusing on

different groups in Chapters 7and 8, demonstrated that nonverbal voice cues are more

effective for individuals who have moderate and severe dysarthria. Also, this technique

is preferred because of its simplicity and ease of use. This finding suggests a potential

re-evaluation of only having verbal commands in SVA systems, and suggests the pos-

sibility of exploring new avenues in designing voice interaction technologies that are

more inclusive.

In terms of the high success rate, the study highlights a significant finding: nonverbal

voice cues had higher success rates in recognising commands from individuals with

dysarthria, particularly in moderate to severe cases. This is a notable difference from

standard voice recognition models that rely on verbal commands. Nonverbal cues are

often shorter for individuals with dysarthria to articulate clearly. This clarity leads

to higher levels of recognition accuracy, making the interaction more accessible and

less frustrating for the user. The study not only underscores the general effectiveness

of nonverbal voice cues but also highlights that certain specific sounds perform better

than others. For instance, sounds that are easier to produce and require less articula-

tion, such as vowel sounds or hums, had notably higher rates of recognition. This was

attributed to their simplicity and the lower degree of motor control required to produce

them, which is particularly beneficial for individuals with dysarthria and who may

struggle with articulation. Specifically, our results showed that the highest recognised

nonverbal voice cues were /A/ and /N/. However, this study also revealed a limitation in

the current system’s ability to consistently recognise a wider range of nonverbal cues.

Some sounds were less accurately recognised, indicating a need for further system op-

timisation to enhance recognition capabilities across a broader spectrum of nonverbal

sounds. Future studies could focus on optimising the system to better recognise all
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sounds.

RQ3.1: How memorable are nonverbal voice cues for users?

Results showed that the first group, which interacted using predefined mappings, ex-

hibited significantly higher rates of recall (80%) for the commands and actions than

the other group, which created its own mappings (28%). This suggests that when a

system offers a set of established voice-command mappings, users may focus more on

learning and remembering these associations than on the creation process. This relates

to the concept of mental spaces [226], which involves a cognitive process in which

users construct understanding by connecting new information to existing knowledge.

By designing our mappings to align with mental spaces that were familiar to users, we

enhanced the memorability of the interactions [160, 226]. These mappings, system-

atically developed, had a logical or intuitive structure that potentially resonated more

naturally with the users’ way of thinking. This could have contributed to the better

memorability and smoother interaction experience.

However, customisation required users to create their own mental spaces by merging

elements from various domains to create a new, emergent structure. This can be more

challenging and less intuitive, leading to lower recall efficiency. Additionally, in our

studies, several participants indicated that they approached the mapping process ran-

domly when creating their own voice-command associations. This random approach

can exacerbate difficulties in recall because it lacks the deliberate, logical structure

that aids in memorisation [197, 198, 227]. The cognitive effort required to establish

and remember self-created associations between voice cues and actions seems to have

outweighed the potential benefits of customisation. This is a critical insight for design-

ers because it suggests that even if customisation is provided to users, it should not

offer too much freedom without adequate guidance or structure to help create system-

atic and meaningful mapping. For example, users could be provided with guidance or

training on how to create a mapping that makes sense to them [197, 198].
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Although the comparison of memorability between the two approaches was limited,

this finding could contradict other work, such as the study by Nacenta et al. testing the

memorability of hand gestures [228]. In their work, user-defined gestures were found

to be more memorable than predesigned or random gestures. The study noted mem-

orability differences, as users perceived user-defined gestures as requiring less time

to learn. This difference could be attributed to the nature of the interactions, namely,

gestures versus voice cues. Moreover, in our study, the groups of participants were

exposed to different interaction techniques (nonverbal voice cues) and their responses

were compared. This between-subjects design ensured that each participant experi-

enced only one type of interaction, reducing the potential for learning or fatigue effects

from one condition to influence the performance in another. However, it also meant

that individual differences between participants could have had a more significant im-

pact on the results, because each condition was tested using a different group of people.

Nacenta et al.’s within-subjects design involved the same participants experiencing all

gesture types (user-defined, predesigned and random). This approach allowed for a

direct comparison of each condition within the same individual, controlling for inter-

participant variability. Participants in their study could provide a more direct com-

parison of their experiences and preferences for each gesture type because they were

familiar with all of them. However, this design can introduce learning effects, in which

the experience in one condition might influence performance in subsequent conditions.

Future work could involve comparing a third approach, which would involve giving

users a predefined but randomly mapped list. This would be compared with logically

mapped and customised options. Such a comparison would provide deeper insight into

what exactly affects memorability.

RQ3.2: How does usability, user experience and workload differ between the pro-

posed interaction technique and verbal interaction?

The studies collectively suggest, according to the SUS results (SUS score = 85.75; see

Section 7.3), that the nonverbal voice interaction technique, exemplified by the Daria
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system, offers a more accessible and user-friendly alternative to conventional verbal

interactions for users with dysarthria (SUS score = 71.5). One of the key advantages of

this technique is its reduced speech complexity. Nonverbal cues are simpler and easier

to use than structured speech, as evidenced in our studies, making them particularly

suitable for users who have dysarthria and may face challenges in articulation, breath

control and pronunciation.

In addition, the Daria system showcased consistent usability across various levels of

dysarthria severity. This contrasted with the performance of systems such as Alexa,

which declined according to the increased severity of speech impairment. Such consist-

ency underscores the adaptability and reliability of nonverbal interactions for a broader

range of users. In Study 3 with the predefined option, Daria’s accuracy rates for users

who had mild, moderate and severe dysarthria were 72%, 64% and 66%, respectively

(see Section 7.3). Alexa’s performance varied more significantly in accordance with

dysarthria severity: 82.67% for mild, 33.6% for moderate and a notable drop to 24%

for severe cases. The custom group (see Section 8.1.3) reinforced these patterns: Daria

maintained similar levels of accuracy across the severity categories (mild: 68%; mod-

erate: 62%; severe: 80%), whereas Alexa’s performance is (mild: 57.33%; moderate:

41.6%; severe: 38/%).

Moreover, the study results indicate a preference among users for pre-mapped voice

and action associations, given that 12 out of 20 participants favoured this approach.

This preference stemmed from the importance users placed on systems that emphas-

ised and leveraged their capabilities rather than focusing on their limitations. The pref-

erence for pre-mapped voice and action mappings indicates that users value simplicity

and directness in interactions, which are crucial for usability. The results of Study 3

using the predefined group extend these findings by showing the Daria system’s con-

sistent usability across various levels of dysarthria severity, contrasting with the varied

performance of Alexa. This suggests that nonverbal interactions offer a more uniform

and potentially more accessible user experience. The results of Study 3 using the cus-
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tomised group highlight that although customisation is theoretically appealing, it does

not necessarily translate into enhanced usability. Users showed a preference for the

straightforwardness of pre-mapped systems, emphasising the importance of immedi-

ate ease of use.

In terms of user experience, the Daria system was evaluated positively in several di-

mensions, including speed, habitability and likability. Participants found the system to

be fast, habitable and likable, indicating a high level of satisfaction with the interaction

process. When compared with Alexa, the likability dimension showed a significant

difference (see Sections 7.3 and 8.1.3), indicating that Daria was more likable. In

addition, 13 out of 20 participants preferred Daria over Alexa. This preference was

particularly notable among users who had moderate to severe dysarthria, suggesting

that nonverbal cues were more accommodating to their needs. However, there was a

significant difference in the annoyance dimension, in which Daria scored higher. This

could be because of a preference for customisation or instances in which the system

did not detect commands. When examining this dimension with Group 2, we found no

significant difference between Daria and Alexa in this domain, which could indicate

that the frustration was due to the missing customisation option. The impact of allow-

ing customisation versus standardisation on interactions is further explored in the later

section that discusses RQ4.

The study’s comparison of Alexa and eye gaze technologies provides essential bench-

marks for evaluating the Daria system. Although Alexa was more effective in mild

cases of dysarthria, its performance dropped significantly as severity increased, high-

lighting the need for more adaptive ASR systems. Eye gaze technology, although a

viable alternative, was shown to require a higher level of cognitive and physical work-

load, making it less suitable for prolonged use, especially in severe cases.

We also covered the workload of the tasks through the NASA-TLX results, offering

a comprehensive view of the user workload associated with each interaction method.

Interestingly, unlike our hypothesis, there was no significant difference in workload



10.1 Review of research questions and contribution 162

between the two interaction methods (verbal and nonverbal voice cues). Although we

hypothesised that shorter commands would require less workload, the equivalence in

workload highlighted the effective design of nonverbal voice cue systems . It sug-

gested that these systems have been designed to be as intuitive and user friendly as

traditional verbal interaction systems. This observation might also indicate that verbal

and nonverbal interactions align well with the natural interaction dynamics of users.

It suggests that nonverbal cues, although different from conventional speech, are still

within the comfort zone of users, allowing them to interact with the technology without

experiencing additional cognitive or physical strain. The similarity in workload may

also indicate that the two systems are balanced in terms of cognitive demand. Despite

the differences in interaction style, neither system overwhelms the user, suggesting a

well-considered balance between functionality and usability.

When comparing the workload with eye gaze interaction (see Section 9.3), we found

that there was a significant difference in the physical, temporal, performance and ef-

fort dimensions. The reason, as mentioned earlier, is that interacting through voice is

likely to be a more intuitive and natural method [220], even for individuals who have

impaired speech capabilities [33]. However, it is important to consider the influence

of participants’ lack of prior experience with the eye-tracking device and the Daria

system. None of the participants had previously used these systems, introducing sig-

nificant factors that may have affected system usability—specifically, the intuitiveness

required to use the system and the learning curve associated with unfamiliar techno-

logies [221]. However, there was a significant difference in physical demand between

the predefined and customisation groups. This was explained by the additional steps

required before using the system. This is further explained in the next section.

RQ4: What is the impact of allowing customisation rather than standardisation on the

interaction?

Various findings on customisation emerged from this work, as discussed under the

previous research questions. The main finding is the physical demand that accompanies
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the generation of a user’s own custom voice–action mapping, as demonstrated in the

significance difference analysis presented in Section 8.2. For instance, the process of

customisation could involve speech, fine motor skills and sustained attention. These

actions can be particularly fatiguing for individuals with dysarthria who might already

be dealing with muscle fatigue and coordination challenges. The physical exertion

required in such scenarios is not limited to speech production but extends to the overall

interaction with the device, including touchscreen navigation or button presses.

These studies collectively indicate a strong preference among users with dysarthria

for pre-mapped voice and action mappings. This preference suggests that these users

may favour a more standardised approach to voice interaction in which they are not

required to engage in the potentially complex and demanding task of customising their

interactions.

In conclusion, although there is a strong indication that users who have dysarthria

might prefer pre-mapping because of the reduced physical demand, the benefits of

customisation in enhancing user experience, accessibility and empowerment cannot be

overlooked. This highlights the need for future studies to explore the balance between

providing a user-friendly, standardised system and allowing sufficient customisation to

meet the varied needs and preferences of individual users. Achieving this balance is

crucial for enhancing the overall interaction experience for individuals with dysarthria

using SVAs.

10.2 Recommendations for System Designers

Based on the findings of this thesis, we present the following recommendations for

designers of nonverbal voice cue interaction systems, especially for use by those who

have dysarthria:

- Meaningful voice cue mapping: Designers should focus on developing meaningful

and intuitive mappings, which are built on the natural associations between sounds and
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actions. This will result in a system that is easy for users to remember and use. For

instance, in the mapping presented in this thesis, the humming sound is linked to the

music function. This means that when users hum, the system recognizes this sound and

plays music. This example demonstrates how associating the sounds with the actions

can create an easy-to-use interface that enhances the user experience by leveraging

natural sound-action relationships.

- Guidance for Customisation: For systems that are customisable, users should be sup-

ported with clear instructions for creating meaningful and intuitive mappings. This

could be done by incorporating information that makes users aware of the importance

of the logical mapping is likely to significantly enhance user experience. For example,

user manuals, tutorials or other forms of instructional content. By offering these re-

sources, users can better understand how to customize the system to their preferences

and needs. It could also help the users to maximise the benefits and usability of the

system.

- Simplicity in design: Some users prefer pre-mapped systems or plug-and-play solu-

tions that do not require additional setup. Accordingly, designers should develop sys-

tems that are ready and easy to use. This means the user can use the system without

complex configurations or multiple steps to prepare the system. It needs to be as

straightforward as possible, which helps to reduce user frustration.

- Balancing customisation and usability: Although customisation is an important fea-

ture, it is crucial to balance this with usability. Designers should aim to simplify the

customisation process as much as possible. This could involve creating user-friendly

guides that help users through the customization process. An example is providing de-

fault settings that users can easily adjust. This means allowing customization without

sacrificing ease of use.

- Physical effort consideration: The results highlight that customisation requires higher

levels of physical effort. While designing interaction systems for individuals with dys-

arthria, designers should strive to minimize the physical effort needed to customise the
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system. For example, the configuration process should be streamlined to avoid mul-

tiple steps, making it as straightforward as possible. It should also be designed so that

users do not require the assistance of another individual or, if necessary, keep such

assistance to a minimum. Additionally, for example, the customization should not rely

heavily on voice input, as this may be challenging for individuals with dysarthria.

- Long-term user engagement: Designers should explore methods to maintain usability

and user satisfaction over extended periods. Designers should, therefore, study how

users interact with a system over time and introduce adjustments as needed to ensure

sustained effectiveness and user engagement.This could be achieved through several

strategies, such as conducting longitudinal studies to observe how users’ interactions

and satisfaction levels change over time.

- Testing and feedback: Systems should be tested by diverse users, with different

types,levels of dysarthria. This diversity in testing is crucial to ensure that the sys-

tem is accessible and effective for a broad range of users. Incorporating user feedback

should enhance the system’s usability and user experience. Feedback can be collected

through different approaches, such as iterative design, surveys, and usability testing.

These recommendations will allow system designers to develop more effective, user-

friendly and inclusive voice-assisted technologies that better serve the needs of indi-

viduals with dysarthria.

10.3 Limitations and future work

This study presents several limitations that pave the way for future research. First, the

current study was constrained by a relatively small vocabulary, which may not have

fully addressed the wide range of sounds or communication needs of all individuals

with dysarthria. Future studies should aim to generate a larger, more comprehens-

ive vocabulary, potentially including multiple voice sounds, to broaden the system’s

inclusivity and applicability. Moreover, future studies should consider exploring the
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effect of different languages in the interaction. Second, one of the limitations is the

lack of multiple iterations to improve the design. Future work should consider devel-

oping and testing new models to enhance performance and better address the needs

of individuals with dysarthria. Third, the testing of the system focused primarily on

individual voice cues, leaving the exploration of combinations of voice cues as a future

area of study. Investigating how users interact with a system using combinations of

voice cues could more closely mimic natural speech patterns and offer richer interac-

tion possibilities. Additionally, this thesis has not released the experimental data as

there are plans for further analysis and publications, but further work should be careful

when considering the statistical tests used in this thesis. Future work should ensure

that the chosen statistical methods are appropriate for the data characteristics and re-

search design, and consider the limitations of non-parametric tests in terms of power

and complexity handling. For research exploring a new area, as this thesis did, it is

arguably legitimate to over-test (also called the multiple comparisons problem) while

we look for possible noteworthy but provisional results (see e.g. tables 7.4, 7.5, 7.10,

8.3, 8.8, 8.9, 9.2, 9.3). Subsequently, for future work, one should put the statistical test-

ing on a more rigorous basis now this thesis provides data to better formulate explicit

null hypotheses *before* undertaking new experiments. Cairns [229] is an excellent

reference on the issue and solutions.

Moreover, most testing in this thesis was conducted in controlled environments, which

may not accurately reflect users’ everyday contexts. Long-term testing in users’ homes

is necessary for a more comprehensive understanding of aspects such as memorability

and usability in real-world settings. Such in situ studies would provide insights into

how systems integrate into the daily lives of individuals with dysarthria, revealing new

challenges and opportunities for system refinement over time. Another limitation of

this work is that most of our participants were male, which could have an impact on

the results.
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10.4 Conclusion

This thesis investigated the efficacy of various interaction modalities, including non-

verbal voice cues, for controlling SVAs by individuals with dysarthria. It aimed to en-

hance the accessibility of interactions with SVAs and establish a framework for design-

ing effective interaction methods. The study comprehensively explored how individu-

als with dysarthria use SVAs, developed a standardised vocabulary tailored to their

unique speech capabilities and evaluated the impact of nonverbal voice cues on user

experience and system usability. The findings demonstrate a pronounced viability and

preference for this interaction technique in individuals who have moderate to severe

dysarthria, highlighting its simplicity, ease of use and high rates of success in system

recognition. These findings underscore the potential for a wider adoption of nonverbal

voice systems to improve accessibility for those who have speech impairments.
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Appendix

Appendix A

Interview Questions

1. About Dysarthria

(a) Can you tell me a brief history about your case with dysarthria?

(b) Could you describe your speech after having dysarthria?

(c) How do you feel when you are speaking?

(d) How does dysarthria affect your daily life?

2. Coping with dysarthria

(a) What technologies are you using to cope with dysarthria?

(b) Do you have/use a virtual home assistant? (If yes: What do you use these
devices for? If No: Why you do not use it?)

3. The proposed system

(a) (after explaining the concept of non-verbal interaction) Do you think using
nonverbal voice cues will be convenient?

(b) What non-verbal voice cues can be convenient for you to utter?

(c) Would you prefer having a predefined list of commands or having the abil-
ity to program your own commands?

(d) Are we willing to record non-verbal sounds to be used in building our sys-
tem?
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