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Abstract

Spoken dialogue systems (SDSs) are increasingly integrated into everyday life, appearing in forms
such as embodied robots, in-car systems, and, most commonly, digital voice assistants (DVAs) like
Amazon Alexa, Apple’s Siri, and Google Assistant. Despite their widespread use, conversational
breakdowns remain inevitable and problematic. Repair strategies, defined as system responses
designed to recover from such breakdowns, play a crucial role in shaping user experience. While
prior research has focused on technical solutions and the development of effective repair strategies,
limited attention has been paid to how user characteristics influence preferences and perspectives
on communication repair strategies in voice-based interactions.

This thesis addresses this gap by examining how user characteristics shape preferences and
perspectives on repair strategies in goal-oriented tasks. Specifically, it considers (a) cultural back-
ground (high- vs. low-context cultures), (b) interaction language (native vs. non-native), and (c)
individual-level factors. To achieve this, the thesis begins with a systematic scoping review, followed
by two user-centered empirical studies. The overarching goal is to provide a deeper understanding
of how user characteristics influence repair strategy preferences and perspectives, thereby informing
the design of adaptive SDSs that deliver improved user experiences.

The scoping review synthesized the literature on repair strategies in SDSs and produced two
comprehensive frameworks: one categorizing system-initiated repair strategies and another ad-
dressing user-initiated repair strategies. Building on these foundations, the first empirical study
examined how cultural background influences preferences by comparing users from the United King-
dom and Saudi Arabia. The second empirical study examined the influence of interaction language
(native vs. non-native) alongside individual-level factors, including prior experience and computer
self-efficacy, on repair strategy preferences. Complementing these quantitative studies, a qualita-
tive investigation using semi-structured interviews explored user perspectives on communication
breakdowns and repair strategies when interacting with SDSs.

Overall, the findings reveal cultural differences, particularly in preferences for elaborative and
explanation-based repair strategies. However, the effects of interaction language and individual-level

factors often outweighed cultural influences. The qualitative insights provided deeper explanations

xvii



of these preferences, highlighting how contextual factors and task demands shaped user perspectives
on breakdowns and repair. Collectively, this thesis extends the theoretical understanding of repair
strategies in SDSs and offers practical recommendations for developing adaptive, user-centered

systems that are sensitive to cultural, linguistic, and individual diversity.
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Part 1

Introduction, Background, and

Systematic Scoping Review



Chapter 1

Introduction

1.1 Motivation

Spoken Dialogue Systems (SDSs) play a critical role in enabling natural and efficient human-machine
interaction through speech. These systems come in various forms, including embodied robots, in-
car systems, and most commonly digital voice assistants (DVAs) such as Amazon Alexa, Apple’s
Siri, and Google Assistant. Due to their intuitive, hands-free nature, SDSs have become a widely
adopted mode of interaction with digital devices in everyday settings. However, despite their
growing popularity, SDSs often struggle to manage complex or ambiguous dialogues, frequently
leading to communication breakdowns. In response to these challenges, research has increasingly
focused on developing effective communication repair strategies, which are essential for improving
system performance and enhancing user satisfaction and trust.

As SDSs continue to be deployed globally and support multiple languages, they serve a highly
diverse user base. Despite their growing use, communication breakdowns remain common, and
relatively little is known about how users from different cultural and linguistic backgrounds prefer
SDSs to handle such breakdowns. This highlights a gap in our understanding of how repair strategies
should be adapted to accommodate user diversity.

The aim of this thesis is to investigate how user characteristics, including (a) cultural background
(high- vs. low-context cultures), (b) interaction language (native vs. non-native), and (c) individual-
level factors, influence user preferences and perspectives toward communication repair strategies
in SDSs. Specifically, this PhD thesis seeks to answer the overarching question: How do user
characteristics influence user preferences and perspectives on communication repair

strategies in SDSs during conversational breakdowns?



1.2 Context

In this thesis, SDSs are examined within the context of goal-oriented task scenarios, where users
interact with DVAs such as Amazon Alexa or Apple’s Siri to accomplish specific objectives such
as booking a flight. DVAs are the most widely used and familiar form of SDSs, making them a
practical and relevant focus for studying real-world interaction patterns. While SDSs can support
multiple interaction modalities, this thesis focuses exclusively on voice-based interaction, with no
visual feedback, to isolate the effects of spoken communication. In this context, the term user
characteristics refers to a combination of sociocultural factors, including cultural background and
interaction language, and individual-level factors, such as demographics, computer self-efficacy, and
prior experience with technology and DVAs. The aim of this PhD thesis is to investigate how these
user characteristics influence user preferences and perspectives on communication repair strategies

during interactions with DVAs.

1.3 Research Questions

In order to provide the answer to the overarching question: How do user characteristics
influence user preferences and perspectives on communication repair strategies in
SDSs during conversational breakdowns?”, this thesis investigates the following research sub-

questions concerning user preferences and perspectives in repair strategies of SDSs.

1. RQ1: What are the state-of-the-art strategies of conversational breakdown when interacting
with SDSs? (Systematically reviewed in Chapter 3)
e RQla: What types of user-facing strategies are employed by SDSs to repair breakdowns?
e RQ1b: What strategies or tactics do users apply to repair breakdowns in SDSs?
e RQlc: What research methods have been utilised to investigate and evaluate repair

strategies in SDSs, and what are the defining characteristics of SDSs in this context?

2. RQ2: How does users’ cultural background influence their preference for communication

repair strategies in DVAs? (Quantitatively explored in Chapter 5)
e RQ2a: Which repair strategies are preferred in low-context cultures when a conversa-
tional breakdown occurs with DVAs?
e RQ2b: Which repair strategies are preferred in high-context cultures when a conversa-

tional breakdown occurs with DVAs?

3. RQ3: What is the influence of interaction language and individual-level user characteristics

on user preferences for repair strategies in DVAs? (Quantitatively explored in Chapter 6)



4.

e RQ3a: Which repair strategies are preferred by users when interacting with a DVA in

their native versus non-native language during goal-oriented tasks?

e RQ3b: How do individual-level factors, such as (a) computer self-efficacy, (b) prior expe-
rience with technology and DVAs, and (c¢) language proficiency, influence user preferences

for repair strategies?

RQ4: What are the perspectives of users regarding different repair strategies and breakdowns
in DVAs? (Qualitatively explored in Chapter 6)

1.4 Contributions

The principal contributions of this PhD thesis are based on a systematic scoping review and two

empirical studies. This research demonstrates how users’ sociocultural background and individual-

level factors influence their preferences and perspectives regarding communication repair strategies

when interacting with SDSs. The key contributions of this thesis are summarized below.
This thesis:

1.

Proposes two comprehensive frameworks for system-initiated and user-initiated repair strate-
gies in SDSs through a systematic scoping review: an adapted system-initiated repair frame-
work grounded in prior literature and a novel user-initiated repair framework developed by
the author (addressing RQ1).

. Investigates the effect of users’ cultural background on preferences for repair strategies in

DVAs by comparing evaluations from British participants (BL1, representing a low-context
culture) and Saudi participants (SL1, representing a high-context culture) interacting in their

native language, addressing RQ2.

. Investigates the effect of interaction language (Arabic as a native language vs. English as

a non-native language) on repair strategy preferences by comparing evaluations from Saudi
participants interacting in Arabic (SL1) and the same population interacting in English (SL2),
addressing RQ3a.

. Explores the effect of individual-level factors, including computer self-efficacy and prior expe-

rience with technology and DVAs, on users’ repair strategy preferences, (addressing RQ3b).

. Provides qualitative insights into user perspectives on repair strategies, highlighting experi-

ences, preferences, and expectations through semi-structured interviews, (addressing RQ4).

. Extends the use of the pairwise comparison method to evaluate user preferences for repair

strategies in spoken (voice-based) dialogue systems, demonstrating its effectiveness in captur-

ing nuanced cross-cultural and linguistic preferences, (detailed in Chapter 4).



7. Proposes a set of recommendations for implementing repair strategies in goal-oriented SDS

tasks, based on the integrated findings from the conducted studies, (discussed in Chapter 7).

1.5 Thesis Outline

The current thesis is structured into the following three main parts and corresponding chapters,
each addressing a distinct but interconnected research aim. Figure 1.1 provides a visual summary
of the thesis structure. It begins with a systematic scoping review to map existing research on
system- and user-repair strategies in SDSs (RQ1). This review forms the foundation for the two
empirical studies by providing a conceptual framework for analysing repair strategy types.

The second part of the thesis consists of two empirical studies designed to investigate user
preferences for system repair strategies in the context of communication breakdowns. These studies
examine both cross-cultural differences and within-cultural variation in user preferences. Study 1
employs a quantitative approach to explore the effect of cultural background on preferences for
repair strategies, comparing participants from low-context culture (United Kingdom) and high-
context culture (Saudi Arabia) in native-language interactions (RQ2).

Study 2 adopts a mixed-methods approach to examine within-group variation among partic-
ipants from a high-context cultural background (Saudi Arabia), comparing their preferences and
perspectives when evaluating system repair strategies presented in a native (Arabic) versus non-
native (English) interaction language (RQ 3a). Study 2 also examines the role of individual user
differences, such as computer self-efficacy and previous experience, on repair strategy preferences
(RQ3b). Furthermore, as part of its mixed-methods design, Study 2 includes qualitative interviews
to gain deeper insight into the user perspective of repair strategies (RQ4).

Across both empirical studies, participants are grouped according to their cultural background
and interaction language, as follows: (1) British participants interacting in their native language,
English (BL1); (2) Saudi participants interacting in their native language, Arabic (SL1); and (3)
Saudi participants interacting in their non-native language, English (SL2). This structure enables a
comparative and in-depth investigation of how cultural context and interaction language influence
user preferences and perspectives.

Part I: Introduction, Background, and Systematic Scoping Review, this part intro-
duces the thesis by outlining its structure, motivation, and research context. It also presents a
systematic scoping review of existing repair strategies in SDSs, identifying key gaps and informing
a conceptual framework for the subsequent two empirical studies.

Chapter 1 - Introduction: introduces the research topic, outlines the motivation and context
of the PhD thesis, and presents the main research questions. It also defines the scope and context
of the thesis, summarizes its key contributions, and provides an overview of the thesis structure.

Chapter 2 - Background: provides the theoretical and conceptual background for the thesis.
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Figure 1.1: Overview of the thesis structure and research questions



It reviews the relevant literature on SDSs, communication breakdowns, and repair strategies. It also
defines core concepts of communication styles and cultures in HHI and HCI, such as Hall’s context
theory, Hofstede’s cultural dimensions, and the Computers as Social Actors (CASA) paradigm. In
doing so, it provides the foundation for the scoping review and the two empirical studies presented
in the following chapters. In addition, the chapter highlights the importance of developing adap-
tive SDSs that can respond to diverse user needs and preferences, particularly in the context of
communication breakdowns.

Chapter 3 - System and User Repair Strategies: A Systematic Scoping Review:
presents a systematic scoping review of the literature on communication repair strategies in SDSs.
It identifies and categorizes both system-initiated and user-initiated strategies employed to repair
conversational breakdowns. The review also examines the methods used to evaluate these strategies
and highlights gaps in the existing literature. This chapter contributes two comprehensive frame-
works: one for system-initiated and one for user-initiated repair strategies. This chapter serves as

the conceptual basis for the two empirical studies.

Part II: Two Empirical Studies on User-Centred Evaluation of Repair Strategies in
Spoken Dialogue Systems, this part presents two interconnected empirical studies that explore
user preferences and perspectives on repair strategies in SDSs. Study 1 (Chapter 5) employs
a quantitative approach to investigate the influence of cultural background on user preferences,
addressing RQ 2. Study 2 (Chapter 6) adopts a mixed-methods approach to examine the influence of
interaction language (RQ 3a) and individual-level user characteristics (RQ 3b), while also providing
a qualitative exploration of users’ perspectives on repair strategies (RQ 4). This part begins with
a dedicated Methodology Chapter (Chapter 4), which outlines the overall research design, data
collection procedures, and the consistent experimental framework applied across both studies

Chapter 4 - Methodology for User-Centred Empirical Studies: outlines the consistent
experimental design employed across the two empirical studies, both of which use a pairwise com-
parison method to investigate the influence of cultural background (RQ 2) and interaction language
(RQ 3a) on user preferences for repair strategies. It also describes the quantitative measures used
to assess the effect of individual-level factors, such as computer self-efficacy and prior experience
(RQ 3b). In addition, this chapter explains the qualitative approach used to explore user per-
spectives on repair strategies and communication breakdowns through semi-structured interviews
(RQ 4). It also presents the preparatory procedures, including the design and implementation of a
pilot study, conducted prior to the main empirical investigations.

Chapter 5 - Study 1: Effect of Cultural Background on Repair Strategy Preferences:
investigates the effect of cultural background on user preferences for repair strategies in SDSs. Us-
ing a pairwise comparison method, the study quantitatively compares evaluations from participants

interacting with the system in their native language. The analysis focuses on cross-cultural differ-



ences by contrasting preferences between participants from the United Kingdom (BL1, representing
a low-context culture) and Saudi Arabia (SL1, representing a high-context culture) interacting in
their native language. In addition to identifying these differences, the study explores how users
from different cultural backgrounds align with specific repair strategies, drawing on relevant com-
munication theories to interpret patterns of alignment and variation.

Chapter 6 - Study 2: Effect of Interaction Language on Repair Strategy Prefer-
ences: presents a mixed-methods investigation into how interaction language and individual-level
user characteristics influence preferences for repair strategies in SDSs. Using a pairwise comparison
method, the study quantitatively examines the effect of interaction language (RQ 3a) by comparing
Saudi participants’ evaluations of repair strategies presented in Arabic (SL1) versus English (SL2),
while holding cultural background constant. The chapter also explores the role of individual-level
factors (RQ 3b), including user demographics, self-efficacy, prior experience with digital technolo-
gies, and prior experience with DVAs, to assess how these characteristics shape preferences for
repair strategies. In addition to the quantitative components, Study 2 includes a qualitative in-
vestigation (RQ 4) based on semi-structured interviews conducted with Saudi participants. This
qualitative component deeply explores users’ perspectives, expectations, and experiences related to
repair strategies and communication breakdowns in SDSs.

Part III: Integrated Discussion and Conclusions, This part synthesizes findings from the
qualitative and quantitative studies to provide an integrated discussion of key insights. It concludes
with theoretical reflections, practical design implications, thesis limitations, and directions for future
research.

Chapter 7 - General Discussion: synthesizes the findings from all studies, identifying over-
arching patterns and insights related to user preferences and perspectives on communication repair
strategies in SDSs. It discusses theoretical implications and provides design recommendations for
adaptive SDSs.

Chapter 8 - Conclusions: This final chapter summarizes the key findings of the thesis and
revisits the research questions in light of the evidence from the conducted studies. It emphasizes
the importance of user characteristics in shaping preferences and perspectives on repair strategies
in SDSs. The chapter also discusses the limitations of this PhD thesis and outlines directions for

future research.

Finally, the thesis includes three appendices containing complementary materials. Appendix A
presents the ethics approval, participant information sheets, consent forms, and experimental ques-
tionnaires for the pilot study, while Appendix B provides the corresponding materials for the em-
pirical studies. Appendix C contains supplementary statistical analyses, including full logistic

regression outputs and additional tests that support the quantitative results.



Publications

Two research papers from this PhD thesis have been published in peer-reviewed venues, with both

receiving the Best Full Paper Award at their respective conferences:

1. Alghamdi, E., Halvey, M. and Nicol, E., 2024. System and user strategies to repair conver-
sational breakdowns of spoken dialogue systems: a scoping review. In Proceedings of the 6th
ACM Conference on Conversational User Interfaces (pp. 1-13) [8]. This paper is discussed in
Chapter 3.

2. Alghamdi, E., Halvey, M. and Nicol, E., 2025. The effect of interaction language on preferences
for communication repair strategies in Digital Voice Assistants (DVAs): a comparative study.
In Proceedings of the Mensch und Computer 2025 (pp. 146-162) [9]. This paper is discussed
in Chapter 6.



Chapter 2

Relevant Background

To understand the current work on how user characteristics influence preferences for repair strate-
gies in SDSs, it is essential to first establish key foundational concepts. This chapter provides
the necessary background to contextualize the research presented in this thesis. It begins with an
overview of SDSs, describing their different forms, such as DVAs and Conversational Agents (CAs)
and outlining the core components that enable spoken interaction (Section 2.1). The chapter then
discusses conversational breakdowns, a critical challenge in SDSs, and introduces common types
of breakdowns observed in human-computer interaction (Section 2.2). Following this, the chapter
explores various conversational repair strategies used by systems and users to resolve miscommu-
nication and restore dialogue flow (Section 2.3). Finally, since communication styles shape how
breakdowns are interpreted and managed, Section 2.4 is dedicated to comparing communication in

human—human interaction (HHI) and human—computer interaction (HCI).

2.1 Spoken Dialogue Systems (SDSs)

A dialogue system can be broadly defined as “a computer program that supports spoken, text-
based, or multimodal conversational interactions with humans” [229, p.11]. SDSs, specifically, refer
to interfaces that enable users to interact with computers or other digital devices using natural
spoken language [166]. These systems represent a new generation of user interfaces designed to
facilitate efficient and intuitive human-machine communication through a conversational paradigm
[289]. In the literature, a variety of terms are used interchangeably to refer such systems, including
Personal Digital Assistant, Virtual Personal Assistant, Conversational Agents, and Chatbots [229].

SDSs can be broadly categorized into two types: task-oriented and non-task-oriented systems
[122]. Task-oriented SDSs are designed to help users accomplish specific goals or tasks, ranging

from relatively simple ones like booking a hotel, to more complex activities such as planning travel
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or managing emergency situations. In contrast, non-task-oriented systems are developed primarily
for open-ended or casual conversation without a defined task or outcome. However, the boundary
between these two types is not always strict; task-oriented systems may incorporate casual con-
versation to enhance user engagement, while non-task-oriented systems may occasionally perform
functional tasks [122].

Although dialogue systems have been in development for decades, their widespread adoption
into everyday life is a relatively recent phenomenon [229]. A pivotal moment in their mainstream ac-
ceptance came in 2011 with the launch of Apple’s Siri, a voice-enabled personal assistant integrated
into smartphones. Since then, SDSs have proliferated across various platforms and modalities [6].
They are now embedded in messaging apps (e.g., Facebook Messenger chatbots), smartphones (e.g.,
Apple Siri, Google Assistant, Microsoft Cortana, Samsung Bixby), smart speakers (e.g., Amazon
Echo, Google Nest), and even embodied social robots (e.g., Pepper, Furhat), marking their inte-
gration into daily human-computer interaction on a global scale.

Although this PhD thesis focuses on SDSs in the voice-only domain, where interaction occurs
exclusively through speech, the same scope was applied in the scoping review. In the two empirical
studies, widely used DVAs, such as Apple’s Siri and Amazon Alexa, were introduced as familiar,
real-world examples of SDSs. These systems were selected to help participants better relate to the
concept of SDSs and to ensure ease of understanding during task engagement. Their wide adoption

and familiarity also support their use as representative models of modern voice-based SDSs.

2.1.1 Components of Spoken Dialogue Systems

Understanding the effectiveness of SDSs required familiarity with their core components. A SDS
typically consists of five core components [122], as illustrated in Figure 2.1. These components work
together to process user input and generate system responses, enabling natural spoken interaction
between humans and machines.

The interaction process begins when the user produces a dialogue act (e.g., a command or ques-
tion), which is expressed as an acoustic signal x,,. This signal is processed by the Automatic Speech
Recognition (ASR) module, which converts the acoustic input into a hypothesized word string y,,
often accompanied by a confidence score c. The recognized string is then passed to the Spoken Lan-
guage Understanding (SLU) component, which interprets the input into a dialogue act estimate a
and may extract intents and entities (e.g., Intent: BookFlight, Destination: Glasgow). Breakdowns
commonly occur at these early stages of interpretation due to recognition or understanding errors
[122]. For instance, ASR may not recognize user’s input, or SLU may misclassify user’s intent. This
could lead to misunderstandings or non-understandings.

Next, the interpreted input is passed to the Dialogue Manager, the central control unit of the

SDS. The Dialogue Manager consists of two key subcomponents: the Dialogue Context Model,
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Figure 2.1: Basic spoken dialogue systems architecture, based on Jokinen and McTear
[122].

which tracks dialogue history, and Dialogue Control, which decides the system’s next move based
on current context. This is the component responsible for detecting non-understandings and de-
termining whether a repair strategy is needed. For example, the system may decide to clarify
ambiguous input or ask the user to repeat an unclear phrase to maintain mutual understanding
and complete the intended task.

Once the system dialogue act a; is selected, the Response Generation module translates it into
a word string ys. This process involves content planning and realization, where the system selects
appropriate content and structures it for output. In this thesis, this component is relevant for its
potential to adapt responses based on user preferences, for example, choosing a direct clarification
or a polite request depending on context. Finally, the word string is passed to the text-to-speech
synthesis module, which generates the acoustic signal x, that is spoken back to the user.

Figure 2.1 provides an overview of this architecture, showing the flow of interaction and different
components where miscommunication and recovery processes may occur. Particular attention in
this thesis is given to the Dialogue Manager, where decisions about initiating repair strategies
are made and the Response Generation component, which may influence how such strategies are
formulated and delivered based on user characteristics.

In recent years, the development of SDSs has shifted from strictly modular pipelines toward
language-model-centred or hybrid designs, driven by the emergence of large language models (LLMs).

Surveys of dialogue-system evolution describe this as a move from rule/statistical and “neural mod-
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ular” systems toward pre-trained and then LLM-based dialogue systems, where a single generative
model can cover multiple dialogue functions and generalise better via prompting and instruction-
following training[258]. In practice, this often means that parts of the traditional NLU/Dialogue
Manager/Response Generation stack are increasingly implemented by an instruction-tuned LLM
that consumes the ASR transcript plus dialogue context [280]. This LLM-centric shift has clear
implications for breakdowns and repair: LLMs make it easier to generate diverse, context-sensitive
repair moves (clarification questions, explanations, apologies, or option-offering) and to adapt the
formulation of repair to user characteristics; however, they also introduce new failure modes such
as fluent but incorrect “hallucinated” content, overconfident confirmations, or inconsistent state

tracking, which can themselves trigger miscommunication[121].

2.2 Conversational Breakdowns

Despite advances ASR and SLU components in SDSs, conversational breakdowns remain common.
Miscommunication is a fundamental aspect of all communication interactions [161]. Traum and
Dillenbourg [248] define miscommunication as instances of action failure (when the speaker fails to
produce the intended effect) and misperception (when the hearer cannot recognize what the speaker
intended to communicate) or both. While the analysis of such interactions is sometimes referred
to as breakdown analysis, a breakdown represents only one extreme within a broader spectrum of
miscommunication phenomena [91]. During conversation, interlocutors continually work to ensure
that mutual understanding is maintained, a concept referred to as common ground [50, 51].

Miscommunication has been examined across various disciplines, including sociolinguistics, ethnog-
raphy, communication science, media studies, social psychology, conversation analysis, and natural
language processing (NLP)[161]. In the context of HCI, and particularly within SDSs, breakdowns
typically occur when the system fails to recognize or correctly interpret user input, or when it
produces responses that are inappropriate or confusing [253, 143, 161].

These breakdowns can significantly impact user experience. A failure to correctly interpret user
intent or to respond meaningfully can result in user frustration, confusion, or a loss of trust in
the system’s reliability [160, 80, 284, 154]. Even when repair mechanisms are available, frequent
breakdowns can lead to interaction abandonment [145, 80]. For instance, in a task-oriented banking
chatbot scenario, Li et al. [145] found that nearly half of the users who discontinued long-term
engagement had experienced only a single breakdown. They further observed that users were most
likely to abandon interactions after experiencing three breakdowns, suggesting a limited tolerance
threshold in task-oriented settings. In commercial settings, such failures can escalate into public
relations issues for companies [206], provoking user anger [105] and leading to long-lasting negative
attitudes toward the system [154].

The likelihood of breakdowns in dialogue systems can be influenced by several factors, including
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the length of the dialogue [39], the type of task being performed [146], and the modality used [129].
For example, Li et al. [146] found that breakdowns were more frequent when users were request-
ing information as opposed to providing information. In comparing text-based and voice-based
systems, Kim et al. [129] reported that text-based systems frequently suffered from grammatical
misunderstandings, while voice-based systems were more likely to breakdown caused by ASR errors
and timing issues. Similarly, Kisser et al. [131] found that dialectal variation was a major con-
tributor to breakdowns during interactions with Alexa. Their findings also showed that children
were more likely to be misunderstood than adults and that group interactions introduced further
challenges. In group settings, the voice assistant struggled to distinguish between background noise,
conversations, and actual requests. These issues were less prevalent in one-to-one interactions. ASR
performance and breakdown rates are also significantly affected by the interaction language used
with SDSs. For instance, Bohus and Rudnicky [30] found that breakdowns occurred in 20.7% of
interactions with native speakers, compared to 42.3% with non-native speakers.

To better understand the nature of breakdowns, several classification schemes have been pro-
posed in the literature, each offering different perspectives on how miscommunication occurs. A
common way to classify conversational breakdowns is by distinguishing between misunderstanding
and non-understanding (e.g., [111, 264, 30]). Misunderstanding occurs when the listener assigns
an interpretation to the speaker’s utterance that appears correct but does not match the speaker’s
actual intention. In contrast, non-understanding arises when the listener is unable to construct any
meaningful interpretation or encounters multiple interpretations with no clear way to choose among
them. One of the key differences between these two types is that non-understandings are typically
recognized immediately, prompting the system (or listener) to act, whereas misunderstandings may
remain undetected until later in the dialogue, if they are noticed at all [232, 69].

In the context of SDSs, non-understanding poses a direct challenge that must be addressed
promptly to maintain the coherence and effectiveness of the interaction [30, 233, 161]. When a non-
understanding occurs, the system must decide how to react whether by requesting clarification,
offering repair options, or providing feedback. Figure 2.2 demonstrates two contrasting breakdown
scenarios in SDSs. In the first, a misunderstanding occurs when the system misinterprets a key term
(“noon” as “morning”), leading to an incorrect confirmation. In the second, a non-understanding
is shown when the system fails to recognize the term altogether and requests clarification. This
figure helps visualize the core distinction that misunderstanding involves an incorrect interpretation,
whereas non-understanding results in no interpretation at all.

Several models have been proposed to classify breakdown scenarios. For instance, based on
Clark’s grounding model for HHI [49], Bohu and Rudnicky [30] identified sources of breakdowns at

the level at which the mismatch occurs in HCI:

1. Out-of-application [conversation level]: User input is outside the system’s functional scope,

either due to irrelevant topics (out-of-domain e.g. the user asks the room-reservation system
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Figure 2.2: Comparison of Misunderstanding and Non-understanding Scenarios in SDSs

about the weather) or unsupported in-domain requests (out-of-scope e.g. the user asks if a

conference room has windows).

2. Out-of-grammar [intention level]: The input is domain-relevant but does not match the sys-

tem’s expected phrasing or grammar (e.g., saying “erase reservation” instead of the supported

“cancel reservation”).

3. ASR error [signal level]: The system misrecognizes a correctly formulated utterance due to

speech recognition limitations (e.g., “Thursday morning” misheard as “Friday morning”).

4. End-pointer error [channel level]: The system fails to detect the correct start or end of the

user’s speech input (e.g., it cuts off speech or sends an empty utterance).

Similarly, in the SDS context, researchers such as Skantze [233, 232] have offered a fine-grained

classification that distinguishes between:”

1. Full understanding: The full intention of the utterance was recognised.

2. Partial understanding: Only a fragment or a part of the full intention was recognised.

3. Non-understanding: No part or fragment of the intention was recognised. Single words were

possibly understood

4. Misunderstanding: The listener believed in a partial or full interpretation that was not in line

with the speaker’s intention”.
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Conversational breakdowns in SDSs can arise from various sources and manifest in different
forms, ranging from complete misunderstanding to total non-understanding. Among these, partial
non-understanding, where only fragments of the user’s intent are recognized, represents a partic-
ularly relevant and recurring challenge. While the scoping review conducted in this PhD thesis
included both misunderstandings and non-understandings without focusing on a specific type, the
two empirical studies presented will focus specifically on partial non-understanding. Further details
regarding this focus are provided in the Methodology chapter 4. The next section explores the

conversational repair strategies used to address such breakdowns.

2.3 Conversational Repair Strategies

Miscommunication can arise in any form of dialogue, including interactions with SDSs. Given the
potential negative impact of breakdowns on task performance and user satisfaction, it is critical that
SDSs are equipped with mechanisms for detecting and addressing such breakdowns. For example,
Bohus and Rudnicky found that while low error rates had minimal impact on task success, increasing
error rates significantly reduced the likelihood of task completion [30].

Despite continuous advancements in SDS development, particularly in the areas of ASR and
SLU, these systems are still vulnerable to conversational breakdowns. When breakdowns occur,
either the system, the user, or both may attempt to re-establish mutual understanding through
what is commonly referred to as a repair dialogue or strategy [222]. Repair has been defined
as “the replacement of an error or mistake by what is correct” [222, p.363]. In HCI contexts,
repair is described as the effort to restore shared understanding after a misunderstanding or non-
understanding has taken place. As Beneteau et al. [25, p.2] explain, “communication repair refers
to the work of restoring shared understanding after conversational partners misunderstand each
other,” often requiring one party to rephrase or clarify their utterance [25, 172].

The overarching goal of breakdowns handling in SDSs is to ensure user satisfaction and to
help guide the interaction back on track after an conversational breakdown occurs [142]. These
repair mechanisms are grounded in the theory of common ground or grounding, which suggests
that dialogue participants collaborate to establish shared understanding [50, 69, 249]. Within
the grounding framework, repair is understood as a means of addressing detected or suspected
misunderstandings while minimizing the cognitive and interactional effort required to re-establish
mutual understanding.

Repair and breakdown handling remain active areas of research within the field of dialogue
technology [26, 8]. McTear [161] identifies four key stages in handling dialogue breakdowns: (1)
error prevention, addressed at the design stage through prompts, grammars, and dialogue flow
control (e.g. [55]); (2) error detection, which involves identifying signals indicating a possible

misunderstanding or non-understanding (e.g. [10]); (3) error prediction, which uses contextual cues
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to anticipate likely problems before they occur (e.g. [162]); and (4) error recovery, where the system
takes action to repair the dialogue and restore progress (e.g. [163, 9]).

This thesis focuses specifically on error recovery, also referred to as conversational repair strate-
gies. Although some researchers (e.g., Skantze [232]) have questioned the use of the term re-
pair for misunderstanding and non-understanding, since it implies that the system must correct
a prior misunderstanding, the term is widely used in SDS literature to describe strategies aimed
at keeping the dialogue on track, regardless of whether the original breakdown is fully resolved
(e.g. [64, 288, 46, 53, 163]). In linguistics, repair is defined more broadly as the set of practices
used by interlocutors to address problems in speaking, hearing, or understanding during interaction
[220, 221]. Importantly, this view acknowledges that repairs may be initiated even in the absence
of actual breakdowns, such as when clarification is requested despite a correct statement [64].

In SDSs, repair strategies can be initiated by the system or the user when a conversational
breakdown was detected. While system repairs are pre-designed into the dialogue flow, user repair
strategies are often unpredictable and reflect individual traits such as prior experience and emotional
and mental state [229, 163, 151]. This distinction has led to two main streams of research in HCI:
one focused on system-initiated repair strategies (e.g., [286, 46]), and another on user-initiated
strategies in response to system failures (e.g., [163, 53]). The following two subsections explore

these streams in more detail.

2.3.1 System Repair Strategies

System repair strategies have been widely studied in the context of dialogue systems, with re-
searchers identifying a range of approaches that systems can employ to recover from communication
breakdowns. These strategies vary in form and function such as asking users to repeat an input,
offering confirmation, providing alternative options, or giving explanations and apologies. Impor-
tantly, the effectiveness of a given strategy is not universal but depends on a range of contextual and
moderating factors, such as the type of interaction or task [56, 19], the nature of the breakdowns
[247, 170, 278], user characteristics [17, 167], and environmental conditions [95, 285, 215]. The liter-
ature therefore does not point to a single “best” repair strategy but highlights the need to consider
how strategies interact with these conditions when evaluating or designing system behaviour.

One of the most common approaches is the re-prompt strategy, where the system simply repeats
its previous prompt, signalling a non-understanding at a pragmatic level compared to more explicit
acknowledgements such as “I didn’t catch that” [192]. Closely related is the rephrasing request,
in which users are asked to restate their input. These are the most frequently implemented repair
strategies in practice [192, 36, 90], yet evidence shows that repeating and rephrasing are often less
effective and can frustrate users. For example, repeated requests to rephrase frequently lead users

to hyper-articulate, which paradoxically increases ASR errors [81]. In some cases, such as in task-
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oriented banking chatbots, users preferred to abandon the interaction rather than rephrase their
input, perceiving that the burden of repair had been unfairly shifted onto them [145, 26].

Alternative strategies focus on assisting users directly by providing options or explanations. In
text-based interactions, Ashktorab [17] found that giving users alternative choices or explanatory
feedback ranked among the most preferred repair strategies. Similarly, offering suggestions has
been shown to improve perceived accuracy and likeability of chatbots compared to rephrasing or
politeness-based repairs [270]. Explanations can also be powerful when tailored. For example, high-
lighting specific misunderstood words increased satisfaction among users with positive Al attitudes
but decreased satisfaction among those with negative attitudes [287]. Research on in-vehicle voice
interfaces showed that providing examples of valid inputs outperformed simple repeats or requests
to rephrase, as concrete examples reduced confusion and clarified system expectations [128, 213].
However, not all forms of explanation are equally effective. Raux el al. [213] show that long, generic
prompts were poorly received, while concise examples were helpful . Similarly, while providing op-
tions is often perceived as quick and efficient, it can also frustrate users if the correct option is
missing or the set is too limited [36]. More broadly, although suggestions and explanations reduce
inappropriate system responses, they do not necessarily shorten dialogues or guarantee successful
task completion [79].

Another category includes social or politeness strategies, such as apologising when errors occur.
Research has found that apologies can make systems appear more usable and appealing, and re-
duce user frustration [284, 5, 251]. However, findings are mixed, for example, Engelhardt et al. [72]
reported that apology-based strategies were rated lowest in likeability and perceived intelligence.
The effect of apologies may also depend on user mood [5] or demographic factors [260]. For exam-
ple, Wang et al. [260] found that when service breakdowns occurred, apologies from human staff
increased satisfaction among younger travellers, while apologies from robots increased satisfaction
among older travellers.

Some systems employ more anticipatory or avoidance strategies, choosing to move forward
without explicitly acknowledging the breakdown. This may involve advancing to the next task step,
transferring to a human agent, or remaining silent [30, 233, 36]. Such strategies can sometimes yield
better outcomes, as users often reformulate or hyper-articulate their input (such as higher, louder or
longer) when they face conversational breakdowns leading futhre complicatoin [124, 160, 179, 242].
Bohus and Rudnicky [30] and Hirschberg [110] show that ignoring breakdowns can increase recovery
rates because users change their speech. In a voice-controlled game, Zargham et al. [286] compared
traditional repeat requests with anticipatory strategies that did not flag errors, finding that the
latter improved user experience and intuitiveness of control. Similarly, in customer service, Braggaar
et al. [36] found that users preferred chatbots for simple, quickly resolved issues, but for complex
tasks they preferred transferring to human agent as they trusted human agents more.

Finally, research suggests that relying on a single repair strategy is often insufficient (e.g.[39,
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73, 26]). Instead, employing multi-strategy or adaptive repair approaches-combining, for example
an apology with an explanation or promises [73], can increase resilience and sustain engagement
[35, 26]. Review work confirms that combining strategies helps users persist with the system,

reduces abandonment, and promotes more effective recovery from breakdowns[26].

2.3.2 User Repair Strategies

Researchers have highlighted the need to better classify user repair behaviours, as this can support
the design of system responses that guide users toward inputs with a higher chance of resolution
[149, 179]. User repair behaviour is more completed and unpredictable [18, 216]. When prompted
to rephrase, users may simplify their input by reducing words or omitting details [87, 90, 192], or
expand it by adding further information [152, 179]. Other variations include syntactic reformulation,
changes in formality, or the use of synonyms and alternative terminology [160, 176, 87]. Importantly,
users’ behaviours are not random but shaped by how voice interactions are designed and responded
[173, 39]. For example, research show that CAs’ responses often signalled errors, which users then
interpreted as cues for diagnosing the source of trouble [205, 204]. Similarly, when participants
suspected an ASR error, they tended to repeat their utterance more slowly and concisely, whereas
system boundary errors were more often met with reformulations or simplifications [128]. These
findings suggest that the way CAs handle errors influences users’ understanding of failures and their
subsequent repair strategies [173].

Most studies of user-repair strategies in SDSs show that the most instinctive way for humans
to correct mistakes is simply to repeat their utterance. Repetition and rephrasing are the most
frequently documented user repair strategies for non-understandings [192]. In computer game
interactions, for example, young children often relied on repetition as their initial repair strategy
and rarely gave up when breakdowns occurred [46, 25]. Similarly, in collaborative dialogue systems,
Weitz et al. [266, p. 7] observed that “the most successful user strategy was to rephrase their
answer; the most successful system strategy was to provide the user with either new or repeated
information.” However, although repeating may be the most common and natural reaction when a
system mishears, it is also often the least effective. Unlike non-correction dialogue turns, correction
turns are poorly recognized because they are typically marked by hyper-articulation, including
slower speech, exaggerated stress, and unusual prosodic features [124, 152]. Users encountering a
breakdown frequently repeat their input with louder volume, slower rate, longer pauses, or higher
pitch, which paradoxically leads to further recognition failures [124, 245, 110]. Myers et al. [180]
also found that, while first repair attempts often involved repeating, simplifying, or expanding
the input, those who relied primarily on repetition reported lower satisfaction with voice interface
interactions. In a task-oriented chatbot, Dippold [70] similarly found that although rephrasing was

the most frequently used strategy, it was also the least successful, whereas restarting a command
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was far more effective but rarely attempted by users.

In addition to repetition and rephrasing, users may also try to omit or add information to repair
conversational breakdowns. For mis-recognition errors, Goldberg et al. [90] found that omission
was the most common repair strategy, followed by repetition and paraphrasing. Some users also
make use of system commands such as “start over” or “scratch that.” Bulyko et al. [39] reported
that ASR performance significantly improved when users relied on such commands compared to
repetition. However, Souvignier et al. [238] cautioned that while command-based repairs can be
highly effective, they also carry the risk of altering dialogue flow in critical ways, and therefore

should only be accepted when the system can process them with high confidence.

2.4 Communication Styles in HHI and HCI

2.4.1 Communication in Human-Human Interaction (HHI)

Communication styles are closely linked with cultural values, shaping how individuals express them-
selves, interpret meaning, and manage interaction. The way people communicate is not random but
reflects shared cultural norms and expectations[88]. As Giri [88, p. 12] notes, “Culture provides its
members with an implicit knowledge about how to behave in different situations and how to inter-
pret others’ behavior in such situations”. In this sense, communication styles can be understood as
both a product and a mirror of culture, serving as a framework through which individuals interpret
and navigate interaction.

Norton defines communication style as “the way one verbally, non-verbally, and paraverbally
interacts to signal how literal meaning should be taken, interpreted, filtered, or understood” (as
cited in [88, p. 125]). Cultural knowledge and social behaviour are transmitted through language
which is the primary communication tool [136]. Therefore, human beings could be partly defined
by their communicative style, which reflects their cultural background and shapes how meaning is
co-constructed in interaction.

Despite the absence of a single agreed definition, most scholars describe culture as a ”shared
system of attitudes, beliefs, values, and behaviours” [86, p. 16]. Similarly, Soley and Pandya
[235, p. 206] defines culture as “a group who share a certain system of perceptions and values”.
Culture underlies all aspects of social behaviour and influences the rules and patterns of language
[212] and shaping communicative preferences [193]. Hall [102] also emphasizes that culture is
often subconscious, describing it as a way of life that is most visible when individuals encounter

differences.
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2.4.1.1 Hall’s theory of low-context and high-context cultures

One of the most influential contributions to intercultural communication is Hall’s theory of low-
context and high-context cultures. In 1976, the terms were introduced by Hall [103] to describe
how communication styles differ across cultural groups. Hall [102] defines culture as the way of
life of people. Hall emphasized that “meaning and context are inextricably bound up with each
other” [104, p. 36], arguing that to understand communication, one must consider not only the
words themselves but also the surrounding context in which they are used. His framework offers
an important lens for examining how cultural values are reflected in communication styles.

In low-context cultures, good communication is precise, simple, and explicit. Messages are
expected to be clear and easily understood at face value, and repetition is often appreciated if
it helps to avoid ambiguity. By contrast, high-context cultures favour communication styles that
is sophisticated, layered, and detailed. Meaning is often implied rather than directly expressed,
requiring listeners to “read between the lines” and rely on shared understanding, relational cues,
and situational context.

Meyer [165], in her book The Culture Map, expands on Hall’s framework by introducing the
Communicating scale, which visually positions cultures along a continuum from low-context to high-
context communication. As shown in Figure 2.3, countries such as the United States, Germany,
and the United Kingdom are positioned toward the low-context end, while Japan, China, and Saudi
Arabia appear toward the high-context end. This continuum demonstrates how cultural background

shapes expectations of clarity, directness, and contextual details in communication.

US  Netherlands Finland Spain Italy Singapore Iran China Japan
Australia Germany Denmark Poland Brazil Mexico France India Kenya Korea
Canada Argentina Peru Russia Saudi\ Indonesia

Arabia
Low-Context High-Context

Low-Context Good communication is precise, simple, and clear. Messages are expressed and
understood at face falue. Repetition is appreciated if it helps clarify the communication.

High-Context Good communication is sophisticated, nuanced, and layered. Messages are both spoken
and read between the lines. Messages are often implied but not plainly expressed.

Figure 2.3: Communicating scale showing the continuum between low- and high-context
cultures by Meyer [165]. The circles highlight the countries from which participants
in this PhD thesis were recruited, representing their cultural backgrounds.
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Hall [103] suggested that messages themselves can be situated along a continuum ranging from
low-context forms, such as direct statements and logical explanations, to high-context forms, such
as greetings, gestures, or subtle cues. The extent to which a culture is characterized as high- or
low-context therefore depends on the relative predominance of one type of message over the other
[71]. Importantly, however, “no culture can be conceptualized as exclusively high-context or low-
context”, as individuals in all societies use both explicit, logical expressions and indirect, allusive
forms of communication depending on the situation, regardless of the dominant cultural orientation
[71, p. 86].

2.4.1.2 Hofstede’s cultural dimensions

While Hall’s low- and high-context theory emphasizes communication context, Hofstede’s cultural
dimensions complement this perspective by focusing on the underlying beliefs and values that drive
communication preferences. Culture according to Hofstede is a “collective programming of the mind
which distinguishes the members of one human group from another” [113, p. 302]. Amongst many
models operationalize cultures, Hofstede’s cultural model has been the most used and influential
cultural framework in cross-cultural social scientific research [240, 164, 125].

In his research [114, 113, 115], Hofstede identified five dimensions, which have a significant

impact on behaviour in across cultures:

e Power Distance refers to the extent to which less powerful members of a society accept
and expect unequal distribution of power. In high power-distance cultures (e.g., Malaysia),
individuals are less likely to challenge authority and often rely on hierarchical communication.
In low power-distance cultures (e.g., Denmark), communication is more egalitarian, with

subordinates feeling comfortable questioning leaders.

e Individualism vs. Collectivism reflects whether people define themselves primarily a inde-
pendent individuals or as part of a group. In individualistic cultures (e.g., the United States,
the United Kingdom), communication tends to be direct, task-focused, and assertive. In col-
lectivist cultures (e.g., Japan, Saudi Arabia), harmony and group cohesion are prioritized,
leading to more indirect communication. Relationship prevails over task and harmony should

always be maintained.

e Masculinity vs. Feminity describes whether a culture is driven more by competition and
achievement (masculinity) or by care, cooperation, and quality of life (femininity). Cultures
higher on masculinity (e.g., Japan) may value assertiveness emphasis on emphasis on compe-
tition, whereas while more feminine cultures (e.g., Sweden and Norway) focus on quality of

life with an importance of placed on the well-being of relationships.
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e Uncertainty Avoidance refers how comfortable members of a culture are with ambiguity
and unstructured situations. In high uncertainty-avoidance cultures (e.g., Latin and Arab
countries), individuals prefer explicit instructions, detailed explanations, reduced ambiguity
and clarity and structure. In contrast, low uncertainty-avoidance cultures (e.g., Denmark,

Sweden and the UK) are more tolerant of ambiguity and opinions and lower stress and anxiety.

e Long-Term vs. Short-Term Orientation reflects whether a culture emphasizes long-term
perseverance and future rewards (long-term orientation, e.g., China) or immediate results
and respect for tradition (short-term orientation, e.g., the US). In communication, long-term
oriented cultures may prioritize patience and saving face, while short-term oriented cultures

often prefer straightforward, results-oriented exchanges.

As this thesis focuses on two distinct cultural contexts, Saudi Arabia and the United Kingdom,
it is important to highlight how these countries score across Hofstede’s five dimensions. Figure
2.4 presents a comparative visualization of the five Hofstede dimension scores, as provided by The
Culture Factor website! using country comparison tool.

While Hofstede’s framework includes five cultural dimensions, this thesis focuses on individ-
ualism—collectivism and uncertainty avoidance, as these dimensions are most directly associated
with communication preferences and repair strategies in SDSs. Individualism—collectivism captures
the balance between directness and harmony in interaction, whereas uncertainty avoidance reflects
tolerance for ambiguity and the need for clarity and detail in communication. This focus is further
reinforced by prior research showing that individualism and uncertainty avoidance, together with
power distance, are among the cultural dimensions most consistently linked to digital engagement
and technology use [4].

Individualism—collectivism is one of the most widely studied cultural dimensions in cross-cultural
research. It is considered by some scholars to be more powerful in explaining cross-country differ-
ences in communication patterns than other cultural dimensions [246, 195]. Hofstede [115, 12] noted
that “individualism tends to prevail in developed and Western countries, while collectivism prevails
in less developed and Eastern countries.” In contrast, uncertainty avoidance refers to the extent to
which people “attempt to avoid experiences which they perceive as unstructured, ambiguous, or
unpredictable” [113, p. 308]. Importantly, uncertainty avoidance should not be confused with risk
avoidance, “it does not describe one’s willingness to take or avoid risk, but rather is associated with
preferences for clear rules and guidance” [114, p. 149].

The distinction between high- and low-context cultures proposed by Hall [104] aligns closely with
Hofstede’s dimensions. Kim [130] draws a relationship between Hofstede’s individualism—collectivism
and Hall’s theory of high- and low-context cultures. Characterizations of high- and low-context com-

munication systems are closely associated with the characteristics of individualism and collectivism.

Thttps: //www.theculturefactor.com/country-comparison-tool?countries=
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Figure 2.4: Comparison of Hofstede’s cultural dimension scores for Saudi Arabia and the
United Kingdom, adapted from The Culture Factor website (Hofstede Insights). Note:
the dimension labelled “Motivation towards Achievement and Success” corresponds
to Hofstede’s original Masculinity—Femininity dimension.

Research also shows that individualism—collectivism shapes communication style, with individual-
istic cultures tending toward low-context and explicit communication, while collectivistic cultures
favour high-context and indirect communication [97]. For example, Saudi Arabia, typically consid-
ered a high-context culture, also scores lower on individualism and higher on uncertainty avoidance,
reflecting preferences for group harmony and for reducing ambiguity through detailed guidance or
elaboration. In contrast, the United Kingdom, as a low-context culture, scores higher on individual-
ism and lower on uncertainty avoidance, reflecting greater tolerance for ambiguity and a preference
for concise and direct communication.

In the following HCI section, these differences establish a cultural foundation for exploring how

users from these contexts interact with systems and perceive repair strategies in SDSs.
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2.4.2 Communication in Human-Computer Interaction (HCI)
2.4.2.1 Computers as Social Actors (CASA)

The Computers as Social Actors (CASA) paradigm, derived from the media equation, proposes
that people treat computers and other media much like real social partners [214]. In line with this
view, users routinely import the same social and cultural norms they apply in HHI, attributing
intentions, politeness, and cultural expectations to systems. Early laboratory studies showed that
people display fundamentally social responses to computers politeness, reciprocity, and group bias,
much as they would with other people [181, 182].

CASA explains these effects through minimal social cues: even “a very simple human feature
can activate people’s corresponding human—human social scripts” and lead users to ascribe human
characteristics to a machine [252, p. 1231]. Consequently, people expect conversational systems
to understand requests and reply appropriately, similar to expectations of a human partner [271].
When interfaces present social signals ( such as voice, name, turn-taking, small talk) computers
can mimic human interaction [76], and users respond accordingly [181].

Evidence from CAs reinforces this transfer of social behaviour. Liao et al. [147] document rich
user practices (e.g. feedback, playful chit-chat, system inquiries, and habitual utterances) showing
how everyday social behaviours migrate into human—computer exchanges. Relatedly, human-like
perceptions such as anthropomorphism and personification shape how users relate to DVAs [175,
277, 20]. Recently, Schneider [224] analysed over 200,000 conversations with large language models
(LLMs) and found that many users initially approach LLMs as conventional tools. After early
interactions, they often shift toward more natural, polite, and context-sensitive phrasing which
indicates a cognitive re-framing of the system as a conversational partner.

CASA also helps explain behaviour during conversational breakdowns. Because users typically
lack insight into a system’s boundaries and recognition processes, they cannot repair misunderstand-
ings in a way that is meaningful from the voice interface’s internal perspective [179]. Instead, they
import HHI repair strategies(e.g. repetition, rephrasing, giving more context) when a breakdown
occurs. Studies with children show the same pattern; young users draw on HHI repair strategies
to fix voice-driven interface misunderstandings. Their strategies mirror those of adults, though
children are often more persistent and patient [46].

While CASA paradigm demonstrates that people respond to interactive systems in socially
meaningful ways, it does not suggest that users genuinely believe such systems are human. Rather,
CASA research emphasises that social responses to computers are largely automatic and cue-driven
which arises from minimal interactional features such as language use, voice, politeness markers,
and turn-taking structures[214, 181]. Importantly, users typically remain aware of the artificial
nature of the system, yet nonetheless apply social norms and conversational scripts derived from

human-human interaction in a mindless manner [182].
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In this thesis, CASA is therefore adopted as a framework for understanding how interface design
and conversational cues prime socially grounded interactional behaviour, rather than as evidence

that users anthropomorphise systems in a literal or reflective sense.

2.4.2.2 Cultural Background

Building on Hall’s and Hofstede’s frameworks and the CASA premise that users import human—human
norms into HCI, empirical work shows that cultural background systematically shapes how people
perceive, evaluate, and interact with conversational systems and social robots.

Analysing one million social media discussions about the perception of CAs, Liu et al. [153] found
that Chinese users tended to adopt a more hedonic orientation and perceived voice-based/embodied
CAs as warmer and more competent, whereas U.S. users emphasised functional utility and showed
greater ambivalence. In both countries, perceived warmth was a key driver of positive emotion.
Exploring culture-contingent preferences for communication styles, Rau et al. [212] also reported
that Chinese participants favoured implicit recommendations and judged the robot as more like-
able, trustworthy, and credible than German participants, who preferred explicitness and were less
accepting of implicit suggestions.

Social non-verbal cues and emotion perception also interact with cultural orientation and indi-
vidual factors. In service scenarios, Yu et al. [283] showed that perceptions of interpersonal warmth
and satisfaction varied by culture and whether the staff was a machine vs. human. When a digital
assistant displayed emotional non-verbal behaviours, Iranian participants attributed greater em-
pathy, trustworthiness, and helpfulness than German participants [116]. The same study found
that a broader set of cues (smile, head nod plus smile, head nod, sad face, head down, and drop-
ping the arms plus sad face) signalled empathy for Iranians, whereas Germans primarily recognised
head nods [116]. Similarly, compared with American listeners, German listeners gave higher overall
valence ratings but judged Alexa’s voice as less excited (lower arousal), indicating cross-cultural
differences in mapping prosody to affect in both human and synthetic speech [85].

Finally, linguistic localisation and dialect matter for acceptance and credibility across cultures.
For example, Trovato et al. [250] showed that Egyptians preferred an Arabic-speaking robot and
were uncomfortable with a Japanese-speaking one, while Japanese participants showed the mirror
pattern. Andrist et al. [12] also found that rhetorical linguistic features weighed more heavily in
Arabic than in English when assessing a robot’s credibility. Within Arabic interaction, both prac-
tical knowledge and rhetoric were most effective in the local dialect rather than Modern Standard
Arabic.

Taken together, these findings are consistent with CASA where cultural background shaped ex-
pectations about communication styles, non-verbal signalling, language, and persuasion are carried
into HCI. This literature points to cultural background as a potentially important factor shaping

user expectations in HCI, motivating further investigation into whether dialogue system design and
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repair strategies may benefit from culturally adaptive approaches.

2.5 Chapter Summary

This chapter provided the necessary background to understand the key concepts of SDSs, cultural
theories, and communication frameworks relevant to this PhD thesis. It introduced the field of SDSs
and discussed foundational communication theories from both human-human and human-computer
interaction perspectives. These concepts form the theoretical basis for the subsequent chapters. The
next chapter presents a systematic scoping review of repair strategies in SDSs, focusing on how these

strategies have been studied within HCI research.
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Chapter 3

System and User Repair
Strategies: A Systematic Scoping

Review

3.1 Importance

SDSs are a type of interface designed to enable humans to interact with machines naturally through
spoken language [289]. In SDSs, voice is the preferred mode of communication with machines
because it offers intuitive and hands-free interactions [40, 43, 149]. SDSs are now a fundamental
part of our interactions with technology, profoundly impacting domains ranging from customer
service to personal assistance. The emergence of SDSs in the form of digital home devices, such as
Amazon Echo, and personal assistants, such as Siri, has markedly elevated expectations regarding
voice-based interfaces in everyday technology use. According to a 2021 report by Statista, the
number of DVAs is projected to exceed the global population by 2024, reaching 8.4 billion units
[255].

Nevertheless, the widespread adoption of SDSs and their consistent long-term use still face chal-
lenges [17]. Despite notable advancements, SDSs frequently encounter difficulties with complex
dialogues and varied speech patterns; thus, expecting them to fully grasp every human utterance
remains impractical. These challenges often result in conversational breakdowns and a variety of
negative effects. Not only do these breakdowns substantially diminish user satisfaction and dam-
age trust, they also decrease the likelihood of continued use [60, 154]. Furthermore, they often
prevent users from completing tasks, leading to task abandonment [17], negatively impacting user

experience and damaging the overall effectiveness of SDS performance [60, 154, 144, 17]. In SDSs,
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communication breakdowns, primarily misunderstandings and non-understandings, pose substan-
tial challenges [30]. Misunderstandings occur when the system incorrectly interprets user input, and
are particularly challenging to detect and repair since the system believes it has understood the
user correctly. Non-understandings, on the other hand, are recognised immediately by the system,
which lacks any viable interpretation of the user’s input [30] (See Figure 2.2). Given these chal-
lenges, particularly the prevalence of conversational breakdowns, some research has shifted towards
developing effective repair strategies, which are crucial for enhancing SDS performance and user
satisfaction [48].

Centred on the main dialogue actor in the breakdown-repairing process, research in repair
strategies has been broadly divided into two areas: investigations into system-repair strategies and
studies on user-repair strategies [52, 35]. System-repair strategies research explores how SDSs can be
designed to manage conversations effectively, including mechanisms for grounding (i.e., establishing
mutual understanding between system and user), interruptions, and corrections, and assesses their
impact on user experience and SDS efficiency [204, 53].

In this scoping review, system-repair strategies refers to those strategies related to user inter-
action and experience rather than the technical approaches of how these systems execute repairs.
Purely technical repairs, which involve back-end algorithmic adjustments, data processing tech-
niques, or system performance optimisations that occur without direct user interaction, fall outside
the scope of this review. In contrast, user-repair strategies research aims to comprehend how users
interact with and repair conversational breakdowns in SDSs across various domains and contexts,
often highlighting adaptations in communication style to improve interactions [156, 180, 128, 179].

In this review, the focus is on strategies adopted by both SDS’s main dialogue actors (system
and user) to correct conversational breakdowns in spoken SDS. Whereas Chapter2 focused on
establishing the theoretical background and key concepts relevant to repair in SDSs, this chapter
shifts the emphasis to a systematic scoping review of the empirical literature on how repair strategies
are conceptualised and studied in practice. Although some references and themes recur across both
chapters, this overlap reflects the complementary roles of conceptual grounding (Chapter 2) and
structured evidence synthesis (Chapter3).

The development and effectiveness of these repair strategies have been investigated across multi-
ple disciplines, such as conversational analysis and business. However, the diversity of methodologies
and terminologies makes it difficult to conduct comparative analyses or to determine whether find-
ings are truly consistent across studies. Importantly, the comparison and combination of different
repair strategies has gained attention as researchers have discovered that employing multiple repair
strategies is more effective than relying on a single repair strategy [133, 284]. Such diversity not
only complicates the aggregation of findings but also prevents interdisciplinary collaboration, which
negatively impacts the development of more effective repair strategies. The objective of this review

is to present the first comprehensive scoping review of repair strategies in SDSs, with the aim of
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consolidating and analysing the various strategies employed by these systems and their users. The
methodologies used for studying repair strategies in the SDS domain are analysed, and the char-
acteristics of SDSs are defined. To achieve this, a diverse range of repair strategies developed and
proposed for use in SDSs have been identified and categorized, drawing from a broad spectrum
of literature. This includes both system-repair and user-repair strategies. This review contributes
to Human-Computer Interaction (HCI) by providing frameworks for both system and user repair
strategies, offering a standardised terminology and conceptual foundation that researchers can adopt
to harmonise terminology across the literature.

This scoping review study is guided by an overarching question and three sub-questions:

¢ RQ1: What are the state-of-the-art strategies of conversational breakdown when
interacting with SDSs?

— RQ1a: What types of user-facing strategies are employed by SDSs to repair breakdowns?
— RQ1b: What strategies or tactics do users apply to repair breakdowns in SDSs?

— RQ1lc: What research methods have been utilised to investigate and evaluate repair

strategies in SDSs, and, in this context, what are the defining characteristics of SDSs?

The most relevant studies to this scoping review were conducted by Feng [77] and Benner et al.
[26]. Feng developed a taxonomy to categorise system-repair strategies in CAs, focusing on both
theoretical and practical aspects. Their taxonomy includes five dimensions: acknowledgement, rea-
sons, explanation, repair, and delegation to humans. Benner et al. [26] conducted a systematic
review of strategies for handling conversational breakdowns in both text- and voice-based agents.
They categorised system-repair strategies into six categories: Confirmation, Information, Disclo-
sure, Social, Solve, and Ask. While these studies significantly contribute to the field, this scoping
review adopts a broader approach by systematically examining both system-repair and user-repair
strategies in SDSs and providing a comprehensive overview. In contrast to the scope of Feng and
Benner [77], which includes text- and voice-based interactions, this review focuses on voice-based
interactions alone. Additionally, an overview of research methods and key characteristics of SDSs
employed across relevant literature is provided, addressing aspects not covered by previous studies.
It is important to note that a detailed evaluation of the effectiveness of these strategies on user

experience or SDS performance is outside the scope of this review study.

3.2 Method

A scoping review enables us to gather a broad spectrum of literature, offer a comprehensive overview,
and address the research questions. As Peterson et al. [202] and Munn et al [177] have suggested,

this approach provides a broader perspective compared to delving into a detailed research agenda.
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Scoping reviews are an increasingly popular and valid approach for synthesising and mapping re-
search evidence [66, 14, 177]. This review follows both the PRISMA-ScR guidelines and the method-
ological framework proposed by Arksey and O’Malley [14] for scoping reviews. This framework has
six iterative stages: 1) identifying the research question; 2) finding relevant studies; 3) selecting
studies; 4) charting the data; 5) collecting, summarising, and reporting the results; and 6) an op-
tional consultation exercise. Stage 6, regarding consultation work, is optional and outside the scope

of this review.

3.2.1 Identifying relevant studies
3.2.1.1 Databases

The cross-disciplinary search included four electronic databases: ACM Digital Library, IEEE
Xplore, Scopus, and Web of Science. The ACM Digital Library and IEEE Xplore were chosen
for their comprehensive coverage of computing and technology papers, making them essential for
research in the HCI field [52, 254]. To capture a broader range of scientific domains, Scopus and
Web of Science were incorporated into the search strategy. These were selected due to their exten-
sive inclusion of multidisciplinary research and their recognised use as sources for literature reviews
in the HCI community [15, 257, 178]. Papers spanning multiple domains beyond computing were
retrieved from Web of Science and Scopus, including psychology, (e.g., [149, 160]), linguistics (e.g.,
[134]), marketing and hospitality management (e.g., [117, 260]), as well as gerontology and cognitive
science (e.g., [272, 163]). This enriched the scoping review with diverse perspectives on the study

of breakdowns and repair strategies in HCI.

3.2.1.2 Search Query

The next step was a keyword search within the selected databases to identify papers. The literature
uses numerous terms inconsistently to describe dialogue systems operating on different devices,
such as ‘personal digital assistant’, ‘conversational agent’, ‘voice chatbot’ and ‘conversational user
interface’ [229]. For the current review, the list of terms was derived directly from similar papers
that performed systematic reviews on speech-based and conversational interfaces [52, 178, 26]. Two
main concepts needed to be elucidated in this scoping review: SDSs and repair strategies (see Table
3.1)

Wildcards were used to simplify the search string tailored to each database’s specific features.
Employing these keywords, a comprehensive search across four databases was conducted, targeting
all peer-reviewed scholarly articles and full conference papers published up to August 2023. The
searches were conducted in August 2023. To capture the entire spectrum of relevant research,
no lower date restrictions were applied. This allows for a thorough inclusion of foundational and

contemporary studies. Keywords were used to search titles and abstracts, yielding 818 papers.
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Table 3.1: General Query Structure for All Searches

Concepts

Terms

SDSs

Repair strategies

[“spoken dialog system” OR “speech interface” OR, “voice user
interface” OR “voice system” OR “speech-based” OR “voice-
based” OR “speech-mediated” OR “voice-mediated” OR “hu-
man computer dialog” OR “human machine dialog” OR “nat-
ural language dialog system” OR “natural language interface”
OR “conversational interface” OR “conversational agent” OR
“conversational system” OR “conversational dialog system”
OR “automated dialog system” OR “interactive voice response
system” OR “spoken human machine” OR “intelligent per-
sonal assistant”] AND

[“repair strateg®™ OR “mitigation strateg* OR “error-
handling strateg™ OR “dialogue confirmation strateg*” OR
“handling breakdown™” OR, “conversational breakdown*” OR,
“handling error*” OR “mitigating error*” OR “recognition er-
ror*” OR “system error*” OR “error recovery” OR “error han-
dling” OR “Correction type*” OR “failure*” OR “correction™”
OR “error detection” OR “error recovery” OR “miscommu-
nication” OR “erroneous interpretation” OR “erroneous sit-
uation*” OR, “correction mechanism*” OR “recovery mecha-
nism*”]
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These were imported into Endnote 20.6 as a single library, including basic metadata e.g. title,
author, year, and conference/journal details. Duplicate papers were removed, resulting in 505

papers from the initial database search.

3.2.2 Study selection

In systematic reviews, inclusion and exclusion criteria based on a specific research question are
developed to ensure consistency in decision-making [14]. For this scoping review, a series of inclusion
and exclusion criteria were developed through multiple rounds of discussions among the co-authors
[8].

Due to the wide variety and modalities of dialogue systems, the scope of this review was narrowed
to voice interactions and excluded papers dealing with modalities such as text, gesture, eye-tracking
and multi-modal interaction (where voice was not a primary modality). As this review focused on
the user-interaction perspective, studies purely concerned with technical strategies for handling

errors were also excluded. The finalised formal criteria are as follows:

3.2.2.1 Inclusion criteria
1. User studies examining strategies to repair or mitigate breakdowns in SDSs.

2. Research involving solely or primarily voice-based user interactions (e.g., voice assistants,

smart speakers).

3. Studies involving at least one user and one SDS, focusing on user interaction rather than

system performance or machine-machine interaction.

4. Original research in peer-reviewed journals and full-length conference papers.

3.2.2.2 Exclusion criteria

1. Papers not specifically investigating repair strategies in SDSs.
2. Studies on multi-modal interactions where voice is not the main modality.
3. Dissertations, review articles, conference abstracts.

4. Publications not in the English language

To ensure the relevance of studies to the research questions, inclusion and exclusion criteria
were applied in a two-step process. Initially, the titles and abstracts of 505 papers obtained from
a database search were screened using these criteria. This led to the identification of 128 papers

meeting inclusion criteria. In cases where a paper’s relevance was unclear from its title and abstract,
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Figure 3.1: PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) flowchart.

a full-text review was conducted to further assess eligibility. Ambiguities about paper eligibility
were resolved through discussions among the co-authors [8], resulting in 17 papers considered eligible
from the database search. Additionally, manual searches were employed to capture relevant studies
that might not have included key search terms in their titles or abstracts [26, 14]. This involved
both backward chaining (examining the bibliographies of identified studies) and forward chaining
(using Google Scholar to check citations), together yielding an additional 19 papers. This combined

method of electronic and manual searches identified a total of 36 papers (see Figure 3.1).
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Figure 3.2: Distribution of Relevant Literature According to Year

3.3 Results

The findings of the scoping review are organised along the lines of the research questions into three

sections.

3.3.1 The characteristics of included studies and SDSs

3.3.1.1 Publication Overview

The publication dates of the reviewed papers ranged from 2002 [231] to 2023 [13, 278, 53, 117]. No
studies were found in the period 2010-2017. Approximately one or two studies were published per
year before 2011, and this number increased to five in 2023, indicating an increase in awareness
among researchers about the importance of handling breakdowns in SDSs (See Figure 3.2 for the
number of papers by publication year). While the initial contributions in this field were more
exploratory in nature, covering a range of spoken dialogue breakdowns, more recent papers have
tended to be more specific, focusing on particular system-repair and user-repair strategies within
more defined contexts and settings. For example, around 75% (8 out of 11) of the studies published
before 2011 primarily focused on analysing audio corpora from real-world environments in order
to explore system-repair and user-repair strategies in communication breakdowns in SDSs (e.g.
[231]). Conversely, recent papers (e.g.[53]) delved into specific topics, such as investigating the
impacts of four distinct humour styles (employed as system-repair strategies by voice assistants) on
user frustration during communication breakdowns. Table 3.2 lists 32 unique publication venues

identified from the reviewed studies.
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Table 3.2: Publication Venues

Publication Type

Names

Frequency

Academic Journals

Conference Proceedings

International Journal of Human-Computer Interaction
Speech Communication

In INTERSPEECH

International Journal of Hospitality and Tourism Administration
The Service Industries Journal

Universal Access in the Information Society

Recent trends in discourse and dialogue

Frontiers in Psychology

Association in Computer Science

Elektronische Sprachsignalverarbeitung

In Proceedings of SST

Computational linguistics

International Ergonomics Association

w

CHI conference on human factors in computing systems

Proceedings of the ACM on Human-Computer Interaction

ACM conference on interaction design and children

HCI International Conference

Conversational Interruptions in Human-Agent Interactions

ISCA tutorial and research workshop on error handling in spoken dialogue systems
Conversational User Interfaces

International Conference on Automotive User Interfaces and Interactive Vehicular Applications
International Conference on Human-Agent Interaction

Conference on Human Information Interaction and Retrieval

IEEE International Symposium on Robot and Human Interactive Communication (RO-MAN)
Conference of the International Speech Communication Association

International Conference on Spoken Language Processing

Conversational User Interfaces

Conference on Conversational User Interfaces

IEEE Workshop on Automatic Speech Recognition and Understanding

e e e e Y R e e e S R )

36



3.3.1.2 Methodological Overview

Given the diverse and multifaceted nature of the included studies, the author organised the findings
by broad methodological approach and then by specific technique. This allowed us to illustrate not
only the variety of methodological approaches but also how these interrelate and contribute to the
field of SDSs. The papers were divided into three broader approaches: qualitative, quantitative
and mixed-method. To ensure accurate categorisation, explicit labels (qualitative, quantitative, or
mixed-method) were initially searched for within each paper. Where these labels were not specified,
the research designs and methods described were analysed to determine the appropriate category.
Studies employing in-depth interviews or observational analyses were classified as qualitative, those
using statistical tests or numerical data analysis were classified as quantitative, and studies indicat-
ing substantial use of both approaches were classified as mixed-method. Within each approach, the
specific research designs and methods of each study are discussed. This includes the data source of
corpora (lab- and field-collected corpora), experimental designs (between- and within-subjects ex-
periments) and specific research methods (e.g. interviews, questionnaires and Wizard of Oz method
(WoZ)).

The most frequent approach undertaken in the studies in this review was mixed-methods
(N=16), followed by qualitative (N=10) and quantitative (N=10) approaches. Among these stud-
ies, over half (N=21) conducted analyses of audio corpora, which were categorised into two main
types: field- and lab-collected corpora. Field-collected corpora (N=11) are derived from real-world
sources, while lab-collected corpora (N=10) are generated and analysed by the authors of the study
itself. Most studies utilising field-collected corpora were published prior to 2008 and predominantly
focused on telephone platforms, such as the DARPA Communicator Dialogue Travel Planning Sys-
tem [39, 90, 231, 124], the RoomLine conference reservation system [213], the Pizza Corpus ordering
system [48], the Let’s Go bus schedule information system [213] and the TOOT train information
system [152]. Apart from corpus analysis, some of the reviewed studies employed experimental
research designs, including between-subject experiments (N=10) and within-subject experiments
(N=10).

A range of research techniques was employed for data collection in both qualitative and quan-
titative studies. These methods predominantly include interviews, questionnaires and Wizard of
Oz techniques [163, 286, 149, 84, 128, 232]. A number of studies (N=7) favoured semi-structured
interviews [149, 64, 286, 173, 284, 179, 128] while others chose structured interviews [13] or did not
specify interview format [25, 232]. Questionnaires were also popular, with 13 studies employing
them, predominantly using a 7-point Likert Scale [13, 232, 64, 84, 260, 117, 288, 53], though some
used a 5-point scale [286, 127, 143, 128] and others varied in the type of scale used [72, 149, 160].
To visualise the prevalence of the most common techniques across the three broad methodological
approaches, a heat map is provided in Figure 3.3. This heat map reveals that corpus analysis

is the predominant technique in qualitative studies, while a combination of questionnaires and
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Figure 3.3: Heat Map of Methodology Details for the Selected Studies

interviews is typically used in experimental mixed-method approaches. This is followed by ques-
tionnaires as the typical technique for experimental quantitative studies. Moreover, the contextual
and environmental settings of the reviewed studies varied, with a majority conducted in real-world
environments (N=12) and laboratory settings (N=11), followed by controlled field settings (N=5),
simulated environments (N=4) and online or crowdsourced settings (N=4). Approximately half of
the SDSs (N=16) employed in the reviewed studies were mock-ups in which participants interacted
with the SDSs through Wizard of Oz (WoZ) setups(e.g. [284, 53]). These were mostly used in
mixed-methods studies (N=10), followed by quantitative studies (N=5) and one qualitative study
(N=1).

Sample sizes ranged from as few as five participants in a qualitative study in a real-world setting
[204] to as many as 850 participants in an online multi-language quantitative study [134]. Although
most study participants were drawn from the general population, four studies specifically included
participants with computer science backgrounds [288, 53, 72, 179]. In studies reporting gender
information (N=30), there was a notable gender disparity, with males outnumbering females by
approximately 20%. Finally, participants’ ages varied considerably, from as young as three years
old [46] to as old as 92 years old [192].

3.3.1.3 SDS Characteristics Overview

In this sub-section, the key characteristics of SDSs are reviewed to provide a comprehensive overview
of their features and interactions. The literature review revealed a heterogeneous landscape of

domains and platforms for SDSs. The author categorised SDSs into six distinct domains and seven
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platforms based on their application contexts, functionalities, and task types. Recurring themes and
interaction types were identified across studies and organised into categories reflecting their primary
functions and user interactions. Each domain corresponds to settings with specific interaction types
and tasks. For example, the personal assistance domain includes SDS applications that aid tasks
such as scheduling and reminders, featuring personalised daily interactions. These categories were
refined iteratively to accurately reflect the diverse aspects of SDS applications observed in the
included studies.

Each study in this review falls into one of the following domains: customer service, personal assis-
tance, public assistance, gaming, automotive and smart home assistance. The platforms identified,
including computer speakers, smart speakers, mobile devices, smart home devices, in-vehicle voice-
user interfaces, telephones and robots, were determined via detailed analysis of systems utilised
across the studies reviewed. Most studies were related to customer service (N=10) and computer
speakers (N=10). Certain domains are aligned with particular platform types, indicating specialised
applications. For example, the smart home assistance domain was associated with devices such as
Amazon Alexa [204, 25, 160, 127, 53, 64], the INSPIRE system [272], and devices not specified
[134]. Similarly, the automotive domain was uniquely paired with in-vehicle voice-user interfaces in
simulated environments [13, 128], and field settings [278].

Some studies involved more complex combinations of platforms presented in other domains,
indicating a broader range of functionalities and user interactions. Studies within the public as-
sistance domain utilised smart speakers [131] or robots [149] in their SDSs. By contrast, studies
within the customer service domain utilised telephones [30, 124, 231, 48, 90, 39] or computer speak-
ers [117, 134]. Further emphasising the diversity of platforms, studies within each domain of the
personal assistance and gaming categories featured the integration of at least three distinct types
of platform. Specifically, in the personal assistance domain, individual studies focused on utilising
either computer speakers [288, 232, 179, 180, 192], mobile devices [173] or smart speakers [143, 84].
In the gaming domain, studies employed either computer speakers [129, 286], mobile devices [46]or
robots [72] in their SDS designs.

Other dimensions providing further insight into the context and interaction of SDSs included
interactional sessions, language, interaction types, interface personification, motivation, and col-
laboration goals. The majority of studies (N=30) examined interactions within a single session in
which participants engaged in one conversation with an SDS. A smaller number (N=5) explored
multi-session interactions ranging from 1-5 weeks, predominantly in real-world environments with
families, (e.g. [46, 160]). One study [284], which did not involve direct interaction with SDSs, inves-
tigated user classification of error messages and preferences for error responses using categorisation
and sorting surveys. All but one study employed single-language SDSs, the exception being[134],
which implemented multilingual SDSs across various regions to study differences in user responses

to system breakdowns in different linguistic contexts. Most studies focused on single-individual
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interactions with SDS (N=32), while four studies explored interactions involving multiple people
with SDSs [204, 46, 25, 160]. Regarding interface personification, which refers to the degree to
which SDSs exhibit visual or physical human-like features [119], most studies (N=30) used disem-
bodied SDSs. A few studies used embodied SDSs, employing animated systems [46, 286], avatars
[192, 129, 260], and robots [72], mainly in the gaming domain, with one study each in the personal
assistant [192] and customer service domains[260].

Regarding collaboration goals, SDSs were either goal-oriented (N=27), aiding users in achieving
specific objectives, or non-goal-oriented (N=9), focusing on broader engagement without a defined
end goal. Participant motivation for engaging with SDSs was broadly classified into two categories,
depending on the task at hand: assistance/facilitation (N=25) and entertainment/engagement
(N=11). Roles of SDSs were primarily as facilitators (N=32), with only three studies [286, 129, 72],
examining SDSs as peers, all within the gaming domain. Details of methodologies and repair

strategies are presented in the literature matrix (See Table 3.3).
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Table 3.3: A Literature Matrix of Repair Strategies in SDSs

Repair Strategies

Research Methodologies

Authors/Year SDSs Users Approach Corpus Experiments Methods
Conf. Info. Social Solve Ask Disc. Clar. Info. Modu. Syst. Cont. Qual. Quan. Mixed Filed Lap Between Within Ques. Interview WoZ

Huang and Sénécal [2023)][117] . . . .
Clausen et al. [2023][53] . . . . .
Xu et al. [2023][278] o . . . o o
Meck et al. [2023][163] . . . . . . .
Wang et al. [2023][260] . . . o
Mavrina et al. [2022][160] . . . . .
Kisser and Siegert [2022][131] . . . . . .
Zargham et al. [2022][286] o . . o o o o
Motta and Quaresma [2021][173] . . . . . . . .
Cuadra et al. [2021][64] . . . . .
Lin et al. [2021][149] . . . . . . . .
Myers et al. [2021][180] . . . . .
Yuan et al. [2020][284] . . . . . .
Kim et al. [2020][129] . . . ) . . .
Ge et al. [2019][84] . . . o o o
Beneteau et al. [2019][25] . . . . ) .
Lee et al. [2019][143] o . . . o o
Kim et al. [2019][128] . . . . . . . . . .
Kiesel et al. [2019][127] o . . . . .
Porcheronet al. [2018][204] . . . . 0
Cheng et al. [2018][46] . . . .
Myers et al. [2018][179] . . . . . . . .
Engelhardt et al. [2017][72] . . . . .
Opfermann and Pitsch [2017][192] . . . . ° .
Kraljevski and Hirschfeld [2017][134] . . . . . .
Wolters et al. [2010][272] . . . . .
Zgorzelski et al. [2010][288] . 0 . . . . .
Bohus and Rudnicky [2008][30] . . . . . . . .
Litman et al. [2006][152] . . . . .
Raux et al. [2006][213] . . . . .
Bulyko et al. [2005][39] . . . o . o . .
Choularto et al., (2004)[48] . . . .
Gabriel Skantze [2003][232] . . . . . . .
Goldberg et al. [2003][90] . . . . 0 . . .
Kazemza et al. [2003][124] . . . . . .
Shin et al. [2002][231] . . . . . . . . .

Sum (N=36) 15 3 9 8 13 0 18 11 8 8 7 10 10 16 11 10 10 10 21 11 16

Note:(Conf) Confirmation; (Info) Information; (Disc)Disclosure; (Clar) Clarification; (Modu) Modulation; (Syst) System-centric; (Cont) Contextual& Affective; (Qual) Qualitative; (Quan) Quantitative; (Ques) Questionnaire



3.3.2 System-Repair Strategies

To categorise repair strategies in SDSs, system and user responses to SDS breakdowns reported in
the included studies were thoroughly examined to identify potential categories. Where applicable,
existing categories from frameworks presented in previous research (e.g., [26, 30, 179, 173]) were
adapted to maintain consistency and address any observed gaps. Importantly, the criteria for the
categorisations were based on the function and objective of each response within SDS interactions.
This approach led to the merging of categories where similar objectives were pursued by the re-
pair strategies. For example, under the category of ‘Modulation strategies’ which aim to resolve
communication breakdowns by altering vocal characteristics, three primary user-repair strategies
were merged: adjusting speech rate, enunciating clearly, and modifying speech volume. Each strat-
egy shares the common goal of enhancing speech intelligibility and effectiveness in response to a
breakdown.

Following this methodological framework, system-repair strategies for SDSs were classified using
a framework derived from the systematic analysis by [26], which examined recovery strategies in
CAs. This framework was particularly relevant for the review as it offered well-defined categories
for systematically categorising repair strategies in both text and voice interactions, which is cru-
cial for the focus on voice interactions in SDSs. Using this framework, system-repair strategies
were categorised into six distinct categories: Confirmation, Information, Solve, Social, Ask, and

Disclosure.

3.3.2.1 Confirmation

In this review, Confirmation strategies in SDSs are not designed to completely repair a failed conver-
sation but are instead intended to acknowledge or ignore errors. Regarding error acknowledgement,
SDSs utilize both explicit and implicit strategies for verification or rejection. Explicit error acknowl-
edgement involves the SDS admitting its misunderstanding with phrases like “I don’t understand,”
which prompts users to guide the recovery process. In contrast, implicit error acknowledgement
involves the SDS either staying silent or responding in ways that reflect the miscommunication.
Notably, explicit acknowledgements often serve as precursors to further repair strategies, such as
requesting a rephrasing or clarification of the user’s utterance, details of which are explored later
in this section.

The error ignoration strategy, on the other hand, sees SDSs overlooking errors and continuing
along a predefined conversational path. This strategy may involve posing new questions [30, 13,
288, 232] or taking steps towards goal completion [127, 286, 131, 72, 232], even in the face of
misunderstandings. For example, [72] found that employing the ignore repair strategy, where a
robot overlooks its failure and proceeds with a simple ‘OK’, resulted in enhanced perceptions of

perceived intelligence and animacy (as in an animated system) compared to alternative strategies
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such as apologising and problem-solving.

3.3.2.2 Information

The Information strategy transcends basic confirmation, as SDSs strive not only to confirm but also
to elucidate the situation by providing potentially useful messages or feedback about the error. This
recovery strategy appeared in only three of the reviewed studies [131, 278, 143]. For example, Xu
et al. [278] designed a combined repair strategy that integrated apology, explanation, and promise
to mitigate the adverse effects of automated driving system failures. Similarly, Lee et al. [143]
employed what they termed an ‘elaborated feedback’ strategy to develop common ground (e.g.,
“I don’t understand what you said. It is noisy around here.”), which positively influenced user

acceptance and usability of VUIs.

3.3.2.3 Social

The Social recovery strategy in SDSs integrates human-like behaviours to address and repair break-
downs in communication. Grounded CASA paradigm, these strategies embody a range of human-
like qualities through various responses, including apologies and compensatory strategies [182]. For
instance,[84] explored user preferences between two different strategies, apology ('I'm sorry’) and
humour ("My IQ is still recharging’), across distinct failure contexts. The results indicated a pro-
nounced preference for smart speakers that offered apologies in both instances. On the other hand,
in the same study, humour as a repair strategy proved counterproductive, especially when smart

speakers misunderstood user requests.

3.3.2.4 Solve

The Solve strategy aims to actively resolve breakdowns by offering concrete solutions. This strategy
is goal-oriented and distinct from that of the Information strategy, as it surpasses the mere elucida-
tion of breakdown causes. Instead, it encompasses the delivery of supplementary information and
guidance tailored to help users resolve breakdowns effectively. SDSs can augment their support by
providing users with a range of potential solutions in the form of options. Additionally, SDSs can in-
troduce pre-defined speech structures or templates designed to assist users in their recovery efforts.
For example, in instances where users use language or expressions beyond the SDS’s processing
capabilities, the SDS presents a set of understandable utterances to ensure mutual understanding
between user and system.

Based on a study of conference room reservations, [30] assessed the effectiveness of 10 strategies
in addressing errors of non-understanding. Among these, “Full Help” and “TerseYouCanSay”
strategies where the system guides the user on what to say next, emerged as the most effective.

When the system offers help, which includes sample responses related to the conversation (e.g. SDS:
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‘Have you had lunch yet? You can answer whether or not you have eaten.’), users can discover more
effective ways (from the system’s viewpoint) to express their intent and explore further dialogue
options [149].

3.3.2.5 Ask

The Ask strategy in SDSs transfers the repair responsibility to the user via three main techniques.
Initially, the SDS may repeat the inquiry to give the user another chance to articulate their request
[149, 143, 30, 90, 39, 128, 288, 213]. Alternatively, the SDS could ask the user to rephrase their
utterance [213, 30, 90, 39]. Lastly, if the first attempt was unclear or incomplete, the SDS might
request additional input to formulate an adequate response [13, 213, 286, 30, 128, 232, 72]. For
instance, [39] examined the NIST 2000 Communication Evaluation, which included nine mixed-
initiative telephone dialogue systems. They found that employing repetitions as a system-repair

strategy resulted in significantly higher rates of frustration compared to rephrasing.

3.3.2.6 Disclosure

Similar to the Information strategy, the disclosure strategy is designed to educate users on how
to navigate potential communication issues. The key distinction is that disclosure aims not to
directly address or repair breakdowns but to set realistic user expectations by requiring the SDS to
identify itself as a computational entity and to openly state its capabilities and limitations. This
approach helps manage user expectations by clarifying what the system can and cannot do, thereby
potentially preventing some breakdowns before they occur. In this review, the dataset reveals an
absence of studies focusing on the broader implications of such disclosure strategies in SDSs, echoing
the findings of previous reviews and emphasising the need for more comprehensive research in this
domain [26]. For a depiction of system repair strategies following a dialogue breakdown, see Figure
3.4.

3.3.3 User-Repair Strategies

Based on an aggregation of evidence from the included studies, the author proposes a framework
of user-repair strategies for interactions with SDSs. The author developed this framework by
synthesising and adapting categories from the frameworks presented in the reviewed studies, to
address the need for a more comprehensive framework. While prior studies have examined specific
forms of user repair in isolation, this review is the first to consolidate these behaviours into a
unified, user-centred framework of repair strategies in SDS interactions. Due to the complexities
and unexpectedness of user reactions to SDS breakdowns, user-repair strategies can be categorised
into five broad strategies: Clarification, Information adjustment, Modulation, System-centric and

Contextual and Affective Responses.

44



A: Example of Initial User-SDS Interaction Leading to Breakdown

Hi! how can | help you? @

8Whal‘s the weather like tomorrow?
Weather in which city
are you asking about? @
8 Weather in Glasgow
< SDS uncertain or does
not understand last user's @
input >

_\I I/_ B: Framework of SDS Strategies for Handling Breakdowns, with Examples _\I I/_

s D' r \

Confirmation Solve
You're asking about the Did you mean Glasgow, Scotland,
weather in Glasgow, Scotland (s « or Glasgow, Kentucky?
tomorrow, right? L @
\ J J
- N r \ r N
Information Ask
System-Repair
| don't understand. It is @ i Could you repeat that? 6
noisy around here i Strategles 2
\ 7 . J \ A
e T 3 ( - )
Social Disclosure
Hi! I'm here for weather info but
I'm sorry, sometimes, | don't mﬁht needlc:'e?r Ioca:c’mn details,
interpret speech correctly 2 e PYOU @
\ J/ y

Figure 3.4: This is a flowchart depicting an initial interaction between a user and SDS
that results in a communication breakdown (A). It is followed by a comprehensive
framework of system-repair strategies (B). The framework includes examples of each
strategy in action, demonstrating how the SDS can repair communication breakdowns.
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3.3.3.1 Clarification

Clarification strategies play an important role in user-repair in SDSs, focusing on ensuring clarity
and correctness of the intended message. These strategies are the most widely employed by users,
with repetition and reformulation being the primary forms. Repetition is a direct and common
strategy, especially when users feel that the SDS has misunderstood their input. Users often repeat
their previous utterances, hoping for better system comprehension (e.g. [231, 39, 25]). For example,
[25] investigated family interactions with Alexa and found that children frequently use repetition
as their initial attempt to repair communication breakdowns.

Reformulation involves a range of techniques to enhance communication when initial attempts
are unsuccessful. Central to this strategy is rephrasing. Users alter the original utterance to make
it more comprehensible to the SDS while maintaining their original intent [25]. This can include
simplifying sentences, using synonyms or restructuring complex requests into simpler formats [25].
Users often rephrase by replacing verbs or nouns or by modifying sentence structure [129, 200]. Four
of the reviewed studies investigated user-repair strategies specifically focused on lexical adjustments
(when users modify vocabulary), semantic adjustments (when users alter the meaning of the original

statement) and syntactic adjustments (when users restructure sentences; e.g. [160, 118]).

3.3.3.2 Information Adjustment

Information adjustment strategies modify the quantity or precision of the information provided.
This category encompasses three strategies: addition, subtraction and correction. Addition occurs
when users provide additional details to repair a breakdown, particularly when the initial utterance
lacks sufficient information for the SDS to comprehend the user’s intent accurately [173, 180]. For
example, a study on the sequence patterns of users interacting with VUIs [180] found that users
often add more details to their utterances to clarify their intent when they encounter a breakdown
with a new task. Subtraction strategies involve users simplifying their utterances by eliminating
confusing or unnecessary details. Similarly, Motta and Quaresma [173], in a study of how different
types of voice assistants (e.g., Siri and Google Assistant) relate to user-repair strategies, found that
users adjusted their utterances by adding or subtracting elements during breakdowns, reflecting
exploratory behaviour.

Correction strategies occur when users directly repair specific inaccuracies interpreted by the
system. This user-repair strategy is particularly relevant when the SDS misinterprets part of the
user input, leading to unsatisfactory responses (e.g., [30, 231]). For instance, if a user requests
‘Play relaxing music’, but the SDS plays rock music instead, the user may correct this by stating,
‘No, play relaxing music.” Unlike addition, which provides extra context, or subtraction, which
simplifies the input, correction specifically targets inaccuracies in the SDS’s understanding. Some

studies (e.g. [124, 231]) show that correction often manifests as a contradiction, wherein the user
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interrupts or ‘barges in’ to correct and guide the SDS’s incorrect process. For example, Kazemzadeh
et al. [124] analysed the acoustic features of user-repair strategies and found that contradiction, a
form of correction user strategy, was associated with higher pitch and frequency compared to other

responses, such as repetition.

3.3.3.3 Modulation

Modulation strategies, which aim to resolve communication breakdowns by altering vocal charac-
teristics, encompass three primary user-repair strategies: adjusting speech rate, enunciating clearly
and modifying speech volume. Recent studies, particularly those produced in the past five years,
have shown increased interest in exploring modulation strategies across various domains and set-
tings, primarily through the analysis of lab-collected corpora (e.g., [179, 129, 160]). These studies
found that in correction and non-correction dialogue acts, the prosodic elements of user utterances
typically shift towards hyper-articulated speech patterns. For example, [129] investigated frequent
breakdowns and user reactions to them in voice-based dialogue interfaces. This study revealed that
attempts by many participants to amend errors by repeating phrases more slowly or with clearer

enunciations often resulted in higher rates of error recognition by the SDS.

3.3.3.4 System-Centric

System-centric strategies are tactics employed by users that reflect their understanding of the ca-
pabilities and limitations of the SDS. In response to breakdowns, users often emphasise specific
keywords that activate certain functions within the SDS. Utilising existing telephone dialogue sys-
tems, Bulyko et al. [39] explored how users react to re-prompting — when the SDS repeatedly
asks for the same information. They found that commands such as ‘Back up’, ‘Start over’ and
‘Scratch that’ are processed more efficiently by the SDS than would be the case by simply re-
peating phrases. Another system-centric strategy is interface switching. When an SDS supports
alternative input modes, users may opt to switch to typing [173] or using a touchscreen [179] to

overcome communication breakdowns.

3.3.3.5 Contextual and Affective Responses

Contextual and Affective strategies encompass a broad range of repair strategies that extend beyond
the four previously described categories and comprise a diverse and complex class of user behaviours.
Within this category, three primary user-repair strategies for SDS breakdowns can be identified:
contextual adjustment, emotional expression and decision to disengage. Contextual adjustment
strategies involve alterations to the user’s approach or surroundings to enhance interaction with
the SDS and repair breakdowns. For example, some studies (e.g., [46, 204]) highlighted how users

proactively adjust their environment, such as a child repositioning a tablet following parental advice
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or participants minimising ambient noise to aid voice recognition — actions that reflect an instinctive
adaptation to improve communication with the system.

Emotional expression strategies encompass users’ verbal and non-verbal reactions to SDS break-
downs, often reflecting frustration [179]. This can range from swearing, vocal interjections like ‘ah’
and laughter, to non-verbal cues such as eye-rolling [124, 179, 192]. Finally, decisions to disengage
are characterised by users stepping back from interaction with SDSs, which may involve quitting,
expressing a desire to stop or ending an interaction [231, 179, 173, 118]. These behaviours signal
a user’s intention to cease efforts to overcome breakdowns, which is frequently associated with
confusion and frustration, leading to task abandonment. [179]. The literature underscores the im-
portance of these strategies as they mark the moments when users choose to stop interacting with
the task. For a depiction of user-repair strategies following dialogue breakdown, see Figure 3.5.

While the proposed user-repair framework distinguishes between five categories of user repair
strategies, these categories should not be understood as mutually exclusive. In practice, users often
combine or sequence multiple strategies when attempting to resolve communication breakdowns
[133, 284]. For example, adjustments to informational content may co-occur with vocal modulation,
and strategies may shift dynamically across interaction turns. The framework is therefore intended
as an analytical lens for organising reported behaviours in the literature, rather than as a rigid

taxonomy of independent actions.

3.4 Discussion and Future Directions

3.4.1 System and User Repair Strategies in SDSs
3.4.1.1 Frameworks of repair strategies

This review provided an overview of how SDSs and their users repair communication breakdowns.
From the 36 included papers, frameworks for both SDS and user repair strategies are presented.
For system-repair strategies, the framework categorises system-repair strategies into six categories:
Confirmation, Information, Social, Solve, Ask and Disclosure. This comprehensive categorisation
directly addresses RQla by identifying the specific types of strategies SDSs employ to repair con-
versation breakdowns. The majority of system-repair studies focused on Confirmation, Ask, and
Social strategies. However, the review identified only a limited number of studies (N=3) focusing
on Information repair strategies. Importantly, there is a complete absence of studies investigating
the disclosure strategy as a means to repair communication breakdowns within SDS. The disclosure
strategy, which involves the SDS openly acknowledging its limitations and capabilities to users,
could be crucial for enhancing user interaction by setting realistic expectations. Evidence sug-
gests that a conversational agent’s self-disclosure as a computer artefact can efficiently set user

expectations by acknowledging its non-human intelligence [225].
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A: Example of Initial User-SDS Interaction Leading to Breakdown
Hi, how can | assist
you today? @

& | want to book a flight to Glasgow

".." <8DS is silent,
indicating uncertainty or @

lack of understanding>

B:Framework of User Strategies for Handling Breakdowns, with Examples

~

Clarification

8 1 want to book a flight to Glasgow System-Centric
< Activate flight booking for
i R R A ( ) Glasgow.
Information Adjustment . (*Activate" as SDS's command)
User-Repair . J
I'd like to book a flight that goes H ( . h
(B Clrem CR Strategles Contextual and Affective
Friday. L ) Responses
~ g This is too frustrating. Never
e ‘ mind, I'll just book it online
Modulation myself
| S— S
& Book a flight to Glasgow!
(Speaking Louder)

Figure 3.5: This flowchart highlights user-initiated repair strategies in response to SDS
communication breakdowns (A). It is followed by a comprehensive framework of use-
repair strategies (B). The framework includes examples of each strategy in action,
demonstrating how the user can repair communication breakdowns.
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Similarly, this review answers RQ1b through the development of a framework for user-repair
strategies, divided into five distinct categories: Clarification, Information, Modulation, System-
centric, and Contextual and Affective Responses. This framework constitutes a key contribution
of the review by providing the first comprehensive synthesis of user-repair strategies across SDS
studies. This framework highlights the active role that users play in the repair process by em-
ploying various strategies to overcome communication breakdowns. In the review of studies on
user-repair strategies, the author observed a balanced distribution across all strategy types. How-
ever, while Clarification and Information strategies were more common, there was a notable gap in
the exploration of Modulation, System-centric, and Contextual and Affective strategies. Expanding
research to cover these under-explored strategies will provide a deeper understanding of strategies
for addressing breakdowns in SDSs, providing a road map for future studies.

Furthermore, the literature in the review used inconsistent terminologies for repair strategies.
For example, the ’error ignoration’ system-repair strategy, classified under the confirmation cat-
egory, involves an SDS ignoring a breakdown and continuing along a predetermined path. This
strategy is named differently in the reviewed studies, though they refer to the same concept and
mechanism of repair methods such as ’ignore’ [72], ’task-related question’ [232], and ’anticipatory
error handling’ [286]. Thus, for future work, adopting the frameworks proposed in this review will
promote a standardised terminology and conceptual foundation within the research community and

provide uniform references to repair strategies.

3.4.1.2 Interaction of Repair Strategies

The reviewed studies have demonstrated that researchers often employ a combination of system-
repair strategies to repair complex communication breakdowns and improve user experience. Re-
search shows the effectiveness of system-repair strategies is stronger when combined with other
strategies as a multiple-repair strategy [133, 284]. For instance, Xu et al. [278, p: 5] employed
a multi-repair strategy combining Social and Information repair strategies. The system used an
integrated prompt: ”I am very sorry [apology]. There is a fault and a take-over is needed due
to a possible out-of-memory error [explanation]. We will ensure this does not recur [promise].”.
Similarly, Goldberg et al. [90] found that an apology as a social system-repair strategy led to lower
word error rates and lower frustration when combined with rephrasing as a confirmation strategy.
This combination of system-repair strategies highlights the complexity of their interplay. Moreover,
the integration of LLMs such as ChatGPT-voice and Alexa-LLMs offers fertile ground for explo-
ration. LLMs, known for their robust NLP capabilities, could significantly refine the adaptability
and effectiveness of both system and user repair strategies [262, 279]. Future research could explore
how these models can be customized to enhance interaction dynamics within SDSs, particularly
in terms of real-time responsiveness and contextual understanding. This suggests the potential

value of future studies considering the frameworks identified in this scoping review to identify and
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articulate these complex combinations more precisely.

Regarding user-repair strategies, certain strategies present more challenges to SDSs than others,
with users frequently adopting clarification strategies, such as repetition [70, 231] and modulation
strategies, such as changes in voice pitch or volume [160, 81, 109]. However, these strategies are
often the least successful at repairing breakdowns and can negatively impact the SDS’s ability to
recognise voice commands accurately [90, 81, 70]. Importantly, the selection of user-repair strategies
is not random but is significantly influenced by the system’s repair strategies [173, 152, 204, 205].
This indicates a complex interaction between user behaviour and system feedback, where system
prompts directly shape the user’s choice of repair strategy. This dynamic interaction has been
explored in only a few studies (N=8) within this review (e.g., [173]). For future research, it will
be essential to investigate the development of SDSs that guide users away from less successful
user-repair strategies and towards more effective ones. In conducting this review, the aim was
to map the landscape of strategies employed, rather than to evaluate their effectiveness on user
experience or SDS performance.However, during the review, notable variations were observed in
how similar strategies were evaluated across studies, underscoring the diversity of research methods
and contexts. For example, while some studies (e.g., [260, 278, 284]) suggest that the effectiveness
of apologies employed as social repair strategies may be limited, others (e.g., [72, 84, 90]) report
significant positive impact on users’ perceptions of SDS. This divergence hints at the complex
ways in which users interpret apologies from SDS, potentially as a standard response to failures
[284]. Such observations reveal the nuanced and context-dependent effectiveness of repair strategies
[278], suggesting fertile ground for future research. Further examination via systematic review or

meta-analyses, could provide crucial insights into conditions influencing strategy effectiveness.

3.4.2 Research Methods and Defining Characteristics of SDSs

An overview of research methods employed and key characteristics of SDSs in the reviewed papers
is provided here, addressing RQlc. As the papers showcase a diversity of research methods, the
author classifies methodologies into three broad approaches: qualitative, quantitative, and mixed-
methods. Each employs distinct techniques and data collection methods. The findings indicate that
a notable number of qualitative studies (N=9) exclusively utilised corpus analysis, demonstrating a
well-established foundation of research employing this method. However, it is important to note that
the majority of the studies analysing field-data corpora from real-world settings were published prior
to 2009. Their findings are grounded in older corpora, often focused on telephone-based platforms.
For instance, Litman et al. [152] utilised the TOOT train information corpus from 1999. Given the
significant advancement of SDSs, which are revolutionising the dynamics of user-system interaction,
contemporary research may yield distinctly different results [185]. The evolving capabilities of these

systems from real-world settings suggests the need for renewed investigations to better understand
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current repair strategies in SDS.

The review also reveals a trend towards combining research techniques, which underscores the
complexity of SDS research. Nevertheless, apart from corpus analysis, the findings highlight the
absence of other qualitatively-driven method designs such as focus groups, case studies, or ethnog-
raphy. Such methods could enable an in-depth understanding of user interaction with SDSs in
real-world contexts [171]. These methodological patterns also intersect with broader contextual
factors, particularly cultural background and interaction language, which remain under-explored in

existing SDS research and are discussed in the following subsection.

3.4.3 Cultural Background and Interaction Language

Beyond methodological considerations, the findings of this scoping review highlight cultural back-
ground and interaction language as critical yet under-explored dimensions in the study of repair
strategies in SDSs. In particular, most existing work focuses on English-language interactions con-
ducted by native speakers in Western contexts (e.g., [179, 46, 204]), leaving limited understanding of
how repair strategies are perceived and enacted when users interact in a non-native language. This
narrow focus highlights a gap in understanding regarding the potential influence of cultural and
linguistic diversity on the acceptance and evaluation of SDSs. For instance, Rau et al. [212] illus-
trated that people prefer robots with communication styles familiar to their culture. Similarly, [134]
found that speakers’ responses to communication breakdowns varied significantly by language, with
55.3% of Italian speakers but only 9.6% of Turkish speakers using a special keyword as a system-
centric repair strategy. Recently, Galbraith [82] investigated the impact of interaction language,
specifically examining user reactions to the use of "huh?” as a system-repair strategy. Findings re-
vealed that English speakers generally found this approach somewhat acceptable whereas Spanish
speakers found it unacceptable. Future research should thus be more inclusive of diverse cultural
factors (e.g., [114]), offering a broader and more global perspective on the design and effectiveness
of repair strategies in SDSs.

In this review, it was also observed that most studies do not explicitly ground their research in
established theories despite the complexity of system—user interactions. These interactions often
mirror human face-to-face interactions, as demonstrated by models based on Human-Human Inter-
action (HHI) theories [135]. Notable theories employed by such models include Common Ground
Theory [163], focusing on shared knowledge and assumptions; Justice Theory [260], examining
fairness in interactions; and Humour Theory [53], exploring the role of humour. Additionally, Po-
liteness Theory provides a comprehensive framework for exploring and understanding interactions
between humans and SDSs, offering insights into managing social repair strategies such as apolo-
gies, warmth, and humour to mitigate actions or statements that challenge an individual’s dignity

or self-esteem [84, 39, 117]. Exploring underutilised aspects of these theories, such as expressing
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solidarity, exerting power, or employing indirectness to soften messages [28, 168, 236], could reveal
novel ways for SDSs to more effectively repair communication breakdowns.

There is substantial potential to advance research in SDSs by applying these theories in more
innovative ways. For instance, while Common Ground Theory has traditionally emphasised the
importance of confirmation and questioning [163, 17], future studies could investigate how varia-
tions in explicitness of confirmations influence user satisfaction and effectiveness across different
cultural contexts [104]. Politeness Theory [38] and Hall’s Theory [103] could be extended to explore
how cultural variations in perceptions of politeness directly shape the design and effectiveness of
repair strategies in SDS responses. Such approaches could greatly enhance the interactivity and
responsiveness of SDSs, leading to richer, more adaptive user experiences. Taken together, these
gaps in the literature motivate the empirical focus of the following chapters 5 and 6. As a starting

point for future research, the following research questions are proposed:

e How do user characteristics, such as gender, cultural background, and language proficiency

influence perceptions of SDS performance in error scenarios across various contexts?

e How can multi-theoretical principles such as those used in HHI impact the effectiveness of

repair strategies in SDS and user experiences?

3.5 Conclusion

The objective of this review was to tackle the existing challenges associated with repair strategies in
SDSs, specifically addressing the absence of comprehensive conceptual frameworks and standardised
terminologies. To this end, the author conducted an extensive scoping review, aiming to consolidate
and analyse the repair strategies employed by both SDSs and their users. The author developed
comprehensive frameworks for system and user repair strategies in the SDS domain, which provide a
foundational basis for future research to explore less investigated areas. In addition to consolidating
existing repair strategy frameworks, this review identifies cultural background and interaction lan-
guage as key yet under-explored dimensions in SDS repair. It highlights important gaps in current

knowledge that directly motivate the empirical investigations presented in the subsequent chapters.

3.6 Chapter Summary

While the previous chapter provided the foundational background and theoretical context for this
thesis, this chapter presented a systematic scoping review of repair strategies in SDSs within HCI
research. The review resulted in two key frameworks: one for categorizing system repair strategies
and another for user repair strategies. These frameworks not only organize existing knowledge

but also highlight research gaps, particularly in unexplored methodologies and contexts of repair
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strategies, thereby informing the design of the subsequent empirical studies. In particular, the
system repair framework serves as the basis for the experimental and qualitative studies that follow.
The next chapter outlines the methodology used in these empirical investigations. Building on
these identified gaps, the subsequent empirical chapters investigate how cultural background and

interaction language shape user preferences for repair strategies in SDSs.
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Part 11

Two Empirical Studies on
User-Centred Evaluation of Repair
Strategies in Spoken Dialogue

Systems
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Chapter 4

Methodology for User-Centred

Empirical Studies

This chapter describes the methodological approach adopted across the two empirical studies inves-
tigating user preferences for repair strategies presented in this PhD thesis. While Study 1 (Chapter
5) examines the effect of cultural background using a cross-cultural quantitative approach, Study
2 (Chapter 6) investigates the effect of interaction language and individual-level factors, as well as
exploring user perspectives on different repair strategies, using a within-culture mixed-methods ap-
proach. Section 4.2 outlines the system-repair strategy framework employed across both empirical
studies, developed based on the preceding scoping review in Chapter 3. Section 4.3 provides an
overview of the research design, including a detailed description of the goal-oriented task, simulated
task scenario, and participant groups.

Section 4.4 introduces the consistent experimental design, based on a pairwise comparison
method, used to investigate user preferences for five repair strategies (addressing RQ2 and RQ3a).
Section 4.5 describes how individual-level factors were measured, including computer self-efficacy,
language proficiency, and prior experience with technology and DVAs (addressing RQ3b). Section
4.6 presents the design of the semi-structured interviews conducted to explore user perspectives on
repair strategies and communication breakdowns (addressing RQ4). Finally, Section 4.8 details the

preparatory procedures for the quantitative phase, including pilot testing and translation processes.

4.1 Methodological Rationale

While the primary purpose of this chapter is to describe the empirical methods employed in this

thesis, it is also important to situate these methods within the broader methodological landscape
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of research on repair strategies in SDSs. Drawing on the findings of the scoping review presented in
Chapter 3, this section reflects on the methodological approaches commonly adopted in prior work,
identifies their limitations, and explains how the methodological choices made in this thesis were
informed by these observations.

While hypothesis-driven designs are common in experimental research, the present thesis adopts
a research-question—driven (exploratory) approach, which is well established within HCI research.
This choice is motivated by the limited and fragmented empirical evidence concerning user pref-
erences for repair strategies in SDSs, particularly across cultural and linguistic contexts. In such
under-theorised domains, formulating strong a priori hypotheses risks over-specification and may
result in confirmatory evaluations that provide limited theoretical or practical insight [92]. Accord-
ingly, the empirical studies presented in Chapters 5 and 6 are structured around clearly defined
research questions, enabling systematic exploration of user preferences through predefined experi-
mental designs and statistical models, rather than premature hypothesis testing.

The scoping review revealed that much of the existing research on conversational repair in SDSs
has predominantly focused on system-centred approaches, such as corpus analysis (e.g., [90]), task
success metrics (e.g.,[232]), and recognition accuracy (e.g., [134]). While these approaches have
yielded valuable insights into system performance and technical capabilities, they are less well
suited to capturing user preferences, subjective evaluations, and culturally grounded interactional
expectations, which are central to understanding user experience during conversational breakdowns.

Moreover, the review indicated that relatively few studies adopt comparative experimental
paradigms designed to systematically elicit user preferences across controlled conditions. Studies
that explicitly examine preferences for repair strategies often rely on Wizard of Oz methodolo-
gies (e.g., [84, 128, 53, 163]) or categorisation-based surveys (e.g., [284]). While these approaches
provide important exploratory insights, they offer limited resolution for assessing fine-grained pref-
erence differences between competing repair strategies.

In response to these methodological limitations, this thesis adopts a pairwise comparison method-
ology to examine user preferences for repair strategies. Pairwise comparison has been shown to
reduce scale bias and cognitive ambiguity compared to traditional rating-based methods, such as
Likert scales [191, 3], while enabling more precise judgments between alternative interactional op-
tions. The use of pairwise comparison is particularly well suited to cross-cultural and multilingual
research contexts [67, 191], where response styles and scale interpretation may vary across partici-
pant groups.

At the same time, this approach entails certain limitations. Preferences elicited through paired
presentation are inherently relative to the alternatives presented, meaning that a strategy selected
within a given pair represents the most preferred option in that comparison rather than an un-
equivocally optimal strategy overall. Alternative approaches for measuring user preference, such

as absolute rating scales, ranking tasks, or best—worst scaling, were therefore considered. However,
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prior research indicates that these methods can introduce increased cognitive load, scale-use bias,
and cross-cultural response variability (e.g., [191, 67]).

For these reasons, pairwise comparison has been widely adopted as a robust approach for eliciting
comparative judgments (e.g. [17, 141, 80, 16]), as it reduces ambiguity and places lower cognitive
demands on participants by requiring only relative decisions between alternatives [201, 67]. Further
details of the pairwise comparison methodology and its implementation in this thesis are provided
in Section 4.4.

While pairwise comparison enables systematic elicitation of user preferences, it does not by
itself explain the underlying reasons or interpretations that shape these preferences. To address this
limitation, this thesis adopts a mixed-methods approach (Chapter 6) by complementing quantitative
preference data with qualitative interviews. The qualitative component enables exploration of how
users interpret repair strategies, how interaction language shape these interpretations, and why
particular strategies are perceived as more appropriate or acceptable in specific contexts. Further
details of the qualitative interviews and its implementation in this thesis are provided in Section
4.6.

In addition, the scoping review (Chapter 3) identified a bias toward English-language inter-
actions and native-speaker populations in prior work, leaving limited understanding of how repair
strategies are perceived when users interact in a non-native language or come from different cultural
backgrounds. The methodological design of this thesis directly addresses this gap by systematically
varying interaction language and cultural grouping, while maintaining a consistent experimental

structure to support meaningful and comparable analyses across studies.

4.2 Repair Strategy Framework

In the previous scoping review (Chapter 3), the author introduced two comprehensive frameworks
developed through a systematic scoping review: one categorizes system-repair strategies into six
distinct types, and the other categorizes user-repair strategies into five types. Since this thesis
focuses on how user characteristics influence preferences and perspectives regarding different repair
strategies employed by SDSs during breakdowns, the system-repair strategy framework was adopted
for the two empirical studies. Specifically, five repair strategies were selected: Confirmation, Infor-
mation, Social, Solve, and Ask (see Strategy Framework 3.4). These strategies were chosen because
they (1) exhibit distinct communicative attribute and (2) focus on the immediate system responses
following a conversational breakdown.

Although the original framework also included a Disclosure category, it was excluded from this
thesis. The Disclosure strategy is intended to set user expectations by having the system acknowl-
edge its identity, limitations, or capabilities. It is typically employed proactively or in a general

onboarding context, rather than as a direct response to specific communication breakdowns. As
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such, it does not align with the scope of this thesis, which centres on evaluating user preferences for
reactive repair strategies i.e., those initiated by the system after miscommunication. Additionally,
the current body of literature lacks empirical evaluations of Disclosure strategies in such breakdown
contexts, reinforcing the category’s limited applicability to comparative user preference studies such
as those presented in this PhD thesis.

Each repair strategy embeds a main attribute corresponding to its specific function and com-
munication style during breakdowns. While some overlaps may exist in how these strategies ad-
dress breakdowns, this thesis focuses on measuring their distinct attribute, which represent the
specific functions and communication styles offered by each strategy. Previous research in text-
based CAs [27] highlights how functional characteristics, such as formality, empathy, and humour
shape user preferences and experiences across different applications. Similarly, in this thesis, the
main attributes of repair strategies (such as confirmation, explanation of the causes of break-
downs, and social apologies) define system responses during conversational breakdowns in voice-
based interactions. These attributes illustrate the different approaches each strategy uses to repair
non-understandings and promote effective interaction. Table 4.1 provides descriptions and main
attributes for the five repair strategies investigated in this thesis. The identification and distinction
of the main attribute of each repair strategy were first validated through a pilot study, which is

described in detail in Preparatory Procedures section (see Section 4.8.1).

Table 4.1: Descriptions and Attributes of Repair Strategies

Repair Strategy Main attribute Description Employed Example

. Politely apologizes for the non- I am sorry, I could not understand
Social Apology understanding you. Could you please say that again?
Confirmation Secking Confirmation Guesses the user’s input and seeks It sounds like you want to travel to Lu-

confirmation ton. Is that correct?

Breakdown Explana- Explains why it could not under- I could not understand you because it

Information tion stand 8 po@zsy here. Could you say that
again?
. . . I could not understand you. Do you
- . ffers a list of possibl tions ]
Solve Providing Options Offers a list of possible options mean Luton, Sunderland, Liver-

based on partial understanding
‘ bartis ‘ & pool, or non of these?

Directly asks the user to repeat the
Ask Requesting Repetition  input without additional context
or elaboration

I could not understand you. Could
you say that again?
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4.3 Research Design Overview

This thesis adopts a two-study empirical research design to investigate how user characteristics
influence preferences and perspectives regarding repair strategies in SDSs. Study 1 (Chapter 5)
employs a cross-cultural quantitative approach to examine the effect of cultural background on user
preferences. Study 2 (Chapter 6) adopts a within-culture mixed-methods approach to explore the
effects of interaction language and individual-level factors, such as computer self-efficacy, language
proficiency, and prior experience with SDSs, while also gaining deeper insights into user perspectives
through qualitative interviews.

Both studies were built around a consistent experimental design, which strengthens the compa-
rability and integration of results across studies [219]. Specifically, both studies used a simulated
goal-oriented task that created controlled communication breakdowns between the user and the
system. This prompted the system to respond using one of five pre-defined repair strategies. Par-
ticipants then evaluated the system’s repair responses through a pairwise comparison method by
selecting their preferred option in each scenario. By applying the same experimental structure
across both studies, this design enables a comprehensive understanding of user preferences: cap-
turing both cross-cultural variations (Study 1) and within-group variations related to interaction
language and individual traits (Study 2). This consistency also ensures methodological coherence,
making it possible to interpret preferences in light of broader sociocultural and contextual commu-
nication variables.

Although the simulated SDS interactions used in both studies were voice-only, participants were
told that the responses were from a DVA named FEcho, such as Amazon Alexa or Google Assis-
tant. This decision was intentional as DVAs are a familiar and widely used example of SDSs [122].
Using DVAs as a reference point helped participants to better engage with the task, understand
the interaction context, and evaluate the repair strategies meaningfully. Referring to a familiar
system increased ecological validity and ensured that participants could imagine realistic interac-
tions [33, 34, 24]. Although this approach reflects the nature of many real-world SDS applications,
participants were not instructed to refer to a specific commercial DVA such as Amazon Alexa or
Siri.

In both studies, all experimental tasks and survey instruments were administered online using
the Qualtrics! platform. In Study 2, qualitative data were also collected through semi-structured
interviews conducted via Microsoft Teams to further explore users’ reasoning, perspectives, and

expectations regarding system repair strategies and communication breakdowns.

Thttps://www.qualtrics.com/
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4.3.1 Goal-Oriented Task

The choice of a goal-oriented flight-booking task was a deliberate methodological decision aimed
at examining repair strategies under conditions where accuracy and task success are critical. Com-
pared to non-goal-oriented or social interactions, transactional tasks place greater emphasis on
grounding, confirmation, and error recovery, making communication breakdowns more consequen-
tial for users. Flight booking was selected as a representative medium-complexity task that is
familiar to participants.This task context therefore provides an appropriate and controlled setting
for evaluating user preferences for different repair strategies. This rationale is further supported
by prior work on transactional SDS interactions and repair frequency, discussed below. SDSs can
be broadly categorized based on the type of interaction they support: (1) goal-oriented tasks and
(2) non-goal-oriented tasks (also referred to as chit-chat communications) [44]. While non-goal-
oriented tasks aim to sustain casual conversation and provide entertainment, goal-oriented tasks
involve structured interactions in which users seek to accomplish a specific objective. Popular com-
mercial systems such as Apple’s Siri and Amazon’s Alexa are considered goal-oriented, as users
interact with them to fulfil information-seeking or task-completion goals [17].

In this thesis, a goal-oriented task is employed to evaluate participants’ preferences for repair
strategies in SDSs. As shown in Figure 4.1, the complexity of SDS tasks has progressively increased,
from low-complexity tasks involving basic information retrieval (e.g., package tracking or bus sched-
ules) to high-complexity tasks such as customer care and technical support that require problem
solving and more dynamic interaction [223]. Transactional tasks, such as managing bank accounts
or booking flights, are positioned at a medium level of complexity, as they involve the exchange of
structured information to achieve a specific user goal [161, 223]. In the empirical studies conducted
in this thesis, participants were asked to complete a flight booking task, which is a representative
example of a medium-complexity transactional interaction.

The decision to use a goal-oriented task rather than a non-goal-oriented task is intentional. In
transactional tasks, accuracy and clarity are critical, and communication breakdowns have a direct
impact on task success. Therefore, it is essential that exchanged information be confirmed and
grounded to prevent miscommunication [161]. Furthermore, previous research shows that repair
strategies are more frequent in goal-oriented dialogues than in non-goal-oriented, social dialogues
[56]. In social dialogues, the primary aim is to sustain engagement, and repair is often less focused
on resolving misunderstandings and more on continuing the conversation [17]. Therefore, in goal-
oriented tasks where accuracy is prioritized, the benefits of employing repair strategies outweigh

the potential drawback of increased transaction time [161].
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Figure 4.1: Increasing complexity of spoken dialogue system (SDS) applications, rang-
ing from low-complexity informational tasks to high-complexity problem-solving tasks
(Pieraccini and Huerta [223]). The flight reservation task employed in this thesis is
categorized as a medium-complexity transactional task, involving structured informa-
tion exchange to achieve a specific user goal.

4.3.2 Simulated Work Task Scenario

The goal-oriented task was embedded within the framework of the Simulated Work Task Scenario
(SWTS) to enhance realism and maintain experimental control, as recommended by [33, 34]. Bor-
lund [33, 34] describes SWTS as “a short textual description that presents realistic information,”
providing a meaningful frame of reference for making relevance judgments. Simulated task scenar-
ios offer participants a more relatable and authentic context, thereby increasing the likelihood of
external and ecological validity [24].

In the experimental studies, the SWTS served as a reliable background story to engage par-
ticipants and guide their responses. The implemented SWTS fulfilled two core functions in this

thesis:

¢ Simulated work task situation: Participants were placed in a realistic situation where
they needed to book a flight for the following day due to important plans, using a voice-based
digital assistant named Echo. This setup created a clear and urgent information need, as the
task was goal-oriented and required identification of the correct travel destination in order
to proceed. Additional contextual details were included, such as Echo’s usual role in helping
with travel arrangements and the current issue where Echo fails to understand the city name,

This leads to a communication breakdown and triggers repair strategies.
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e Indicative request: After the information need was established, the scenario led to a con-
versational breakdown when Echo failed to understand the user’s intended destination (”Lon-
don”). Participants were then asked to compare two voice-based system responses. This acted
as an indicative request, prompting participants to judge which system response was more

appropriate or effective for resolving the breakdown in this context.

In line with Borlund’s framework, the scenario clearly presents the source of the information
need (flight booking), the environment (interaction with a SDS), the problem (failure to understand
the destination), and the objective (to evaluate system responses). As recommended by Borlund,
the SWTS was also pilot tested prior to the main study to ensure realism and reliability. Further
details of the pilot study can be found in Section 4.8.1. The following graphic shows the SWTS

that was presented to participants:

Simulated Work Task Scenario

Text-based Scenario

Scenario:

You need to book a flight for tomorrow because you have important plans. Echo is your dig-
ital voice assistant such as Siri or Alexa. Echo usually helps you with travel arrangements.
However, during the conversation, Echo is unable to understand the city you want to fly to,
causing a conversational breakdown.

Dialogue:

Echo: “Hello, I am Echo, your digital voice assistant. How can I assist you today?”.

You: “I need to book a flight for tomorrow.”

Echo: “Understood. Which city are you flying to?”

You: “I want to fly to London.”

(At this point, Echo doesn’t understand your input and initiates one of the following re-

sponses.)

4.3.3 Type of Communication Breakdown

Breakdowns in SDSs are generally categorised into two types: misunderstanding and non-understanding
[30]. A misunderstanding occurs when the system incorrectly interprets the user’s input, often
leading to inappropriate actions or responses. In contrast, non-understanding refers to the system’s
inability to recognize the user’s input, prompting the initiation of repair strategies [30] (see Figure
2.2 for comparative dialogue examples).

In the empirical studies, the focus is specifically on a subtype of non-understanding breakdown
known as partial non-understanding [234, 232, 233]. Partial non-understanding occurs when the

SDS correctly identifies the user’s general intent (e.g., intent: booking a flight) but fails to recognize
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a specific entity required to complete the task (e.g., entity-destination: ”London”). In the experi-
mental scenario, the SDS is intentionally designed to simulate a situation in which the confidence
level of its speech recognition module for a specific entity ("London”) falls below an acceptable
threshold [198, 29]. Consequently, rather than proceeding with uncertain or incorrect information,
the system initiates a repair strategy immediately. This approach aligns with the principles of
Grounding Theory, which emphasizes the importance of immediate and collaborative actions to
achieve mutual understanding during dialogue interactions [49, 51]. In accordance with this the-
ory, the system responds promptly to the breakdown by employing one of five predefined repair
strategies, aiming to restore mutual understanding and facilitate the completion of the goal-oriented
task.

To control for potential biases in evaluating repair strategies, the correct entity (”London”)
is deliberately excluded from the system’s suggestions in repair strategies that involve presenting
alternative options (e.g., Solve and Confirmation strategies). Instead, the system offers plausible but
incorrect alternatives, such as ”Luton”, ”Sunderland”, or ” Liverpool”. This deliberate design choice
reduces the risk of bias (e.g, item priming effects), where users might favour a particular strategy
simply because it includes the correct answer (”London”) [203]. This controlled manipulation not
only reflects realistic interactional failures commonly observed in dialogue systems [234, 232, 233,
17], but also ensures that participants evaluate repair strategies based on their inherent form and
function rather than the accuracy of their content alone.

Across the two empirical studies, the goal-oriented task, simulated scenario, and communication
breakdown were consistently implemented. This consistency provided a controlled yet ecologically

valid foundation for systematically examining user preferences for various repair strategies.

4.3.4 Participant Overview

This thesis involved three participant groups derived from two cultural backgrounds (British and
Saudi) and two interaction languages (English and Arabic) to investigate how user characteristics
influence preferences for repair strategies in SDSs. These groupings enabled two types of compara-
tive analysis focusing on: 1) cultural background, comparing high-context and low-context cultures,
and 2) interaction language comparing native and non-native language use. The participant groups

included in this thesis are:
e British participants (BL1), interacting with the system in their native language (English).
e Saudi participants (SL1) interacting with the system in their native language (Arabic).

e Saudi participants (SL2), interacting with the system in their non-native language (En-
glish)
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In Study 1 (Chapter 5), British participants (BL1) represented a low-context culture, while
Saudi participants (SL1) represented a high-context culture, with both groups interacting in their
native language, contributing to RQ 2. In Study 2 (Chapter 6), Saudi participants evaluated system
repair responses presented either in their native language (Arabic; SL1) or in a non-native language
(English; SL2), contributing to RQ 3a. In both empirical studies, the Saudi native group (SL1)

served as a common baseline for across both studies (see Figure 4.2).

BL1 Study 1 SL1 Study 2 SL2

Low-context Cultures VS.  Hight-context Cultures Native Arabic VS. Non-native English

Cultural Background Language & Individual factors

Preferences for Repair Strategies

Figure 4.2: The three participant groups: British English speakers (BL1), Saudi Arabic
speakers (SL1), and Saudi English speakers (SL2). The studies examine how cultural
background (Study 1) and interaction language (Study 2) influence preferences for
repair strategies in SDSs. Dashed lines indicate shared group contributions across
both variables.

To address RQ3b in Study 2 (Chapter 6), Saudi participants (SL1 and SL2) were also included
to quantitatively examine the influence of individual-level factors, such as prior experience, com-
puter self-efficacy, and demographic characteristics, on repair strategy preferences. For participants
interacting in a non-native language (SL2), self-assessed language proficiency was also considered.
The experimental design, including the task scenario, procedures, and survey, remained consistent
across both empirical studies, with only the participant groups varying. This design allowed for a
structured comparison by isolating the effects of cultural background and interaction language use
while maintaining experimental consistency.

Additionally, addressing RQ4 in Study 2 (Chapter 6), the focus shifted from the quantitative
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investigation of user preferences to a qualitative exploration of user perspectives on communication
breakdowns and repair strategies. A subset of Saudi participants took part in semi-structured
interviews to examine how they perceive and evaluate different system responses during breakdown
scenarios, in line with the study’s exploratory and culturally grounded nature.

Participants in the British group (BL1) were recruited from the University of Strathclyde in
the UK, while Saudi participants (SL1 and SL2) were recruited from Prince Sattam Bin Abdulaziz
University?, using various recruitment strategies including emails, posters, flyers, and snowball
sampling. Detailed demographic information for each user group is presented in the methods
section of the corresponding study chapter.

To be eligible to participate in the studies, individuals were required to be 18 years of age or
older and to provide informed consent. Participants also had to self-identify their nationality as
either British or Saudi. British participants were required to indicate that their native language
is English, while Saudi participants were required to indicate that their native language is Arabic.
Only those who met these criteria passed the initial screening and were included in the studies.
These criteria ensured cultural and linguistic alignment within each group, which was essential for
the comparative cross-cultural design of the studies.

An a priori power analysis was conducted using G*Power 3.1 [75] to estimate the minimum
required sample size for the repeated-measures design in this PhD thesis. Based on Cohen’s [54] and
Faul’s guidelines [75], parameters were set to a medium effect size (f = 0.25), alpha error probability
(a = 0.005), statistical power (1 — ) = 0.95, two groups, and ten repeated measurements. The
analysis indicated a minimum N = 22 per group. The actual group sample in the empirical studies
(N = 49 per group) exceeded this minimum to allow for potential exclusions and increase estimate
precision.

All participants were compensated for their time with a £5 Starbucks eGift card, except for
those in the interview study, who received a £10 eGift card. Ethical approval for all empitical
studies reported in this PhD thesis was obtained from the Ethics committee of the Department of

Computer and Information Sciences (approval number: 2781; see Appendix B).

4.4 Consistent Experimental Design Across Studies (RQ2 &
RQ3a)

To collect participant preferences for repair strategies, online pairwise comparison experiments were
conducted using the Qualtrics platform. Addressing RQ2 and RQ3a, a comparative research design
within a mixed factorial framework was adopted to investigate user preferences for repair strategies

in SDSs. Each study employed a consistent 2x5 factorial design, involving two independent variables

2Prince Sattam Bin Abdulaziz University is located in Saudi Arabia,
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and five distinct repair strategies. Specifically, Study 1 (RQ2; Chapter 5) examined the effect of
cultural background (high-context vs. low-context cultures) as a between-subjects factor, while
Study 2 (RQ3a; Chapter 6) explored the effect of interaction language (native language [L1] vs. non-
native language [L2]) as the between-subjects factor. Both studies treated the five repair strategies
as a within-subjects factor, assessing participants’ preferences through pairwise comparisons.

A key consideration in experimental research is ensuring internal validity, which refers to the
degree to which observed effects can be attributed to the manipulated variables rather than to
uncontrolled confounding variables. As noted in Experimental Methods in Human-Computer In-
teraction, “the most obvious threat to internal validity comes from confounding variables” [41].
Cairns [41] outlines two general approaches to mitigating confounds: randomization and experi-
mental control. In randomization, participants are randomly allocated to conditions, which reduces
the likelihood of systematic differences between groups. In contrast, an experimental control in-
volves directly managing the environment or participant selection to eliminate potential sources of
variation (e.g., the same testing environment, participant screening) that could confound results.

This principle guided the design of both empirical studies in this thesis. A consistent experi-
mental design was applied across both studies, including identical task scenarios, simulated commu-
nication breakdowns, pairwise comparison format, and experimental procedures. This consistency
ensured that participants across both studies encountered comparable system interactions, allowing
for meaningful comparison of their preferences for repair strategies.

To examine the effect of cultural background (Study 1), interaction language was controlled: all
participants interacted with the system in their native language (Arabic for high-context culture;
English for low-context culture), ensuring that interaction language differences did not confound
the cultural comparison. Conversely, in Study 2, which focused on the effect of interaction language
and individual-level factors, the participants’ cultural background was controlled by sampling from
a single cultural group (Saudi Arabia), and participants were exposed to one of two language con-
ditions (native vs. non-native) through random assignment. The experiments were administered
in two language versions: Arabic for SL1 participants, and English for both BL1 and SL2 partici-
pants. Thus, this methodological design incorporates both experimental control and randomization
to reduce confounds and strengthen the validity of findings across studies. More details on the
translation process is provided later in the Preparatory Procedures section of this thesis (see Sec-
tion 4.8.2).

Each experimental task began with a text-based scenario describing a goal-oriented task (book-
ing a flight), followed by binary pairwise comparisons of voice-based repair strategies. This design
minimizes extraneous influences, such as confusion arising from simultaneous evaluation of multiple
strategies [67]. Participants first read a text-based scenario describing a conversational breakdown,
followed by two voice responses, each representing a different repair strategy (see Figure 4.3).

Each participant evaluated all five repair strategies through a total of 10 pairwise comparisons,
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calculated using the combination formula: n(n—1)/2 = 5(5—1)/2 = 10. This constitutes a complete
paired-comparison design, in which all possible pairs of strategies are presented exactly once. As a
result, each repair strategy appeared an equal number of times. With five repair strategies, each
strategy was compared once with each of the remaining four strategies, resulting in four evaluations
per strategy. This equal exposure ensured that subsequent preference metrics were not influenced
by unequal presentation frequency across strategies.

The 10 paired comparisons of the five repair strategies are geometrically represented by Figure
4.4. All comparisons were presented to participants in a random order, and within each comparison,
the order of the two repair strategies was also randomized using Qualtrics’ built-in randomization
tools. This approach was used to minimize potential order bias and effect. Voices were synthesized
using Amazon Polly®, a text-to-speech tool, to generate natural-sounding female speech in both
Arabic and English. These voices were selected for several reasons. First, Amazon Polly provides
high-quality, human-like intonation and supports both target languages, ensuring consistency in
speech delivery across experimental conditions. Second, using Amazon Polly allowed the study to
avoid direct associations with commercial voice assistants such as Alexa or Siri, which could have
introduced bias due to participants’ prior experiences or expectations.

In addition, the choice of female, human-like voices was informed by findings in the literature.
Although user voice preferences in SDSs vary depending on factors such as the conversational task
[184, 187] and the perceived gender of the assistant [157, 197], multiple studies show that female
[199, 237] and human-like voices [184, 278] are generally perceived as more trustworthy, warm,
persuasive, and understandable compared to male or artificial-sounding voices. These contribute
to more engaging and naturalistic user interactions when evaluating repair strategy preferences in
this thesis.

Pairwise comparison experiments are widely used in HCI [17, 141, 80, 16, 159]. The most
common application of the pairwise comparison method is for assessing participants’ judgments,
personal ratings, and generally all forms of preference testing [67, 47]. The use of pairwise compar-
isons provides more realistic results when compared with Likert scales [191, 3] and is better suited
to accurately detecting linguistic and cultural differences [191]. Furthermore, pairwise comparison
eliminates the need for linguistic and cultural specific scenarios, taking advantage of straightforward
judgments [67, 191].

In the experimental scenario and survey materials, participants were presented with the concept
of DVA (e.g., Alexa or Siri) as a familiar and relatable example of SDS. This approach was used to
improve participant engagement and ensure clarity during the task, while maintaining consistency

with the overarching focus on SDSs in the thesis.

3https://aws.amazon.com/polly/
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Text-based Scenario:

Scenario:
You need to book a flight for tomorrow because you have important plans. Echo is your
digital voice assistant such as Siri or Alexa. Echo usually helps you with travel
arrangements. However, during the conversation, Echo is unable to understand the city
you want to fly to, causing a conversational breakdown.

Dialogue:
Echo: “Hello, | am Echo, your digital voice assistant. How can I assist you today?”
You:" | need to book a flight for tomorrow."
Echo: " Understood. Which city are you flying to?"
You:" | want to fly to London.”

(At this point, Echo doesn't understand your input and initiates one of the

following responses.)

Instruction:

Please listen carefully. Which of these two responses from Echo do you prefer for handling the

situation?
P 0:00/0:05 —— ) |
b 0:00/0:05 —— )

Figure 4.3: This is the text-based scenario participants encountered in the empirical
studies. In this scenario, the DVA (Echo) fails to understand the user’s flight destina-
tion, leading to a conversational breakdown. The DVA then initiates a repair strategy.
Participants listened to two voice responses, each representing a different repair strat-
egy (see Table 4.1), and selected their preferred response.
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Confirmation

Social Information

Ask Solve

Figure 4.4: Geometric Representation of Paired Comparisons Among Repair Strategies:
Each vertex represents one of the five repair strategies. The connecting lines illustrate
all possible pairwise comparisons (10 in total) between the strategies, which were used
in the experimental designs.

4.5 Measurement of Individual-Level Factors (RQ3b)

In addition to investigating the effects of cultural background (RQ2, Study 1, Chapter 5) and
interaction language (RQ3a, Study 2, Chapter 6), through a controlled experimental design, this
thesis also explores how individual-level factors influence user preferences for repair strategies in
SDSs. This section addresses RQ3b (Study 2, Chapter 6) which focuses on the role of user, specific
characteristics, namely: computer self-efficacy, language proficiency, and prior experience with
technology and DVAs, in shaping these preferences. These individual-level factors were assessed
using self-report questionnaires embedded within the experimental tasks in Study 2, which were
completed by Saudi participants (SL1 and SL2). By examining these individual differences within
a consistent experimental framework and among participants from the same cultural background
(Saudi Arabia), this analysis offers a more deep understanding of user preferences. It captures
within-group variation shaped by individual traits, helping to isolate their influence on interaction
with SDSs.

4.5.1 Computer Self-efficacy

To measure participants’ computer self-efficacy, the Computer Self-Efficacy questionnaire developed

by Gupta and Bostrom [100] was adopted. Gupta and Bostrom [100] outlined four distinct types
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of computer self-efficacy, emphasizing the importance of both technology type and task complexity.
They argued that computer self-efficacy depends on “both the technology type (general or specific)
and the task type (simple or complex),” resulting in a 2x2 matrix (Figure 4.5, p. 75). The four

types of computer self-efficacy are:
1. Specific Technology- Simple Task Self-efficacy (SS-SE)
2. Specific Technology- Complex Task Self-efficacy (SC-SE)
3. General Technology- Simple Task Self- efficacy (GS-SE)

4. General Technology- Complex Task Self-efficacy (GC-SE)

Task knowledge Type
Simple Complex
Referred to as SS-SE Referred to as SC-SE

Specific | Judgment about the knowledge | Judgment about the Fknowledge
needed to use a specific software | needed to use a specific software
application (e.g., Excel) to | application (e.g., Excel) to accomplish
accomplish a known task (e.g., | a self-conceptualized business/work
create a graph) related task

General | Referred to as GS-SE Referred to as GC-SE

Judgment about the knowledge | Judgment about the Iknowledge
needed to use a new/unknown | needed to wuse a new/unknown
software application to | software application to accomplish a
accomplish a known task (e.g., | self-conceptualized business/work
create a graph) related task

Technology Type

Figure 4.5: Computer Self-Efficacy Constructs, devloped by Gupta and Bostrom [100]

Addressing RQ3b, computer self-efficacy was measured using the Specific Technology—Complex
Task Self-Efficacy (SC-SE) scale, as proposed by Gupta and Bostrom [100]. This scale was selected
for two main reasons: (1) the focus of this thesis is on interaction with DVAs, which constitutes
a specific type of technology, distinct from general technology use; and (2) complex tasks, rather
than simple or highly specific skills, better reflect users’ perceived ability and confidence to perform
imagined goal-oriented interactions such as booking flight. The scale uses a 7-point Likert agreement
format, ranging from 1 (Strongly Disagree) to 7 (Strongly Agree). The full adapted scale are

summarised in Table 4.2.

4.5.2 Prior Experience with Technology and SDSs

Prior studies highlight how experience with technology and digital assistants substantially shapes

preferences concerning repair strategies in digital interactions [288, 17]. For example, individuals
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Table 4.2: Adapted Items for Measuring Computer Self-Efficacy and Experiences with Technology
and DVAs

Independent Variable Adapted Items Likert Agreement Format

I have mastered the use of Digital Voice Assistants (DVAs):
I cannot yet use Digital Voice Assistants (DVAs) as effectively as I would like:
Computer Self-Efficacy [100] I am able to perform tasks well using Digital Voice Assistants (DVAs): 7-point Likert Scale
It is not yet possible for me to use Digital Voice Assistants (DVAs) at the level I prefer:
I think my ability to use Digital Voice Assistants (DVAs) can be improved substantially:

I consider myself an advanced technology user:

. 5-point Likert Scal
I am eager to try new technologies: 5-point Likert Scale

Experience with Technology [17]

I am familiar with Digital Voice Assistances (DVAs):

Experience with SDSs [17] T use Digital Voice Assistances (DVAs) frequently:

5-point Likert Scale

more familiar with chatbots often prefer Confirmation repair strategies as these are frequently
present in text-based chatbots [17].

Self-reported prior experience with technology and prior experience with DVAs were assessed
using two items each, rated on a 5-point Likert agreement scale (1 = Strongly Disagree to 5 =
Strongly Agree). These items were adapted from Ashktorab et al. [17], whose work focused on
the influence of prior experience on preferences for repair strategies in chatbot-based interactions.
This alignment is particularly relevant, as the empirical studies similarly investigate how individual
factors shape repair strategy preferences, but in voice-based interactions rather than text-based
settings. The full adapted scale is summarised in Table 4.2. Higher scores on each item indicate a

greater level of the respective factor (i.e., more experience with technology or DVAs).

4.5.3 Language Proficiency

This subsection addresses the language proficiency of Saudi participants who interacted with the
DVAs (Echo) using their second language (SL2). Language proficiency, defined as a user’s skill
level and fluency in a particular language, can influence how users interact with and adapt to SDSs
[126, 210, 275]. Prior research shows that higher language proficiency is associated with better
understanding and more favourable user experiences when interacting with such systems [126, 210].

To evaluate the English proficiency of SL2 participants, the Common European Framework of
Reference for Languages (CEFR) [189] was used. CEFR is widely used in HCI research for self-
assessing foreign language proficiency (e.g., [241, 74, 123, 210]). CEFR defines six levels for each of
the four language skills: listening, reading, speaking, and writing?. These levels range from basic
(A1, A2), to intermediate (B1, B2), to proficient user (C1, C2) [189].

For language proficiency, the focus was specifically on the listening skill, as the primary task
involved evaluating voice-based repair strategies. Although participants also read a text-based sce-
nario, it was their ability to interpret spoken system responses that was critical to the experimental

goal. Table 4.3 presents the six CEFR listening levels used by SL2 participants to self-assess their

4https://europass.europa.eu/en,/common-european-framework-reference-language-skills
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Table 4.3: Common European Framework of Reference for Languages

Level Descriptions

I can recognise familiar words and very basic phrases concerning myself, my fam-

Al ily and immediate concrete surroundings when people speak slowly and clearly.

I can understand phrases and the highest frequency vocabulary related to areas
of most immediate personal relevance (e.g. very basic personal and family infor-
mation, shopping, local area, employment). I can catch the main point in short,
clear, simple messages and announcements.

A2

I can understand the main points of clear standard speech on familiar matters
regularly encountered in work, school, leisure, etc. I can understand the main
point of many radio or TV programmes on current affairs or topics of personal
or professional interest when the delivery is relatively slow and clear.

B1

I can understand extended speech and lectures and follow even complex lines of
argument provided the topic is reasonably familiar. I can understand most TV
news and current affairs programmes. I can understand the majority of films in
standard dialect.

B2

I can understand extended speech even when it is not clearly structured and
C1 when relationships are only implied and not signalled explicitly. I can understand
television programmes and films without too much effort.

I have no difficulty in understanding any kind of spoken language, whether live or
C2 broadcast, even when delivered at fast native speed, provided I have some time
to get familiar with the accent.

English language proficiency.

4.6 Qualitative Interview Design (RQ4)

Unlike the previous quantitative research questions, RQ4 was addressed by employing a qualitative
design using semi-structured interviews with Saudi participants to explore their perspectives on
communication breakdowns and repair strategies. This culturally grounded and exploratory method
aimed to complement the quantitative findings by providing deeper insights into how users interpret
DVAs behaviour. While the previous research questions (RQ2 & RQ3) quantitatively investigated
user preferences for repair strategies in response to communication breakdowns, RQ4 qualitatively
explored participants’ broader perspectives on these strategies, their interactions with DVAs, and
their previous experiences. This complementary approach enabled a more nuanced understanding
of user interpretations and real-world coping behaviours when interacting with DVAs.

According to Greene et al. [93], mixed-methods research can serve five primary purposes:
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triangulation (seeking convergence and corroboration of results), complementarity (providing elab-
oration, illustration, and clarification of findings), development (using results from one method to
inform another), initiation (uncovering paradoxes or contradictions), and expansion (extending the
scope of inquiry). Within this mixed-methods approach in Study 2 (Chapter 6), the qualitative
analysis is positioned as a complementary qualitative component, intended to elaborate and enrich
the findings from the quantitative components.

Following their participation in the comparison experiment, Saudi participants were invited to
take part in individual semi-structured interviews conducted in their native language (Arabic).
Conducting interviews in participants’ first language ensured the authenticity of responses and
allowed accurate representation of their perspectives [267, 239]. Semi-structured interviews are
the most common approach for collecting qualitative data due to their balance of structure and
flexibility [107], enabling researchers to effectively explore participants’ opinions and experiences
[139]. As a native Arabic speaker, I conducted the interviews in Arabic, which not only facilitated
open communication but also served as a powerful route to building trust and acceptance [267].
This approach demonstrated a willingness to engage with participants in their own cultural and
linguistic terms through shared language [217, 11, 267).

Two bilingual (Arabic/English) researchers, including the author, independently conducted the
qualitative analysis using an inductive thematic analysis approach [37]. This analytical method was
selected due to its flexibility and suitability for identifying patterns and themes emerging directly
from participant narratives. The analysis remained grounded in the original Arabic transcripts
throughout the entire process, ensuring that interpretations remained culturally and linguistically
appropriate. Maintaining the data analysis in the original language is essential, as it preserves the
nuances, expressions, and culturally embedded meanings that can be lost in early-stage translations,
thus enhancing the fidelity and validity of qualitative interpretations [256, 239].

Santos et al. [218] emphasizes that the timing of translation in cross-language qualitative re-
search should be guided by the objectives of translation. Translation prior to data collection is
appropriate when translating instruments of data collection, such as interview guides, question-
naires, and surveys, particularly when these instruments are designed to avoid colloquial language.
In this thesis, translation prior to data collection was applied primarily to the preparation of quan-
titative materials, such as experimental instructions and survey instruments (see Section 4.8.2 for
detailed translation processes).

However, for the qualitative interview component, translation occurred predominantly during
data analysis, when categories, codes, and concepts generated from analysis in the original lan-
guage (Arabic) were selectively translated into English to support collaborative and interpretive
discussions within the supervisory research team. Maintaining the analysis in the original Arabic
transcripts ensured cultural and linguistic fidelity, while translating selected codes and quotations

facilitated collaborative interpretation and improved analytical transparency across the multilingual
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research team [256, 239, 218]. Additionally, translation was also undertaken at the dissemination
stage, where final themes, sub-themes, and illustrative quotations from the analysis were translated
into English for reporting and publication purposes, aligning with recommended practice when
presenting findings from cross-language qualitative research [256, 218].

Interviews were conducted remotely via Microsoft Teams, using its audio recording function-
ality. The author manually transcribed and anonymized interview recordings and in preparation
for thematic analysis [37]. Interview analysis was conducted using MAXQDA 22.80 software® as it

supports Arabic language (see Appendix B.4.6 for the interview questions) .

4.7 Data Processing and Analysis

4.7.1 Preference Score Calculation

To prepare the data for analysis, participant responses from the 10 pairwise comparisons were
converted into individual preference scores for each repair strategy. Each pairwise comparison
required participants to choose one of two presented repair strategies. For each comparison, the
selected strategy was coded as 1, while the non-selected strategy was coded as 0.

A complete paired-comparison design was used, in which all five repair strategies were compared
once with each of the remaining strategies. As a result, each repair strategy appeared exactly four
times per participant. Consequently, for each participant, preference scores for each strategy ranged
from 0 (the strategy was never selected across its four comparisons) to 4 (the strategy was selected
in all four comparisons in which it appeared).

This process resulted in five numerical preference scores per participant, one for each repair
strategy. Because all strategies were presented an equal number of times, these scores provide a
directly comparable measure of relative preference across strategies. The preference scores were
subsequently used to generate descriptive statistics (e.g., mean, median) and to conduct inferential
analyses (e.g., Friedman tests and Wilcoxon Signed-Rank tests), as reported in the empirical study
results. For between-group comparisons, analyses were conducted at the preference-selection (trial)
level using Mann—Whitney U tests, reflecting individual choice behaviour across repeated pairwise
comparisons rather than aggregated participant scores. Table 4.4 presents an example of participant
data to illustrate the preference score calculation.

To provide a clear overview of the analytical tests used across the two empirical studies, Table
4.5 outlines the main methods of analysis, their scope, and their specific purpose. This summary
highlights how both quantitative and qualitative approaches were used to examine participants’
preferences for repair strategies. While RQ2 and RQ3a relied on non-parametric tests to compare

preferences within and between groups to investigate the effects of cultural background and inter-

Shttps://www.maxqda.com/
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action language, RQ3b incorporated binary logistic regression to investigate how individual-level
factors predicted strategy preference. RQ4 employed inductive thematic analysis to explore partic-
ipants’ perspectives in greater depth via the interview data. Table 4.5 provides an overview of the

analytical procedures and tests used across the results sections in the empirical studies.

Table 4.4: Example of Preference Score Calculation for a Single Participant

Comparison Strategy A Strategy B Chosen Strategy Score Update

1 Social Ask Social Social +1
2 Confirmation Solve Solve Solve +1

Table 4.5: Overview of Analytical Methods and Their Purpose Across Studies

RQ Test Scope Purpose
Descriptive Statistics Overall Count how often each strategy was selected; explore general trends
RQ2 & Friedman Test Within-group Test if there are overall significant differences in preferences and provides mean ranks
RQ3a Wilcoxon Signed-Ranks Test  Within-group Compare pairwise differences between strategies within each group
Mann-Whitney U Test Between-group Compare preference rankings across groups to identify significant differences
RQ3b Binary Logistic Regression Individual factors Identify user characteristics predict strategy preference
RQ4 Inductive thematic analysis Interview data Identify themes related to user perspective of repair strategies

4.8 Preparatory Procedures

Before conducting the main two empirical studies, several preparatory steps were undertaken to
ensure the validity and linguistic relevance of the research materials and methodology: 1) a pilot
study to verify the distinctions between repair strategies and assess the realism of the employed
scenarios, and 2) translation of the original English materials into Arabic following standardized

guidelines.

4.8.1 Pilot Study
4.8.1.1 Aim

The primary aim of the pilot study was to ensure that each repair strategy was unique and distin-
guishable based on its main embedded attribute, despite potential overlaps with other strategies.
For instance, apologies as politeness should be associated with the Social category, while the Infor-
mation category should focus on providing explanations for the causes of conversational breakdowns
(see Table 4.1). Additionally, this pilot study also aimed to validate that the task scenario (book-

ing a flight) adapted for the experimental studies, realistically mimicked real-world interactions
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with DVAs. This aligns with the SWTS approach suggested by Borlund et al. [33, 34]. As Bor-
lund recommends, it is important to tailor SWTS to the target population to ensure realism and

experimental control [33] (see Section 4.3.2). Therefore, the aims of this pilot study were:

e Validate Category Distinction: To verify that repair strategies are clearly distinguishable

based on their main attributes.

o Assess Realism of the Scenario: To evaluate whether the task scenario used in this thesis

(the flight booking scenario) feels realistic and engaging for participants.

4.8.1.2 Method

To verify that each repair strategy aligns with its main attributes, an online experimental study
was conducted in which participants were presented with a text-based scenario, followed by a voice
response demonstrating one of the five repair strategies. After each scenario, participants were
shown five predefined categories of the repair strategies, each describing its key attribute. They
were then asked to select the category that best matched the repair strategy they heard. Figure 4.6
shows the task scenario along with the predefined categories of the five repair strategies. This direct
attribute identification approach assesses how well participants can recognize the main attribute
of each repair strategy and associate it with its corresponding category. A similar approach was
employed by Yuan et al. [284], where participants were presented with error responses and asked
to categorize them.

In this pilot study, there are five repair strategies, each representing a specific category, aiming
to ensure that each repair strategy is distinguishable based on its key attributes and associated
category. The text-based scenarios and voice responses (repair strategies) were identical to those
subsequently used in the main experimental studies in this thesis. While the text-based scenario and
voice responses were the same in both the pilot study and the main experimental studies, the key
difference lies in the task design. In the pilot study, the scenario was followed by a randomly selected
voice response representing one of the five repair strategies, after which participants were asked to
select the predefined category that best described the response. In contrast, the main experimental
studies presented each scenario with two voice responses (i.e., a pair of repair strategies), and
participants were asked to indicate which of the two they preferred for handling the situation.

Participants were then asked to complete a realism check questionnaire adapted from [63] to
assess the realism of the adapted simulated task scenario. Crescenzi et al. [63] suggest that a
realism check questionnaire is a relatively low-effort method for evaluating the realism of SWTS.
Participants completed the exit questionnaire that included two closed-ended items and one open-
ended question. The closed-ended items were rated using a 7-point Likert scale, ranging from 1 =

strongly disagree to 7 = strongly agree:
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Scenario 1 of 5:

You need to book a flight for tomorrow because you have important plans. Echeo is your digital
voice assistant, similar to Siri or Alexa, and it usually helps you with travel arrangements.
However, during the conversation, Echo is unable to understand the city you want to fly to,
leading to a breakdown in the conversation.

Conversation:
Echo: "Hello,| am Echo, your digital voice assistant.
How can I help tocday?
You: 'l need to book a flight for tomorrow.”
Echo: "Got it/ And which city are you flying to?"
You: "I want to fly to London.
At this point, Echo doesn't understand you and initiates this response:

Please listen carefully, You can replay the audio as many times as needed.

P 000/ 005 — )

Which of the following categories best describes Echo's response? (Choose only one

Confirmation: the system (Echo) tries to acknowledge non-understanding by guessing what the user meant and seeks
confirmation from the user.

O
O Information: the system (Echo) explains why it couldn't understand.
() social: the systern (Echo) politely apologizes for the non-understanding.

O solve: the system (Echo) offers a list of possible options based on partial understanding.

(O Ask : the system (Echo) directly asks the user to repeat the input without additional context or elaboration.

Figure 4.6: Task scenario and predefined categories of the five repair strategies used in
the pilot study.
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e I can imagine myself interacting with a digital voice assistant like the one in this study.
e I can imagine myself in the scenario (booking a flight through a digital voice assistant).

e Were there any moments in the scenario where the system’s responses (Echo) felt unrealistic?

If so, please describe. (open-ended)

4.8.1.3 Results

Using a convenience sampling method, 19 participants were recruited (males: 12, females: 7, average
age: 30 years, SD = 7.53). This range of sample size is sufficient when a pilot study is used to
identify and resolve issues related to implementing an intervention, such as verifying clarity and
realism [108]. This pilot study took each participant typically 8 minutes to complete. Participants
received a £5 Starbucks eGift Card. Ethical approval for this pilot study was obtained from
Ethics Committee in the Department of Computer and Information Sciences ( ethical approval
number:2769; see Appendix A).

Piloting showed that participants correctly identified repair strategies, with accuracy exceed-
ing 85%. This suggests the five repair strategies are distinguishable by their unique attributes.
Additionally, participants’ perspectives of the realism of the study scenario were evaluated us-
ing a one-sample t-test for the realism questionnaire. Results indicate a mean realism score
(M = 5.89,SD = 1.09) significantly higher than the neutral midpoint (¢(18) = 7.59,p < .001),
with a large effect size (Cohen’sd = 1.74). Furthermore, 84.2% of participants responded ”No”
to whether the system’s responses felt unrealistic, providing further support that the scenario was
perceived as realistic. Insights from this pilot were used to enhance the design and layout of the

main studies.

4.8.2 Translation Process

The questionnaires and experimental research materials were originally written in English and
subsequently translated into Arabic. To ensure a high-quality translation, this process was guided
by the International Test Commission (ITC) Guidelines for Translating and Adapting Tests [94].
These guidelines aim to promote validity and comparability in cross-linguistic and cross-cultural
research. The ITC guidelines are widely recognized and commonly applied in cross-cultural studies
(e.g., [208, 243]) and in HCI research (e.g., [68, 227, 226]) to ensure that translated materials
preserve the original meaning and context. The translation aimed to ensure linguistic clarity and
contextual relevance in the target language (Arabic).

All research materials were initially developed in English and then translated into Arabic. This
included the survey instruments used in the empirical studies, such as participant instructions,

questionnaire items, and system-generated voice prompts, as well as the semi-structured interview
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guide used in mixed-method Study 2. Following Santos [218], this stage aligns with translation
prior to data collection, where the primary objective is to prepare data collection instruments in
the participants’ native language, free from colloquialisms or culturally ambiguous phrasing. This
timing ensured that materials were accessible, linguistically appropriate, and culturally sensitive
for Arabic-speaking participants, thereby enhancing the validity of both the quantitative and qual-
itative components of the studies.

Following I'TC recommendations, a rigorous multi-step translation process was undertaken. This
included double forward translation, reconciliation, and back-translation. First, two independent
translators translated the English research materials into Arabic. The author, as a native Arabic
speaker, collaborated with the translators to compare versions, resolve discrepancies, and ensure
clarity and accuracy. A third bilingual translator then performed a back-translation into English.
The back-translated version was compared with the original to identify any shifts in meaning, and
necessary adjustments were made.

All translators were Saudi professional academics with doctoral degrees in English or transla-
tion studies and had a deep understanding of both linguistic and cultural contexts. Throughout
the process, the author maintained active involvement in reviewing and validating the translated
materials to ensure alignment with the research goals and the ITC’s quality criteria. Finally, the
Arabic version was reviewed for readability and clarity by two native Arabic speakers who were not
involved in the initial translation process. They read through the materials and provided feedback

to ensure the language was natural, clear, and appropriate for a general audience.

4.9 Chapter Summary

Building on the system repair framework developed in the previous scoping review chapter, this
chapter presented the methodological foundations for the two empirical studies conducted for this
thesis. It detailed the research designs used to investigate the effects of cultural background through
a quantitative approach and interaction language through a mixed-methods approach. Common
methodological components across both studies were introduced, including participant overview,
experimental procedures, and preparatory steps such as pilot testing and translation. These consis-
tent elements ensure comparability and coherence across the user studies. The next chapter presents
the first empirical study, which focuses on the effect of cultural background on user preferences for

repair strategies.
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Chapter 5

Study 1: Effect of Cultural
Background on Repair Strategy

Preferences

5.1 Introduction

SDSs are increasingly embedded in daily human-machine interactions, offering intuitive, hands-free,
and efficient communication [40, 43]. Despite these benefits, SDSs frequently experience conver-
sational breakdowns that prevent users from completing tasks, leading to frustration, task aban-
donment [17], and diminished user satisfaction and trust [60, 154]. To mitigate these issues, SDSs
employ communication repair strategies that aim to recover from misunderstandings and restore the
flow of interaction. While research in ASR and NLP has advanced repair techniques (e.g. [190, 45]),
understanding how diverse users respond to these strategies remains a critical gap.

Given the global use of SDSs across culturally and linguistically diverse populations, it is essential
to examine how users’ cultural backgrounds influence their preferences for repair strategies during
conversational breakdowns. Prior studies in HCI and cross-cultural communication have shown
that cultural background significantly shapes interaction styles and expectations (e.g., directness,
elaboration, politeness) [186, 276, 228, 167], yet its role in shaping user preferences for SDS repair
strategies is unexplored. As SDSs are increasingly deployed in multicultural environments, designing
culturally responsive systems becomes a necessity, not just for functionality and utility, but also for
supporting users’ emotional well-being, rather than merely an optional feature [268, 269].

As HCI becomes increasingly conversational, users now engage with SDSs in ways that resemble

interactions with human conversational partners rather than purely technical tools. This shift aligns
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with CASA paradigm, which suggests that people instinctively apply human-like social norms and
expectations to machines [183, 181]. As a result, users bring their culturally shaped communication
styles and norms into their interactions with SDSs, influencing how they perceive and respond to
the system’s behaviour, particularly during communication breakdowns.

To interpret these cultural influences, this study draws on well-established frameworks in inter-
cultural communication. Hall’s high- and low-context communication theory [103] and Hofstede’s
cultural dimensions [114] provide a valuable foundation for understanding how preferences for direct-
ness, elaboration, uncertainty tolerance, and social politeness vary across cultures. These cultural
traits are particularly relevant to how users evaluate repair strategies in which SDSs attempt to re-
cover from misunderstandings or non-understandings during interactions. A more detailed overview
of these theoretical models is provided in Chapter 2, Section 2.4.

This chapter presents a comparative quantitative study that investigates how cultural back-
ground affects user preferences for communication repair strategies during conversational break-
downs with DVAs. The study specifically contrasts two cultural groups: British participants (BL1),
representing a low-context culture, and Saudi participants (SL1), representing a high-context cul-
ture. Through this cross-cultural comparison, the study aims to reveal how cultural background
shape preference of system-initiated repair strategies. The following research questions guide this

investigation:

¢ RQ2: How does users’ cultural background influence their preference for commu-

nication repair strategies in DVAs?

— RQ2a: Which repair strategies are preferred in low-context cultures when a conversa-

tional breakdown occurs with DVAs?

— RQ2b: Which repair strategies are preferred in high-context cultures when a conversa-

tional breakdown occurs with DVAs?

To address these questions, this chapter is structured as follows. Section 5.2 outlines the method-
ology, including the repair strategy framework, participant demographics, task scenario, and paired
comparison experiment design. Section 5.3 then presents the results, comprising both within- and
between-group comparisons. Section 5.4 discusses the findings through the lens of cultural commu-

nication theories, and Section 5.5 concludes with theoretical reflections.

5.2 Method

To explore how cultural background influences user preferences for repair strategies in SDSs, the au-

thor conducted a quantitative experimental study comparing two participant groups from different
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cultural backgrounds using a pairwise comparison method (addressing RQ2). Participants’ prefer-
ences were measured by asking them to choose between pairs of system responses (repair strategies)
following a simulated interaction breakdown. This study employed quantitative data analysis to
compare preference trends between groups. This section provides details on the participant groups
involved, the simulated task scenario, the comparative study design, and the overall experimental

setup.

5.2.1 Repair Strategies Framework

This study examines user preferences for different system-repair strategies within SDSs, specifically
focusing on the effect of cultural background (high-context vs. low-context cultures). To ensure
methodological consistency across the empirical studies in this thesis, the system-repair strategies
framework previously established in the scoping review was adopted (Chapter 3, Section 3.3.2). This
framework categorizes system-initiated repair strategies into six distinct types, each defined by its
communicative purpose and the specific function of the system’s response following a conversational
breakdown (see Framework 3.4).

For this study, five repair strategies were selected from the framework: Confirmation, Informa-
tion, Social, Solve, and Ask. These particular strategies were chosen due to their 1) clearly distinct
communicative attributes and 2) their direct role in addressing immediate conversational break-
downs in DVA interactions. The sixth category, Disclosure, was intentionally excluded from this
thesis because it primarily conveys broader background information about the system’s limitations
rather than directly repairing conversational breakdowns. By focusing on these five categories, this
study specifically aims to understand how cultural background influences user preferences for repair
strategies during communication breakdowns.

Each of these repair strategies possesses a unique primary attribute that corresponds to its
functional objective during miscommunication events. Although there may be some overlap in the
strategies’ approach to breakdown resolution, this study highlights the individual and distinguishing
features of each strategy. Emphasizing these distinct attributes provides clarity in measuring user
preferences, thereby facilitating a deeper understanding of how cultural context impacts users’
preferences for these repair responses. A detailed summary of these attributes and their specific
descriptions is provided in Table 4.1 in the Methodology Chapter 4. Further information on the

full repair strategies framework used across the thesis can be found in Section 4.2.

5.2.2 Participants

Guided by cultural theory [103], this study involved two participant groups from different cultural
backgrounds: (1) British speakers (BL1) interacting with the system in their native language (En-

glish), representing a low-context culture, and (2) Saudi speakers (SL1) interacting with the system
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in their native language (Arabic), representing a high-context culture. Participants were categorized
into these groups based on their self-identified nationality and the native language they used when
interacting with the system. These two groups were selected to enable a direct comparison between
high- and low-context cultures, thereby examining how cultural background shapes user prefer-
ences for repair strategies in SDSs. By ensuring both groups interacted with the system in their
native languages, the study aimed to isolate the effects of cultural background while minimizing
the influence of language proficiency differences.

A total of 101 participants participated in this study: 52 British participants (30 females, 19
males, 1 non-binary, 2 prefer not to say; mean age = 24.55 years, SD = 6.67) recruited primarily
from the University of Strathclyde in the UK, and 49 Saudi participants (26 females, 23 males; mean
age = 31.95 years, SD = 9.57) recruited primarily from Prince Sattam University. Participants were
recruited through university email lists, posters, flyers, and snowball sampling techniques. Each
participant received a Starbucks eGift voucher valued at £5 (approximately 25 SR) as compensation
for their participation. Ethical approval for this study was granted by the Ethics Committee in
the Department of Computer and Information Sciences at the University of Strathclyde (approval

number: 2781; see Appendix B)

5.2.3 Simulated Task Scenario

This study employed a goal-oriented task embedded within the framework of the SWTS to evaluate
user preferences for repair strategies in SDSs, as recommended by Borlund [33, 34]. In SWTS,
scenarios are drawn from real-life situations to help participants relate more easily (see Section 4.3.2
for more details). In this study, participants were asked to imagine that they urgently needed to
book a flight for the following day using a DVA named Echo. The assistant, which is typically used
for travel arrangements, served as the system through which the task was conducted. DVAs are
a common form of SDSs; with well-known commercial examples including Apple Siri and Amazon
Alexa [122]. A DVA was used here to provide a familiar and realistic interface, helping participants
better relate to the task and ensuring clarity in understanding the scenario.

The scenario was designed to simulate a realistic and structured interaction, in line with the
characteristics of goal-oriented tasks, where the primary objective is task completion through ac-
curate and efficient communication. Goal-oriented tasks are known for their transactional nature,
requiring precise information exchange [161]. In this case, the system (Echo) was expected to rec-
ognize the participant’s travel destination (“London”) in order to proceed with the conversation
and complete the flight booking task.

A deliberate communication breakdown was introduced to the scenario to reflect a common issue
in SDSs, called partial non-understanding [234, 232, 233]. In this instance, the system successfully

recognized the general user intent (i.e., booking a flight) but failed to identify the specific destination
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entity (“London”). This type of breakdown is a subtype of non-understanding, where the system’s
speech recognition confidence for the entity falls below a usable threshold [198, 29]. As a result,
the system did not proceed with uncertain information and instead initiated a repair strategy.
This approach aligns with the principles of Grounding Theory, which emphasizes the importance of
immediate and collaborative actions to achieve mutual understanding during dialogue interactions
[49, 51]. In alignment with this theory, the system promptly responded to the breakdown by
employing one of five predefined repair strategies, aiming to restore mutual understanding and
facilitate the completion of the goal-oriented task. The full text-based scenario, including the
dialogue and task instruction presented to participants, is illustrated in Figure 4.3, Methodology
Chapter 4.

To reduce potential biases in evaluating repair strategies (such as item priming effects [203]),
the correct entity (“London”) was excluded from all system suggestions in repair strategies involv-
ing alternatives. For instance, the system (Echo) might propose alternative destinations such as
"Luton’, ’Sunderland’, or 'Liverpool’, while omitting the correct option. This design ensured that
participants’ judgments were based on the form and function of the repair strategies, rather than
the presence of the correct answer. The same scenario and breakdown condition were used across
all experimental studies (Study 1 and 2) in this thesis to ensure consistency and comparability. The
realism of the employed SWTS was validated through a pilot study. Further details about the pilot

study can be found in the Preparatory rocedures section of this thesis (see Section 4.8.1).

5.2.4 Paired Comparison Experiment

To collect participants’ preferences for repair strategies, an online pairwise comparison experiment
was conducted using Qualtrics!. Pairwise comparison is a widely used method in Human-Computer
Interaction (HCI) for assessing judgments, preferences, and personal ratings [17, 141, 80, 16, 159,
67, 47]. Compared to Likert scales, it offers more realistic results and is better suited for detecting
linguistic and cultural differences [191, 3]. It also avoids the need for culturally specific scenarios
by relying on straightforward binary judgments [67, 191].

In the experiment, participants began by reading a short text-based scenario that described a
goal-oriented task involving a typical interaction with a DVA. The scenario simulated a realistic
situation in which the assistant experienced a communication breakdown, specifically, a failure
to understand the user’s travel destination (London). To support participant understanding and
engagement, the concept of a DVA (e.g., Amazon Alexa or Apple Siri) was introduced at the
beginning of the experiment as a familiar and relatable example of a SDS. This approach helped
ensure clarity throughout the task and maintained alignment with the broader focus on SDSs in
this thesis.

Lhttps://www.qualtrics.com/
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Following the text-based scenario, participants listened to two voice responses from a DVA
named FEcho, each representing a different repair strategy. Participants were then asked to select
the strategy they preferred for resolving the breakdown. KEach participant completed 10 binary
pairwise comparisons, covering all possible pairings among the five repair strategies. The dependent
variable in this study was repair strategy preference, operationalised as the outcome of each binary
comparison (i.e., which strategy was selected). Because each repair strategy appeared in four
comparisons per participant, each participant contributed four preference decisions per strategy.

Pre-recorded voices were synthesized using Amazon Polly?, a text-to-speech tool, to generate
natural-sounding female speech in both Arabic and English. For Arabic-speaking Saudi partici-
pants (SL1), the scenario and system responses were translated from English to Arabic following
International Test Commission (ITC) Guidelines for Translating and Adapting Tests [94]. Details
on the translation process are provided in the Preparatory Procedures Section of this thesis (see
Section 4.8.2).

To minimize potential order bias [150], both the sequence of comparisons and the order of the
two strategies within each pair were randomized using Qualtrics’ built-in randomization features.
Participants were explicitly informed that they would: (1) read a scenario where they are booking
a flight using a DVA, and (2) hear two voice responses from Echo, and should listen carefully and
choose the one they preferred. These clear instructions were designed to improve focus and reduce
task confusion.

Importantly, the task scenario and experimental procedure were kept consistent across all exper-
imental studies in this thesis. This consistency ensured that participants across different conditions
and groups experienced comparable interactions, enabling meaningful and fair comparisons. Fur-
ther details about the consistent experimental design and procedures can be found in Section 4.4
of Chapter 4 Methodology.

5.2.5 Study Design

To address RQ2, a comparative research design using a mixed factorial framework was employed to
examine how cultural background influences user preferences for repair strategies in SDSs. Guided
by Hall’s cultural theory [103], this study involved two different cultures: a low-context culture
(BL1) and a high-context culture (SL1).

The experiment followed a 2x5 factorial design, with cultural background (low-context vs. high-
context) as a between-subjects factor, and repair strategy (five types) as a within-subjects factor.
This mixed design allowed us to compare how each group ranked different system responses and to
observe any significant differences in preferences across cultural groups. To implement this design,

this study followed a structured series of stages, beginning with participant briefing and screening,

2https:/ /aws.amazon.com /polly/
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followed by demographic surveys, and then 10 pairwise comparison tasks. The overall procedure is
illustrated in Figure 5.1, which visually outlines the experimental stages that participants completed

in this study.

Incomplete Return to Task
Lol h

' No !
START +
I " - ’ Yes END
._) Welcome and Eligibility Demographic Pairwise Comparison Completed All 10 Debriefing and
briefing Screening Information Experiment Comparisons? Thank You

S

Cultural Backgroun
(RQ2)

Figure 5.1: Overview of the experimental procedure completed by participants in Study 1.

5.3 Results

This section presents the analysis of participants’ preferences for the five distinct repair strategies
in DVAs, with a focus on the impact of cultural background (addressing RQ 2). Specifically, the
analysis examines whether there are significant differences in repair strategy preferences within and
between two cultural groups: low-context cultures (BL1) and high-context cultures (SL1).

All analyses were conducted using IBM SPSS Statistics 29.0. As the data did not meet the
assumptions of normality, non-parametric tests were employed [59]. These included the Friedman
test and Wilcoxon-Singed Ranks test for within-group comparisons and the Mann-Whitney U test
for between-group comparisons. To account for multiple comparisons, a Bonferroni correction was
applied where appropriate, adjusting the significance threshold to p < 0.005(0.05/10) based on the
total number of pairwise tests conducted [62, 265, 59]. All statistical tests were conducted using
two-tailed significance levels. The results are presented in the following three subsections: overall

descriptive statistics, within-group comparisons, and between-group comparisons.

5.3.1 Overall Descriptive Statistics

As described in Section 4.7.1, preference scores were calculated based on how often each repair
strategy was selected during pairwise comparisons, with scores ranging from 0 (never selected) to 4
(selected in all comparisons in which the strategy appeared). Table 5.1 presents descriptive statistics
for the five repair strategies, showing the mean and standard deviation of the number of times each
strategy was selected by participants from the BL1 and SL1 groups. These results provide an initial

overview of participant preferences prior to conducting inferential statistical analysis.
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Among SL1 participants, the Social strategy received the highest mean preference score (M =
2.47, SD = 1.08), followed closely by the Ask strategy (M = 2.35, SD = 0.99). In contrast, the Solve
and Information strategies were less frequently selected (M = 1.61 and M = 1.78, respectively). On
the other hand, for BL1 participants, the Ask strategy was the most preferred (M = 2.67, SD =
1.06), followed by the Confirmation strategy (M = 2.27, SD = 1.21), while the Information strategy
received the lowest mean score (M = 1.13, SD = 1.12).

Table 5.1: Mean preference scores (and standard deviations) for each repair strategy,
separately for BL1 and SL1 groups.

Strategy BL1 SL1
Mean (SD) Mean (SD)
Social 295 (1.21)  2.46 (1.08)
Confirmation  2.26 (1.20) 1.79 (1.45)
Information 1.13 (1.12) 1.77 (1.10)
Solve 1.67 (1.29)  1.61 (1.22)
Ask 2.67 (1.06)  2.34 (0.99)

5.3.2 Within-Group Comparisons
5.3.2.1 Overall Within-Group Differences: Friedman Test

This subsection presents the results of within-group analyses for both BL1 and SL1 participants. To
examine whether participants demonstrated statistically significant differences in their preferences
among the five repair strategies, within-group comparisons were conducted separately for each
cultural group. Given the non-parametric nature of the data, the Friedman test was used to assess
overall differences in preference rankings within each group [59].

The Friedman test results revealed significant differences in the mean ranks of the five re-
pair strategies for both groups: BL1 participants (x(4) = 34.04,p < .001) and SL1 participants
(x(4) = 14.00,p = .007). These results indicate that within each group, participants demonstrated
meaningful variation in their preferences for different repair strategies. Figure 5.2 presents the
mean ranks and ranking orders for each strategy, separated by group. Among BL1 participants,
the Ask strategy had the highest mean rank (3.69). In contrast, SL1 participants preferred the
Social strategy (3.53) most.
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Figure 5.2: : Preferences for repair strategies: British participants (BL1), and Saudi
participants (SL1) based on Friedman Mean Rank Tests. The figure displays the mean
ranks for each repair strategy, where higher values indicate greater preference. Strate-
gies are ordered from highest (Green) to lowest (Gray) preference; vertical spacing is
illustrative only.

5.3.2.2 Pairwise Preference Comparisons: Wilcoxon Signed-Ranks Test

To further explore specific pairwise differences in strategy preferences within each cultural group,
the Wilcoxon Signed-Ranks Test was conducted. This analysis identifies precisely which pairs of
repair strategies differed significantly from one another within each group. The results, summarized
in Table 5.2, reveal several statistically significant differences, with significance thresholds adjusted
using the Bonferroni correction method (p < 0.005).

Among SL1 participants, the Social strategy was significantly preferred over the Solve strategy
(Z = —3.04,r = 0.30) and the Information strategy (Z = —3.06,7 = 0.30). In contrast, BL1
participants exhibited a distinctly low preference for the Information strategy, ranking it signifi-
cantly lower than the Ask (Z = —4.94,r = 0.49), Social (Z = —3.99,r = 0.40), and Confirmation
(Z = —3.57,r = 0.36) strategies. Additionally, BL1 participants showed a significant preference for
the Ask strategy compared with the Solve strategy (Z = —3.17,r = 0.32).

Overall, the Wilcoxon Signed-Rank pairwise comparisons (Table 5.2) indicate multiple statisti-
cally significant differences in repair strategy preferences within each cultural group. These results
demonstrate that participants in both groups exhibited structured and differentiated preference
patterns among the five repair strategies, providing a basis for subsequent between-group compar-

isons. Specifically, SL1 participants showed a significant preference for the Social strategy over the
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Table 5.2: Adjusted Significance Levels from Wilcoxon Signed-Rank Tests for Each
Pairwise Comparison Using Bonferroni Correction (p < 0.005); ***’ Indicates Significant

Values.
Paired Comparisons of Strategies e S 1E3Ll
p-value p-value p-value
Social vs. Confirmation 0.144 0.043 0.968
Social vs. Information 0.001** 0.002**  0.000**
Social vs. Solve 0.001** 0.002**  0.055
Social vs. Ask 0.266 0.574 0.051
Confirmation vs. Information 0.006 0.854 0.000**
Confirmation vs. Solve 0.025 0.591 0.007
Confirmation vs. Ask 0.012 0.059 0.086
Information vs. Solve 0.356 0.558 0.052
Information vs. Ask 0.000** 0.010 0.000**
Ask vs. Solve 0.000** 0.010 0.002**

Information and Solve strategies (p = .002). Conversely, BL1 participants exhibited a pronounced
aversion to the Information strategy, ranking it significantly lower compared to Ask (p < .000),
Social (p < .000), and Confirmation (p < .000) strategies. Moreover, the BL1 group showed a sig-
nificant preference for the Ask strategy compared with the Solve strategy (p = .002). These findings
highlight consistent intra-group preferences and provide a foundation for exploring cross-cultural

comparisons in subsequent analyses.

5.3.3 Between-Group Comparisons: Mann—Whitney Tests

To compare participants’ repair strategy preferences across cultural groups (BL1 vs. SL1), the
dataset was restructured into a long-format representation at the comparison level. Each row
captured a single pairwise preference judgment, with every participant completing 10 comparisons.
Since each repair strategy appeared in four comparisons per participant, this restructuring produced
404 preference judgments across all 101 participants in total, representing 2,020 strategy-level deci-
sions. From these judgments, mean rank scores were computed for each strategy per group, allowing
for an aggregated measure of how often a strategy was preferred relative to others.

Group comparisons were conducted at the comparison level to maximise sensitivity to preference
patterns across strategies. This approach is commonly used in pairwise comparison designs (e.g.,
[17, 16]), where individual preference judgements constitute the fundamental observational unit.
While participant-level aggregation was used to derive descriptive mean rank scores, inferential
analyses were performed on the trial-level preference data to reflect the underlying choice behaviour
across repeated comparisons.

Using the Mann—Whitney U test, comparisons were conducted to assess whether preference

90



scores for each strategy differed significantly between British (BL1) and Saudi (SL1) participants
(Bonferroni-adjusted, p — value < 0.005) [59]. As shown in Figure 5.3, only one strategy showed
a statistically significant between-group difference: the Information strategy. Saudi participants
demonstrated a statistically significant stronger preference for the Information strategy compared
to British participants (U = 17118, npr1 = 208, ngr1 = 196, p = .001), who ranked it consistently
lower. This result indicates a statistically significant difference in preferences for the Information

strategy between the two cultural groups.
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Figure 5.3: Bar chart comparing the mean preference scores of five repair strategies
between British (BL1) and Saudi (SL1) participants. Scores reflect the cumulative
ranking of each strategy across all pairwise comparison trials (N = 404), where higher
values indicate greater preference. Strategies marked with (**) showed statistically
significant differences in preference between cultural groups (Mann—Whitney U test,
Bonferroni-adjusted p < 0.005).

5.4 Discussion

This section discusses the key findings of the study, beginning with an overview of the within-
and between-group results (Section 5.4.1). It then interprets the statistically significant findings
through the lens of cultural communication theories and prior HCI literature (Section 5.4.2). Finally,
Section 5.4.3 considers why no statistically significant cultural differences were observed for the

remaining repair strategies.
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5.4.1 Overview of Key Findings

This study examined whether and how cultural background influences user preferences for repair
strategies in SDSs. Using a pairwise comparison method, participants from low-context (British,
BL1) and high-context (Saudi, SL1) cultural groups evaluated five repair strategies within a sim-
ulated task-based interaction. Preferences were analysed using non-parametric within-group and
between-group comparisons to identify structured preference patterns and potential cultural effects.

The results revealed clear and statistically significant preference structures within each cultural
group. Within-group analyses showed that BL1 participants significantly preferred the Ask strat-
egy, followed by the Social and Confirmation strategies, over the Information strategy, whereas SL1
participants significantly preferred the Social strategy over the Solve and Information strategies.
However, when preferences were compared directly between cultural groups, only the Information
strategy showed a statistically significant difference. Specifically, SL1 participants demonstrated
a statistically stronger preference for Information repair strategy than BL1 participants. Over-
all, these findings suggest that cultural background influences preferences for explanatory repair

strategies, rather than shaping preferences across all repair types.

5.4.2 Cultural Background and Preference for Information Repair Strate-
gies (RQ2)

This study examined how cultural background influences user preferences for repair strategies in
SDSs (RQ2). The between-group comparison (Mann—Whitney U test) indicated that cultural back-
ground was associated with a statistically significant difference for one strategy only: the Informa-
tion strategy. Specifically, Saudi participants (SL1) showed a significantly stronger preference for
the Information strategy than British participants (BL1) (p < .001). This finding suggests that
cultural background influences preferences in a selective manner, with the cultural effect emerging
primarily for explanatory repair.

The Information strategy in this study was represented by the prompt “I could not understand
you because it is noisy here.”. Unlike strategies that primarily request repetition or confirmation,
this response provides an explicit explanation for the breakdown (i.e., “it is noisy here”), adding
contextual detail beyond acknowledging that an error occurred. Hall’s context theory offers one
explanation for why this form of repair may be more valued in high-context cultures such as Saudi
Arabia [103]. High-context communication relies more heavily on contextual cues and shared under-
standing, and it often places greater value on richer background information to support interpreta-
tion. In this sense, the Information strategy may be perceived as a more complete and cooperative
repair move because it supplies contextual grounding for the system’s failure, rather than leaving
the cause of the breakdown implicit. By contrast, low-context communication styles are typically

characterised by greater emphasis on brevity and explicit task-oriented requests [104], which may
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contribute to the lower relative preference for an explanatory repair among BL1 participants.

A complementary explanation can be drawn from Hofstede’s uncertainty avoidance dimension
[114]. Cultures higher in uncertainty avoidance tend to show lower tolerance for ambiguity and
place greater value on communication that reduces uncertainty through clarification and justifica-
tion. Within SDS breakdowns, an explanation of the cause (e.g., background noise) can reduce
uncertainty about why the system failed to understand the input and can provide reassurance
that the problem is situational rather than user-related. The present findings are consistent with
the interpretation that SL1 participants may place greater value on this type of clarification dur-
ing breakdowns, whereas BL1 participants may prefer more minimal repairs that move quickly to
repetition or confirmation.

Prior cross-cultural HCI research provides converging evidence that preferences for elaboration
and information density can vary systematically across cultural contexts. For example, Liljenberg
et al. [148] used eye-tracking to compare user interaction with culturally targeted website designs
and reported that UK users preferred lower information density, whereas Chinese users preferred
higher information density. Similarly, Kyriakoullis and Zaphiris [140] found that Chinese tourism
e-commerce websites contained more textual information and navigational links than Australian
websites, reflecting differences in how much contextual information is provided and valued. Focus-
ing more directly on conversational settings, Miehle et al. [167] reported cross-cultural differences
in preferences for elaborate versus direct system responses, with German participants (low—context)
preferring less elaborate responses and Spanish participants (high-context) preferring more elabo-
rate responses. Taken together, these findings indicate that cultural background influences prefer-
ences for repair strategies primarily when the repair response provides explanation and additional
contextual information, with the observed cultural effect in this study emerging specifically for the

Information repair strategy.

5.4.3 Understanding the Absence of Cultural Differences in Other Re-

pair Strategies

In contrast to the Information strategy, the between-group comparisons indicated no statistically
significant cultural differences in preferences for the Ask, Social, Confirmation, or Solve strategies
after Bonferroni correction (p < 0.005). These null results suggest that, within the constraints of
the present design and task context, cultural background did not reliably differentiate preferences
for these strategies within the constraints of the current design and task scenario. Below, several
design- and context-based considerations are provided that may interpret the absence of detectable
cultural effects for these strategies.

First, the experimental instantiation of some strategies may have reduced the likelihood of

observing cultural differences. In particular, the Confirmation and Solve strategies intentionally
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included incorrect content (i.e., an incorrect suggestion or an option set that did not contain the
correct destination). This design choice was used to simulate a realistic breakdown and to avoid
inflating preferences by presenting a correct answer (see Section 4.3.3). However, it may also have
reduced the perceived usefulness and trustworthiness of these strategies, thereby compressing pref-
erence differences and shaping selections in the pairwise comparison context. Accordingly, the
preference scores should be interpreted as relative judgments under the specific strategy implemen-
tations used in this study. Future work could evaluate alternative versions in which Confirmation
provides a correct suggestion and/or Solve includes the correct option, to better disentangle the
effect of strategy type from the accuracy of the suggested content.

Second, the absence of cultural differences for the Ask strategy may reflect the task-oriented
nature of the scenario. Although the Ask strategy was most preferred by BL1 participants, it was
also rated highly by SL1 participants. In goal-oriented contexts such as booking a flight, efficiency
and clarity may be prioritised, and users may converge on repair strategies that support rapid
recovery from breakdowns. Prior work on conversational agents suggests that users often adapt their
behaviour and expectations once system limitations are apparent, for example by simplifying their
language, repeating commands, or making requests more directly [154]. This adaptive behaviour
may reduce cross-cultural variation for highly functional repair strategies such as a direct request
to repeat.

Third, the null effects for Social repair strategies are consistent with mixed findings in the
literature on apology-based repair. While apologies have been shown to reduce frustration and
increase perceived usability in some contexts [284, 5, 251], other studies report that apology-based
strategies can be rated lower on likeability or perceived intelligence [72]. Effects may also depend
on situational and user factors such as mood or demographics [5, 260]. In this study standardised
prompts and a single task scenario may have limited sensitivity to these contextual moderators,
potentially contributing to the absence of detectable cultural differences for Social strategies. Fi-
nally, prior research suggests that relying on a single repair strategy may be insufficient in practice,
and that multi-strategy or adaptive repair approaches (e.g., combining an apology with an expla-
nation, or tailoring responses to context) can support stronger recovery and sustained engagement
[39, 73, 26, 35]. While the present study compared strategies in isolation to identify relative prefer-
ences, future work could examine culturally adaptive sequences of repair strategies and test whether
cultural differences become more apparent when strategies are combined, tailored, or deployed dy-
namically across different breakdown types and task contexts [73, 26]. Several of the considerations
discussed above also reflect methodological limitations of the present study, including the specific
instantiation of repair strategies and the task context. Broader limitations and directions for future

research are discussed in detail in Conclusion Chapter 8.
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5.5 Conclusion

Using a pairwise comparison experiment, this chapter quantitatively examined how cultural back-
ground influences user preferences for repair strategies in SDSs, comparing participants from high-
context (Saudi) and low-context (British) cultures. Across the five repair strategies investigated,
only the Information strategy (where the system explicitly explains the cause of a communication
breakdown) demonstrated a statistically significant difference in preference between the two groups
(U = 17118, npr1 = 208, ngr1 = 196, p = .001). Saudi participants showed a stronger preference
for this explanatory repair strategy than British participants, indicating that cultural background
can influence preferences for system responses that provide additional contextual information during
breakdowns.

In contrast, no statistically significant between-group differences were observed for the Ask,
Social, Solve, or Confirmation strategies after correction for multiple comparisons. These findings
suggest that cultural background does not uniformly affect preferences for all repair strategies,
and that cultural influence in this study was selective rather than pervasive. Taken together,
the results highlight the particular importance of explanatory repair strategies in cross-cultural
SDS interactions and point to the need for future research to examine how task context, strategy
combinations, and adaptive repair mechanisms may further shape user preferences across cultural

settings.

5.6 Chapter Summary

While the previous chapter outlined the overall methodology for the empirical studies, this chapter
investigated the effect of cultural background on user preferences for repair strategies in SDSs using
a cross-cultural design. Although only the Information strategy showed a statistically significant
difference between cultural groups, other patterns emerged that suggest underlying influences from
within-culture and individual-level factors. These findings indicate that cultural background alone
may not fully explain user preferences. The next chapter shifts the focus to a within-culture
mixed-methods investigation of interaction language, exploring how using a native versus non-
native language, alongside individual-level characteristics, shapes preferences for repair strategies

when interacting with a SDS.
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Chapter 6

Study 2: Effect of Interaction
Language on Repair Strategy

Preferences

6.1 Introduction

While the previous Chapter 5 examined how cultural background influences user preferences for
repair strategies in SDSs, the current chapter shifts focus to the influence of within-culture variabil-
ity, particularly among users from the same cultural background (Saudi Arabia). Specifically, this
study investigates how interaction language operationalised as the language used by the system in
its repair responses (native vs. non-native) and individual-level user characteristics (such as self-
efficacy, prior experience, and language proficiency) influence preferences for communication repair
strategies in SDSs. To develop a deeper understanding, this study also incorporates a qualitative
component that explores users’ perspectives and their experiences during interactions with SDSs,
especially during communication breakdowns and repair phases. To develop a deeper understand-
ing, this study also incorporates a qualitative component that explores users’ perspectives and their
experiences during interactions with SDSs, especially during communication breakdowns and repair
phases.

As users increasingly interact with SDSs across different languages and devices, it becomes cru-
cial to understand not only group-level cultural effects but also how users within the same cultural
group vary based on their interaction context and individual characteristics. As the prevalence
of DVAs (such as Apple’s Siri and Google Assistant) continues to expand globally, they serve an

increasingly diverse user base by supporting multiple languages [99]. However, the usability and
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effectiveness of these technologies depends not only on advances in ASR and NLP but also on their
ability to accommodate diverse linguistic and communicative needs [281, 282].

A key challenge for ensuring the accessibility of DVAs is their adaptation across different
languages, particularly for both native and non-native interactions. While HCI research has
investigated general user experiences of native and non-native speakers interacting with DVAs
[275, 273, 209], less attention has been paid to how DVAs handle communication breakdowns when
they fail to understand or misinterpret user input. The strategies used to repair these breakdowns
are critical for sustaining smooth and effective interactions [48, 17, 163]. While much research on
DVA adaptation has focused on improving speech recognition accuracy [124, 120, 35], little atten-
tion has been paid to how repair strategies should be tailored to account for differences between
native and non-native speakers.

This study contributes to the body of research on SDSs by examining how interaction lan-
guage influences user preferences for repair strategies when interacting with DVAs. To address
this gap, this study aims to identify the most suitable repair strategies for goal-oriented tasks in
DVAs. Specifically, this study adopts a mixed-methods design, combining both quantitative and
qualitative approaches to gain a more comprehensive understanding. The quantitative component
investigates how interaction language (native vs. non-native) and individual-level factors (self-
efficacy, prior experience with DVAs, and second-language proficiency) influence user preferences
for repair strategies. The qualitative component, based on semi-structured interviews, explores
users’ personal experiences with DVAs and their perspectives on different repair strategies and
communication breakdowns. This integration of methods enables a more holistic understanding of
user-system interaction dynamics [93].

This study is guided by two overarching research questions, combining both quantitative and

qualitative aims:

¢ RQ3: What is the influence of interaction language and individual-level user
characteristics on user preferences for repair strategies in SDSs? This question is

addressed using quantitative analysis and is broken down into the following sub-questions:

— RQ3a: Which repair strategies are preferred by users when interacting with a DVA in
their native versus non-native language during goal-oriented tasks?
— RQ3b: How do individual-level factors, such as computer self-efficacy, prior experience

with DVAs, and language proficiency, influence user preferences for repair strategies?

e RQ4: What are users’ perspectives on different repair strategies and communication break-
downs in DVAs?

The remainder of this chapter is structured as follows: Section 6.2 details the methodology for

both the quantitative and qualitative components; Section 6.3 presents the comparative results and
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the thematic analysis of the qualitative interview data; Section 6.4 discusses the integrated findings.
Finally, Section 6.5 summarizes the key findings and prepares the ground for the final Discussion

chapter.

6.2 Method

To explore how variation in user characteristics within a shared cultural context influences user
preferences for repair strategies in DVAs, a mixed-methods approach was adopted. The influence
of interaction language was quantitatively examined through an experimental study that compared
two participant groups from the same cultural background, each evaluating system repair responses
presented in either their native or non-native language (addressing RQ3a). In addition, individual-
level factors, such as computer self-efficacy, prior experience with DVAs, and language proficiency,
were explored using a survey-based method (addressing RQ3b). Finally, users’ perspectives on
different repair strategies and communication breakdowns in DVAs were qualitatively investigated
through semi-structured interviews (addressing RQ4). This method section provides details of the
participant groups involved, simulated task scenario, Paired comparison experiment, measurement

of individual-level factors, and the design of the qualitative interview component.

6.2.1 Repair Strategies Framework

This study focuses on user preferences for different system-repair strategies in SDSs, specifically in
the context of interaction language (native vs. non-native). Consistent with the previous study
on cultural influences (Chapter 5), the author adopted the system-repair strategies framework
developed in the scoping review, Chapter 3 [9]. This framework categorizes system-repair strategies
into six distinct types, each defined by its communicative function and response objective during
interactions with SDSs (see System-repair Strategy Framework 3.4).

For the current study, five repair strategies were selected from this framework: Confirmation,
Information, Social, Solve, and Ask. These strategies were chosen for two main reasons: (1) they
represent clearly differentiated system behaviours, and (2) they reflect the types of immediate re-
sponses that a DVA would likely produce after encountering a conversational breakdown. The
sixth category, Disclosure, was excluded because it typically involves providing background infor-
mation about system limitations rather than directly addressing the conversational breakdown.
By focusing on the remaining five, this study aims to investigate how interaction language and
individual-level factors influence user preferences for different system repair approaches in real-time
non-understanding scenarios.

Each repair strategy is characterized by a primary attribute that defines its function during a

breakdown. While some conceptual overlaps between strategies may occur, this study emphasizes
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the distinctive communicative goals that each strategy represents. These distinctions are central
to understanding how different system responses contribute to repairing non-understandings and
facilitating effective interaction. The specific attributes and descriptions of the five selected re-
pair strategies are summarized in Table 4.1 in the Methodology Chapter 4, with more detailed

information available in Section 4.2 on the full repair strategy framework.

6.2.2 Participants

This study involved only Saudi participants, allowing for a focused investigation of within-group
variation. Participants were categorized into two groups based on the language used by the system
(DVA) when presenting repair responses: Saudi speakers (SL1) who evaluated system repair strate-
gies presented in their native language (Arabic) and Saudi speakers (SL2) who evaluated repair
strategies presented in their non-native language (English). The SL1 participants were the same
group included in the previous cultural background study Chapter 5, serving as a baseline group
for cross-study comparisons in this thesis (see Scenario Figure 4.2).

A total of 99 Saudi participants (56 females, 43 males; average age = 32.7 years, SD = 9.21)
were recruited from Prince Sattam Bin Abdulaziz University! through emails, posters, flyers, and
snowball sampling. Of these, 49 participants interacted with the system in Arabic (SL1), and 50
in English (SL2). Each participant received a £5 Starbucks eGift Card as compensation. Ethical
approval for this study was granted by the Ethics Committee in the Department of Computer and
Information Sciences at the University of Strathclyde (approval number: 2781; see Appendix B)

All participants completed pairwise comparison tasks to indicate their preferences for different
system-repair strategies, under one of the two language conditions (addressing RQ3). In addition,
participants from both groups (SL1 and SL2) completed a survey measuring individual-level factors,
including computer self-efficacy, prior experience with technology and DVAs, and demographic
characteristics (addressing RQ4). For the 50 participants (SL2), who interacted with the DVA
using their second language, English language proficiency was self-assessed based on the Common
European Framework of Reference (CEFR) [189], categorizing participants into three overall levels:
Basic (N = 7), Intermediate (N = 19), and Proficient (N = 24).

The two groups (SL1 and SL2) were found to be comparable in terms of individual-level char-
acteristics. Independent-samples t-tests were conducted to assess the comparability of the SL1
and SL2 groups across individual-level characteristics, including age, computer self-efficacy, prior
experience with technology, and prior experience with DVAs. The results indicated no significant
differences between the two groups on any of these measures (all p > .05; see Appendix C.1 for full
test statistics).

Overall, the sample rated themselves moderately on computer self-efficacy (mean = 4.43, SD =

IPrince Sattam Bin Abdulaziz University is located in Saudi Arabia.
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0.94) using a 7-point Likert scale (1 = strongly disagree; 7 = strongly agree). They also reported
moderate prior experience with general technology (mean = 4.14, SD = 0.81) and DVAs (mean
= 3.57, SD = 0.93) on a 5-point Likert scale (1 = strongly disagree; 5 = strongly agree). The
similarity in scores between the SL1 and SL2 groups strengthens the comparative analysis by
reducing the likelihood that observed differences are due to underlying group differences in self-
efficacy or experiences. Table 6.1 presents detailed demographic information, including interaction

language and the individual-level factors assessed in this study.

Table 6.1: Participant Demographics and Individual Factors by Interaction Language

Individual Factors Native (SL1) Non-native (SL2)
Mean (SD) Mean (SD)
Age 31.95 (9.57)  33.54 (8.87)
Computer Self-Efficacy (7-point Likert scale) 4.59 (0.97) 4.48 (0.85)
Experience with Technology (5-point Likert scale) 4.22 (0.85) 4.07 (0.77)
Experience with DVA (5-point Likert scale) 3.69 (0.91) 3.46 (0.96)
Language Proficiency (3 Levels) NA 2.34 (0.71)

Higher scores indicate a higher level of the measured quantity.

Additionally, a follow-up semi-structured interview was conducted to explore participants’ per-
spectives of communication breakdowns and repair strategies (addressing RQ4). After completing
the interaction task, participants were invited to take part in an interview. A total of 15 Saudi
participants (F = 4, M = 11; mean age = 31 years, SD = 6.4) participated. These interviewees
were drawn from across both SL1 and SL2 groups, based on those who volunteered to take part.
Participants received a £10 Starbucks eGift Card for their time.

Participants followed a structured sequence of stages throughout the study. The process began
with participant briefing and screening, followed by a demographic and individual differences survey.
This survey was identical for all participants, except that it included an additional self-assessment
of English language proficiency for non-native (SL2) participants. Next, participants completed
a series of pairwise comparison tasks involving different repair strategies. Finally, a subset of
participants was invited to participate in a semi-structured interview. The overall procedure is
illustrated in Figure 6.1, which visually outlines the survey-based and experimental stages, as well

as the interview component, all aligned with the study’s research questions.

6.2.3 Simulated Task Scenario

The same goal-oriented scenario described in Methodology Chapter 4 (Section 4.3.1) was used in this
study to examine how the interaction language (native vs. non-native) influences user preferences

for system repair strategies. The consistent use of this task enables reliable comparisons across
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Figure 6.1: Overview of the survey-based and experimental procedures completed by participants
in Study 2

studies while maintaining control over the communication context.

The author used a goal-oriented task, specifically designed within the framework of SWTS as
recommended by Borlund and Schneider [34] and further discussed in [33], to assess user preferences
for communication repair strategies. The scenario, booking a flight, simulates a realistic interaction
with a DVA, named here as Echo. The scenario involves the same type of conversational break-
down, categorized as a partial non-understanding breakdown [234, 232, 233]. This occurs when
DVAs successfully identify the user’s general intent (e.g., booking a flight) but partially fail to rec-
ognize a specific entity (e.g., the destination: 'London’). It is assumed that the speech recognition
confidence threshold for recognizing the entity falls below the acceptable level, resulting in a rejec-
tion non-understanding of the user’s utterance [198, 29]. In response, DVAs immediately initiate
repair strategies to address the breakdown. This approach aligns with the principles of Grounding
Theory, which emphasizes the importance of immediate and collaborative actions to achieve mutual
understanding in dialogue [49, 51].

Furthermore, in scenarios involving strategies such as Solve and Confirmation, the correct entity
(e.g. ’London’) is deliberately excluded from the system’s suggestions. For instance, the system
(Echo) might propose alternative destinations such as "Luton,” ’Sunderland,” or "Liverpool,” while
omitting the correct option, to reduce potential biases in evaluating repair strategies, such as
item priming effects [203]. This design mirrors potential real-world use cases and ensures that
participants focus on assessing the main attributes of the system’s repair strategies rather than

favouring strategies simply because they provide the correct answer (entity: 'London’).

6.2.4 Paired Comparison Experiment

To address RQ3, a comparative research design using a mixed factorial framework was employed
to examine how interaction language influences user preferences for repair strategies in DVAs. The
pairwise comparison experiment followed a 2x5 factorial design, with interaction language (native
vs. non-native) as the between-subjects factor and repair strategy (five types) as the within-subjects

factor. This mixed design enabled us to compare how each group ranked different system responses
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and to observe any significant differences in preferences between linguistic groups.

To collect participants’ preferences for repair strategies, an online pairwise comparison exper-
iment was conducted using Qualtrics?. The experiment included a text-based scenario, followed
by binary paired comparisons of voice-based repair strategies. This design aimed to minimize
extraneous influences, such as participant confusion when evaluating multiple repair strategies si-
multaneously [67]. Participants first read scenarios depicting conversational breakdowns, and then
randomly listened to two different voice responses, each representing a distinct repair strategy. They
were then asked to indicate their preference for one of the two strategies in handling the situation
(see Figure 4.3).

Each participant evaluated all five repair strategies through a total of 10 pairwise comparisons,
constituting a complete paired-comparison design in which all possible strategy pairs were pre-
sented exactly once. As a result, each repair strategy appeared an equal number of times across
the experiment (four comparisons per strategy per participant). In each comparison, participants
selected the single repair strategy they preferred; this choice was recorded as a binary outcome,
with the selected strategy coded as 1 (preferred) and the non-selected strategy coded as 0. Prefer-
ence scores for each strategy were then calculated by summing the number of times it was selected
across its four pairwise comparisons, resulting in a per-participant preference score ranging from 0
(never selected) to 4 (selected in all comparisons). Further details about the experimental design
are provided in Section 4.4, and the translation procedures from English to Arabic are described in
Section 4.8.2 of the Methodology Chapter (4).

6.2.5 Individual-level Factors

To address RQ4, the influence of the following individual-level factors on preferences for repair
strategies was also examined: computer self-efficacy, prior experience with technology and voice
assistants and language proficiency. Research has demonstrated that these individual factors affect
people’s preferences and behaviours [17, 259, 210, 42]. The individual-level factors examined in this
study and their measurement were introduced in detail in the Methodology Chapter 4 (see Section

4.5); the following subsections provide an overview of each factor as it relates to this study.

Computer Self-efficacy The concept of self-efficacy, as defined by Bandura, refers to individuals’
beliefs in their capacity to execute the behaviours necessary to achieve specific performance goals
[22]. Tt is a critical psychological construct and a robust predictor of behaviour change [23, 21, 22].
Compeau and Higgins [57, p.192] describe computer self-efficacy as “a judgment of one’s capability
to use a computer”. Higher computer self-efficacy is associated with enhanced performance, faster

adoption of new technologies, and improved ease of use and user experience [89, 138, 42].

2https://www.qualtrics.com/
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Furthermore, Gupta and Bostrom [100] outline four types of computer self-efficacy measure,
emphasizing the importance of both the technology domain and task specificity. For the study
on DVAs, the scale designed for specific technologies and general tasks proposed by Gupta and
Bostrom [100] was adopted. This scale was selected for two main reasons: (1) the focus of this
study is on interactions with DVAs, which represent a distinct class of technology; and (2) unspecific
tasks, rather than narrowly defined skills, better reflect users’ perceived ability and confidence to
engage in imagined goal-oriented interactions. The adapted scale consisted of five items that assess
participants’ self-efficacy, each rated on a 7-point Likert agreement scale (1 = Strongly Disagree to

7 = Strongly Agree), where a higher scores indicate greater self-reported confidence (see Table 4.2).

Experience with Technology and DVAs Prior studies highlight how experience with tech-
nology and digital assistants substantially shapes preferences concerning repair strategies in digital
interactions [288, 17]. For example, individuals more familiar with chatbots often prefer Confirma-
tion repair strategies, as these are frequently presented in text-based chatbots [17].

In this study, self-reported prior experience with technology and prior experience with DVAs
were assessed using two items each, rated on a 5-point Likert agreement scale (1 = Strongly Disagree
to 5 = Strongly Agree). These items were adapted from Ashktorab et al. [17], whose work focused
on the influence of prior experience on preferences for repair strategies in chatbot-based interactions
(see Table 4.2). This alignment is particularly relevant, as the current study similarly investigates
how individual factors shape repair strategy preferences, albeit in voice-based interactions rather
than text-based settings. Higher scores on each item indicate a greater level of the respective factor

(i.e., more experience with technology or DVAs).

Language proficiency Language proficiency i.e. a user’s skill level and fluency in a particular
language, influences interactions and adaptation with DVAs [126, 210, 275]. Research shows that
higher proficiency correlates with finding DVAs easier to understand and more pleasant to use [126,
210]. To evaluate language proficiency among SL2 participants, the Common European Framework
of Reference for Languages (CEFR) was used, as participants interacted in their second language,
English [189]. CEFR is commonly applied in HCI to self-assess foreign language proficiency (e.g.
[241, 74, 123, 210]) and categorizes proficiency into six levels from low proficiency (A1) to high (C2)
3. These were grouped into three broader categories: basic (A1, A2), intermediate (B1, B2), and
proficient user (C1, C2) [189] (see Table 4.3).

6.2.6 Qualitative Interview Design

After completing their interaction with the DVA, participants were invited to take part in a semi-

structured interview. 15 online semi-structured interviews were conducted in participants’ native

3https://europass.europa.eu/en/common-european-framework-reference-language-skills
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language (Arabic) to preserve the authenticity of responses and ensure accurate representation of
their perspectives [267, 239]. The author, as a native Arabic speaker, conducted the interviews
via Microsoft Teams using its audio recording functionality. Each session lasted between 32 and 46
minutes. Prior to analysis, the interviews were manually transcribed and all identifiable information
was anonymized.

Two bilingual researchers (Arabic—English), including the author, independently analysed the
data using inductive thematic analysis [37]. The analysis remained grounded in the original Arabic
transcripts throughout. This ensured that interpretations were culturally and linguistically appro-
priate. Maintaining analysis in the source language ensures greater cultural and linguistic fidelity
in qualitative interpretation [256, 239]. During the process, code names, initial codes, and relevant
quotations were translated into English to support collaborative discussions with the co-authors
[9], following established practices for translation in qualitative research [218, 2]. Following a col-
laborative and interpretive approach [37, 188], coding discrepancies were resolved through iterative
discussions, with final codes and themes developed by consensus. In collaboration with a translator,
I translated final themes, sub-themes, and quotations presented in this study.

Qualitative analysis was conducted using MAXQDA 22.80* software. In the Methodology Chap-
ter 4, more detailed information about the qualitative interview design and conducted analysis can
be found in Section 4.6.

6.3 Results

This section presents the results of the study in two parts. First, it reports the quantitative
analysis of participants’ preferences for five different repair strategies in SDSs, focusing on: (a) the
effect of interaction language (addressing RQ3a), and (b) the influence of individual-level factors
(addressing RQ3b). Specifically, it examines whether there are significant differences in repair
strategy preferences between native (SL1) and non-native (SL2) system-language conditions, and
how participant characteristics, such as self-efficacy, prior experience, and language proficiency,
affect these preferences.

Second, this section presents the qualitative findings that explore participants’ perspectives
on repair strategies and their experiences with communication breakdowns in SDSs (addressing
RQ4). All analyses were conducted using IBM SPSS Statistics 29.0. As the data did not meet
the assumptions of normality, non-parametric tests were employed [59]. To account for multiple
comparisons, a Bonferroni correction was applied where appropriate, adjusting the significance
threshold to p < 0.005(0.05/10) based on the total number of pairwise tests conducted [62, 265, 59].

All statistical tests were conducted using two-tailed significance levels.

4https://www.maxqda.com/
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Table 6.2: Mean preference scores (and standard deviations) for each repair strategy,
separately for SL1 and SL2 groups.

Strate SL1 SL2
& Mean (SD) Mean (SD)
Social 2.46 (1.08)  2.34 (1.18)

Confirmation 1.79 (1.45) 2.50 (1.40)
Information ~ 1.77 (1.10) 1.16 (1.09)
Solve 1.61 (1.22)  1.74 (1.20)
Ask 2.34 (0.99)  2.26 (1.12)

6.3.1 Effect of Interaction Language (RQ3a)
6.3.1.1 Overall Descriptive Statistics

As outlined in Section 4.7.1, preference scores were determined by counting how frequently each
repair strategy was selected across pairwise comparisons, resulting in scores ranging from 0 to
4. Table 6.2 provides the descriptive statistics for the five repair strategies, showing the mean and
standard deviation of the number of times each strategy was selected by participants in the SL1 and
SL2 groups. These results present an initial overview of participant preferences prior to conducting
inferential statistical analyses.

Among SL1 participants, the Social strategy received the highest mean preference score (M
= 2.47, SD = 1.08), followed closely by Ask (M = 2.35, SD = 0.99). In contrast, Confirmation,
Information and Solve were less frequently selected (M = 1.79, 1.77 and 1.61, respectively). On the
other hand, SL2 participants showed the highest preference for the Confirmation strategy (M =
2.50, SD = 1.40), followed by Social (M = 2.34, SD = 1.18), while Information received the lowest
mean score (M = 1.16, SD = 1.09).

Several repair strategies demonstrated notable differences in preference between native (SL1)
and non-native (SL2) groups. The Confirmation strategy was selected more frequently by SL2
participants (M = 2.50) than by SL1 participants (M = 1.79). Conversely, the Information strategy
was preferred more by SL1 participants (M = 1.77) than by SL2 participants (M = 1.16). Both
groups showed consistently lower preference for the Solve strategy, where the system provided

alternative options to the user’s intent.

6.3.1.2 Overall Within-Group Differences: Friedman Test

This subsection presents the results of within-group analyses for both SL.1 and SL2 participants. To
examine whether participants showed statistically significant differences in their preferences among
the five repair strategies, within-group comparisons were conducted separately for each interaction

group. Given the non-parametric nature of the data, the Friedman test was used to assess overall
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differences in preference rankings within each group [59].

The Friedman test results revealed significant differences in the mean ranks of the five re-
pair strategies for both groups: SL1 participants (x(4) = 14.00,p = .007) and SL2 participants
(x(4) = 26.99,p =< .001). These results indicate that, within each group, participants demon-
strated meaningful variation in their preferences for different repair strategies. Figure 6.2 presents
the mean ranks for each subgroup rankings for SL1 and SL2 participants.

Notably, SL1 participants showed the strongest preference for the Social strategy, highlighting
the value placed on apologies and social rapport. While not the top choice, the Information strategy
was more favoured by the SL1 group than by the SL2 group. Conversely, the SL2 group showed a
clear preference for the Confirmation strategy, possibly reflecting their need for clarity and assurance
when communicating in a non-native language. Preferences for Social and Ask strategies were
also strong in the SL2 group but slightly less pronounced compared with the SL1 group. These
differences highlight the impact of interaction language on repair strategy preferences, with non-

native users distinctly favouring strategies that confirm understanding.

SL1(n=49) SL2 (n=50)

Highest . ~ . \
Social (3.53) Confirmaton (3.52)
o [ Ask@32) [ social (3.42)
(= r ™ r ™~
E \ Information (2.79) J | Ask (3.20) |
(0] p \ p ~
o Confirmation (2.78) Solve (2.70)
Solve (2.59) [ Information (2.16) |
Lowest * >N g

Figure 6.2: Preferences for Repair Strategies: Arabic native users (SL1), and English
non-native users (SL2) based on Friedman Mean Rank Tests. The figure displays the
mean ranks for each repair strategy, where higher values indicate greater preference.
Strategies are ordered from highest (Green) to lowest preference (Gray); vertical spac-
ing is illustrative only.
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6.3.1.3 Within-Groups Pairwise Comparisons: Wilcoxon Signed-Ranks Test

To better understand specific pairwise differences in strategy preferences within each interaction
group, post-hoc Wilcoxon Signed-Rank Tests were conducted for each pairwise comparison among
the five strategies. This analysis identifies exactly which pairs of repair strategies differed signifi-
cantly from one another within each interaction group. A Bonferroni correction [265] was applied
to control for multiple comparisons, adjusting the significance threshold to p < .005 (0.05/10) [62].
Adjusted p-values are shown in Table 6.3.

The tests revealed that, across all participants, the Social (Z = -5.464, r = .55), Ask (Z =
—4.716, r = .47), and Confirmation (Z = —3.064, r = .31) strategies were significantly preferred
over the Information strategy. Within the SL1 group, Social was significantly preferred over both
Information (Z = -3.066, r = .31) and Solve (Z = -3.043, r = .31). For the SL2 group, Social
(Z = —2.090, r = .21), Ask (Z = -3.994, r = .40), and Confirmation (Z = —-3.786, r = .38) were
significantly preferred over Information. Additionally, SL2 participants preferred Confirmation over
Solve (Z = -2.971, r = .30).

The results of the Wilcoxon Signed-Rank pairwise comparisons (Table 6.3) indicate that certain
repair strategies consistently emerged as significantly preferred within interaction groups. Among
all participants combined, the Social and Ask strategies were significantly preferred over Solve
(p < .001), and Information (p < .001). This highlights a clear preference for socially engaging and
concise responses. In the native (SL1) group specifically, participants showed a significant prefer-
ence for the Social strategy compared to Information and Solve (p = .002 for both comparisons).
Conversely, participants in the non-native (SL2) group significantly favoured Confirmation over
both Information (p = .001) and Solve (p = .003), suggesting that non-native users prefer explicit
confirmations. Additionally, the Information strategy was consistently ranked lower, especially
among SL2 participants, who notably favoured direct confirmations or socially engaging responses

over explanatory feedback.

6.3.1.4 Between-Group Comparisons: Mann—Whitney Tests

To examine differences in strategy preferences between native (SL1) and non-native (SL2) interac-
tion groups, between-group comparisons were performed using Mann—Whitney U tests (Bonferroni-
adjusted significance level, p < 0.005) [59]. Before conducting these tests, the dataset was restruc-
tured into long-format at the comparison level, where each row represented an individual pairwise
preference judgment. Since each participant completed 10 comparisons, with each repair strategy
appearing four times per participant, this restructuring resulted in 396 preference judgments across
all 99 participants, corresponding to 1,980 individual strategy-level judgments. Preference scores
for each strategy were calculated using mean ranks derived from these judgments, allowing us to

identify the most preferred strategies and determine whether these preferences varied by interaction
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Table 6.3: Adjusted Significance Levels from Wilcoxon Signed-Rank Tests for Each
Pairwise Comparison Using Bonferroni Correction (p < 0.005); ***’ Indicates Significant
Values.

Paired Comparisons of Strategies All Participants  SL1 SL2
p-value p-value p-value
Social vs. Confirmation 0.272 0.043 0.630
Social vs. Information 0.000** 0.002**  0.000**
Social vs. Solve 0.000** 0.002**  0.045
Social vs. Ask 0.581 0.574 0.814
Confirmation vs. Information 0.002** 0.854 0.001**
Confirmation vs. Solve 0.014 0.591 0.003**
Confirmation vs. Ask 0.344 0.059 0.582
Information vs. Solve 0.299 0.558 0.037
Information vs. Ask 0.000** 0.010 0.000**
Ask vs. Solve 0.002%** 0.010 0.077

language.

As shown in Figure 6.3, significant differences between the two groups emerged for the Con-
firmation and Information strategies. Specifically, SL2 (non-native) participants showed a signif-
icantly stronger preference for the Confirmation strategy compared to SL1 (native) participants
(U = 16150, ngr1 = 196, ngre = 200, p < .001). Conversely, the Information strategy was sig-
nificantly more preferred by SL1 participants than by SL2 participants (U = 16584, ngr; = 196,
nsr2 = 200, p = .001). These results indicate that interaction language is associated with system-
atic differences in repair strategy preferences between native and non-native conditions.

Although differences in preferences for the remaining three strategies (Social, Solve, and Ask)
did not reach statistical significance, notable patterns emerged. Both Social and Ask strategies
were highly preferred by participants in both groups, potentially reflecting a cultural preference
among Saudi users for strategies that are socially engaging or concise and direct, particularly
during goal-oriented tasks. In contrast, the Solve strategy consistently received lower preference
rankings across both language conditions, indicating a lower overall preference for repair strategies
that present multiple options. No significant differences were observed between native and non-
native interaction language conditions for this strategy. While this pattern may reflect interactional
challenges associated with option-based repair, such as increased processing demands in voice-only
interactions, the specific reasons underlying this preference were not directly assessed in the present

study.
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Repair Strategy Preferences (SL1 vs. SL2)
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Mean-Rank Preference Scores

Repair Strategies

Figure 6.3: Bar chart comparing the mean preference scores of five repair strategies be-
tween native (SL1) and non-native (SL2) Saudi participants. Scores reflect the cumu-
lative ranking of each strategy across all pairwise comparison trials (N = 396), where
higher values indicate greater preference. Strategies marked with (**) showed statis-
tically significant differences in preference between language groups (Mann—Whitney
U test, Bonferroni-adjusted p < 0.005).

6.3.2 Effect of Individual Factors (RQ3b)

In this subsection, the influence of individual-level factors such as computer self-efficacy and prior
experience with technology and DVAs on preferences for the five repair strategies is examined,
along with demographic variables such as gender and age. For the non-native (SL2) group, the
effect of language proficiency level (basic, intermediate, and proficient) on these preferences was
also examined.

A statistical modelling approach was employed for the analysis. Binary logistic regression models
were constructed for each repair strategy to predict its likelihood of being the preferred choice.
Each model incorporated the interaction between language and individual factors as independent
variables. In total, five binary logistic regression models were run, one for each repair strategy,
with the focus placed on statistically significant results. Full binary-logistic regression outputs for
all repair strategies, including non-significant predictors, are provided in Appendix C.

The assumptions underlying the regression models were tested, including multicollinearity and
the presence of influential outliers. Multicollinearity was assessed using variance inflation factor and
tolerance values [78]. All variance inflation factor values were below 5 and tolerance values above
0.1, indicating no multicollinearity concerns across the five models. Additionally, standardized

residuals and Cook’s distance values were examined to assess the presence of outliers or influential
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cases [58]. Standardized residuals fell within the acceptable range (-3 to +3), with observed values
ranging from —1.96 to 2.16. Cook’s distance values were all well below 1.0 (maximum = 0.057),
suggesting no cases had disproportionate influence on the models [58, 78]. Centred leverage values

were also low (maximum = 0.113), indicating that no participants exerted undue leverage.

6.3.2.1 Experience with Technology and DVAs

Participants with higher levels of prior experience using DVAs were found to be significantly more
likely to prefer the Confirmation strategy (8 = 0.361,SE = 14,p = 0.012), indicating that in-
creased familiarity with voice assistants raised the odds of preferring confirmation-based repairs.
Conversely, these participants were significantly less likely to favour the Information strategy
(8 = 0.404,SE = 145,p = 0.005), indicating that experience level is associated with reduced
preference for explanation-based repair. No significant effects were observed for general technology
experience in predicting repair strategy preferences in the regression models.
(r(97) = —.08,p = 0.10).

6.3.2.2 Computer Self-Efficacy

Participants with high confidence in using DVAs were less likely to favour the Solve strategy when
the DVA provided options to repair breakdowns (8 = —0.323, SE = 0.147,p = 0.028). Additionally,
participants with high computer self-efficacy interacting in their non-native language (SL2) were
more likely to prefer the Confirmation strategy (8 = 0.49, SE = 0.24,p = 0.03), whereas those with
high computer self-efficacy interacting in their native language (SL1) were more likely to prefer the
Ask strategy (8 = 0.40,SE = 0.20,p = 0.45). These findings indicate that self-efficacy influences

strategy preferences differently depending on the language context.

6.3.2.3 Language Proficiency

Logistic regression analysis indicated that language proficiency did not significantly predict pref-
erences for repair strategies when controlling for other individual-level factors. This suggests that
language proficiency alone may not be a strong determinant of repair strategy preference within

the current experimental context.

6.3.2.4 Gender and Age

No significant differences in repair strategy preferences were found based on gender. However,
age emerged as a significant predictor for several strategies. In the sample, lower participant age
(i.e., younger individuals relative to the sample’s overall age distribution) was associated with a
lower likelihood of preferring the Solve strategy(8 = —0.03, SE = 0.01, p = 0.01), where the
DVA provides multiple options to repair misunderstandings. While this pattern suggests that age
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may be associated with differing expectations of system behaviour, the mechanisms underlying this
relationship remain speculative and warrant further qualitative investigation.

Similarly, when interacting in a non-native language, lower participant age was associated with
greater preference for the Ask strategy (8 = 0.04, SE = 0.02, p = 0.02) and lower preference for
the Confirmation strategy (5 = —0.06, SE = 0.02, p = 0.003). These results suggest that younger

participants may favour more direct forms of repair over strategies that involve confirmation.

6.3.3 Users’ perspectives of Repair Strategies (RQ4)

To address RQ4, semi-structured interviews were conducted to explore users’ perspectives on dif-
ferent repair strategies and communication breakdowns, providing insights into how they interact
with DVAs. During the interview phase, participants were not directed to answer with reference to
any specific commercial DVA. As a result, their responses referenced various commercially available
assistants (e.g., Siri, Alexa), based on their own prior experiences. The following three themes
capture the complexity of these interactions, emphasizing prior user experience, repair strategy
preferences, and DVA adaptation to language. Table 6.4 provides an overview of the three main

themes and their sub-themes identified through thematic analysis of participant interviews.

Table 6.4: Summary of Themes and Sub-themes from Thematic Analysis
Main Theme Sub-themes (quotes)

- Prior Experience (Siri still gives irrelevant answers [P4])
- User Experience and Adaptation with DVAs - Interaction Language Used (I avoid using it in English for daily use [P9])
- User Adaptability (I speak slowly in Arabic so it understands [P5])
- Directness and Minimum Level Required ( Don't want to deal with extra information [P8])

Repair Strategy Preferences and Perspective - Explanation and Clarity (Confirmation shows me what it understood first [P7])

- Naturalness and Intelligence (Providing options feels unintelligent [P12])
- DVA Adaptation to - Dynamic Language Proficiency Adaptation (It should adapt to my language level [P3])
Language Proficiency and Speech Input - Personalized Speech Recognition Adaptation (My accent makes it hard to understand me [14])

6.3.3.1 Theme 1: User Experiences and Adaptation with DVAs

This theme addresses how users interact with DVAs based on their prior experiences and adapt-
ability.

Prior Experience with DVAs Participants generally reported positive experiences with DVAs
and noted substantial improvements over time. However, they still encountered occasional difficul-

ties understanding requests, with some responses perceived as unintelligent or irrelevant:

“I've been using Siri since 2012...his performance has definitely gotten better over the
years, and the results are faster and better in terms of understanding...but it’s still he

[Siri] still gives answers that are irrelevant.”[P4]
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“ I use Siri and most of the time when I’'m driving, I don’t need to hold the phone. My

experience with it is very good, I wouldn’t say excellent, but very good.” [P2]

Common tasks included phone calls, searching for locations, playing music, and managing calen-
dars. However, interactions were primarily limited to simple tasks: most participants avoided DVAs
for complex actions due to a lack of trust in the DVA’s accuracy. As P5 noted, they were “used to
giving commands by typing” and avoided using DVAs for tasks such as booking flights, as “voice is

b2

harder to be understood than typing the commands.” While some aspects of their experience had

been satisfactory, reliance on DVAs was limited:

“The overall experience was okay, but I didn’t rely on it, because I realized that it didn’t

provide me with a better service than when I did type by myself.” [P6]

Interaction Language Used Most participants utilized DVAs in both their native and second
languages, generally showing a preference for using their native language. Choice of interaction

language appeared to depend on the task and the purpose of the interaction.

“When I need it on a daily basis, I don’t want to use it in English. I want something
that speaks to me in my native language. Why do I need to change my native language

when the machine can be made to understand it?”[P9]

“I mostly use it in Arabic, but I use it in English if I need to translate or know the

meaning of a word in English.” [P2]

Participants also observed a noticeable difference in the quality of responses from DVAs based
on the interaction language used. They reported that responses in English tended to be more
accurate and detailed, providing comprehensive information crucial for tasks requiring detailed
understanding. As P10 remarked, using DVAs in Arabic often led to “poor, often inaccurate and
sometimes just plain silly” results, likely due to the limited availability and lower quality of Arabic

content sources. This contrast was echoed in participants’ reflections on information richness:

“I feel that there is a big difference in the sources of information from which Siri answers.
I mean, answering the same question in Arabic is less efficient than answering it in
English... Sometimes when I ask about a discoverer or inventor in Arabic, he usually
gives me Wikipedia, but in English, he [Siri] gives me more than one website and source

for the same information.” [P4]

Participants expressed uncertainty and frustration regarding the causes of misunderstandings
when using DVAs, especially when interacting in their second language. They often questioned

whether these misinterpretations stemmed from their own pronunciation, voice volume, or the
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DVA'’s inability to retrieve relevant information. Some were disconcerted by unexpected shifts in
interaction language such as when speaking Arabic and mentioning an English term, which led to
a sudden switch to English. Others were frustrated by being forced to switch from voice to text
input, especially in hands-free situations, such as driving. These issues disrupted the natural flow

of interaction and added to their dissatisfaction:

“I honestly didn’t know if it was me or the program/[Siri],... I was raising my voice in

an exaggerated manner and then he realized 7 [P2]

“The audio responses are great, but the text responses annoy me. Sometimes when I'm
driving, I can’t write or read, and the issue is he[Siri] gives me options and says "choose’.
Well, I'm still driving.” [P4]

“Sometimes I speak to him in Arabic, and if I say an English term, he[Google Assistant]
suddenly switches to English. Then I have to continue in English..I don’t like that.”
[P5]

User Adaptability Participants adapted their behaviour and language to enhance interactions
with DVAs. When faced with misunderstandings in their native language (Arabic), they often re-
sponded by repeating their input and clarifying their speech, either by simplifying their vocabulary
or switching to Standard Arabic. Conversely, when interacting in English, participants typically
raised their voice and frequently repeated commands, focusing more on improving their pronunci-

ation instead of changing their vocabulary:

“When it[Google Assistant] does not understand me, I keep repeating myself ..I don’t
know but I try to focus hard on my pronunciation of the English words to make sure it

understands what I'm trying to say.” [P12]

“Sometimes, it feels like he just doesn’t get what I'm saying, you know? I talk fast
and in my local Arabic, so I slow it down and choose simpler words, hoping he’ll catch
on.”[P10]

Additionally, to avoid communication breakdowns, participants sometimes adjusted their device
settings or changed the interaction modality to better accommodate speech recognition in their
second language. For instance, one participant preferred using the voice-to-text feature to ensure
their complete message was transcribed and sent as text, thus avoiding interruptions (barge in)

before they had finished stating their request:

“Sometimes, I just use the feature where I talk in English, and it turns what I say into

text. It lets me think while I'm talking, without any interruptions.” [P13]
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“.when I ask Siri to ‘Call Ahmed’ in English. It searches for ‘Ahmed’ spelled in English
and can’t find him because he[Ahmed] is saved in Arabic. To resolve this, I had to change

most of the names in my contact list to English so that Siri could recognize them.” [P4]

6.3.3.2 Theme 2: Repair Strategy Preferences and Perspectives

This theme explores participants’ preferences for repair strategies used by DVAs during communi-
cation breakdowns. It highlights a preference for strategies that are efficient, provide clear expla-

nations, and maintain the natural flow of conversation.

Directness and Minimum Level Required Participants expressed a strong preference for
direct and minimal repair strategies when the system encounters communication breakdowns. They
particularly valued the efficiency and conciseness of the Ask and Confirmation strategies, which
quickly clarify misunderstandings without unnecessary details. As P8 noted, they were “more
interested in solving the issue quickly” than receiving extra information. This desire for simplicity

and clarity was echoed in other responses:

“When it doesn’t understand me, I really prefer the system to be straightforward and

clear. Then, I'll just repeat my request.” [P13]

However, despite the preference for directness and conciseness, participants also emphasized
the importance of politeness in interactions. They favoured polite markers such as I'm Sorry or
Please when a breakdown occurred, which helped make the conversation feel both more human-like
and more culturally aligned with Saudi conversational norms. As P9 noted, using polite words
is like “asking for permission to have it repeated”, which can be especially important when users
feel uncomfortable repeating themselves. While extensive and repeated apologies were seen as
unnecessary, given the DVA’s artificial nature, completely omitting politeness was perceived as

making the interaction seem robotic and overly authoritative:

“It’s okay to say ’sorry,” but not like a big apology. When dealing with the system, I
think it should be quick and easy to communicate, not like when talking to other people.”
[P1]

“Using polite words matters, like when you’re talking to someone and say, ‘Sorry, I don’t
understand this point.” It’s like you’re asking for permission to have it repeated, espe-

cially since not everyone is okay with repeating things, especially more than once.”[P9)

Additionally, the importance of apologies varied depending on the task context. In time-sensitive
situations, such as emergencies, participants prioritized speed and efficiency over politeness. In more
casual settings, a brief yet polite acknowledgment of the breakdown was valued for contributing to

a more human-like interaction:
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“Sometimes, if the request is straightforward or urgent, I don’t really need polite words

to get the job done. Still, it’s good to keep some level of politeness.” [P15]

“I think the phrases should vary depending on the situation and what’s being asked.
Like, don’t give me long phrases or apologies in urgent situations—finding the nearest
hospital, for example. But for something less critical, like the nearest restaurant, it’s

not a big deal.” [P12]

Explanation and Clarity Participants found repair strategies that provided explanations par-
ticularly useful, as these helped to clarify the DVA’s understanding levels. The Confirmation, In-
formation, and Solve repair strategies were seen as engaging and exploratory, as they directly and
indirectly revealed the DVA’s comprehension. For instance, the Confirmation repair strategy was
valued for its ability to demonstrate the DVA’s grasp of user input by affirming the city requested.
However, frequent confirmations were perceived as frustrating and detracted from human-like con-

versations.

“I like this strategy[Confirmation] because it explains what it understands first and

doesn’t do anything wrong before confirming.” [P7)

“It would be better if it [Siri] explained the reason, because sometimes I can hear clearly
but I’'m not focused on the noise around me. With that clarification, I can process things

faster.” [P6]

Similarly, the Solve strategy, which offers multiple options, was deemed helpful because it showed
that the DVA partially understood the user’s intent by narrowing down the possibilities to a set
of options. As P5 explained, this approach helps users determine whether the system is “close
to understanding or way off”, especially when the suggestions differ from the intended request.
Nonetheless, this strategy could also introduce unnecessary information, particularly if the sugges-

tions did not closely match the user’s specific needs:

“I don’t like it when it gives me options; I'd rather it just asks me to repeat the request.
The options can be long and sometimes they’re not even related to what I asked for.”
[P6]
Direct explanations embedded within Information repair strategies were valued, particularly
after several misunderstandings, rather than immediately following the first breakdown. Initially,
such detailed explanations could be seen as premature or overly complex. This could potentially

complicate the interaction rather than simplify it:

“I think this strategy [Information] depends on the situation. If it’s something serious,
it should be made clear the second time around. For regular stuff, the third time might

be okay. But the first time, explaining the reason isn’t that important.” [P4]
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“The first time should be an apology and a request to try again. If it still doesn’t un-
derstand on the second try, then it [Siri] should explain why it can’t understand me”
[P9]

Naturalness and Intelligence Participants perceived the Solve repair strategy, which provides
multiple options, as less natural. While some appreciated the variety of choices, others felt that
offering incorrect options made the DVA “seems unintelligent and far from how a human would
interact” [P12], falling short of expectations for conversations with current AI technology. Still,

some found value in the strategy:

“This strategy [Solve] is excellent because it shows that the program is on track with me.
It’s clear it understands something, but issues arise since words can sound similar, and

people sometimes don’t understand similar-sounding words.” [P15]

When none of the provided options were correct, some participants appreciated having a 'none
of these’ option. This allowed them to bypass incorrect suggestions and offered a way to reset
or start the interaction over. A few participants found the 'none of these’ option unnatural and

redundant, preferring to reject suggestions by saying 'no’ then stating the correct city:

“I like having the ‘none of these’ option. It’s nice because it at least eliminates the wrong
choices.” [P1]

“’None of these’ just doesn’t work for me, it’s irritating. It doesn’t seem smart at all,

so these options don’t feel like they’re close to a real human interaction.”[P9]

Confirmation strategies were often viewed as intelligent because they signalled that DVAs were
actively engaging with and supporting the user. Participants particularly valued this approach
during tasks such as booking flights, where confirming details before taking action is crucial. One
participant noted it was helpful because “it checks before doing anything... I can just say yes” [P5].
This strategy was also perceived as a natural repair strategy, as it mimics human-like conversational
patterns where misunderstandings are clarified through confirmation. For non-native speakers,
confirmation was especially appreciated because it simplified interactions, relieving users of the

burden of repeating entire utterances, allowing them to respond with a simple ’yes’ or 'no.”:

“If he doesn’t understand me when I speak in English, I first think it might be my
pronunciation or accent. That’s why I prefer to respond with just ’yes’ or 'no.’” I'm less

likely to mispronounce if my answers are short and to the point.” [P15]

6.3.3.3 Theme 3: DVA Adaptation to Language Proficiency and Speech Input

This theme explores the importance of DVAs adapting interactions based on the nature of the task,

specific dialects, cultures, and accents of non-native speakers.
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Dynamic Language Proficiency Adaptation Participants emphasized the critical role of
DVAs adjusting language based on users’ proficiency, especially in non-native languages. Some-
times, participants interact with DVAs using second or third languages to improve their fluency
and conversational skills. Their preference for language complexity depends on the task. For goal-
oriented tasks such as booking flights, simple and direct language is preferred to ensure clarity and
prevent misunderstandings. In contrast, when the objective is learning and practising, participants
often choose to challenge themselves by increasing the language difficulty to enhance their linguistic
capabilities. As P3 noted, it’s ideal when the system adapts: “If I speak fast, it should respond
quickly. If I'm a beginner, it could suggest ways to improve and use simpler phrases.” This desire for
adaptive interaction was also reflected by a participant learning Turkish, who preferred high-level

responses with colloquial expressions:

“I also fluently speak Turkish...and I practice with him [Siri] in colloquial Turkish. If he
responds to me at a beginner level, that’s not okay with me. I know Turkish well, and
he should recognize that. But he keeps responding like I'm a beginner, which feels wrong
to me.” [P9]

Personalized Speech Recognition Adaptation Participants frequently emphasized the need
for DVAs to adapt not only to Arabic but to regional dialects and cultural nuances within Saudi
Arabia. Saudi dialect has received less attention in NLP development compared to other Arabic
dialects, and differs significantly from them [7]. This adaptation is crucial to ensure that DVAs

align with participants’ habits and cultural contexts, thereby reducing frequent misunderstandings:

“It’s important that the program considers culture because some words have different or

even opposite meanings in Saudi Arabia compared to other Arab countries.” [P11]

“Siri keeps misunderstanding me because I use my specific Saudi dialect [Najdi], where
I add a /3/at the end of words. It should be able to adjust and learn from these dialect

variations to understand me next time ”[P9]

Such personalized adaptation of speech recognition is equally important for non-native users.
When interacting in a second language, participants reported challenges in being understood by
DVAs due to their accents. In mitigation, some participants attempted to adjust or neutralize their

accents during interactions with DVAs:

“1 feel the system understands me better in Arabic. I think my accent in English makes

it hard for it to understand me, so I often adjust how I speak during interactions.” [P14]

“sometimes even mistakes ‘paragraph’ for ’bar graph’...The program should recognize

multiple accents because our English accent is different from those in Asia or Africa.”[P7)
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Personalized speech recognition adaptation is essential to address users’ diverse experiences and

challenges, bridging human linguistic diversity with digital comprehension.

6.4 Discussion

This section discusses the results in three stages. First, an overview of participants’ overall pref-
erences for repair strategies in DVAs is presented, integrating both quantitative and qualitative
insights. Second, the impact of interaction language is examined by comparing SL1 and SL2
groups. Finally, the influence of individual-level factors, including prior experience and computer

self-efficacy, is explored.

6.4.1 Repair Strategy Preferences (RQ3a & RQ4)

The analysis of user preferences for repair strategies in DVAs indicated a pronounced preference
for strategies that combine efficiency and clarity while maintaining a natural conversational flow.
Specifically, participants favoured concise and minimal repair strategies, such as the Ask and Con-
firmation strategies. These approaches align with Grice’s Maxim of Quantity, optimizing cognitive
load by providing only necessary information[96].

Contrastingly, the qualitative insights revealed a strong appreciation for DVAs providing expla-
nations of breakdowns, as implemented in the Information repair strategy. However, quantitative
results ranked this strategy as less preferred on initial repair attempts. This discrepancy can be
explained by the sequence in which strategies are deployed. The Information repair strategy was
initially less preferred but became more popular after unsuccessful attempts with other strategies
such as the Ask strategy. Based on Grice’s conversational maxims, Miehling et al. [169] demon-
strates that while the information content in Al dialogues should ideally unfold over multiple turns
as requested by the user, the initial deployment of the Information repair strategy might satisfy the
Maxim of Quantity but potentially violate the Maxim of Manner, which requires that information
be presented in a clear, orderly fashion.

Additionally, the preference for directness does not diminish the importance of politeness and
cultural sensitivity in interactions. The findings indicate that the inclusion of polite markers such as
“sorry” or “please” significantly enhances the perceived humanness and friendliness of the DVAs.
Notably, the Social repair strategy, politely apologize, was the highest-ranked among all Saudi
participants, regardless of their interaction language. This preference aligns with cultural norms
and communication styles ingrained in Saudi society. According to Hofstede’s cultural theory
[112], Saudi Arabia is considered a collectivist society where maintaining harmony and relationship-
preserving communication are prioritized. High power distance and collectivism in Saudi culture

encourage respectful, deferential communication, which explains participants’ stronger preference
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for polite system responses. In such contexts, an apologetic tone is often seen not as inefficiency
but as a sign of respect. Systems that apologize for breakdowns are more usable and generally
accepted than those that do not apologize [196].

By contrast, users from individualistic cultures may prioritize efficiency and clarity over social
harmony. While this study primarily focused on the effects of interaction language, the observed
preferences also reflect deeper cultural values that influence user expectations and interaction styles.
Future research could explore these cultural dimensions more explicitly, particularly by comparing
user groups across different cultural backgrounds. Recent studies emphasize the importance of
culturally sensitive and socially integrated CAs, demonstrating how co-designing interactions with
end users can enhance user experience [228] and fulfil users’ politeness expectations [155].

The qualitative findings also suggest that participants value polite apologies to reduce frustration
and robotic interaction but caution against overuse. Repeated apologies without resolving the issue
can lead to increased frustration, as multiple repair attempts without success may exacerbate
irritation. Furthermore, preference for such Social repair strategies is highly context-dependent.
This demonstrates the pervasive and consistent nature of politeness in interactions, relying on a
common set of linguistic markers for social coordination. The importance and necessary quantity
of each marker is often dictated by the context, presenting challenges for studies in computational
politeness [207]. In scenarios requiring urgent responses, direct repair strategies that prioritize
efficiency and clarity are more favourable. This aligns with prior research indicating that although
politeness generally enhances social interactions, it can impede the need for immediate clarity in
high-stakes situations[31]. Users, therefore, may favour straightforward communication over polite
language to prevent potential delays in critical contexts.

The Solve strategy was ranked lowest among all repair strategies in the quantitative results. This
was consistent across participants (SL1 and SL2), regardless of interaction language. While some
valued this approach for enhancing functionality and allowing them to exclude incorrect options,
others perceived it as unnatural and less human-like. Two possible explanations emerge. First, in
the experiment, all provided options were incorrect, which may have reduced the perceived useful-
ness of the strategy. However, providing incorrect options reflects real-world use cases. Second,
offering multiple options may have imposed additional cognitive load on users, making interaction
more demanding, especially in voice-only settings. Interestingly, this finding contrasts with previous
research, where providing options was the most preferred repair strategy [17]. However, that study
was conducted using text-based scenarios and included the correct option among the choices, which
may explain the discrepancy. Compared to voice-only settings, research shows that cognitive work-
load is reduced when voice interaction is supported by other modalities, such as visual or gesture
interaction [65, 194, 275, 211].
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6.4.2 Interaction Language Effect (RQ3a)

A distinct pattern emerges when contrasting the responses of SL1 and SL2 participants, particularly
with respect to the Information strategy. Native users showed a pronounced preference for this
strategy when compared with non-natives. This inclination could be attributed to their greater
comfort and reduced cognitive load when processing complex information in their native language.
Language familiarity likely facilitated deeper comprehension of the information presented, enabling
participants to effectively utilize and respond to breakdown explanations without the burden of
language-related cognitive strain.

Conversely, non-native (SL2) participants may find overly detailed information overwhelming,
reducing their preference for this repair strategy. The findings align with previous research, which
shows an increase in cognitive load for non-native interlocutors compared to natives during dia-
logue interaction [275, 174, 209], as linguistic dimensions may significantly differ from their native
language [263]. This highlights that DVAs should adapt their repair strategies based on the user’s
language proficiency by simplifying and optimizing information to reduce cognitive demands on
non-native users.

Additionally, the preference for the Confirmation strategy differed significantly between SL1
and SL2 participants. SL2 participants have a marked preference for the Confirmation strategy.
This can be largely attributed to the strategy’s simplicity and directness, which reduces the cogni-
tive burden on users interacting with DVAs in a non-native language. The Confirmation strategy
typically requires users to respond with a simple affirmative or negative, such as “yes” or “no”.
This straightforward interaction minimizes the need for non-native users to construct complex
sentences or entirely repeat utterances. This approach could significantly reduce the cognitive
workload associated with language production in a second language [275, 273]. Previous research
[273] investigated the mental workload of native and non-native users interacting with voice inter-
faces. Non-native users experienced significantly higher mental workload than natives across smart
speakers and smartphone devices.

Furthermore, non-native users often seek greater clarity to avoid misunderstandings due to less
fluency. The Confirmation strategy meets this need by providing clear feedback, reducing the need
for complex language production, and boosting confidence in using DVAs. In contrast, native users
may be more comfortable with repeating input. Thus, confirmation serves as a key facilitator of

accessibility in non-native interactions [274].

6.4.3 Individual-level Factors (RQ3b)

With respect to prior experience with DVAs, the results showed that more experienced users tended
to favour the Confirmation strategy. This stems from their familiarity with DVAs and the value

they place on reassurance that the system understands them. Conversely, these users showed
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less preference for strategies that provide detailed explanations of errors, such as the Information
strategy. This may be due to their understanding of the capabilities and limitations of these systems.
These findings are consistent with Ashktorab et al. [17], who similarly found that participants with
more prior chatbot experience were more likely to prefer Confirmation strategies. However, while
Ashktorab et al [17] reported that participants with greater general technological experience tended
to favour explanation-based strategies, the results of the current study showed no significant effect
of general technology experience, aside from a weak negative correlation with preference for the
Solve strategy. This perspective was corroborated by qualitative feedback from the participants,
who noted there is often no need to explain an error such as background noise during the initial
repair attempt, as users are typically aware of such causes and can adjust their environment to
resolve this.

Higher computer self-efficacy generally correlates with a preference for repair strategies involving
less DVA assistance, such as a reduced preference for the multiple-options approach in the Solve
strategy. This indicates that individuals with greater confidence in their technological abilities
prefer more streamlined and autonomous interactions, suggesting a desire to manage and direct
interactions without unnecessary system intervention. This aligns with research where participants
with lower self-efficacy found chatbot interactions more helpful and less frustrating, appreciating
the supportive features [42]. These results collectively underscore the influence of self-efficacy on
user interaction preferences, highlighting a spectrum where users with lower self-efficacy benefit
from clear, supportive interactions as they build confidence, while those with higher self-efficacy
seek efficiency and minimal guidance.

In relation to interaction language, the findings suggested that computer self-efficacy may in-
fluence repair strategy preferences differently depending on whether users interact in their native
or non-native language. Non-native users with higher self-efficacy demonstrated a preference for
the Confirmation strategy, seeking explicit assurances that the system has understood correctly,
which is crucial in interactions involving a second language. Conversely, native users with higher
self-efficacy favoured the Ask strategy, indicating a preference for direct interaction that allows
them to actively correct misunderstandings on their terms. This suggests that high self-efficacy
users value efficiency, while language proficiency shapes their preferred strategies, highlighting the
need for adaptable designs.

Regarding the influence of demographics, while no significant gender differences were found, a no-
table negative correlation emerged between age and preference for the Solve repair strategy. Younger
participants expressed a reduced preference for option-providing strategies, possibly reflecting gen-
erational differences in interacting with technology. In the interviews, two younger participants
described such strategies as less preferable and less human-like, likening them to multiple-choice
exams, an experience they considered unrealistic and detached from their expectations of DVAs.

Younger users, who are often more accustomed to conversational interfaces enhanced by ad-
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vanced NLP technologies, may therefore perceive multiple options as cumbersome or outdated.
Prior research shows younger users tend to favour immediate, streamlined conversational exchanges,
whereas older users may tolerate greater elaboration and slower pacing (e.g., [261]). A recent sys-
tematic literature review by Boostani et al. [32] further showed that older adults and children often
require more time and attempts for conversational interfaces to interpret their input correctly,
and they achieve lower overall success in obtaining relevant answers compared to younger adults.
These age-specific disparities suggest that younger users are generally more efficient in navigating
conversational interfaces, and thus more likely to view option-heavy strategies as unnecessary or
cumbersome. These findings highlight the importance of considering generational perspectives and
evolving technological expectations when designing intuitive DVAs.

In addition to language proficiency, several participants highlighted the impact of local accents
on the DVA’s ability to understand them. Regional pronunciation differences, even within the same
language, often led to misunderstandings, causing frustration and diminishing trust in the system
[30, 137]. While this study focused on language use, the role of accent variation, particularly
in Arabic dialects, emerged as a potentially stronger mediator of repair success than language
proficiency alone, since even highly proficient speakers may face misunderstandings due to accent
differences [269]. Future research could explore how accent-aware or dialect-sensitive systems might

enhance repair effectiveness and inclusivity.

6.5 Conclusion

This study examined how interaction language influences user preferences for five repair strategies
in DVAs. Using pairwise comparison, a scenario-based study was conducted to compare these
preferences and to explore the impact of individual factors. The results reveal that native and
non-native users differ in their repair strategy preferences. While those using a non-native language
favoured confirmation-based strategies due to linguistic limitations, native users preferred more
direct and explanatory strategies. Additionally, users with high confidence in their ability to interact
with a DVA tend to favour repair strategies that are less system-assisted.

Quantitative analysis identified differences in how native and non-native users experience break-
downs and repair strategies. Beyond linguistic factors, context and task type significantly shape
repair preferences, underscoring the importance of adaptive repair mechanisms. Importantly, by
comparing native and non-native users, this study highlights the need for personalized and context-
aware repair strategies in DVAs, considering cultural, linguistic, and individual differences. Future
research should explore multimodal repair strategies and real-world adaptive systems to enhance
user experience. Addressing these aspects will contribute to the development of more effective and

user-centric DVAs.
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6.6 Chapter Summary

While the previous chapter (Study 1) examined cross-cultural differences in repair strategy pref-
erences, this chapter focused on a within-culture investigation of how interaction language and
individual-level factors influence user preferences. Adopting a mixed-methods approach, the study
combined quantitative results with qualitative insights to provide a deeper and exploratory under-
standing of the patterns as well as the reasons behind user preferences. These findings highlight
the nuanced impact of language use and personal characteristics on interaction with SDSs. The
next chapter presents a general discussion that integrates findings from all of the empirical studies,
offers design recommendations for implementing effective repair strategies in SDSs, and outlines

the limitations of the thesis and directions for future research.
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Chapter 7

Integrated Analysis and (zeneral

Discussion

This chapter brings together the findings of the two empirical studies (Chapters) 5 and 6) to provide
an integrated examination of repair strategy preferences across cultural and interaction language
conditions. The chapter includes a secondary integrative analysis of the three participant groups
(BL1, SL1, and SL2), conducted using existing datasets to examine cross-group patterns that could
not be addressed within the individual studies.

The chapter begins with this integrated comparison (Section 7.1). Then, it highlights the most
statically significant strategies that showed between-group differences, namely Information and Con-
firmation (Section 7.2.1), before turning to the remaining repair strategies that showed less stable
or non-significant patterns (Section 7.2.2). This chapter then provides practical design recommen-
dations, taking into account cultural communication styles, interaction language, individual-level
factors, and system-level features such as repair sequencing and threshold settings (Section 7.3).
Finally, the discussion closes with a reflection on the complexity of interaction with SDSs and the

interplay of cultural, cognitive, and contextual influences (Section 7.4).

7.1 Integrated Analysis of Three Participant
Groups

To address a cross-study research objective that cannot be examined within the individual empirical
studies alone, this section presents a secondary integrative analysis combining all three participant
groups: British native speakers (BL1), Saudi native speakers (SL1), and Saudi speakers interacting
in a non-native language (SL2). While Study 1 (Chapter 5) examined the effect of cultural back-
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ground and Study 2 (Chapter 6) examined the effect of interaction language in isolation, neither
study independently allows for a direct comparison across both dimensions simultaneously.

The integrated analysis is therefore motivated by the need to examine whether patterns of
repair strategy preference observed separately across cultural background and interaction language
converge, diverge, or interact when these groups are considered together. Leveraging the consistent
experimental design across both studies, this analysis uses existing datasets to explore cross-group
differences in repair strategy preferences that speak to the combined influence of cultural and
linguistic context in SDS interaction.

Study 1 found a statistically significant difference in preferences for the Information strategy
(Mann—Whitney Test, p < .001), with Saudi speakers (SL1) showing a stronger preference compared
to British participants (BL1). Study 2, which controlled for cultural background by focusing solely
on Saudi participants, revealed two statistically significant strategies: Information (p < .001) and
Confirmation (p = .002). The former remained more preferred by SL1, while the latter was more
favoured by SL2 when interacting in English.

To synthesise findings across the empirical studies (N = 151), Figure 7.1 presents the overall
ranking of repair strategies collapsed across participant groups. This representation is intended to
provide a descriptive overview of general preference tendencies rather than a basis for inferential
analysis. All statistical comparisons and hypothesis testing were conducted at the group level and

are reported in the respective study chapters.

Cultural Background Interaction Langauge
(Study 1) (Study 2)

Overall Preferences

[ ask@4n ] [ Ask@e9) ] [ Social(353) | (Confirmaton(352) |

9 [ social(33s) | [ cConfimaton333) | [ Ask@32) | [ social(z42) |
g (Confirmaton (3.21) | [ Social(3.21) ] [ Information (2.79) | ([ Aske20) ]
& [ Solve (2.66) ] [ Solve (2.67) ] [Conﬁrmatlon 278)] [ Solve (2.70) ]
7 [ Information (2.34) ] [ Information (2.10) ] [ Solve (2.59) ] [ Information (2.16) ]

Figure 7.1: Descriptive overview of overall repair strategy rankings based on Fried-
man test results across all participants (N = 151) and within each participant group.
Rankings reflect mean ranking scores, with higher values indicating greater preference.
‘While group-specific results were presented in the respective study chapters, this figure
highlights the overall preference trends across cultural and linguistic groups; vertical
spacing is illustrative only.
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To further examine cross-group differences, a Kruskal-Wallis test was performed across all three
participant groups [59]. Figure 7.2 presents a visual comparison of the mean-ranked preferences
for all five strategies across the three groups (BL1, SL1, and SL2). The analysis confirmed that
only Information (H = 14.60, p < .001) and Confirmation (H = 12.83, p = .002) showed statisti-
cally significant differences in preferences. While preferences for Ask, Social, and Solve remained
relatively stable across groups, substantial differences emerged for Information and Confirmation,

reinforcing their cultural and linguistic sensitivity.

Repair Strategy Preferences Across Three Groups

«4-British native (BL1)  ~#-Saudi non-native (SL2) Saudi native (SL1)
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Figure 7.2: Kruskal-Wallis mean-rank preference scores for the five repair strategies
across BL1, SL1, and SL2. Higher scores indicate stronger preference. Significant
between-group differences were found for Confirmation (H = 12.83, p = .002; SL2 >
BL1 > SL1) and Information (H = 14.61, p < .001; SL1 > BL1 ~ SL2). Social (H = 1.26,
p = .533) and Solve (H = .415, p = .813) showed no significant differences, while Ask
showed a non-significant trend with BL1 highest (H = 5.08, p = .079).

The stronger preference for Confirmation among Saudi speakers (SL2) may reflect a need for
verification when interacting in a second language. This aligns with findings from second lan-
guage communication research, which suggest increased cognitive demands in non-native interac-
tions [274, 275]. In contrast, the higher preference for Information among Saudi speakers (SL1)
may reflect cultural expectations for more elaborative explanations, consistent with high-context
communication norms [103].

Across all three groups, the Kruskal-Wallis test also revealed no statistically significant differ-

ences for the Social strategy (H = 1.26, p = .533), which appeared to be perceived as universally
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appropriate, showing stable preference patterns. In contrast, the Solve strategy consistently re-
ceived lower rankings (H = 0.41, p = .813), suggesting it is less favoured as a repair approach in

SDSs, particularly when all provided options are incorrect.

7.2 Theoretical Implications in Cross-Cultural and Linguis-

tic Contexts

To interpret the patterns observed in repair strategy preferences, this section draws on both cultural
theories and interactional communication frameworks. Hall’s high-low context framework and Hof-
stede’s cultural dimensions (e.g., individualism-collectivism, uncertainty avoidance) offer insights
into how cultural norms shape expectations for brevity, elaboration, and clarity in communication.
In parallel, cognitive load theory explains how language proficiency and processing demands influ-
ence the appeal of concise versus detailed responses, while communication accommodation theory
(CAT) provides a lens for understanding how speakers adjust their strategies to align with per-
ceived user needs. These complementary perspectives guide the interpretation of both significant

and non-significant between-group differences in the following subsections.

7.2.1 Strategies with Significant Between-Group Differences

The main repair strategies showing statistically significant differences in at least one comparison
were Information and Confirmation. Across both empirical studies, Study 1 (cultural background)
and Study 2 (interaction language), the Information strategy, which provides a reason for the
conversational breakdown, consistently and statistically showed significant differences for Saudi
participants (SL1) when compared to other user groups (Mann—Whitney test: p < .001 vs. BLI;
p = .001 vs. SL2). While Confirmation did not differ significantly between British (BL1) and
Saudi (SL1) interacting in their native language in Study 1 (Mann—Whitney test, p = .018), it was
statistically significant in the interaction language comparison in Study 2 (SL1 vs. SL2, p < .001).
In this thesis, out of the five repair strategies, Information and Confirmation emerged as the two
most sensitive to cultural and linguistic effects.

Overall, irrespective of cultural or linguistic background, the Information strategy ranked lowest
among all five repair strategies (see Figure 7.1). One explanation, supported by the qualitative
findings, is that in goal-oriented tasks (e.g., booking a flight), participants aim to complete the task
efficiently, with minimal cognitive load and as few conversational turns as possible, similar to the Ask
strategy. Another explanation relates to the sequence of the repair attempt. In the current thesis,
the dialogue scenario presented the first conversational breakdown and the first repair attempt.
While some participants valued the elaboration and detail offered by the Information strategy,

qualitative insights indicate that such responses are less favoured at the first repair attempt but
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may gain greater value after unsuccessful initial repairs (see P4’s comments in Section 6.3.3.2).

This highlights the importance of sequencing repair strategies (i.e., conversation-level manage-
ment) in SDSs, which should take into account not only sociocultural factors (e.g., cultural back-
ground, interaction language), but also task-related costs, the current state of the dialogue, and
the cost—benefit trade-offs of repairing breakdowns [122]. Based on Grice’s conversational maxims
[96], Miehling et al. [169] demonstrate that dialogue system responses should provide a sufficient
amount of information (Maxim of Quantity) while being presented in a clear and well-organized
manner (Maxim of Manner). Although the Information strategy may satisfy the Maxim of Quan-
tity, its initial deployment in a first-attempt repair could risk violating the Maxim of Manner if the
information is perceived as overly detailed or cognitively demanding at that initial stage.

Previous research has investigated the sequence of user repair behaviours when interacting with
SDSs (e.g., [152, 192, 179]). In a schedule management setting, Opfermann et al. [192] found
that users tend to respond to the first re-prompt with minimal repeats or rephrasing, reserving the
addition of problem manifestations or elaborations for the second and third re-prompts. Expecting
the same adaptive behaviour from SDSs, the sequencing pattern observed in user-initiated repairs
suggests that detailed information may be more effective in later repair stages, when users them-
selves are more inclined to provide such elaborations. However, dialogue sequencing is a challenge
for SDSs, as it needs to adapt dynamically to individual users and “cannot be pre-determined but
evolves on a turn-by-turn basis as a result of the interactional work by the participants in the
conversation as they aim to achieve their goals and demonstrate mutual understanding” [122, p.
37].

Among the five repair strategies examined, Information and Confirmation emerged as the most
sensitive to cultural and linguistic contexts, showing statistically significant differences in at least
one of the between-group comparisons. Information consistently distinguished Saudi participants
(SL1) from other groups, while Confirmation showed significance primarily in the interaction lan-
guage comparison with SL2 participants. The following discussion interprets these patterns through
two key explanatory themes: cultural communication style and cognitive load in second-language

interaction.

7.2.1.1 Cultural Communication Style

Across the three participant groups, the Information strategy was most highly preferred by SL1 (see
Figure 7.2, p < .001). While not their top-ranked strategy overall, its relatively higher preference
aligns with characteristics of high-context communication and high uncertainty avoidance. This is
consistent with Hall’s [103] conceptualization of high-context cultures, such as Saudi culture, which
rely heavily on detailed contextual cues and elaborate explanations to facilitate understanding.
Similarly, Hofstede’s cultural dimension of uncertainty avoidance [114] reinforces this preference:

explicit explanations help reduce ambiguity and provide reassurance. For Saudi participants (SL1),
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the Information strategy met cultural expectations for richer and more elaborated exchanges, es-
pecially when interacting in their native language. By explicitly stating the cause of a breakdown,
it reduced uncertainty and offered the clarity valued in high uncertainty avoidance cultures.

In contrast, low-context cultures, such as the UK, tend to favour a more minimalistic approach,
prioritising brief and direct requests without extensive background information [103]. British par-
ticipants (BL1), representing a low-context culture, showed lower preference for the Information
strategy, favouring instead concise and direct verbal interactions that emphasize functionality and
efficient problem-solving such as Confirmation and Ask strategies. A more detailed discussion of
repair strategies in relation to cultural theories is provided in Cultural Interpretation of Strategy
Preference Section 5.4.2 of Study 1 (Chapter 5).

While cultural communication style helps explain some of the observed patterns, particularly the
higher Saudi (SL1) preference for Information strategy. Notably, the significant increase in Confir-
mation preference among Saudi (SL2) participants when interacting in a second language suggests
that cultural background alone may offer only a partial explanation. This points to cognitive load in
second-language interaction as a more primary driver in certain contexts, which becomes especially

apparent when examining the SL2 group in Study 2 (Chapter 6).

7.2.1.2 Cognitive Load in L2 Interaction

Among the three participant groups, Saudi interacting in their non-native language (SL2) showed
the highest preference for the Confirmation strategy, where the system explicitly confirms its un-
derstanding (e.g., “You want to travel to Luton. Is that correct?”). This was followed by British
participants (BL1), with Saudi participants (SL1) showing the lowest preference (see Figure 7.2).
Statistical analysis revealed that the Confirmation strategy differed significantly only between SL1
and SL2 participants, when investigating interaction language effects in Study 2 (Mann—Whitney
U test; p < .001). No significant difference was found between SL1 and BL1 participants, when in-
vestigating cultural background effects in Study 1 (Mann—Whitney U test, p = .018). This suggests
that cultural background alone did not account for the observed variation.

Cognitive Load SL2’s preferences were influenced by interaction language and associated cog-
nitive demands. Interacting in a second-language increases linguistic processing demands, thereby
heightening cognitive load [209, 275, 273]. Insights from interviews revealed that Saudi partici-
pants, when using their non-native language (SL2), were concerned that miscommunication might
stem from pronunciation and accent issues. As a result, they valued confirmation as a way to

4

receive immediate and clear feedback. Confirmation strategy’s simplicity, requiring only a “yes” or
“no”, minimises the need for complex sentence construction or full repetition, reducing the mental
workload in second-language contexts.

Prior research supports this interpretation: non-native users interacting with voice interfaces

130



experience significantly higher mental workload than native users across devices, including smart
speakers and smartphones [273]. For example, Pyae and Scifleet [209] found that while native and
non-native English speakers were equally confident in listening to and understanding a Google Smart
Speaker, non-native speakers felt less confident giving spoken commands. Similarly, Harrington et
al. [106] showed that Black older adults interacting with a voice health care assistant were concerned
that their accents might cause breakdowns and often resorted to code-switching to be understood.
Code-switching refers to the practice of alternating between speech varieties, accents, or linguistic
styles depending on context [98]. In a related study, Wenzel and Kaufman [269, p. 8] found that
people of colour and non-native English speakers reported harms when interacting with DVAs, as
“users must assimilate to a standard white American middle or upper-middle class accent, effectively
altering their identity, just to be recognized by their voice assistant.”

In HHI research, confirmation checks serve as both a hearing check and an implicit opportunity
for correction, enabling the interlocutor to respond with a minimal token rather than repeating
the entire utterance [244]. For non-native speakers, the Confirmation repair strategy is considered
“a quite typical case of repair due to lack of proficiency in the language” [244, p. 296]. In an
HCI context, this may explain why SL2 in the current thesis preferred Confirmation strategies over
other strategies, as they impose lower cognitive and linguistic demands. By reducing production
effort and clarifying system understanding, confirmation can enhance users’ confidence in non-native

language interactions.

Cultural Communication Style (and CAT) By contrast, British participants (BL1) ranked
the Confirmation strategy second (see Figure 7.1). Low-context cultures, such as the UK, favour
clarity and efficiency in dialogue [103], making confirmation a natural fit. SL2 participants’ pref-
erence for this strategy may also reflect accommodations to the communicative norms of the host
language (English). According to Communication Accommodation Theory (CAT), accommodation
is a widespread and fundamental process in which speakers adjust their communicative behaviour to
manage comprehension and social relationships [83]. Such adjustments can involve aligning lexical
choices, speech rate, and interaction style to match the interlocutor’s behaviour.

In human—machine contexts, research shows that users also adapt their style when interacting
with social robots and voice-based assistants [230, 61]. Craig et al. [61] found that voice-based
assistants perceived as over-accommodative, for instance by slowing speech, simplifying vocabulary,
or providing translations, were evaluated more positively and seen as higher-quality communicators,
particularly when such adjustments were perceived as appropriate to the user’s needs. In Study 2,
Saudi participants (SL2) interacting in a non-native language (English) may have subconsciously
converged toward the direct, minimal confirmation style characteristic of English-language interac-
tion. This shift could function both as a strategy to improve system recognition and as an adaptive

response to the communicative norms embedded in the system’s English interface.
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Information Strategy Contrast Turning to the Information strategy, Saudi participants in-
teracting in their non-native language (SL2) showed a notable decrease in preference compared
with SL1 participants. This difference can be interpreted through the lens of cognitive load. Non-
native interaction increases linguistic processing demands, making lengthy or elaborate prompts
less efficient to comprehend in real time during voice-only interaction. Under such conditions, SL2
participants may prefer more concise repair strategies that reduce processing effort (e.g., the Con-
firmation strategy), even if these strategies provide less contextual detail. This shift reflects an
adaptation to the immediate communicative environment, where linguistic efficiency can outweigh
cultural preferences for elaboration.

Interestingly, both Saudi participants interacting in their non-native language (SL2) and British
participants (BL1) ranked the Information strategy relatively low (see Figure 7.2). While the re-
duced preference among SL2 participants may be linked to the increased cognitive load of processing
non-native speech, the low preference among BL1 participants appears to stem from different com-
municative norms [114, 103]. In low-context and low—uncertainty avoidance cultures, such as the
UK, conciseness and directness are typically prioritised over explanatory detail. Employing Hofst-
ede’s uncertainty avoidance dimension, Haddad et al. [101] compared minimal interfaces (containing
only the elements essential for the task) with richer interfaces that included additional support in-
formation. They found that Western Caucasian users (low-context culture) of European descent
preferred the minimal interface or had no preference, whereas East Asian participants (e.g., Japan
and China, high-context cultures) preferred the richer interface and reported feeling less anxious
when using it. These results reinforce the interpretation that BL1 participants’ lower preference
for the Information strategy is rooted in a cultural preference toward efficiency and minimalism, in
contrast to elaboration.

Based on a meta-analysis of the effects of cultural values on communication styles in HHI, Merkin
et al. [164] found that cultural values have a consistent, but modest, influence on communication
patterns across contexts; however, culture explains only part of the variation in communication
styles. They caution that “assumptions about one’s communication preferences based on one’s
cultural background must be made with caution and factors other than cultural values must also be
taken into account” [164, p. 14]. The increased cognitive demands of second-language interaction
represent one such factor that can strongly shape communication preferences. In fact, although
cultural values influence expectations and communications, the cognitive load associated with SL2
processing can outweigh these cultural tendencies. This helps explain why Saudi participants, who
in their native language context (SL1) showed preferences consistent with high-context cultural
expectations, shifted their preferences when interacting in their non-native language as in SL2
group . Consequently, the similar ranking of Information and Confirmation strategies among BL1
and SL2 participants could reflect a convergence in outcomes, but for different reasons. It is the

cognitive-load reduction in the case of SL2, and communication style preferences in the case of BL1.
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7.2.2 Strategies Without Statistically Significant Between-Group Differ-

ences

While the Information and Confirmation strategies demonstrated statistically significant sensitiv-
ity to cultural and linguistic context, the remaining three strategies (Ask, Social, and Solve) did
not show statistically significant between-group differences across the participant groups. These
findings indicate that preferences for these strategies were relatively stable across cultural and
interaction-language conditions. Accordingly, the discussion below focuses on describing the ob-
served preference patterns and situating them within the broader interactional and design context
of SDSs, without attributing explanatory effects where statistical support is absent. Where rel-
evant, qualitative insights are used to contextualise these patterns rather than to infer causal or

group-based differences.

7.2.2.1 Ask

Overall, irrespective of cultural or linguistic background, the Ask strategy ranked highest among
all five repair strategies (see Figure 7.1). The Ask strategy is characterised by its directness and
conciseness, simply requesting the user to repeat their input without additional elaboration or
relational language, making it the shortest and most straightforward repair approach. Insights
from the semi-structured interviews suggest that, in goal-oriented tasks, participants often value
concise system responses that allow them to resume their task efficiently. In this respect, the Ask
strategy aligns well with the functional demands of task-focused interactions and may be particularly
appropriate as an initial repair attempt, where a simple repetition request is often sufficient.

Evidence from other goal-oriented tasks supports this preference. In the travel domain, Aberdeen
et al. [1] found that when a system failed to understand a user’s input, simply asking the user to
repeat their prompt was more effective than alternative repair strategies such as Confirmation.
Similarly, in the gaming domain, Weitz et al. [266] reported that while rephrasing was the most
successful user-initiated strategy, asking for repetition was the most successful system-initiated
repair strategy. They also observed that users perceived the Al dialogue partner as intelligent and
likeable, although sometimes overestimated its capabilities, which could lead to miscommunication.

Although between-group differences for the Ask strategy were not statistically significant, British
participants (BL1) ranked this strategy highest among all groups (see Figure 7.2). However, as these
differences did not reach statistical significance, no strong claims can be made regarding cultural or
linguistic influences on preferences for the Ask strategy. Across groups, preferences for this strategy
appeared relatively stable, suggesting that its appeal may be broadly linked to its simplicity rather
than to group-specific factors.
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7.2.2.2 Social

The Social strategy, while structurally similar to the Ask strategy, incorporates polite expressions
such as apologies (e.g., “I'm sorry” ) and courteous markers (e.g., “please”), thereby adding a human-
like tone and relational warmth while remaining relatively concise. This combination of directness
and politeness may help explain why the Social strategy ranked highly overall across participant
groups (see Figure 7.1). Prior work supports the general value of politeness in repair contexts.
For example, Bulyko et al. [39] showed that apologetic error responses are associated with lower
user frustration, while Klein et al. [132] demonstrated that emotionally supportive responses can
improve user attitudes and sustain interaction.

Although some variation in ranking was observed across participant groups, between-group
differences for the Social strategy did not reach statistical significance. As such, no strong claims
can be made regarding systematic cultural or linguistic effects on preferences for this strategy.
Overall, preferences for Social repair responses appeared relatively stable across groups, suggesting
that their appeal may be linked to their general interpersonal qualities rather than to group-specific
factors.

Qualitative findings, however, provide important contextual nuance regarding the use of Social
strategies. Interview participants emphasised that apologies and polite markers should be applied
selectively rather than indiscriminately. While politeness was generally viewed as beneficial, par-
ticipants noted that overuse of Social strategies in urgent or high-stakes contexts (e.g., “finding the
nearest hospital” [P12]) could hinder efficiency, whereas their inclusion in lower-pressure situations
was perceived more positively.

This interpretation aligns with prior work by Akgun et al. [5], who found that the effectiveness
of apologetic error messages depends on participants’ mood states. Similarly, in website inter-
actions, Tzeng [252] found that negative politeness strategies (e.g., “sorry”) were predominantly
favoured to handle socially undesirable events, with evaluations differing significantly according to
participants’ politeness orientations. Recently, Mahmood et al. [158] emphasized the importance
of distinguishing between high-stakes and lower-stakes queries in intent recognition failures, recom-
mending a balanced provision of necessary information in DVAs. Taken together, these findings
suggest that Social strategies can enhance the interpersonal quality of interactions, but their effec-
tiveness depends on appropriate contextual deployment rather than on cultural or linguistic group

membership alone.

7.2.2.3 Solve

Across all participant groups and interaction-language conditions, the Solve strategy consistently
received the lowest preference rankings (see Figure 7.1). Importantly, between-group differences for

this strategy were not statistically significant, indicating that the low ranking of Solve was stable
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across cultural and linguistic contexts rather than driven by group-specific effects.

This consistently low preference must be interpreted in light of the experimental design. In
this thesis, all options presented within the Solve strategy were intentionally incorrect, reflecting
real-world breakdown scenarios and avoiding bias that could arise if a correct option were included
(see Section 4.3.3 in Chapter 4). While this design enabled a controlled comparison across repair
strategies, it also limits the extent to which preferences for option-based repair can be interpreted
independently of this constraint. Participants’ low rankings may therefore reflect their response to
the design of the strategy rather than to the concept of option-based repair more broadly.

The present findings contrast with prior work in text-based interaction, where option-based
repair strategies have been more positively evaluated (e.g., [17]). One important distinction is
that studies reporting higher preference for Solve-type strategies typically included the correct
option among the alternatives. In addition, interaction modality likely plays a role. In voice-only
environments, users must process options sequentially, which may impose higher cognitive demands
compared to text-based interfaces where options can be visually scanned and revisited [122]. Unlike
text-based settings, where users can quickly scan and select from written options, the present thesis
was conducted in a voice-only environment. Participants were required to listen to the full list of
options before responding, thereby imposing a higher cognitive load and reducing efficiency. While
text-based interfaces allow users to move back and forth at their own pace, voice interaction is
inherently linear, requiring participants to process information sequentially [122].

Taken together, the consistently low preference for the Solve strategy across groups should be in-
terpreted cautiously. Rather than indicating a general rejection of option-based repair, the findings
highlight how design choices (such as the absence of a correct option and the linear nature of voice
interaction) may shape user evaluations. These results underscore the importance of considering

task modality and repair design when implementing option-based strategies in SDSs.

7.3 Practical Design Recommendations

This section presents practical design recommendations for repair strategies in SDSs, informed
by the findings of this PhD thesis. The recommendations draw on multiple sources of evidence,
including (i) quantitative analyses of user preferences across cultural background and interaction
language, and (ii) qualitative insights from post-task interviews exploring users’ perceptions of
repair strategies. In addition, some recommendations reflect broader design-oriented implications
that synthesise these findings with prior work on SDS interaction, rather than outcomes that were
directly manipulated or empirically tested within the experimental studies (e.g., repair sequencing
and system confidence thresholds).

The recommendations are organised around three key dimensions: 1) the suitability of strategies

for first-attempt repairs, 2) user background considerations (e.g., cultural, linguistic, and individual-
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level differences), and 3) conceptual system-confidence threshold considerations. Together, these
dimensions provide a structured framework for guiding the design of adaptive and user-sensitive

SDS repair mechanisms. Table 7.1 summarises these recommendations, offering an overview of

practical design implications derived from this thesis.

Table 7.1: Recommendations for the Use of Different Repair Strategies in SDSs.

Strategy Name

Suitability for First-Attempt Repair

User Background Considerations

Confidence Threshold Considerations

No clear differentiation across user back-

Jonsistently oferred  as  a  first- P
Ask Consistently | pre (rr<‘( asa s ground; generally valued for its simplicity and Can be used at any confidence level
attempt repair strategy .
conciseness.
. - . . L. an be used at any confidence level
. Preferred in first-attempt repair, but No clear differentiation observed across user Can be used at Ay conticence evel,
Social . but should be avoided in high-stakes
minimally used background
contexts
. Preferred by L2 users for its clarity and sim- Can be used at any confidence level for
. Frequently preferred in first-attempt . . . . . . .
Confirmation repair plicity, especially those with high computer L2 users, but required high confidence
¥ self-efficacy for L1 users
Preferred by L1 and less experienced users as Can be used at any confidence level but
Information Less preferred as a first-attempt repair  they can easily comprehend the explanation should be avoided in high-stakes con-
provided, especially in high-context cultures texts
Consistently low preference as a first- Preferre(‘i by less tech experlenc.ed users and Can be used if at least one of provided
Solve those with lower computer self-efficacy, re-

attempt repair

options has a high confidence level

gardless of interaction language

7.3.1 Suitability for First-Attempt Repair

The suitability of repair strategies for first-attempt interventions can be inferred from the consistent
methodological design of this PhD thesis, in which each task scenario deliberately introduced a
single conversational breakdown followed by a first-repair attempt from the system. While the
thesis did not explicitly compare first versus subsequent repair turns, this design allows to draw
recommendations about which strategies are most effective and preferred in initial repair.

Quantitative findings strongly supported the Ask strategy as the most effective and preferred
option for first-attempt repair (see Figure 7.1). Across cultural and linguistic groups, Ask, Social,
and Confirmation strategies were consistently ranked higher than more elaborative strategies, such
as providing explanations (Information) or lists of options (Solve). This underscores their broad
appeal. These strategies were valued for their simplicity and efficiency, as they are required minimal
cognitive effort.

Qualitative insights add further depth. Participants emphasized a strong preference for concise
repair strategies, particularly in goal-oriented tasks where efficiency and progress were critical.
Several interviewees explained that lengthy responses (e.g., explaining the cause of the breakdown)
or overly polite formulations were unnecessary during breakdowns. In goal-oriented interactions,
users’ main priority was to resolve the breakdown and complete the task quickly. This suggests
that while politeness and explanations are appreciated in some contexts, they are not prioritized in

the initial attempt at repair, especially when task urgency is high. Taken together, these findings
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suggest that Ask, Social, and Confirmation strategies may be well suited for use as default options
in first-attempt repair in SDSs, within the scope of the task scenarios and interaction contexts

examined in this thesis.

7.3.2 User Background Consideration

Patterns observed in the quantitative results revealed systematic differences in repair strategy pref-
erences across cultural and linguistic groups, as well as individual-level factors such as computer
self-efficacy and prior experience. These patterns provide valuable design insights for tailoring
repair strategies in SDSs to diverse user backgrounds.

In terms of interaction language, the Confirmation strategy was significantly favoured by users
interacting in their non-native language (L2). Tts use of explicit confirmations may provide re-
assurance and reduce ambiguity, particularly by lowering the cognitive demands associated with
repeating full inputs in a non-native language. Cultural communication style also shaped repair
strategy preferences. Participants from collectivist cultural contexts (e.g., Saudi Arabia) showed a
significantly stronger preference for the Information strategy compared to participants from more
individualist cultures (e.g., the UK). This pattern is consistent with theoretical accounts of cultural
communication styles, which suggest that high-context and collectivist cultures place greater value
on contextual information during communication [114, 103].

Individual-level factors further influenced repair preferences. Information strategy were more
acceptable to native speakers (L1), particularly those from high-context cultures who could easily
follow and interpret explanatory guidance. Conversely, Solve strategy proved most beneficial for
non-native speakers (L2), less experienced technology users, or those with lower computer self-
efficacy, as the structured and directive style reduced uncertainty and supported task progression

regardless of language background.

7.3.3 System’s Confidence Threshold Considerations

In this thesis, recommendations regarding confidence threshold considerations are grounded in the
study’s methodological design. Specifically, for strategies that provide options or suggestions (i.e.,
Confirmation and Solve), the correct user intent was deliberately excluded from the presented
alternatives. This approach minimized priming bias and better simulated real-world scenarios in
which the system operates under low-confidence conditions ( see Section 4.3.3 for more details
). By adopting this design, the thesis was able to explore how users respond to repair strategies
when the system cannot reliably identify users’ intended input under low-confidence conditions.
Thus, providing design recommendations on the suitability of different strategies in low confidence
thresholds offers practical guidance for real-world applications.

The Ask strategy is highly robust across different levels of system confidence, making it a reliable
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default option, particularly for first-attempt repairs. By placing the burden of repair on the user in
a simple and concise way, it can be applied regardless of whether the system is operating with high
or low confidence. Similarly, the Social strategy, while valuable for adding relational and human-like
elements, has limitations in high-stakes contexts. Based on insights from the qualitative analysis
(e.g., P12), its use appears more appropriate in casual or low-stakes interactions, where building
rapport can enhance engagement without unnecessarily lengthening the dialogue. In urgent, high-
stakes situations where efficiency is critical, the Social strategy should be avoided, even though it
can technically be applied at any confidence level.

Confirmation strategies show a more detailed relationship to system confidence thresholds. For
users interacting in their second language (L2), they can be effective at both low and high confidence
levels, since they reduce ambiguity and cognitive load by requiring only a simple response (e.g., “yes”
or “no”). In contrast, for first-language (L1) users, Confirmation strategies appear more appropriate
at high confidence thresholds, as they allow the dialogue to proceed quickly with minimal input (e.g.,
P8). At lower thresholds, however, they may risk creating frustration, since a negative response
(e.g., “no”) could trigger additional repair turns before the dialogue can progress. In such cases,
native speakers may prefer to repeat their inputs (as in the Ask strategy), which is more efficient
when no language barrier exists. Although not directly examined in this thesis, future research is
needed to examine whether, in scenarios where system confidence is high, Confirmation strategies
may offer a cognitively efficient repair option by allowing users to proceed with minimal input (e.g.,
“yes”).

Information strategies, which involve providing explanations rather than suggesting a user intent,
can also be used at any confidence level. However, similar to Social strategies, they are not advisable
in high-stakes contexts where efficiency is critical. Because they add extra information, especially
during initial repairs. Explanations may slow progress and distract from quick task success in
such scenarios. Finally, Solve strategies, which provide multiple suggestions or options, are more
constrained by confidence considerations. They are best used only when at least one of the provided
options has a high confidence score. This ensures that users are not overwhelmed with a list of
unreliable alternatives, while still benefiting from structured guidance when confidence is sufficiently

strong for at least one option.

7.4 Summary of Findings

This integrative discussion highlights the inherent complexity of HCI, particularly in SDSs, where
breakdowns are inevitable. Unlike HHI, system repair strategies need to balance efficiency, clarity,
and user expectations, which are shaped not only by cultural communication style but also by the
cognitive demands of interaction. These findings underscore that communication with dialogue

systems is a dynamic conversation between the user and the system.
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The results demonstrate that cultural background does shape preferences for repair strategies in
HCI. Participants from high-context, high-uncertainty avoidance cultures (e.g., Saudi users) showed
higher preferences for strategies that provide explicit elaboration and contextualization, especially
interacting in their native language (e.g., Information). This reflects their communication style
in HHI, where detailed explanations and contextual richness are valued. However, while culture
plays a significant role in certain contrasts, it is not consistently dominant across all strategies or
interactional contexts. Thus, cultural influence should be seen as one important, but not exclusive
layer in shaping SDS repair preferences.

Equally important, the thesis’s findings reveal that interaction language can outweigh cultural
influences. When Saudi participants (SL2) engaged in their second language (English), their prefer-
ences shifted, reflecting increased cognitive load and the communication accommodation. Similarly,
British participants (BL1) and Saudi participants using English as a non-native language (SL2)
aligned in certain repair preferences despite cultural differences. These patterns suggest that situa-
tional constraints, such as processing demands and interactional context, can temporarily override
cultural communication tendencies.

In goal-oriented SDS tasks, repair strategy preferences are shaped by factors beyond cultural
background and interaction language. These include individual-level influences such as prior expe-
rience and computer self-efficacy, as well as system-level design features like the sequencing of repair
attempts and confidence thresholds. Taken together, these elements often shape user expectations
and preferences more strongly than culture alone. For example, users with greater experience in
interacting with SDSs tend to prefer Confirmation strategies, as they are more aware of the system’s
limitations. Similarly, participants with higher self-confidence in their ability to use SDSs are more
likely to simply repeat their input when interacting in their native language, but prefer confirmation
when using a non-native language. These patterns underscore that repair strategy design should
account for the combined influence of culture, language, cognition, and system behaviour, rather
than relying on any single factor.

Overall, the theoretical implications emphasize that SDS repair strategy design requires a multi-
layered perspective. While cultural communication style provides an important background frame,
preferences are ultimately shaped by interaction language, cognitive processing demands, and sys-
tem characteristics. This layered understanding offers both theoretical clarity and practical direc-

tion for developing adaptive and user-sensitive repair strategies in SDSs.

7.5 Chapter Summary

While the previous chapter (Study 2) presented a focused investigation of interaction language
and individual-level influences, this chapter brought together findings from all empirical studies to

offer an integrated understanding of user preferences for repair strategies in SDSs. It discussed
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the results in light of the broader theoretical and methodological frameworks introduced earlier,
highlighting both cross-cultural and within-culture patterns. In addition, this chapter provided
design recommendations for developing cultural and linguistic adaptive SDSs. The final chapter
concludes the thesis by presenting the main conclusions, summarizing key contributions, identifying

limitations, and outlining directions for future research.
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Chapter 8

Conclusions

This final chapter brings the thesis to a close by synthesizing its main quantitative and qualita-
tive findings and reflecting on their broader significance. It begins with a concise conclusion that
integrates the key insights from the scoping review and empirical studies (Section 8.1). Building
on this, the chapter outlines the thesis’s contributions to cross-cultural and linguistic communica-
tions, individual-level factors, experimental design, and practical application (Section 8.2), before
acknowledging its limitations and scope (Section 8.3). Then, the chapter informs a discussion of
promising directions for future research (Section 8.4). Finally, it closes with brief remarks that
highlight the broader significance of the work and its implications for advancing understanding and
design in HCI (Section 8.5).

8.1 Conclusions

SDSs are becoming increasingly prevalent, enabling users to access information and services across
platforms such as computers, smart speakers, and personal assistants. Commercially available sys-
tems (e.g., Apple Siri, Amazon Alexa, and Google Assistant) support a wide range of tasks, from
booking flights and checking weather forecasts to playing music. Despite these advances, conver-
sational breakdowns remain inevitable, just as they occur in HHI, but are often more problematic
when one interlocutor is a machine. Such breakdowns can negatively affect user trust, satisfaction,
and continued use of SDSs. In response, research has increasingly focused on developing effective
repair strategies (e.g. [278, 163, 180]), which are essential for improving system performance and
enhancing user experience.

As SDSs are deployed globally and across multiple languages, they serve a highly diverse user
base. Yet communication breakdowns remain common, and relatively little is known about how

users from different cultural and linguistic backgrounds prefer such breakdowns to be handled.
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This gap highlights the need for a deeper understanding of how repair strategies can be adapted to
account for user diversity.

This PhD thesis addresses this gap by quantitatively and qualitatively examining how user
characteristics influence preferences and perspectives on communication repair strategies in SDSs.
The overarching research question guiding this PhD thesis was: “How do user characteris-
tics influence user preferences and perspectives on communication repair strategies in
spoken dialogue systems during conversational breakdowns?” To answer this, the research
combined a systematic scoping review (Chapter 3) with two empirical studies (Chapters 5 and 6).

The scoping review (Chapter 3) systematically examined the literature on repair strategies in
voice-only interaction. To provide consistency across disciplines, it developed two comprehensive
frameworks: one categorizing system-repair strategies (Section 3.3.2) and the other categorizing
user-repair strategies (Section 3.3.3). The review also identified gaps in existing research, such as
the lack of studies on user characteristics, particularly in non-Western contexts (e.g., Saudi Arabia).
The system-repair framework derived from this review served as the foundation for the subsequent
empirical studies.

The first empirical study (Chapter 5) explored the role of cultural background in shaping user
preferences for repair strategies in goal-oriented tasks. By controlling for language proficiency,
the study conducted a cross-cultural experiment comparing participants from the UK and Saudi
Arabia, each interacting with the system in their native language. The results indicated that cultural
background significantly influenced preferences, particularly regarding the degree of elaboration and
contextual detail embedded in repair strategies such as the Information strategy. The first study
demonstrated that cultural background shaped preferences but also revealed variations that could
not be fully explained by culture alone.These findings suggested that factors beyond culture, such as
interaction language, cognitive demands, and individual-level factors, may also shape preferences,
pointing to the need for further exploration within a single cultural context.

The second empirical study (Chapter 6) addressed this need by adopting a mixed-methods
approach to investigate the influence of interaction language and individual-level factors, such as
prior experience with SDSs and computer self-efficacy, within a single cultural setting. To minimize
cultural bias, the study compared Saudi participants interacting either in their native language
(Arabic) or their non-native language (English). Using a methodology consistent with the first
study, the quantitative results highlighted cross-linguistic variation, while the qualitative com-
ponent deepened understanding by capturing participants’ perspectives and lived experiences of
breakdowns and repair with SDSs.

The findings revealed that although cultural background shapes preferences for repair strategies,
the cognitive demands inherent in second-language interaction often outweighed cultural tendencies.
Saudi participants (SL2) interacting in English shifted toward less cognitively demanding strategies

(e.g. Confirmation) as an adaptation to the immediate communicative environment. Moreover,
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individual-level factors further shaped preferences. Participants with greater prior experience of
SDSs tended to favour Confirmation strategy, reflecting their awareness of system limitations. Those
with higher confidence in interacting with SDSs preferred simply repeating their input in native-
language interactions (e.g., Ask strategy), but shifted toward the Confirmation strategy when using
a second language. Qualitative insights further emphasized the contextual complexity of HCI,
showing that the purpose of the interaction (e.g. second-language practising ) and situational
urgency (e.g. direction to hospital) also influenced user preferences for repair strategies. This
pattern aligns with Park et al. [195], who, based on data from 929 individuals across 17 countries,
found that individual variations explained 85% of the variance in communication style preferences,
compared to only 15% attributable to cultural background.

Taken together, this thesis demonstrates that user preferences for repair strategies in SDSs are
shaped not only by cultural background but also by interaction language, prior experience, self-
efficacy, and situational context. These findings highlight the importance of designing adaptive
repair mechanisms that account for user diversity, rather than relying on one-size-fits-all solutions.
They also point to the inherently dynamic nature of HCI, where user behaviour cannot be fully
understood without considering both individual and contextual dimensions. By foregrounding these
interdependencies, this PhD thesis emphasizes the need for adaptive and context-sensitive design
for repair strategies in SDSs. Building on this foundation, the following section outlines the key
contributions of this PhD thesis.

8.2 Summary of Contributions

This thesis makes several key contributions to advancing the understanding of communication
repair in SDSs. First, it develops two comprehensive frameworks for categorizing system- and
user-initiated repair strategies: an adapted framework for system-initiated repair strategies based
on prior text-based interaction literature (e.g. [26]), and a novel user-initiated repair framework
developed from the scoping review. Second, through two empirical studies, it demonstrates how
cultural background, interaction language, and individual-level factors, such as self-efficacy and
prior experience, influence user preferences for repair strategies, thereby highlighting the impor-
tance of user diversity in system design. Third, it provides rich qualitative insights into users’ lived
experiences and expectations, complementing the quantitative findings and underscoring the con-
textual complexity of HCI. Methodologically, the thesis extends the use of pairwise comparison in
SDS research, showing its effectiveness for capturing complex user preferences across cultural and
linguistic contexts. Finally, it translates these findings into practical recommendations for designing

adaptive, user-sensitive repair mechanisms in goal-oriented SDSs.
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8.3 Limitations of the Thesis

While this thesis provides significant insights, several limitations should be acknowledged.

A first limitation relates to the scoping review. The analysis relied on predefined frameworks for
categorising repair strategies in CAs, which may not fully capture the multifaceted and evolving na-
ture of repair strategies in SDSs. Although these frameworks provided a structured understanding,
the process was constrained by the author’s interpretations and by inconsistencies in terminology
across studies. Efforts were made to categorise strategies based on definitions, examples, and the
objectives described in the studies reviewed. The inclusion of combined repair strategies further
complicated categorisation, as it blurred the boundaries between strategy types. Moreover, the
review’s scope was restricted to four selected databases, predefined search terms, and inclusion
criteria, which may have excluded relevant studies, particularly from non-Western contexts. Future
research could employ more theory-building approaches or integrate recent taxonomies (e.g., [10])
to produce more comprehensive frameworks.

A second limitation concerns the methodological design of the empirical studies. Both experi-
ments used a controlled setup in which the SDS always failed to recognize the correct option and
presented incorrect alternatives. While this design allowed for consistency and comparability, it does
not fully reflect the unpredictability of real-world interactions, where both correct and incorrect
system responses occur. Furthermore, no commercial SDSs (e.g., Alexa, Siri) were used; instead,
responses were pre-scripted and delivered using Amazon Polly’s text-to-speech engine. Although
this ensured standardisation across participants, it may limit the generalisability of the findings to
real-time interactions with commercial systems.

A further limitation of the experimental design concerns the inclusion of deliberately incorrect
content within the Confirmation and Solve repair strategies. This design choice was intended to
simulate realistic breakdown scenarios and to avoid biasing preferences by presenting a correct
suggestion or correct option. However, it may have influenced the observed preference patterns
in two ways. First, incorrect suggestions or options may have reduced the perceived usefulness
and trustworthiness of the Confirmation and Solve strategies. Second, because preferences were
elicited via pairwise comparisons, this reduced appeal may have indirectly increased the likelihood
of selection for the alternative strategies with which they were paired. Accordingly, preference scores
in this thesis should be interpreted as relative judgments under the specific experimental conditions
and strategy implementations used. Future work could evaluate variants in which Confirmation
includes a correct suggestion, or Solve includes a correct option to better disentangle the effects of
strategy type from the accuracy of suggested content.

Third, the empirical studies focused exclusively on a goal-oriented task (flight booking). Qual-
itative findings suggested that contextual factors, such as task urgency or whether users were

practising a second language, also influenced repair preferences. By excluding open-domain and
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social tasks, the research may have overlooked how different interaction purposes shape expecta-
tions of repair.Future work should therefore extend this investigation to a broader range of tasks
and domains.

More broadly, it remains unclear whether the preference patterns observed in this thesis would
generalise to social or open-domain conversational contexts. In goal-oriented tasks, such as flight
booking, users typically prioritise efficiency, clarity, and rapid task completion, which may explain
the strong preference for concise repair strategies (e.g., Ask and Confirmation). In contrast, in
social or relational interactions, users may place greater value on politeness, rapport-building, or
conversational naturalness, potentially increasing the relative appeal of Social or Information-based
repair strategies. In social dialogues, the primary aim is to sustain engagement, and repair is often
less focused on resolving misunderstandings and more on continuing the conversation [17]. As a
result, the findings of this thesis should be interpreted as context-dependent, reflecting preferences
within a goal-oriented interaction setting rather than universal repair strategy preferences across
all conversational domains.

With regard to Study 1, the cultural effect was examined only through a comparison of two
cultures, Saudi Arabia (high-context) and the UK (low-context), within a single goal-oriented task.
While this revealed meaningful cultural differences, the narrow scope limits the generalisability of
the findings. Cultural influence on communication is complex and context-dependent; as highlighted
in prior HCI research [167], communication patterns are shaped not only by culture but also by
dialogue domain, task type, and individual user states. Broader cross-cultural comparisons and
more varied contexts are therefore needed to better capture the detailed role of culture.

Finally, Study 2 focused on individual-level factors such as prior experience, computer self-
efficacy, and language proficiency, but did not address other potentially influential traits. Research
on HHI has shown that individual differences can outweigh cultural effects in shaping communi-
cation preferences [195]. Future work should therefore incorporate a wider range of cognitive and
psychological characteristics, such as tolerance for ambiguity, cognitive load, and personality traits,

to deepen understanding of individual variation in repair strategy preferences.

8.4 Future Research Directions

Building on the findings and limitations of this thesis, several promising directions emerge for future
research.

First, the proposed frameworks could be further refined and extended by integrating recent
taxonomies and applying them in different contexts. While the scoping review outlined broad
categories of repair, user behaviour varies widely and requires more detailed mapping. For example
recently, Alloatti et al. [10] investigated user adaptations during conversational breakdowns with

CAs and introduced a novel tag system to classify user repair attempts in text-based interaction.
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Adapting such taxonomies to voice-only interaction could provide a more comprehensive account
of how users attempt repair in SDS contexts.

Second, the scoping review also revealed that most research on system-repair strategies has fo-
cused on Confirmation, Ask, and Social strategies, with relatively little attention to Information and
Disclosure. Although this thesis addressed Information strategies empirically, Disclosure strategies
remain largely unexplored. Future studies could investigate how users perceive and respond to
these less-studied strategies and the contexts in which they may be effective.

Third, future studies should employ interactive systems, including commercial SDSs, to capture
the dynamic and unpredictable nature of real-world interaction. While this thesis benefited from
the consistency of a controlled experimental design, real-world conversations are far more variable.
Systems may sometimes offer correct responses, repairs may succeed or fail, and users may escalate
to alternative strategies or abandon the interaction altogether. Research on repair sequences and
outcomes in SDSs could therefore yield valuable insights. For instance, Ashktorab et al. [17] found
that simple strategies like Ask ranked highly in successful repair scenarios, whereas users preferred
escalation to a human agent after repeated failures. Investigating similar patterns in SDS contexts
would help clarify how repair outcomes shape user behaviour and trust.

Additionally, this thesis primarily interpreted findings through established cultural and com-
munication frameworks, such as Hall’s high- and low-context theory [103] and Hofstede’s cultural
dimensions [114], and also incorporated insights from CAT and cognitive load perspectives. While
these frameworks provided a valuable foundation, they represent only one type of interpretive lens.
Future research could benefit from drawing on alternative perspectives, such as politeness theory
or interactional sociolinguistics, which may reveal additional dimensions of how users negotiate
meaning during breakdowns. Adopting multiple theoretical lenses would enable a more compre-
hensive understanding of how cultural, linguistic, and individual factors interact in shaping repair
preferences.

Finally, expanding the investigation of individual-level factors remains vital. Psychological and
cognitive characteristics,s such as tolerance for ambiguity, personality traits, generational differ-
ences, professional background, and educational experience, may shape communication preferences
in ways that diverge from dominant cultural norms. As Dumitrescu [71, p. 90] observes, the global
interconnectedness facilitated by modern communication technologies “tends to unify communica-
tive practices and styles and to bring people... together as one more or less uniform, beyond and
despite cultural boundaries.” The findings of this thesis echo this observation, showing that individ-
ual and contextual factors play a critical role in HCI. Future research should therefore examine these
characteristics across varied contexts and explore adaptive SDSs that personalise repair strategies

to user profiles and evaluate them longitudinally.
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8.5 Closing Remarks

This thesis has shown that preferences for repair strategies in SDSs are shaped by the interplay of
cultural, linguistic, and individual factors, reflecting the inherent complexity of HCI. Beyond its
empirical findings, this work highlights the value of an interdisciplinary perspective by drawing on
cultural theories, communication studies, and HCI. It provides a more holistic view of repair than
any single lens could offer. As Edward Hall [102, p. 218] observed, “culture is communication and
communication is culture”, a reminder that these dimensions are inseparably linked. Recognising
this complexity underscores both the richness of studying human—machine communication and the

importance of designing adaptive and context-sensitive systems for diverse global users.
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Appendix A

Participant Information Sheets

and Consent Forms for the Pilot
Study (Ethical ID: 2769)

A.1 Participant Information Sheet
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Name of department: Computer and Information Sciences
Title of the study: Verifying Distinctiveness and Realism in
Repair Strategies for Digital Voice Assistants (DVAs): A Pilot
Study

Introduction:

| am Essam Alghamdi, a PhD student in the Department of
Computer and Information Sciences at the University of
Strathclyde. My research focuses on how people interact with
Digital Voice Assistants (DVAs), such as Siri and Alexa.
Specifically, | am investigating user preferences and perspectives
on Digital Voice Assistants (DVAs)'s responses and the role of
user characteristics in this.

What is the purpose of this research?

The purpose of this research is to (1) confirm the different types
of responses that Digital Voice Assistants (DVAs) can provide
and (2) evaluate realism of the task scenario used in this
research.

Do you have to take part?

Participation in this study is entirely voluntary, and you have the
right to withdraw from the research at any time without any
negative consequences.

174



What will you do in the project?

In this pilot study, you will engage in a simulated task of booking
a flight using a Digital Voice Assistant (DVA). You will begin by
reading a text-based scenario on your screen, which presents a
dialogue between you and the DVA. Next, you will listen to a voice
response from the DVA. After each interaction, you will answer a
multiple-choice question to identify the category that best
describes the DVA's response. Additionally, you will complete a
short questionnaire to evaluate the realism of the task and how
closely it mimics real-world interactions with DVAS.

The study will be conducted entirely online and will take
approximately 15 minutes. As a token of appreciation for your
time, you will have the option to provide your first name and
email address to receive a £5 Starbucks gift card. Your name
and email will only be used to send the reward.

Why have you been invited to take part?

You have been invited to participate in this research study
because you meet the following criteria:

* You are aged 18 or older and
* You have proficiency in English, whether as a native or a
second language.
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What information is being collected in the project?

This pilot study will collect data regarding your nationality, current
residence, age, gender, preferred type of system response and
your first and second languages (if applicoble). Additionally, this
study will gather your feedback on the realism of the task
scenarios by completing a short questionnaire. All collected data
will be anonymized to protect your privacy, with no identifiable
information being gathered. Each participant will be assigned a
unigue ID number to ensure anonymity.

Who will have access to the information?

The data will be anonymized, and only the research team will
have daccess to it. Anonymized data (i.e., data that do not identify
you personally) cannot be withdrawn once they have been
included in the study. Anonymized data may be used in the final
thesis for this research and any resulting publications.

Where will the information be stored and how long will it be
kept for?

Data will be securely stored on the University of Strathclyde’s
servers (OneDrive). The anonymized data will be retained for 10
years, after which it will be deleted. Anonymized quotations and
findings may be used in publications and the final thesis.
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Thank you for reading this information — please ask any
questions if you are unsure about what is written here.

All personal data will be processed in accordance with data
protection legislation. Please read the University of Strathclyde
Privacy Notice for Research Participants for more information
about your rights under the legislation.

If you do not want to participate, we thank you for your interest
and attention.

What happens next?

If you would like to participate in the research, or require any
further information, please contact Essam Alghamdii
(essam.alghamdi@strath.ac.u k). You will be asked to confirm
and agree to a participant consent form before engaging with
the study. We hope that the results of this study will be published.
If you wish to receive a copy of any resulting publication, please
email us.

177



Researcher contact details:

Essam Alghamdi

Computer and Information Sciences — University of Strathclyde
26 Richmond Street, Glasgow G1 1XQ
essam.alghamdi@strath.ac.uk

Chief Investigator details:

Professor Martin Halvey

Computer and Information Sciences — University of Strathclyde
26 Richmond Street, Glasgow G1 1XQ
martin.halvey@strath.ac.uk

Second Supervisor details:

Dr Emma Nicol

Computer and Information Sciences — University of Strathclyde
26 Richmond Street, Glasgow G1 1XQ

emma.nicol@strath.ac.uk

This research was granted ethical approval by the University of
Strathclyde Computer and Information Sciences Ethics
Committee. The reference number of this ethical is 2769.

If you have any questions/concerns or wish to contact an
independent person to whom any questions may be directed or
further information may be sought from, please contact:
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Computer and Information Sciences Ethics Committee
University of Strathclyde

Livingstone Tower

26 Richmond Street

Glasgow

Gl 1XQ

Email: ethics@cis.strath.ac.uk

Would you like to continue with this survey?

O Yes, | agree to participate.

(O No, I do not wish to participate.
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A.2 Questionnaire Consent Form
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Please Read the following terms and click next '-->' button
if you agree with all of the terms and wish to proceed:

O I confirm that | have read and understood the Participant
Information Sheet for the above project and the researcher has
answered any queries to my satisfaction.

O I confirm that | have read and understood the Privacy Notice
for Participants in Research Projects and understand how my
personal information will be used and what will happen to it (ie.
how it will be stored and for how fong).

O | understand that my participation is voluntary and that | am
free to withdraw from the project at any time, up to the point of
completion, without having to give a reason and without any
consequences.

O  understand that | can request the withdrawal from the study
of some personal information and that whenever possible
researchers will comply with my request. This includes the
following personal data: my personal information from
questionnaire that identify me.

O I understand that anonymised data (ie. data that do not
identify me personally) cannot be withdrawn once they have
been included in the studly.

0l understand that any information recorded in the research will
remain confidential and no information that identifies me will be
made publicly available.

0l consent to being a participant in the project.
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A.3 Questionnaires

A.3.1 Demographic Questionnaire

Which of the following is your native (first) language?

O English
O Arabic

(O Other

Which of the following is your second language (if any)?
(O English
(O Arabic

(O I don't have a second language

(O other

What is your nationality (the country you identify with) ?

N
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Please, enter your age (year)?

What is your gender?

O woman

O man

O non-binary

O prefer not to say

O prefer to self-describe
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A.3.2 Verifying the Distinctiveness of Repair Strategies

Overview

Part One: in this survey, you will be presented with a text-based
scenario where you are booking a flight using a digital voice
assistant, such as Siri or Alexa. During the interaction, the voice
assistant (referred to as "Eche") will experience a
misunderstanding and fail to recognize the city you want to fly to.

After the scenario, you will hear one voice response from Echo,
representing a specific strategy for handling the

misunderstanding.

Your task is to listen to Echo's response and select the
category that best describes the strategy used.

- -
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Scenario10of 5:

You need to book a flight for tomorrow because you have important plans. Echo is your digital
voice assistant, similar to Siri or Alexa, and it usually helps you with travel arrangements.
However, during the conversation, Echo is unable to understand the city you want to fly to,
leading to a breakdown in the conversation.

Conversation:
Echo: ‘Hello,| am Echo, your digital voice assistant.
How can I help today?”
You: I need to book a flight for tomorrow.”
Echo: "Got it! And which city are you flying to?"
You: "l want to fly to London.”
At this point, Echo doesn't understand you and initiates this response:

Please listen carefully, You can replay the audio as many times as needed.

P 0:00/0:05 =———— )

Which of the following categories best describes Echo's response? (Choose only one

Confirmation: the system (Echo) tries to acknowledge non-understanding by guessing what the user meant and seeks
confirmation from the user.

O Information: the system (Echo) explains why it couldn't understand.
O social: the system (Echo) politely apologizes for the non-understanding.
O solve: the system (Echo) offers a list of possible options based on partial understanding.

O Ask : the system (Echo) directly asks the user to repeat the input without additional context or elaboration.
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A.3.3 Evaluating the Realism of the Task Scenario

Part Two: Now that you have completed the interaction with the
digital assistant, we would like to understand your thoughts on
how realistic the scenario felt.

Please indicate how much you agree or disagree with the
following statements about the experience, using a scale from 1
(strongly disagree) to 7 (strongly agree).

I can imagine myself in the scenario (booking a flight
through a digital voice assistant).

O strongly disagree

O Disagree

(O somewhat disagree

O Neither agree nor disagree
O somewhat agree

O Agree

O strongly agree
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| can imagine myself interacting with a digital voice
assistant like the one in this study (Echo).

QO strongly disagree

O Disagree

O somewnhat disagree

O Neither agree nor disagree
O somewnhat agree

O Agree

QO strongly agree

Were there any moments in the scenario where the
system's responses (Echo) felt unrealistic?

O No

QO Yes, please explain
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Appendix B

Participant Information Sheets

and Consent Forms for the
Empirical Studies (Ethical ID:

2781)

B.1 Participant Information Sheet

188



Name of department: Computer and Information Science

Title of the study: Cross-Cultural Preference for Communication
Response Strategies in Digital Voice Assistants (DVAs): The Role
of User Characteristics

Introduction

| am Essam Alghamdi, a PhD student in the Department of
Computer and Information Sciences at the University of
Strathclyde. My research focuses on how people interact with
Digital Voice Assistants (DVAS), such as Siri and Alexa.
Specifically, | am investigating user preferences and perspectives
on system responses and the role of user characteristics such as
cultural background, computer self-efficacy, and language
proficiency.

What is the purpose of this research?

The purpose of this research is to explore how individual
characteristics e.g. cultural background, computer self-efficacy,
and language proficiency influence preferences and
perspectives regarding response strategies of Digital Voice
Assistants (DVAs). Existing literature highlights the importance of
user-centred design in DVAs by taking individual characteristics
into account, as these factors significantly affect overall
interaction experiences.
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Do you have to take part?

Participation in this study is entirely voluntary, and you have the
right to withdraw from the research at any time without any
negative consequences.

What will you do in the project?

In this online survey, you will be initially asked a few multiple-
choice questions to determine your language proficiency and
computer self-efficacy. Then, you will engage in a simulated task
of booking a flight using a Digital Voice Assistant (DVA). You will
begin by reading a text-based scenario on your screen, which
presents a dialogue between you and the DVA. Next, you will
listen to two voice responses from the DVA. After each
interaction, you will be asked to select which of the two voice
responses you prefer.

The study will be conducted entirely online and will take
approximately 13 minutes. As a token of appreciation for your
time, you will have the option to provide your first name and
email address to receive a £5 Starbucks gift card. Your name
and email will only be used to send the reward.

For the interview ( thionol) . At the end of the questionnaire, you
will have the option to indicate whether you would like to
participate in a follow-up interview. If you choose to participate,
you will be asked to provide your contact information—either your
email or WhatsApp number, based on your preference. This
information will be used exclusively to schedule a convenient

190



time for the interview, which will take place online via Microsoft
Teams.

The interview will collect information about your previous
experiences (if any) with Digital Voice Assistants (DVAs) and
explore your preferences and perspectives on DVAS’ responses.
Interviews are expected to last no longer than one hour. If you
choose to take part in the interview, once completed, as a token
of appreciation for your time, you will have the option to receive a
£10 Starbucks gift card. Your name and email will only be used to
send the reward.

Why have you been invited to take part?

You have been invited to participate in this research study
because you meet the following criteria:

* You are aged 18 or over.
e You have proficiency in English and/or Arabic, with one of
these languages being your native or second language.

What information is being collected in the project?

This research will collect data regarding your language
proficiency, computer self-efficacy, and preferences for
responses from Digital Voice Assistants (DVAs). Additionally, this
research will gather data regarding your nationality, current
residence, age, gender, and your first and second languages (if
applicable). All collected data will be anonymized to protect your
privacy, with no identifiable information being gathered. Each
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participant will be assigned a unique ID number to ensure
anonymity.

For the interview (Optional): If you choose to participate in the
interview, you will discuss your previous experiences (if any) with
Digital Voice Assistants (DvAs) and share your preferences and
perspectives on DVAS responses. The interview will be audio-
recorded, and the recordings will be transcribed and anonymized
to protect your privacy. No identifiable information will be
collected, and each participant will be assigned a unique ID
number to ensure anonymity. Interviews are expected to last no
longer than one hour. As a token of appreciation for your time,
you will have the option to receive a £10 Starbucks gift card. Your
name and email will only be used to send the reward.

Who will have access to the information?

The data will be anonymized, and only the research team wiill
have access to it. Anonymized data and quotes (i.e., data that
do not identify you personally) cannot be withdrawn once they
have been included in the study. Anonymized data may be used
in the final thesis for this research and any resulting publications.
Where will the information be stored and how long will it be
kept for?

Data from the questionnaire will be securely stored on the
University of Strathclyde’s servers (OneDrive). The anonymized
data will be retained for 10 years, after which it will be deleted.
Anonymized findings and quotations may be used in publications
and the final thesis.
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For the interview (Optional): Anonymised transcription files will be
kept for 10 years, after which they will be deleted. Anonymized
quotations from the interviews may be used in publications and
the final thesis.

Thank you for reading this information = please ask any
questions if you are unsure about what is written here.

All personal data will be processed in accordance with data
protection legislation. Please read the University of Strathclyde
Privacy Notice for Research Participants for more information
about your rights under the legislation.

What happens next?

If you would like to participate in the research, or require any
further information, please contact Essam Alghamdi
(esscm.oIghcmdi@struth.cc.uk). You will be asked to confirm
and agree to a participant consent form before starting the
study. We hope that the results of this study will be published. If
you wish to receive a copy of any resulting publication, please
email us. If you do not want to participate, we thank you for your
interest and attention.
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Researchers contact details:

Essam Alghamdi

Computer and Information Sciences — University of Strathclyde
26 Richmond Street, Glasgow Gl 1XQ

essam.alghamdi@strath.ac.uk

Chief Investigator details:

Professor Martin Halvey

Computer and Information Sciences — University of Strathclyde
26 Richmond Street, Glasgow Gl 1XQ
martin.halvey@strath.ac.uk

Second Supervisor details:

Dr Emmma Nicol

Computer and Information Sciences — University of Strathclyde
26 Richmond Street, Glasgow Gl 1XQ

emmoa.nicol@strath.ac.uk

This research was granted ethical approval by the University of
Strathclyde Computer and Information Sciences Ethics
Committee. The reference number of this ethical is 278l.

If you have any questions/concerns, during or after the research,
or wish to contact an independent person to whom any
questions may be directed or further information may be sought
from, please contact:
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Computer and Information Sciences Ethics Committee
University of Strathclyde

Livingstone Tower

26 Richmond Street

Glasgow

G11XQ

Email: ethics@cis.strath.ac.uk

Would you like to continue with this survey?

@® Yes, | agree to participate.

(O No, | do not wish to participate.
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B.2 Questionnaires Consent Form
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Please Read the following terms and click »>» Next' button if you
agree with all of the terms and wish to proceed:

| confirm that | have read and understood the Participant
Information Sheet for the above project and the researcher
has answered any queries to my satisfaction.

| confirm that | have read and understood the Privacy Notice
for Participants in Research Projects and understand how my
personal information will be used and what will happen to it
(i.e. how it will be stored and for how Iong).

| understand that my participation is voluntary and that | am
free to withdraw from the project at any time, up to the point
of completion, without having to give a reason and without
any consequences.

| understand that | can request the withdrawal from the study
of some personal information and that whenever possible
researchers will comply with my request. This includes the
following personal data: my personal information from the
questionnaire identifies me.

| understand that anonymised data (i.e. data that do not
identify me personolly) cannot be withdrawn once they have
been included in the study.

| understand that any information recorded in the research
will remain confidential and no information that identifies me
will be made publicly available.

| consent to being a participant in the project.

=
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Before you begin:

To participate in this experiment, you will need to listen to short
audio clips.

Please make sure that:

¢ You have access to speakers or headphones to hear the
audio clearly.

e You are in a quiet environment where you can focus without
distractions.

Do you have access to speakers or headphones, and are
you in a quiet place suitable for this experiment?

O Yes, | have access to speakers or headphones and am in a quiet environment.

No, | do not have access to speakers or headphones and/or am not in a quiet
environment.

O
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B.3 Interview Consent Form

University of

Strathclyde

Glasgow

Interview Consent Form

Name of department: Computer and Information Science
Title of the study: Cross-Cultural Preference for Communication Repair strategies in Spoken Dialogue Systems:
The Role of User Characteristics

[ 1 confirm that | have read and understood the Participant Information Sheet for the above project and the
researcher has answered any queries to my satisfaction.

[J | confirm that | have read and understood the Privacy Notice for Participants in Research Projects and
understand how my personal information will be used and what will happen to it (i.e. how it will be stored
and for how long).

[J 1 understand that my participation is voluntary and that | am free to withdraw from the project at any time, up to
the point of completion, without having to give a reason and without any consequences.

[J 1 understand that | can request the withdrawal from the study of some personal information and that whenever
possible researchers will comply with my request. This includes the following personal data:
o my personal information from the interview that identifies me.
o audio recordings of interviews that identify me.
o my personal information from transcripts.
[J 1 understand that anonymised data (i.e. data that do not identify me personally) cannot be withdrawn once
they have been included in the study.

O | understand that any information recorded in the research will remain confidential and no information that
identifies me will be made publicly available.

O | consent to being audio recorded during my interview as part of the project.

O | consent to being a participant in the project.
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B.4 Questionnaires and Interview

B.4.1 Demographic Questionnaire

Which of the following is your native (first) language?

O English
O Arabic

(O other

Which of the following is your second language (if any)?
O English

O Arabic

O 1dont have a second language

() Other
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What is your gender?

O woman

O man

O non-binary

O prefer not to say

O prefer to self-describe

Please, enter your age (year)?

What is your nationality (the country you identify with) ?

O United Kingdom of Great Britain and Northern Ireland

(O saudi Arabia

O Other
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B.4.2 Prior Experience with Technology and DVAs

The next four questions assess your prior experience with
technologies and Digital Voice Assistants (DVAs) like Apple's Siri,
Amazon Alexa, or Google Assistant.

Please rate your level of agreement with the following
statements regarding your experience.

| consider myself an advanced technology user:
O strongly agree
(O somewnhat agree
(O Neither agree nor disagree
(O somewhat disagree

O strongly disagree
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| am eager to try new technologies:
O strongly agree
O somewhat agree
O Neither agree nor disagree
O somewhat disagree

O strongly disagree

| am familiar with Digital Voice Assistances (DVAs):
O strongly agree
O somewhat agree
O Neither agree nor disagree
O somewhat disagree

O strongly disagree
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| use Digital Voice Assistances (DVAs) frequently:

O strongly agree

O somewhat agree

(O Neither agree nor disagree
(O Ssomewhat disagree

O strongly disagree
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B.4.3 Computer Self-Efficacy

The following five questions ask you to rate your CURRENT ability
to use Digital Voice Assistants (DVAs) such as Apple’s Siri or
Amazon Alexa for an unfamiliar/new task.

Please rate your level of agreement with the following
statements:

| have mastered the use of Digital Voice Assistants (DVAs):

O strongly agree

O Agree

(O somewnhat agree

(O Neither agree nor disagree
O somewnhat disagree

O Disagree

O strongly disagree
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| cannot yet use Digital Voice Assistants (bvas) as effectively as |
would like:

O strongly agree

O Agree

O somewhat agree

O Neither agree nor disagree
O somewhat disagree

O Disagree

O strongly disagree

| am able to perform tasks well using Digital Voice Assistants
(DVAs):

O strongly agree

O Agree

(O Somewhat agree

O Neither agree nor disagree
(O somewhat disagree

O Disagree

O strongly disagree
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It is not yet possible for me to use Digital Voice Assistants (DVAs)
at the level | prefer:

O strongly agree

O Agree

O somewnhat agree

O Neither agree nor disagree
O somewhat disagree

O Disagree

O strongly disagree

| think my ability to use Digital Voice Assistants (DVAs) can be
improved substantially:

O strongly agree

O Agree

O somewhat agree

O Neither agree nor disagree
O somewhat disagree

O Disagree

O strongly disagree
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B.4.4 Pairwise Comparison Experiment on Preferences

Scenario 1 of 10:

You need to book a flight for tomorrow because you have important plans. Eche is your digital
voice assistant, similar to Siri or Alexa, and it usually helps you with travel arrangements.
However, during the conversation, Eche is unable to understand the city you want to fly to,
leading to a breakdown in the conversation.

Conversation:
Echo: “Hello, | am Echo, your digital voice assistant.
How can | help today?”
You: ' need to book a flight for tomorrow.”
Echo: "Got it! And which city are you flying to?"
You: "l want to fly to London.”
At this point, Echo doesn’t understand your last input and initiates one of the following
responses.

Instruction:
Please listen carefully, Which of these two system responses from Echo do you prefer for
handling the situation?

() » o00/008

0 i

() > oo0/003 © i
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B.4.5 Self-Assessment of English Language Proficiency
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Please Use the following statements to self-assess your
listening level of English as your second language.

Choose the highest level you feel accurately represents your
ability:

Level Al: | can recognise familiar words and very basic phrases concerning
O myself, my family and immediate concrete surroundings when people speak
slowly and clearly.

Level A2: | can understand phrases and the highest frequency vocabulary

O related to areas of most immediate personal relevance (e.g. very basic
personal and family information, shopping, local area, employment). | can catch
the main point in short, clear, simple messages and announcements.

Level B1: | can understand the main points of clear standard speech on familiar
O matters regularly encountered in work, school, leisure, etc. | can understand the

main point of many radio or TV programmes on current affairs or topics of

personal or professional interest when the delivery is relatively slow and clear.

Level B2: | can understand extended speech and lectures and follow even

O complex lines of argument provided the topic is reasonably familiar. | can
understand most TV news and current affairs programmes. | can understand
the majority of films in standard dialect.

Level CI: | can understand extended speech even when it is not clearly
O structured and when relationships are only implied and not signaled explicitly. |
can understand television programmes and films without too much effort.

Level C2: | have no difficulty in understanding any kind of spoken language,
O whether live or broadcast, even when delivered at fast native speed, provided |
have some time to get familiar with the accent.
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B.4.6 Interview Questions

Semi-Structured Interview Guideline:

The Effect of Cultural Background and Interaction Language on Preferences for Repair Strategies in Voice Assistants

Topic

Questions

Prompts

Introduction

Greeting:

“Hello (_ ) Thank you for agreeing to talk to me and participate in this
study.

How are you today?”

Purpose of the interview:

e “The purpose of this interview is to understand your preferences for
different responses from voice assistants when communication
breakdowns occur.

e voice assistants are software applications designed to assist you with
different tasks, such as booking appointments or flights, playing
music, or setting alarms.

e Examples of voice assistants are Siri on Apple phones, Google
Assistant on Android devices and Alexa from Amazon.

e By "conversational breakdown," I mean, situations where voice
assistants cannot understand you.

Consent

In this interview: Your responses will remain confidential and will only
be used for the research purpose.

The interview will be audio recorded and transcribed, and you can stop
the interview or withdraw at any time.

Our discussion today should last between 30 and 40 minutes, but you
can talk for as little or as long as you would like.

In the text chat, I will send you the consent form to have your agreement
and then we can begin the interview.
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e Do you have any questions or comments you would like to discuss
further before beginning the interview?

e Have you used a voice assistant, such as Siri or Alexa, before?
o Ifyes, could you describe your overall experience with using a

Prompt:
What are the reasons that you

Warm-Up voice assistant? have not used a voice assistant so
Questions far?
e General: Prompt:

o Have there been times when the voice assistant could not Was this in your first language or
understand you? How did you feel about those instants? a second language?

o What was the VA's response in trying to clarify your request?

e Social/politeness: Prompt:

o Imagine you are using a voice assistant to book a flight to In what situations do you find
London, but the assistant doesn't understand something you've polite language from a voice
said. How important is it to you that the voice assistant uses assistant to be especially

Main polite phrases like T'm sorry' or 'please’ when asking you to important or unnecessary?
Questions repeat something? How does this affect your overall experience?
Prompt: Can you share any
e Explanting the cause of error specific challenges or

o How do you feel about a voice assistant explaining why it could | experiences you’ve had with this
not understand you, such as saying, T couldn't understand you strategy when interacting in a
because of background noise'? (non)-native language?

o When the system doesn’t understand you after several tries,
would you prefer it to explain why rather than just asking you to
repeat again? Why?

o

Prompt:
e Providing Options If the voice assistant responds

o Insituations where the voice assistant cannot understand you, it | with incorrect options, like 'Did
tries to address the misunderstanding by providing multiple you mean Luton, Sunderland, or
options. For example, the assistant might say, 'I could not Liverpool?' would you prefer the
understand you. Did you mean Luton, Sunderland, or London?' assistant to include an option
How do you feel about this type of response? such as 'none of these'? Why or

o Ifnone of the options provided by the voice assistant to address a | why not?
misunderstanding are correct, would that change your preference
for this type of response? Why or why not?

e Confirmation: Prompt:

o How do you feel about a voice assistant repeating back what you | Do you find it easier when a
said to confirm details? For example, when booking a flight, the | voice assistant asks you simple
voice assistant says, "You want to travel to London, is that yes-or-no questions, compared to
correct? other types of interactions,

o When the voice assistant cannot understand you, would you especially in a non-native
prefer a voice assistant to repeat back what you said to confirm, | language? Why or why not?
or use a different strategy, such as explaining the error? Please
explain your preference.

¢ language proficiency
o Imagine you have conversation with a voice assistant in a
language that is not your first language.
=  Would you prefer the assistant to repeat back what you
said for confirmation, or would you prefer a different
strategy that includes more detailed options and
explanations of errors? Why?

o Do you find it easier to respond to simple yes-or-no questions
compared to other types of interactions when using a voice
assistant in a non-native language? Why or why not?

Closing e Do you have any suggestions for how DVSs could handle Prompts:
Questions communication breakdowns better?
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Is there anything else you’d like to share about your experiences with
voice assistants or these repair strategies?

Do you think voice assistant
should be designed differently
for specific cultures or countries?
Why ?

Do you think voice assistant
should change how they
communicate, especially during
misunderstanding, depending on
whether the user is speaking in
their native or non-native langue
why ?

Thanks

Thank you for your time and for sharing your valuable experiences. If
you have any questions or thoughts later, feel free to contact me.
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Appendix C

Supplementary Statistical
Analyses

C.1 Group Comparability Analyses (t-tests)

Independent-Samples t-Test Results for Individual-Level Characteristics (SL1 vs. SL2)*
Individual Factors t df p
Age -0.852 97 0.396
Computer Self-Efficacy 0.609 97 0.544
Experience with Technology 0.942 97 0.348
Experience with DVA 1.237 97 0.219

* Independent-samples t-tests were conducted to compare Saudi native (SL1) and Saudi non-native (SL2) participants on
individual-level characteristics. All tests were two-tailed. No statistically significant differences were observed (all p > .05).
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C.2 Binary logistic regression predicting preferences for the

five repair strategies

C.2.1 Social strategy:

Logistic regression predicting preference for the Social strategy

Predictor B SE Wald p OR (Exp(B)) 95% ClI
Techexperience  -0.103 0.169 0.372 0.542 0.902 [0.648, 1.256]
DVA experience -0.020 0.142 0.02 0.886 0.98 [0.742,1.295]
Self-efficacy -0.051 0.143 0.126 0.723 0.951 [0.718, 1.258]
Gender 0.046 0.227 0.04 0.841 1.047 [0.671, 1.633]
Age 0.013 0.012 1.072 0.301 1.013 [0.989, 1.038]
Constant 0.704 0.763 0.849 0.357 2.021 —

C.2.2 Confirmation strategy:

Logistic regression predicting preference for the Confirmation strategy

Predictor B SE Wald P OR (Exp(B)) 95% ClI
Tech experience 0.082 0.163 0.255 0.614 1.086 [0.788, 1.496]
DVA experience 0.361 0.143 6.339 0.012 1.435 [1.083,1.901]
Self-efficacy 0.031 0.142 0.048 0.827 1.031 [0.780, 1.363]
Gender -0.117 0.226 0.265 0.607 0.89 [0.571,1.387]
Age -0.009 0.012 0.58 0.446 0.991 [0.967,1.015]
Constant -1.263 0.753 2.812 0.094 0.283 —
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C.2.3 Information strategy:

Logistic regression predicting preference for the Information strategy

Predictor B SE Wald P OR (Exp(B)) 95% CI
Tech experience 0.247 0.173 2.04 0.153 1.28 [.91,1.80]
DVA experience  -0.412 0.146 7.96 0.005 0.66 [.50, .88]
Self-efficacy 0.11 0.147 0.56 0.454 1.12 [.84,1.49]
Gender 0.238 0.233 1.04 0.308 1.27 [.80,2.00]
Age 0.005 0.012 0.14 0.713 1.01 [.98, 1.03]
Constant -0.866 0.776 1.245 0.265 0.421

C.2.4 Solve strategy:

Logistic regression predicting preference for the Solve strategy

Predictor B SE Wald p OR (Exp(B)) 95%CI
Tech experience -0.070 0.166 0.175 0.676 0.933 [0.674,1.292]
DVA experience 0.072 0.142 0.253 0.615 1.074 [0.813, 1.420]
Self-efficacy -0.323 0.147 4.82 0.028 0.724 [0.543, 0.966]
Gender -0.265 0.231 1.317 0.251 0.767 [0.488, 1.206]
Age -0.030 0.013 5.607 0.018 0.97 [0.946, 0.995]
Constant 2.261 0.772 8.589 0.003 9.594 —

C.2.5 Ask strategy:

Logistic regression predicting preference for the Ask strategy

Predictor B SE Wald p OR (Exp(B)) 95% ClI
Tech experience -0.153 0.167 0.846 0.358 0.858 [0.619, 1.189]
DVA experience -0.014 0.141 0.009 0.922 0.986 [0.749, 1.300]
Self-efficacy 0.232 0.144 2.601 0.107 1.261 [0.951,1.672]
Gender 0.1 0.227 0.234 0.628 1.116 [0.715, 1.741]
Age 0.021 0.012 2.999 0.083 1.022 [0.997, 1.047]
Constant -0.807 0.756 1.14 0.286 0.446 —
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