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Abstract

This dissertation presents an exploration of the integration of cutting-edge tech-
nologies to enhance American Sign Language (ASL) learning and to improve the
efficacy of mediated human-human textual conversations. Emphasizing user experi-
ence (UX) design, it comprises a series of empirical studies that collectively demon-
strate how user-defined interactions, gamification in camera-based environment can
significantly augment traditional methods of learning.

This research investigates the development and evaluation of a user-defined hand
gesture interface for learning static ASL. The findings indicate that custom ges-
tures substantially increase user motivation and engagement, contributing valuable
insights into the role of personalised interfaces in language acquisition. This is fol-
lowed by a series of experiments focusing on the implementation of an innovative
VR camera-based, gamified learning environment. These studies offer a critical com-
parison between 2D and 3D VR systems in the context of ASL education, revealing
that while 3D environments enhance user engagement and satisfaction, they do not
exhibit a significant advantage over 2D environments in terms of learning outcomes.
This suggests that engagement and effectiveness in learning are not always linearly
related.

Extending the scope of immersive virtual environments, the dissertation intro-
duces a novel approach to ASL learning through immersive VR, specifically targeting
numeric ASL. The approach is evidenced to elicit higher user engagement in compar-
ison to conventional web-based methods, offering evidence that immersive learning
environments can provide more satisfying and efficacious educational experiences.

Collectively, this dissertation contributes to the fields of educational technology
and human-computer interaction. It offers empirical evidence supporting the inte-
gration of user-defined interactions and gamification in enhancing learning processes.
This work provides interesting insights into the design of user-centric educational
tools, highlighting the transformative potential of these technologies in revamping
traditional methodologies and bolstering user engagement and educational experi-
ences.
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CHAPTER 1

Introduction

1.1 Background and Motivation

The integration of technology in education has transformed traditional teaching
methodologies, particularly in specialized domains like language learning. Innova-
tions in Virtual Reality (VR), gamification, and Artificial Intelligence (AI) have
redefined educational experiences, providing new avenues for engagement and in-
teraction |[IH3]. American Sign Language (ASL) learning, which relies heavily on
visual comprehension and spatial awareness, presents unique challenges that these
technologies aim to address [4].

Historically, traditional ASL teaching methods often lacked immersive and inter-
active elements crucial for effective language acquisition [5] as shown in Figure |1.1}
The advent of VR has introduced realistic interaction platforms essential for effec-
tive language learning, providing environments that mimic real-life interactions [6}7].
Concurrently, gamification has proven to enhance learner engagement through ele-
ments of play, increasing both motivation and participation [8].

The application of VR in ASL education has evolved from simple virtual sign

language dictionaries to complex interactive modules that allow users to engage



Figure 1.1: Traditional method to learn sign language.

in virtual conversations, improving both receptive and expressive language skills.
These developments show significant promise in providing a deeper, more intuitive
understanding of ASL syntax and grammar, essential components often difficult to
master through traditional methods [9]. Moreover, gamification in ASL learning not
only increases engagement but also introduces a competitive element that motivates
learners to practice more diligently. By embedding ASL instruction within the
framework of games, learners experience a less formal, more enjoyable approach
to language acquisition, which can lead to increased long-term retention and more
spontaneous language use [10].

This broadened approach not only addresses the technological enhancements in
education but also emphasizes the evolving role of Al in facilitating communication,
thus setting the stage for a detailed exploration of technology-enhanced learning
and communication processes. Despite the potential benefits, integrating these tech-
nologies into a cohesive educational strategy remains a significant challenge. The
effectiveness of VR, gamification, and Al in education and textual communication
requires comprehensive research to explore their synergistic potential and practical
implications. This thesis aims to bridge this gap by examining how these technolo-
gies can be integrated effectively to enhance both ASL education and human-human

textual communication.



Despite recent advances, ASL education remains underserved by adaptive and
immersive technologies. Many existing tools lack interactivity, personalisation, or
accessibility for non-traditional learners, and empirical studies comparing interface
modalities or gamified learning experiences are rare. As noted by Dalgarno and Lee
[11], the affordances of immersive VR—particularly for spatially complex learning
tasks—warrant deeper investigation in language learning contexts.

Moreover, gamification and Al hold promise not just for engagement but for
scaffolding learner autonomy and real-time feedback—critical needs in ASL acquisi-
tion, where expressive feedback is non-verbal and gesture-based |12]. This research
hypothesizes that the integration of immersive environments, game mechanics, and
Al assistance can significantly enhance learning outcomes in ASL by reducing cog-
nitive load, increasing motivation, and providing more natural interaction channels.
The novelty lies not only in the combination of these tools, but in evaluating their

comparative and synergistic impact through multiple focused studies.

1.2 Research Questions and Hypotheses

Based on the outlined objectives, the research questions (RQs) and corresponding

hypotheses (H) guiding this dissertation are:

e RQ1 (Chapter 3): Does immersive VR enhance user engagement and learn-

ing outcomes in ASL education compared to traditional learning methods?

H1: Participants using immersive VR will report significantly higher levels of
engagement and usability (as measured by the UEQ and SUS) than those using

non-immersive methods.

e RQ2 (Chapter 4): How does the integration of gamified interaction (e.g., a
Whack-a-Mole game) affect user motivation and perceived enjoyment in ASL

learning?

H2: The addition of gamified modules will result in improved scores in the

stimulation and novelty dimensions of the UEQ, compared to non-gamified

VR.



e RQ3 (Chapter 5): How does allowing user-defined gestures in VR ASL

platforms influence user experience and satisfaction?

H3: Learners using self-defined gestures will show higher satisfaction and nov-

elty ratings but may face higher cognitive load due to customisation efforts.

e RQ4 (Chapter 6): Does a 3D interface provide better usability and engage-

ment than a 2D interface in ASL VR learning environments?

Hj: The 3D version will lead to higher scores in attractiveness and stimulation

but lower dependability due to increased complexity.

e RQ5 (Chapter 7): To what extent does Al-assisted learning—comprising
real-time sign recognition and adaptive, model-generated feedback—compared
with a non-Al mode, influence learner accuracy and response time across re-

peated and final ASL assessment sessions?

H5: Learners using Al-assisted ASL learning (with real-time sign recognition
and adaptive, model-generated feedback) will demonstrate significantly higher
accuracy and faster response times across repeated practice sessions and in the

final assessment compared to learners using the non-Al mode.

These research questions are designed to be distinct yet complementary, col-
lectively exploring how emerging technologies impact ASL learning from different

perspectives: immersion, gamification, personalisation, and spatial design.

1.3 Research Methodology

1.3.1 Research Design

This dissertation comprises a sequence of interconnected empirical investigations
designed to evaluate the efficacy of innovative technological interventions—namely
Virtual Reality (VR), gamification, and Artificial Intelligence (AI)—in enhancing
the learning of American Sign Language (ASL) and improving mediated commu-
nication. Each chapter of this dissertation describes a separate study, each with

distinct research objectives:



Study 1: Immersive VR Environments for ASL Learning (it has been

published in ECTEL 2023)

Chapter 3: This study explores the potential of immersive VR to enhance the
learning experience of ASL learners, with a focus on the impact of immersive sensory

environments on learner engagement and effectiveness [13].

Study 2: Gamification in VR Learning Environments (it has been pub-

lished in INTERACT 2023)

Chapter 4: Investigates the effects of gamification techniques within VR environ-
ments on learning motivation and effectiveness, analyzing how game-like elements

influence educational outcomes in ASL education [14].

Study 3: Customization of Gesture Interfaces in ASL Learning (it has

been published in ITS 2023)

Chapter 5: Explores user-defined hand gesture interfaces within VR settings, aim-
ing to understand how personalization of gesture controls affects learning engage-

ment and retention in ASL [15].

Study 4: 2D vs. 3D VR Learning Environments (it has been published
in IEEE VR 2024)

Chapter 6: Compares the effectiveness of 2D and 3D virtual environments on user
experience and learning outcomes, providing insights into optimal environmental

configurations for ASL instruction [16].

Study 5: AI vs non-Al Learning Comparison

Chapter 7: Conducted a controlled, repeated-measures study comparing an Al-
assisted ASL learning interface (real-time recognition with targeted feedback) against
a non-Al, predefined-materials condition across three rounds, evaluating effects on

assessment accuracy, response time, and game performance.



These studies employ a combination of quantitative and qualitative methodolo-

gies to provide robust and comprehensive insights into the applied technologies.

1.3.2 Participants

The participant recruitment strategy was designed to ensure a comprehensive anal-
ysis across various demographics, educational backgrounds, and technological profi-
ciencies, corresponding to the nuanced requirements of each study in this disserta-

tion.

General Recruitment Strategy

Participants were recruited from a wide array of sources, including university databases,
online forums dedicated to language learning and technology, social media platforms,
and local community centres known for educational outreach. Efforts were made to
ensure a diverse participant pool in terms of age, gender, and educational back-

ground to enhance the generalizability of the study results.

Study-Specific Recruitment Details

Studies Involving VR (Studies 1, 3, and 4) Recruitment targeted individ-
uals from the general population with varying degrees of familiarity with ASL—from
beginners to intermediate learners—who had limited prior exposure to VR technolo-

gies to mitigate any pre-existing biases towards the technology.

Study Involving Gamification (Study 2) This study specifically sought
individuals with prior gaming experience or exposure to gamified educational tools,
aiming to assess the differential impacts of gamification on individuals accustomed

to such environments.

Demographic Information Collection

Detailed demographic information was collected through pre-study surveys, which
included questions on age, gender, educational attainment, proficiency in ASL, and

familiarity with VR and Al technologies.
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1.3.3 Data Collection Methods

Data were systematically collected across all studies to ensure comprehensive cov-
erage of both qualitative and quantitative aspects. The following subsections detail

the data collection methods employed in each study:

Quantitative Data Collection

e Surveys and Questionnaires: Standardized surveys including pre- and
post-study questionnaires were administered to capture data on user expe-
rience, learning outcomes, and participant satisfaction with the technological

interventions.

Qualitative Data Collection

e Interviews: Semi-structured interviews were conducted post-interaction to
gather in-depth insights into participant perceptions, experiences, and any

challenges faced during the studies.

e Focus Groups: For studies involving communication tools as mentioned in
Chapter 8, focus group discussions were utilized to explore collective views

and debate the implications of Al features on communication efficacy.

1.3.4 Instruments and Tools

The following instruments and technological tools were utilised to facilitate data

collection and ensure the accuracy of data analysis:

Data Collection Instruments

e System Usability Scale (SUS): Employed to quantitatively measure the
usability of the VR and Al systems used in the studies.

e Custom Questionnaires: Developed specifically for each study to assess
variables pertinent to the research questions, such as user engagement, learning

effectiveness, and Al interaction satisfaction.
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1.3.5 Data Analysis

Data collected from the various studies were analysed using both qualitative and

quantitative methods to provide a holistic understanding of the research questions.

Quantitative Analysis

e Statistical Testing: Data were subjected to statistical tests such as ANOVA,
chi-square tests, and regression analysis to determine significant differences and

relationships among the study variables.

e Learning Analytics: In VR and gamification studies, user data analytics
techniques were used to analyse interaction data and assess learning progres-

sion and outcomes.

Qualitative Analysis

e Thematic Analysis: Used to identify, analyse and report patterns within
qualitative data. This method was instrumental in interpreting diverse par-

ticipant responses during interviews and focus groups.

e Content Analysis: Employed to systematically categorise text data from
interviews and open-ended survey responses to quantify and analyse the pres-

ence, meanings, and relationships of such words and concepts.

1.3.6 Ethical Considerations

All study procedures adhered to the ethical guidelines provided by the Institutional
Review Board (IRB) at Durham University. Participants were informed about the
study’s purpose, their right to withdraw at any time, measures taken to ensure
confidentiality, and the handling of their data post-study. Informed consent was

obtained from all participants prior to their involvement in the research activities.



1.3.7 Authorship and implementation

Chapters 3—-6 were designed by the author with targeted code contributions from two
research assistants under the author’s direction; the author integrated the system,
ran all sessions, and performed all analyses. Chapter 7 (AI vs. non-Al) was entirely

by the author—design, implementation, data collection, and analysis.

1.4 Significance of the Study

1.4.1 Results

This dissertation presents a comprehensive evaluation of the impact of integrating
Virtual Reality (VR), gamification, and Artificial Intelligence (AI) into American
Sign Language (ASL) education and mediated human-human textual communica-

tion. The results demonstrate significant advancements, as detailed below:

e Educational Impact: The application of VR and gamification in ASL edu-
cation has significantly enhanced learner engagement and retention. Empirical
evidence confirms that these technologies elevate the learning experience, mak-
ing it more immersive and effective, particularly in enhancing communication

skills within the deaf community:.

e Technological Advancements: This research provides substantial insights
into the operational effectiveness and utility of VR and Al within educational
settings. It outlines both the challenges and benefits of these technologies,

offering a roadmap for their future application.

e Development of AI-Driven Communication Tools: The study’s find-
ings on Al chat assistants illustrate their capability to significantly improve
the quality and efficiency of mediated textual communication, making these

interactions more adaptable and user-centric.



1.4.2 Relevance

The broader implications of this research are profound, impacting various societal,

policy, and economic areas:

e Social Implications: By improving ASL educational tools, this work signif-
icantly contributes to educational inclusivity and accessibility for individuals

with hearing impairments, promoting greater societal integration.

e Policy and Educational Reforms: The empirical evidence provided may
inform policy-making and lead to reforms that advocate for the integration of
advanced technologies in educational frameworks, thereby promoting equality

in educational opportunities.

e Economic Impact: Integrating VR and Al into educational models has
the potential to reduce dependence on physical resources and increase ac-
cess through digital platforms, leading to more cost-effective educational ap-

proaches.

1.5 Thesis Structure

The thesis is meticulously organized into chapters that delve into the application of
cutting-edge technologies such as Virtual Reality (VR), gamification, and Artificial
Intelligence (AI) within the context of American Sign Language (ASL) education
and mediated textual communication. This structured approach provides a coherent
narrative from the exploration of technological implementations to their practical
outcomes and theoretical implications. Below is an outline of the thesis structure

with corrections:

1. Chapter 2: Literature Review
The literature review presents a synthesis of existing research related to the
technologies being investigated. It evaluates previous studies on VR and gam-
ification in education, particularly in language learning, and discusses the evo-
lution of Al-driven communication tools in educational settings.
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2. Chapters 3 to 5: VR and Gamification in ASL Learning
These chapters focus on the application of VR and gamification in ASL edu-

cation:

e Chapter 3: Examines the use of immersive VR environments and their

impact on the engagement and comprehension of ASL among learners.

e Chapter 4: Analyzes the role of gamification elements in motivating

learners and enhancing their participation and retention rates.

e Chapter 5: Discusses the integration of VR and gamification, presenting

a combined analysis of their synergistic effects on learning outcomes.

3. Chapter 6: Comparative Analysis of VR Implementations
This chapter explores different VR learning environments, comparing their ef-
fectiveness in enhancing ASL education. It specifically focuses on assessing the
comparative advantages of various VR technologies and their configurations

in supporting ASL acquisition.

4. Chapter 7: Al-Assisted vs Non-AI (Human-Centred Comparative
Study)
A controlled repeated-measures experiment (three rounds: pre/learn/post +
timed game) compares Al-assisted feedback with a non-AI mode using iden-
tical assessments. We analyse accuracy, response time, improvement, reten-
tion, learning time, adherence, and game scores (linear mixed-effects), plus
interviews via TF-IDF+NMF with SBERT validation. Both groups improve;
AT generally achieves higher post-session accuracy and lower response times
without extra time-on-task. Qualitatively, “clarity” diverges (perception- vs.
correction-based learning), with calls for transparent, controllable replay arte-

facts.

5. Chapter 8: Discussion
An integrated synthesis in Chapters 3-7 answers the RQs: immersion / gam-
ification increases engagement but requires diagnostic specificity to produce

durable gains; 2D can match 3D when cues and feedback are dependable; Al’s
11



advantage reflects guidance quality rather than study time. We situate re-
sults in motor-learning and feedback theory, note mixed/null findings (e.g.,

learning-time parity, condition-dependent variance).

6. Chapter 9: Conclusion and Future Work
The final chapter synthesizes the findings from the individual studies, discusses
the implications for educational technology and communication, and proposes

directions for future research in the field.

1.6 Publication to Date

Note on publications included in this thesis: At the time of submission, six
chapters of this thesis are heavily based on papers submitted for publication or

published in conferences and journals:

e Chapter 3: J Wang, I Ivrissimtzis, Z Li, Y Zhou, L. Shi. Exzploring the Po-
tential of Immersive Virtual Environments for Learning American

Sign Language. Furopean Conference on Technology Enhanced Learning,

pp. 459-474. [13]

e Chapter 4: J Wang, I Ivrissimtzis, Z Li, Y Zhou, L. Shi. Developing and
Evaluating a Novel Gamified Virtual Learning Environment for

ASL. TFTP Conference on Human-Computer Interaction, pp. 459-468. [14]

e Chapter 5: J Wang, I Ivrissimtzis, Z Li, Y Zhou, L. Shi. User-defined
hand gesture interface to improve user experience of learning Amer-

ican sign language. International Conference on Intelligent Tutoring Sys-

tems, pp. 479-490. [15]

e Chapter 6: J Wang, I Ivrissimtzis, Z Li, L. Shi. Comparative Efficacy
of 2D and 3D Virtual Reality Games in American Sign Language
Learning. The 31st IEEE Conference on Virtual Reality and 3D User Inter-
faces. [16]
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Note on publications not included in this thesis: In addition to the pub-

lications mentioned earlier, several other works were published during the research

period for this thesis that contributed to my understanding of the subject matter.

However, these publications do not directly align with the main narrative of this

thesis and therefore are not incorporated into the main body of the text.

Zhaoxing Li, Jujie Yang, Jindi Wang, Lei Shi, Jiayi Feng, Sebastian Stein.
LBKT: A LSTM BERT-based Knowledge Tracing Model for Long-
Sequence Data. The 20th International Conference on Intelligent Tutoring

Systems.

J Wang, I Ivrissimtzis, Z Li, L. Shi. Hand Gesture Recognition for
User-defined Textual Inputs and Gestures. Universal Access in the

Information Society.

7 Li, L Shi, J Wang, Al Cristea, Y Zhou. Sim-GAIL: A generative
adversarial imitation learning approach of student modelling for

intelligent tutoring systems. Neural Computing and Applications 35 (34),
24369-24388.

Z Li, M Jacobsen, L Shi, Y Zhou, J Wang. Broader and Deeper: A
Multi- Features with Latent Relations BERT Knowledge Tracing

Model. European Conference on Technology Enhanced Learning, 183-197.

Y Zhou, L Shi, Z He, Z Li, J Wang. Design Paradigms of 3D User
Interfaces for VR FExhibitions. IFIP Conference on Human-Computer

Interaction, 618-627.

7 Li, L Shi, Y Zhou, J Wang. Towards student behaviour simulation:
a decision transformer based approach. International Conference on

Intelligent Tutoring Systems, 553-562.

C Xiao, B Sun, J Wang, M Liu, J Feng. Breaking through Inequality of
Information Acquisition among Social Classes: A Modest Effort

on Measuring “Fun”. Proceedings of the Second Workshop on NLP for

Positive Impact (NLP4PI), 101-112.
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CHAPTER 2

Literature Review

2.1 Introduction

This chapter presents a literature review that maps the main strands of research
underpinning the empirical work in this thesis. The review is organised around
five themes that align directly with the experimental chapters: immersive VR for
sign language learning (Chapter 3), gamification in education (Chapter 4), gesture-
based learning interfaces (Chapter 5), 2D vs. 3D interfaces in education (Chapter 6),
and Al/LLM-assisted feedback (Chapter 7). Each section synthesises representative
work, highlights gaps, and explains how these motivate the subsequent experiments.

The review is best characterised as a scoping, narrative review rather than a
formal Systematic Literature Review (SLR). The goal is to identify and synthesise
influential and illustrative studies that inform the design decisions and research
questions in this thesis, rather than to exhaustively catalogue every published article
on each topic according to a pre-registered protocol. Accordingly, the search and
selection process is described transparently in Section [2.2] but this chapter does not
claim adherence to the PRISMA framework or to SLR conventions such as multi-

stage screening and structured coding by multiple reviewers.
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2.2 Approach to the Literature Review

2.2.1 Nature and purpose of the review

The review adopts a scoping, narrative approach that is appropriate for a design-
oriented, multi-study thesis spanning several related domains: sign language learning
technologies, immersive and non-immersive environments, gesture-based interfaces,
gamification, and Al-assisted feedback and assessment. Rather than evaluating a
single narrowly defined intervention, the chapter integrates diverse strands of work

to:

e identify key application areas and design patterns relevant to technology-

supported sign language learning;

e synthesise how different types of interfaces (2D/3D, VR, gesture-based, gam-

ified, Al-assisted) have been used in educational contexts;

e highlight conceptual and practical gaps that motivate the research questions

and system designs in later chapters.

The emphasis is therefore on conceptual coverage and design relevance, not on

statistical aggregation or meta-analysis.

2.2.2 Search strategy

The literature search was conducted iteratively using Google Scholar and the ACM
Digital Library as primary sources, with IEEE Xplore and SpringerLink consulted
where appropriate. The main search period covered publications from 2010 onwards,
with earlier foundational work included when identified through citation chaining.
Searches were carried out between 2020 and 2023.

To identify studies relevant to the five themes of the thesis, combinations of the

following queries were used:

“Virtual Reality AND sign language learning”
“Gamification AND education”
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“Gesture-based learning interfaces”
“2D vs 3D VR in education”
“Al OR LLM-assisted feedback in language learning”

Search terms were adjusted as new terminology emerged (for example, specific
platform names or model types) and as relevant references were discovered in the
bibliographies of key papers. Backward citation chaining (examining reference lists)
and forward citation searches (examining later works that cite key papers) were used

to broaden coverage.

2.2.3 Inclusion and exclusion criteria
The following criteria guided the inclusion of studies in the review:

e Topical relevance: The study addressed at least one of the core themes of the
thesis: sign language learning and practice; VR/AR or 3D environments for
learning; gesture-based or vision-based interfaces in education; gamification
or serious games in learning contexts; or Al/LLM-supported feedback and

assessment.

e Publication type and quality: Priority was given to peer-reviewed journal

articles, conference papers, and scholarly book chapters written in English.

e Educational focus: Studies were required to have a clear educational or
training component, rather than focusing exclusively on technical or engineer-

ing performance.
Studies were generally excluded if they:

e focused primarily on clinical rehabilitation or therapeutic applications without

a transferable educational dimension;

e reported only technical benchmarks for recognition models or hardware with-

out involving learners or learning tasks;

e dealt with sign languages solely from a linguistic theory perspective, without

technology-mediated learning or practice.
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These criteria were applied pragmatically. Because the review is scoping and
narrative rather than strictly systematic, some borderline cases that offered particu-
larly relevant design insights were retained even if they did not match every criterion
perfectly (for example, technical papers that included illustrative educational sce-

narios).

2.2.4 Screening and selection

The selection process proceeded in three main stages:

1. Initial screening of titles and abstracts. Search results were first screened
at the level of title and abstract to remove clearly irrelevant material (e.g. work

on unrelated medical imaging or non-educational natural language processing).

2. Full-text inspection and thematic grouping. For the remaining items,
full texts were consulted to confirm relevance to one or more of the five themes.
At this stage, studies were grouped thematically according to their primary
contribution (e.g. immersive sign language systems, gamified learning environ-
ments, gesture-based interaction, 2D vs. 3D comparisons, AI/LLM-supported
feedback).

3. Refinement via citation chaining. Within each theme, key studies served
as anchors for backward and forward citation searches, which added further
relevant work and, in some cases, led to the substitution of earlier or less

complete studies with more recent or comprehensive ones.

The search initially yielded several hundred records across the different query
combinations. After de-duplication, screening and full-text inspection, a subset of
approximately one hundred studies was retained as most relevant to the aims of this
thesis. In this chapter, the focus is on representative studies that together provide
an overview of the field and highlight major trends and research gaps; the intention

is not to exhaustively review every included work.
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2.2.5 Data extraction and synthesis

For the studies that were retained, information was extracted on:
e the learner population and learning goals;

e the type of technology or interface used (e.g. desktop 2D, VR/AR, gesture-

based, mobile game);
e the role and form of feedback and/or assessment;

e study design and key findings related to performance, engagement, and user

experience;
e design implications, limitations, and open questions reported by the authors.

The findings are synthesised narratively within thematic sections. Rather than
computing aggregate effect sizes, the synthesis compares design choices, highlights
converging and diverging findings, and traces how these patterns motivate the re-

search questions, hypotheses, and system design decisions developed in Chapters 3—

7.

2.3 Immersive VR for Sign Language Learning

(Chapter 3)

In line with the scoping, narrative approach described above, this section highlights
representative work on immersive VR for sign language learning and related educa-
tional contexts that informs the design and motivation of Chapter 3.

Virtual reality (VR) has been widely applied in education for its ability to foster
immersion, presence, and embodied interaction. Within language learning, [17] de-
veloped an immersive tutor for American Sign Language (ASL), showing that learn-
ers reported higher engagement when practising in VR. Similarly, [18] evaluated
a VR-based sign practice system and found positive usability results, particularly
for repetitive rehearsal of gestures. Both studies demonstrate the promise of VR

in ASL education, but do not compare against alternative platforms. Broader VR
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research confirms these benefits. |19] reviewed immersive learning technologies and
concluded that VR enhances motivation through embodied presence. [20] conducted
controlled studies in VR science education, finding higher spatial learning gains than
2D materials. Likewise, [21] reported that immersive VR produces stronger engage-
ment than 2D, though not in ASL contexts. Interaction modalities have also been
investigated. [22] highlighted how naturalistic gesture interaction in VR improves en-
gagement, while [23] showed immersive gesture-based learning increases satisfaction
compared with traditional interfaces. In the ASL domain, [24] designed a gamified
VR platform for sign practice, but evaluation was limited to usability reports.
Across these works, VR demonstrates educational benefits, but there is no con-
trolled study comparing immersive VR with non-immersive, web-based platforms in
ASL learning. Chapter 3 addresses this by experimentally contrasting ASL numeral

learning in a VR environment versus a web environment.

2.4 Gamification in Education (Chapter 4)

Following the same scoping logic, this section surveys representative literature on
gamification in education with a focus on implications for ASL learning and the
design of Chapter 4.

Gamification has emerged as a strategy for increasing motivation in learning
contexts. [25] showed that gamified VR environments improve collaboration and
motivation. In language education, [26] demonstrated that gamification fosters bet-
ter retention. [27] similarly found positive impacts of gamification on student en-
gagement across digital platforms. Specific to sign language, [12] created a gamified
ASL environment that encouraged practice through interactive challenges. However,
evaluation was limited in scope and lacked a controlled study of learning outcomes.
Other reviews, such as [28], confirm that gamification boosts motivation in education
broadly, but stress the need for domain-specific evaluation. |25] and [21] also note
that gamification often amplifies the benefits of immersive environments, though the
empirical evidence for ASL contexts is absent. [29] examined mobile-based language

apps and found that game mechanics improve retention, yet these findings have not
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been extended to VR-based ASL practice.

While gamification is proven to motivate learners, there is little rigorous eval-
uation in ASL-specific VR settings. Motivation: Chapter 4 addresses this by
developing a gamified “Whack-a-Mole” ASL game and evaluating its effects on mo-

tivation and learning.

2.5 Gesture Interfaces and Personalisation (Chap-

ter 5)

This section focuses on gesture-based interfaces and personalisation as they relate
to ASL and to the study design in Chapter 5.

Gesture interfaces provide natural interaction in immersive learning. [30] re-
viewed gesture technologies in VR, confirming they enhance immersion. [19] studied
gesture use in immersive contexts and found learners valued the embodied experi-
ence. In sign language research, [31] advanced neural recognition models for ASL,
demonstrating technical accuracy but with limited pedagogical focus. [32] and [33]
both used gesture recognition in VR for ASL, yet the systems relied on predefined
gestures, limiting learner personalisation. Beyond ASL, [34] evaluated gesture in-
terfaces for general education tasks, showing usability benefits but again without
customisation. [35] and [36] highlight that gesture input contributes to engagement
in VR language learning, but neither investigated the effects of user-defined gestures.

Most gesture-based ASL systems emphasise recognition accuracy but not learner
personalisation. Chapter 5 investigates predefined versus user-defined gestures, ex-

amining their impact on usability and satisfaction.

2.6 2D vs 3D VR Interfaces (Chapter 6)

Here, the focus shifts to comparisons between 2D and 3D/VR interfaces, and how
this literature motivates the study in Chapter 6.
Across STEM and skills training, 3D/VR often yields higher presence and en-

gagement than 2D media, with several studies reporting stronger subjective im-
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mersion and, in some cases, improved learning |17,/37-41]. However, the evidence
on learning outcomes is mixed: advantages emerge when 3D affordances (e.g., spa-
tial manipulation, multi-view inspection) are instructionally leveraged, but diminish
when content and practice do not require those affordances [42]. Notably, there are
no controlled comparisons of 2D vs. 3D interfaces for ASL learning; prior work using
VR for ASL does not isolate dimensionality effects [17], and mobile 3D gains have
been shown outside the ASL context [43].

Positioning of Chapter 6. We therefore test whether the well-documented pres-
ence advantage of 3D translates into measurable ASL vocabulary gains relative to

a matched 2D interface, holding pedagogy and practice dosage constant.

2.7 Al and LLM-Assisted Feedback (Chapter 7)

Finally, this section reviews work on Al- and LLM-assisted feedback and tutoring,
with a focus on implications for ASL learning and the experiment in Chapter 7.

Artificial intelligence (AI) tutors are increasingly used in education. [44] demon-
strated that intelligent tutoring systems improve learning outcomes through adap-
tive feedback. Recent reviews, such as [45], highlight ChatGPT’s potential in pro-
viding contextualised feedback for students. [46] also identified Al feedback as a
critical trend in immersive learning. In sign language, Al has mostly been applied
to recognition. [47] proposed transformer-based ASL recognition, while [48] used
gesture recognition for ASL tutoring. These works show technical progress but do
not provide adaptive feedback for learners. [49] and [50] explored Al-enhanced lan-
guage apps, reporting higher personalisation, but not applied to ASL. [51] noted
the integration of Al into VR environments, but without empirical evaluation of
tutoring effects.

While AT/LLMs are emerging as powerful tutors, no studies apply them to ASL
learning. Chapter 7 pioneers this by comparing an LLM-assisted adaptive learning

path with a predefined one for ASL.
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CHAPTER 3

Exploring the Potential of Immersive Virtual Environments for

Learning American Sign Language

In this chapter, we elaborate on the study comparing immersive virtual environments
with websites for learning American Sign Language (ASL). The research presented
in this chapter was published at the 2023 European Conference on Technology En-

hanced Learning.

3.1 Introduction

The World Health Organization (WHO)E] predicts that, by 2050, about 2.5 billion
people will have some degree of hearing loss, and at least 700 million of them will need
some sort of hearing rehabilitation. The rehabilitation training procedures for people
with hearing loss include the use of sign language and various alternative sensory
techniques such as voice reading, writing with fingers on the palm of the hearing-
impaired, and vibration sensing. While the most common form of communication

for those who are deaf is sign language, most people without hearing loss have never

Thttps:/ /www.who.int/zh /news-room/fact-sheets/detail /deafness-and-hearing-loss
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studied sign language, making communication between these two groups challenging.
Thus, the learning of sign language has become a key topic in educational research
to break down communication barriers between diverse groups.

In the past years, face-to-face teaching of sign languages has been severely af-
fected by the COVID-19 restrictions, with alternative online approaches filling in
the gap. The majority of the latest approaches to teaching sign languages [52(-54]
employ website-based tools, while approaches based on immersive virtual reality
(VR) technology [14] are more sparse in the literature. The following are some of
the few studies on the VR-based approach. Adamo et al. [55] proposed the use of an
immersive 3D learning environment to increase the mathematical skills of deaf chil-
dren by teaching mathematical concepts and ASL’s math terminology through user
interaction with fantasy 3D virtual signers and environments. Schioppo et al. [56]
proposed a sign language recognition method using features extracted from data
acquired by a Leap Motion controller from an egocentric view. The method was
tested on the 26 letters of the ASL alphabet. In a related development, Phan et
al. [57] used motion tracking to trial a number of different methods for providing
user feedback in a sign language learning system.

For the purposes of our study, we created a learning environment employing
widely used VR technology to provide users with an immersive environment for
learning numbers 0-9 in American Sign Language (ASL). Several issues with existing
website-based and immersive approaches were identified and addressed in the design
of our system, including small datasets for training the gesture recogniser, a lack of
real-world settings, and most importantly, a lack of user satisfaction for sustained
engagement with the system. To improve user experience, inspired by the ASL Sea
Battle [12], a sign language game that was created by Bragg et al. to facilitate the
gathering of user data, we developed and introduced into the system a Whack-a-
Mole type of game.

To the best of our knowledge, no previous user studies are focusing on comparing
website-based with VR-based systems, especially for learning 0-9 in ASL. Hence,
we conducted a user study based on the survey scheme proposed by Schrepp et

al. [58], aiming at comparing differences in user experience between an immersive
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and a website-based environment. The website-based environment was developed by
Quizlet Pl To make fair comparisons, the design aimed at maximising the consistency
between the two environments.

Summarising, the main research question motivating our work: “Does an im-
mersive ASL learning environment provide a better user experience
compared to a web-based learning environment?”, was looked into within
the context of an immersive environment for learning numbers between 0 and 9 in

ASL. Our main contributions are as follows:

1. We implemented a novel immersive virtual environment for ASL learning with

a Whack-a-Mole type of game.

2. We provide initial evidence that immersive virtual environments can enhance
users’ learning experience and engagement when compared to website-based
learning environments for ASL. This suggests that incorporating immersive el-
ements into ASL education may be a promising direction for improving learn-

ing outcomes and user satisfaction.

3.2 Related Work

First, we briefly review sign language recognition, which is a crucial technology
for computer-assisted sign language learning and an important technical part of
our system. Then, we go over some current research on web-based sign language
learning, concentrating on the issues of effectiveness and usability of the website’s
features. Finally, we review research on sign language as a communication tool in
general, going beyond the learning of the language.

Sign language recognition: Bheda et al. [59] proposed a method based on
deep convolutional neural networks (CNNs) to recognize images of gestures of the
letters and digits in ASL. Kim et al. [60] proposed a novel sign language recogni-
tion method, which employs an object detection network for a region of interest

(ROI) segmentation to preprocess the input data. Battistoni et al. [61] described a

Zhttps://quizlet.com /560702085 /asl-numbers-0-9-flash-cards/
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method for ASL alphabet recognition based on CNNs, which allows for monitoring
the users’ learning progress. Jiang et al. [62] proposed a novel fingerspelling identi-
fication method for Chinese Sign Language via AlexNet-based transfer learning and
evaluated four different methods of transfer learning. Camgoz et al. [63] introduced
a novel transformer-based architecture that jointly learns Continuous Sign Language
Recognition and Translation while being trainable in an end-to-end manner. Zhang
et al. [64] proposed MediaPipe Hands, a real-time on-device hand tracking pipeline
to compute hand landmark positions from a single RGB camera frame for AR/VR
applications. Goswami et al. [65] created a new dataset for ASL recognition and
used it to train a CNN-based model for hand gesture recognition and classification.
Finally, Pallavi et al. |[66] presented a deep learning model based on the YOLOv3
architecture, reporting high recognition rates on the ASL alphabet.

Having reviewed the existing work on sign language recognition, we concluded
that Mediapipe is the most suitable tool for the purposes of this paper, and thus,
we used it for sign language recognition, benefiting from its highly accurate, real-
time detection of hand landmark points. Moreover, as an open-source hand gesture
detection framework from Google, it is well-documented and supported.

Website-based sign language learning: Kumar et al. [67] proposed a sign
language translation system based solely on visual input, employing deep learning
for accurate translation. Joy et al. |[68] proposed SignQuiz, a finger-spelt sign learn-
ing application for Indian sign language (ISL), utilizing automatic sign language
recognition techniques. Vaitkevicius et al. [69] presented a system capable of learn-
ing gestures using the data from the Leap Motion device and classifying them with
Hidden Markov Classification (HMC). Bird et al. [70] used a late fusion approach
for sign language recognition from multi-modal data. They significantly improved
the overall accuracy compared to single-modality image classification (88.14%) and
Leap Motion data classification (72.73%). John et al. [71] proposed a system aim-
ing at handling regional variations in vocabulary and grammar through a common
vision-based platform. Empe et al. [52] developed a smartphone app called Sim-
boWika to help deaf primary school kids learn Filipino Sign Language. They were

motivated by the observation that communication between those who have hear-

25



ing loss and those who do not can be challenging, especially when considering the
unique perspective of persons with hearing loss language, and the lack of proficiency
in sign language by those without hearing loss. Estrada et al. [53] proposed a web
tool aimed at kids with and without hearing difficulties. They used a game to help
children learn sign language through play. Patricks et al. [54] developed the interac-
tive website application Sign2Sign, integrating real-time sign language detection Al,
dynamic 3D avatars, and conversation-focused sign language instruction to support
sign language education.

We note that, despite the significant size of some of the research projects behind
these proposed methods and systems, there is no systematic evaluation of how users
are affected by their interactions with these systems and, ultimately, how well the
sign language students are progressing. Thus, we argue that user research is neces-
sary, and the questionnaire interview format seems to be appropriate for an initial
investigation.

Sign language applications: Bantupalli et al. [72] presented a vision-based
application for translating sign language to text, thus aiding communication be-
tween signers and non-signers. Their recognition model takes video sequences and
extracts temporal and spatial features from them. Schnepp et al. [73] argued that
an animated sign language dictionary is a valuable resource for caregivers learning
to communicate with residents who use sign language. They developed such a tool
using a human-centred design methodology. Samonte [74] developed an e-tutor sys-
tem, assisting instructors with course delivery and assessment. Economou et al. [21]
developed a Serious Game (SG) aiming at closing the communication gap between
the able hearing people and those with hearing impairment. Their tool facilitates
sign language learning, specifically targeting the adult population. Wang et al. [15]
developed a gamified sign language environment with characteristics that users could
personalise. They found that gamification improved user experience. The research
we reviewed on sign language applications shows that dictionary searches and gam-
ification can improve users’ motivation, which informed our choice to include such
features in our system design.

Our survey of the literature verified that, as we have already noted, the majority
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of the existing work utilizes web-based solutions for the creation of sign-language
learning interfaces. This is often the most convenient solution, making it easy for
the user to access all the learning materials. However, on the other hand, such
an approach can lead to users developing a sense of repetitiveness and feelings of
boredom. This is an observation supported by user feedback on such systems, and
in fact, some users would drop out of the learning process altogether due to a lack
of motivation [75].

Thus, the main objective of our work is to investigate whether virtual environ-
ments can provide a better user experience in sign language learning. We built a
VR-based system that provides users with an immersive experience and added a
quiz and a small game to stimulate users’ interest and improve their experience.
We note that recent advances in VR technology mean that there is a more general
trend of migration of online tasks from web-based systems on the 2D planar screen
to the immersive 3D space [76]; our system does something similar for sign language
learning. Moreover, noting the absence of user research on the subject, in order to
determine if an immersive learning environment can indeed improve the user expe-
rience when learning a sign language, we invited two groups of users to undertake
an interview survey. Our aims were to evaluate our system and compare the user

experience of learning 0-9 in ASL with a website-based learning environment.

3.3 User Interface of Immersive Environment and

Website

This section provides an overview of the key components of the proposed immersive
environment and the main features and user interfaces to compare with the web-

based learning environment, as shown in Figure [3.2] and Figure 3.3

3.3.1 The Immersive Learning Environment

As shown in Figure [3.2] the immersive environment was designed with clear spatial

separation of instructional and interactive elements. The dictionary wall (centre)
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Figure 3.1: System architecture for hand gesture recognition using 21 hand land-
mark points. The PC camera captures real-time video input, which is processed by
MediaPipe to extract 21 feature points (x, y coordinates) from the hand. These fea-
tures are preprocessed and then fed into a Multi-Layer Perceptron (MLP) classifier
to recognize hand gestures, producing the final output.

helps users learn ASL numbers, while the right instruction panel guides their task
sequence. This layout was chosen to minimise confusion and promote flow in the
learning experience. The whole scene was created in Unity (2020.3.32f1). The
system supports basic object interaction through gaze-based selection (e.g., clicking
or picking an object after 3 seconds of fixed attention).

The image acquisition was done by an integrated camera, linked to a PC using
openCV (3.4.2) |77]. Regarding gesture recognition, Mediapipe was used to detect
the user’s hand and extract a sequence of 21 feature points (pg, p1, P2,-.-,P20), corre-
sponding to landmarks on the detected hand. We set pg, the point at the bottom of
the palm near the user’s wrist, as the origin of the frame’s coordinate system. Let

(x;,y;) be the coordinates of the point p;. They are normalized by

T; — Xo Yi — Yo

;= o= . i=1,2,...,20. (3.1)
xmaa} y’max
where
Timae = max(|ry — x|, |T2—x0|, ..., |T20 — Tol|)
(3.2)
Ymax :ma$(|yl—y0|7 |y2—yo|, ---,’y20—y0|)

and are then fed as a feature vector to the classifier as shown in the Figure |3.1}

The classifier is a multilayer perceptron consisting of three fully connected layers,

implemented in Python 3.6 and Tensorflow 2.6.0. We trained the classifier on a

commodity PC with an RTX3080 GPU. The obtained recognition accuracy rates
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were above 90%, a result that was deemed sufficient for the purposes of this study
as it is expected to support an overall smooth user experience.

The implemented user interfaces comprise four different modules: Instructions,
Sign Language Dictionary, Quiz, and Whack-a-Mole Game, respectively.

Each module is described in more detail below.

Iostructions

2, aft L
please o o the ASL(0-9) Loarning
intorfaca for the O&A seazion.

‘5 men ISy 3 game bazad an ASL

Figure 3.2: The user’s perspective inside the VR learning environment, showing the
dictionary wall in the centre, the instruction panel on the right, and game interface
objects distributed on the left. Users interact with the system using hand gestures
recognised by the front-mounted camera.

Instructions

In order to make the system easy to use, we created an Instructions interface,
which also serves as the point of entry when the user logs into the system. In this
interface, the user is introduced to the following three basic steps of the learning

process, see also Fig. (right).

1. Consulting the numbers 0-9 in an ASL dictionary (located to the left of the

Instructions) to familiarise themselves with ASL 0-9 for about 5 minutes.

2. Users can self-assess their study of ASL 0-9 by accessing the Quiz module.
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Figure 3.3: The website-based 0-9 ASL learning environment.

3. Users can engage in a game of Whack-a-Mole.

Sign language dictionary

We created an ASL dictionary for users to search. Fig. shows illustrations of

how the user can sign/express the numbers 0 to 9 (to the left of the Instructions).

Quiz

To improve the efficacy of the learning process, we integrated into the system a
question-answer module that allows the users to assess their level of competence and,
at the same time, exercise their signing skills by responding to a series of questions
generated at random from a data bank. In the example shown in Figure. the
system pulled from the data bank the question “Can you sign for 97”. After perhaps
consulting the dictionary, and if they have developed the appropriate skill, the user
can sign the word “9”. Alternatively, they can select the “I don’t know” option,

and the system will demonstrate to them the appropriate expression. In that case,
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Instructions

1.First cansult the dictionary
{located to the left of
introduction) for ASL D-9.

2. After consulting the dictionary,
please go to the ASL{0-9) Learning
interface for the O&A session.

3. Then play a game based on ASL
{0-9).

Figure 3.4: The user’s initial perspective of 0-9 ASL Dictionary and Instructions.

the user will also be advised to continue exercising until they indicate that they feel

comfortable signing that digit by pressing the relevant button.

Whack-a-Mole game

We adopted the Whack-a-Mole game and implemented a sign language-based version
of it, aiming to engage users and improve their learning experience. In our game,
as shown in Figure [3.6] each location is marked by a unique identifier. If the user
signs correctly the current position of the gopher, one point is added; otherwise, no
point is awarded. By default, if the user does not sign the gopher’s location within

3 seconds, a new gopher will appear. The total duration of the game is 30 seconds.

3.3.2 Website Environment

Fig.[3.3|shows the user interface of learning 0-9 ASL in a website environment, which
includes Flashcards, Learn and Match.

The Flashcards corresponds to the user interface of the sign language dictionary
in the VR environment so that users can quickly become familiar with the repre-
sentation of 0-9 numbers. Besides, the Learn module, like the Quiz interface, is

31



ASL (0-9) Learning

Question: Can you sign for 9

Start ‘ ‘ | don't know

Figure 3.5: The 0-9 ASL learning quiz module in a VR environment.

used to further enhance the user’s familiarity with the 0-9 ASL as shown in Fig.
Moreover, the Match, module as shown in Fig. like the Whack-a-Mole game,

is a match game used to enhance the entertainment of learning 0-9 in ASL.

3.4 Methodology

With the intention of collecting user feedback, which would serve as the study’s
data source, we invited 15 users (M = 8, F = 7) to test the immersive sign lan-
guage learning environment we developed, and 15 different users (M = 8, F = 7) to
test the website-based ASL learning environment. All participants had no formal
training in ASL or any other sign language. A few participants reported casual
exposure—for instance, having seen one or two signs in videos or during informal
encounters—which defined as ‘minimal” knowledge.

Users of the immersive environment first read the Instructions interface to be-
come familiar with the learning procedure and then moved to the 0-9 ASL dictionary
to spend 5 minutes studying the representations of the 0-9 digits. Users were en-
couraged to use the Quiz interface and take quizzes after they felt comfortable with

them, and to use the Whack-a-Mole interface to play the game when they consid-
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Figure 3.6: The 0-9 ASL learning game in a VR environment.

Definition =]

7,

11 2 5

Choose matching term

Figure 3.7: The 0-9 ASL learning quiz module in a website environment.

ered themselves familiar with them. In the website-based environment, users first
queried the Flashcards for 5 minutes to get familiar with 0-9 in ASL, then they
were encouraged to click the “Learn” button to take quizzes that contain multiple
choice questions, and finally to click the “Match” button to enter the match game.

We adopted the user survey scheme proposed by Schrepp et al. , which is
commonly used for evaluating the user experience in interactive systems, comprising
six scales, each one representing a distinct user experience aspect: Attractiveness,
Efficiency, Perspicuity, Dependability, Stimulation, Novelty. Each scale is
divided into either six or four more specific items, as shown in Table Following
the recommended protocol, we evaluated the user experience, on each of the 26

items, on a 7-point Likert scale ranging from -3 (fully agree with a negative term)
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Figure 3.8: The 0-9 ASL learning game in a website environment.

to +3 (fully agree with a positive term). After the completion of the questionnaire,

qualitative feedback was collected through follow-up interviews with the users.

Table 3.1: User experience questionnaire.

Attractiveness Perspicuity

A1: annoying / enjoyable P1: not understandable / understandable
A2: good / bad P2: easy to learn / difficult to learn

A3: unlikable / pleasing P3: complicated / easy

A4: unpleasant / pleasant P4: clear / confusing

Ab5: attractive / unattractive
AG6: friendly / unfriendly

Efficiency Dependability

E1: fast / slow D1: unpredictable / predictable

E2: inefficient / efficient D2: obstructive / supportive

E3: impractical / practical D3: secure / not secure

E4: organized / cluttered D4: meets expectations / does not meet expectations
Stimulation Novelty

S1: valuable / inferior N1: creative / dull

S2: boring / exciting N2: inventive / conventional

S3: not interesting / interesting | N3: usual / leading edge
S4: motivating / demotivating | IN4: conservative / innovative

3.5 Result Analysis

In this section, we present the analysis of the data collected from the two groups,
aiming at a comparison of user experience between the VR and the Web-based
environments. Figure 3.9 and Figure [3.10] show the distribution of scores for each
question in the two learning environments.

Figure and Figure show mean value scores for each item in the two
learning environments. Clearly, the distribution of the mean scores of VR is more
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Figure 3.9: The score distributions for the VR environments.

favourable than that of the web-based environment, indicating higher user satisfac-
tion when using the former. We also notice that all mean scores for the VR are
positive, while those for the Web are mixed. From qualitative user feedback, we
found that the items with negative mean scores are mostly because users felt bored
during the Web learning sessions.

To further compare the user experience in the two learning environments, we
studied user feedback against the benchmark proposed in |7§|. In that paper, the au-
thors analysed a large database of questionnaire responses and proposed the bench-

mark intervals in Table 3.2
e Excellent: In the range of the 10% best results.

e Good: 10% of results better, 75% of results worse.
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Figure 3.10: The score distributions for the Web environments.
e Above average: 25% of results better, 50% of results worse.

e Below average: 50% of results better, 25% of results worse.

e Bad: In the range of the 25% worst results.
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Figure and Figure depict the distribution of six scales in Benchmark in-

tervals, in which different colours represent different benchmark intervals. We can

observe that the mean values of six scales except Stimulation in the VR envi-

ronment are above average; this indicates that a large number of users can accept

learning ASL 0-9 in VR, while in the Web environment, the mean values of six scales

are almost below the average, indicating that users have a low acceptance of learning

ASL 0-9 on website. The six scales in the two learning environments are analysed

below.

Attractiveness: the average score in VR is 1.311 (SD = 0.791) in the “above
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Figure 3.11: Mean value scores for each item in VR environments.

average” category, while for Web it is -0.478 (SD = 0.511) in the “Bad” category.
This suggests that users find the VR environment more attractive for them to learn
sign language. However, it received low scores from several users in terms of “an-
noying/enjoyable”, as shown in Figure This could be due to the fact that the
user needs to wear a headset which increases their learning burden. Besides, for the
web-based environment, it received low scores in terms of “unpleasant/pleasant”, as
shown in Fig. |3.10, This may be because the content they were learning was not
interesting enough.

Perspicuity: the average score for VR is 1.233 (SD = 0.848) in the “above
average” category, while for Web it is 1.033 (SD = 0.611) in the “Below average”
category. The two platforms have similar scores on this scale and are both around

the average, indicating that the perspicuity of both platforms is well-received by
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Figure 3.12: Mean value scores for each item in the Web environments.

users.

Efficiency: the average score for VR is 1.350 (SD = 0.915) in the “above av-
erage” category, while for Web it is 0.550 (SD = 0.536) in the “Bad” category.
Although the score of VR is higher than that of the Web, the standard deviation of
VR is also larger than that of the Web, indicating that VR fluctuates greatly under
the efficiency scale. The possible reason is that some users have used VR equipment
before and did not need to re-learn the use of VR equipment; while some users had
no experience in using VR before and needed to learn the use of VR, which might
increase their learning load.

Dependability: the average score in VR is 1.250 (SD = 0.829) in the “above
average” category, while for Web it is 0.200 (SD = 0.316) in the “Bad” category.

Although the standard deviation of VR on this scale is large, it means that some
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Table 3.2: Benchmark intervals for the user experience scales.

Attractiveness | Perspicuity | Efficiency | Dependability | Stimulation | Novelty
Excellent > 1.75 > 1.78 > 1.90 > 1.65 > 1.55 > 1.40
Good 1.52, 1.75) 147, 1.78) | [1.56, 1.90) 1.48, 1.65) 1.31, 1.55) | [1.05, 1.40)
Above average 1.17, 1.52) 0.98, 1.47) 1.08, 1.56) 1.14, 1.48) 0.99, 1.31) 0.71, 1.05)
Below average 0.70, 1.17) 0.54, 0.98) | [0.64, 1.08) 0.78, 1.14) 0.50, 0.99) | [0.30, 0.71)
Bad <0.70 <0.54 <0.64 <0.78 <0.50 <0.30
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Figure 3.13: Benchmark intervals for the six scales in VR.

users feel that VR needs to be strengthened in terms of Dependability. Several
users thought they executed the right gesture but were judged as being wrong. The
back-end gesture recognition algorithm may be underperforming due to inadequate
training data for particular gestures, resulting in low recognition accuracy rates.
Future developments are planned to train recognition models to better generalize to
user hand physiological variances.

Stimulation: the average score in VR is 0.867 (SD = 0.784) in the “Below
average” category, while for Web it is -0.233 (SD = 0.563) in the “Bad” category.
The score of VR on this scale is higher than that of the Web, because according to
the feedback of users, learning sign language on the Web was only a selection with
a mouse click, while in VR, sign language could be used to express numbers in an
immersive way, which is more attractive to them.

Novelty: the average score in VR is 1.067 (SD = 0.651) in the “above average”
category, while for Web it is -0.433 (SD = 0.306) in the “Bad” category. Today’s
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Figure 3.14: Benchmark intervals for the six scales in the Web.

Table 3.3: Means and p-values for the three groups of scales.

Pragmatic and Hedonic Quality | VR | Website | P-Value
Attractiveness 1.31 -0.48 5.73216E-20
Pragmatic Quality 1.28 0.59 1.86984E-09
Hedonic Quality 0.97 -0.33 1.23737E-18

users are acclimated to searching and learning content on the web, hence the Web’s
score on this scale is low. VR scores higher than the Web because many people have
never learned in VR and find it novel.

In , the scales of the user experience questionnaire are grouped into prag-
matic quality (Perspicuity, Efficiency, Dependability), and hedonic quality (Stimula-
tion, Novelty), while Attractiveness is a pure valence dimension. Pragmatic quality
describes task-related quality aspects, and hedonic quality describes the non-task-
related quality aspects. Table shows the mean scores for the two environments
over these grouped scales, and the corresponding p-values. We note that, in all cases,
we have statistically significant differences, especially regarding attractiveness and

hedonic quality.
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3.6 Discussion

We used VR technology to create an immersive environment for learning numbers
in ASL and conducted a user study on it. We investigated whether immersive
environments can provide a better user experience. Our hypothesis that users prefer
to learn ASL 0-9 in an immersive, rather than a website-based environment, was
tested with a questionnaire-based study on two groups of users.

We employed six assessment scales — Attractiveness, Efficiency, Perspicu-
ity, Dependability, Stimulation, Novelty — on which users judged the system’s
design. The results show that our immersive ASL learning system performs effec-
tively and can essentially meet user requirements for ASL learning. Thus, we were
able to answer affirmatively the research question of whether an immersive ASL
learning environment provides a better user experience to learn ASL. The analysis
of environmental experience reveals that most users prefer to learn sign language
in an immersive VR environment, probably because it is more experiential, while
only very few users prefer to learn ASL via the web-based learning environment, pri-
marily because they find it convenient and user-friendly to search for sign language
information on web pages.

We note that, even though most users prefer immersive VR learning environ-
ments, the technology is still in its early stages of development. The system needs
to be further streamlined and tweaked for specific functions to enhance the user ex-
perience. In particular, qualitative user feedback revealed the following limitations

of the immersive VR learning environment.

3.6.1 Limitations

One important limitation of this study is the potential influence of the novelty effect
associated with VR. Users were introduced to the immersive learning environment
for the first time, and their high satisfaction ratings may partly reflect the novelty
of the experience rather than the long-term usability or educational effectiveness of
the system. Future longitudinal studies involving repeated use over multiple sessions

are necessary to determine whether user engagement and satisfaction persist once
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the novelty wears off.

For each assessment scale, the main limitations of the system’s design and im-
plementation were as follows. Attractiveness: some users complained that there
weren’t any animated hints when sign language was correctly deciphered. The user’s
experience could be improved by including animated hints. Efficiency: some users
have complained that our interface is not sufficiently automatic because playing the
sign language game requires them to press the start button actively. Perspicuity:
some users have reported that they did not know how to move around in the scene.
Dependability: some users reported that they had made the correct sign language
while playing the game, but the system judged that it was wrong, resulting in a
lower score for the user. Stimulation: from the analysis of the stimulation scale
results, a small number of users gave low scores, indicating that our system needs
to be designed more creatively. Novelty: a small number of users thought that
the system was not innovative enough, perhaps because they perceived the learning
model as too easy.

Additionally, there were several methodological issues with our study that need
to be considered. Firstly, with only 30 people taking part in the user survey, the
sample size is relatively small and may not give an accurate representation of the
intended audience. Secondly, as our study included only Chinese participants, the
findings might not apply to people from different cultural backgrounds. To ensure
broader validity of the findings, future studies should be based on larger and more

varied samples.

3.7 Conclusion

We developed a virtual setting that gives users an immersive experience for learn-
ing ASL. We created four user interfaces corresponding to four distinct types of
functionality, enabling users to easily comprehend the system’s workflow and each
phase of ASL learning: an instruction module, an ASL dictionary, a quiz module,
and an ASL game based on Whack-a-Mole. To determine the acceptability of our

Uls and evaluate user satisfaction with the virtual environment design, the findings
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of a user questionnaire were analysed (N = 30). The results indicated that users
were generally satisfied with the virtual environment we built, and they preferred it
against the website-based learning mode. Overall, the outcome supports our initial
hypothesis that immersive virtual environments can improve users’ experience of
learning ASL.

In the future, we plan to include in our immersive environment more interactive
elements such as backdrop movement, scene changes, and animation prompts. We
also plan to implement various automatic settings to minimize the need for user
interaction for the control of the system, and a follow-through user interface will
be created so that the user can comprehend how to move the items in the scene.
Furthermore, a more robust sign recognition model will be created, allowing us to

include more sophisticated sign language learning material.
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CHAPTER 4

Developing and Evaluating a Novel Gamified Virtual Learning

Environment for ASL

In this chapter, we further the investigations begun in Chapter 3 by integrating addi-
tional educational content, specifically enabling users to learn the alphabet through
an immersive virtual reality (VR) environment. This development represents an
enhancement over Chapter 3, which was limited to the exploration of numeric con-
tent within similar VR settings. By broadening the scope to include alphabetic
learning, we aim to provide a more comprehensive educational tool that caters to a
wider range of learning objectives. The expanded research and its implications were

presented at the 2023 IFIP Conference on Human-Computer Interaction.

4.1 Introduction

Sign language is a visual language that uses hand gestures and facial expressions to
convey meaning. It is primarily used for communication with individuals who are
deaf or hard of hearing or who experience difficulty speaking. Learning sign lan-
guage is important for several reasons. Firstly, it enables better communication and

social interaction with the hearing-loss community, thereby promoting inclusion and
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understanding. By learning sign language, one can break down communication bar-
riers and establish meaningful connections with individuals who might otherwise feel
excluded. Secondly, learning sign language has been shown to have numerous cogni-
tive benefits, including enhancing cognitive development and language skills [79]. It
is widely acknowledged that learning a second language has cognitive benefits, and
the same is true for sign language. Finally, for individuals who experience hearing
or speech impairments, sign language can serve as a crucial mode of communica-
tion, allowing them to participate more fully in society. Despite the importance
of learning sign language, traditional web-based methods of learning have not been
able to generate much interest among learners, partly because of a lack of novelty.
Therefore, there is a need for more engaging and innovative approaches to learning
sign language that can increase user engagement and promote effective learning.
While immersive VR systems have demonstrated promise in improving user expe-
rience in ASL learning (as explored in Chapter 3), the role of gamification—particularly
in expanding content from numeric to alphabetic learning—remains underexplored.
Prior studies in learning sciences and HCI suggest that integrating game mechanics
can enhance motivation, increase engagement, and foster more sustained interac-
tion with educational systems [12]. Drawing from this literature, we propose the

following research hypothesis:

e H4.1: Incorporating game elements into an immersive ASL learning environ-
ment (covering both numeric and alphabetic content) will lead to higher user
experience ratings in the areas of Stimulation, Novelty, and Engagement than

traditional immersive learning environments without gamification.
Our main contributions are as follows:

1. We extend prior VR-based ASL systems by designing a comprehensive learning
environment that includes both numeric and alphabetic content and incorpo-

rates a gamified module to enhance learner engagement.

2. We evaluate the system through a dedicated user study using the User Experi-
ence Questionnaire (UEQ), with results analysed against industry benchmarks

to assess how gamification affects user perception and satisfaction.
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3. We compare the outcomes to the findings of Chapter 3 to better understand
the distinct effects of gamification, separate from the benefits of immersion

alone.

4.2 User Interface of VR Environment

This section provides an overview of the main components of our user interface (UI)
and highlights the main features of our VR environment. The UI is comprised of

four different modules designed to facilitate effective ASL learning.

1. The Instructions module, which consists of six basic steps, provides users
with an overview of the ASL learning process and guides them through the

initial stages of the programme.

2. The Sign Language Dictionaries module, which enables users to consult
and search for the signs of numbers or letters. This module serves as a reference

tool for users as they progress through the learning process.

3. The Quiz module, which contains question-answer quizzes that allow users to
test their signing skills and self-assess their level of competence. This module
serves as a valuable feedback mechanism for users and encourages them to

actively engage with the learning material.

4. The Whack-a-Mole Game module, which is to increase user motivation and
engagement with the learning process. This module presents users with a fun
and interactive way to practice their ASL skills, reinforcing their learning and

providing a welcome break from more traditional learning methods.

Together, these four modules work in concert to provide users with a comprehen-
sive and engaging VR-based ASL learning experience. By incorporating elements of
gamification and interactivity into our VR environment, we hope to improve user
satisfaction and facilitate more effective ASL learning outcomes.

We separated the scene of the immersive environment into two parts. Adopting

the concept of a simple to complex learning process, the first part is for learning
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the numeric ASL, something that is considered a relatively easy task. The second
part of the scene is for the more challenging task of learning the alphabetic ASL,
excluding J and Z, which require dynamic gesturing.

Fig. shows the initial view of the user when entering the VR environment,
which includes the Instructions and Sign Language Dictionary interfaces. Fig.
shows the Quiz and Whack-a-Mole Game interfaces of numerical ASL learning,
which are located to the left of the numerical ASL dictionary. Fig. shows the
Quiz and Whack-a-Mole Game interfaces of alphabetic ASL learning, which are
located to the right of the alphabetic ASL dictionary.

The scene was developed in Unity 2020.3.32f1, and user interaction was facili-
tated through eye tracking using HTC Vive Pro. After 3 seconds of fixed attention,
users can click or select objects in the scene. An integrated camera was used to
acquire images; openCV (version 3.4.2) was used for image processing on a PC.
Hand gestures were detected using Mediapipe, which extracted a feature vector of 21
points corresponding to landmarks on the detected hand. An multilayer perceptron
(MLP) consisting of 3 fully connected layers was implemented in Python 3.6
and Tensorflow 2.6.0 for gesture recognition. The classifier was trained on a
standard PC with an RTX3080 GPU, achieving recognition accuracy rates above

90%, deemed sufficient to ensure a smooth user experience in our study.

Insteuetions

1.Firsk canault the dictionary 4.4fter learning 0-3, plezse mave

(Incated to tha laft of ‘Lo the Alphabel diclionary (letlers

Introduction) for ASL 0-%. ind Z) intarface of ASL
lght of

Afar conzulting the dictionary,
Laarnin:

=
pleaze g0 ta the
inforface far th

3. Then play a game &, Flnally, mave to ASLIA-Z
(-an Jigame interface.

Figure 4.1: The implemented immersive virtual environment. (a) Left: the numeric
ASL sign language dictionary. Centre: Instructions interface. Right: the A-Y
except for J sign language dictionary.
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Question: Can vou sign for 3
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Figure 4.2: The implemented immersive virtual environment of the numeric ASL
learning quiz (left) and game (right).

ASL (R-2) Learning

Duestion: Can you sign for i

Start |1 don’t know |

Figure 4.3: The implemented immersive virtual environment of the alphabetic ASL
learning quiz (left) and game (right).

4.3 User Study Design

In order to evaluate the immersive environment design, we adopted the user survey
scheme proposed by Schrepp et al. , which is commonly used to evaluate user
experience in human-computer interaction systems. It consists of six evaluation
factors, called scales: Attractiveness, Efficiency, Perspicuity, Dependability,
Stimulation, Novelty. Each scale is further divided into four or six items, as
shown in Table We evaluated the proposed VR environment, on all scales and
items, on a 7-point Likert scale ranging from -3 (fully agree with a negative term)

to +3 (fully agree with a positive term), and studied the user feedback against the
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benchmark proposed in [78]. In that paper, the authors analysed a large database
of questionnaire responses and derived the benchmark intervals shown in Table [3.2]

These intervals correspond to the distribution:
e Excellent: In the range of the 10% best results.

Good: 10% of results better, 75% of results worse.

Above average: 25% of results better, 50% of results worse.

Below average: 50% of results better, 25% of results worse.

Bad: In the range of the 25% worst results.

We conducted the user study obtaining feedback from 15 participants, 8 males
and 7 females, aged between 19 and 21 years old, who had little or no prior experience
with ASL or any other sign language. None of the participants involved in this
study had previously participated in the user study described in Chapter 3; the two
groups were completely independent. At the start of the session, participants had
the freedom to explore the system and consult the Instructions module. Then, each

participant followed a six stages learning process:
1. Learn numeric ASL for 3 minutes from corresponding dictionary module.
2. Improve numeric ASL comprehension for 3 minutes in numeric quiz module.
3. 30 seconds on numeric ASL game module.
4. Learn alphabetic ASL from corresponding dictionary module for 3 minutes.
5. Improve alphabetic ASL literacy for 3 minutes in alphabetic quiz module.

6. 30 seconds on alphabetic ASL game module.

4.4 Result Analysis

Figure 4.4 shows the average scores for the six scales, denoted by ‘x’; plotted over a

colour code of the corresponding benchmark interval. For each scale, the minimum
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and the maximum of the average scores on its individual items are also shown. In
the figures of each item, the box plots show the minimum, first quartile, median,

third quartile, and maximum, for each individual item of each scale.

1

2.5 I Excellent

[ Good

I Above Average
2.0 Below Average

Bad
X Mean

1.5
1.0 T
0.5 1
0.0 1

Attracti'veness Persp'icuity Effici'ency Depen'dability Stiml,;lation

Figure 4.4: Benchmark intervals for the six scales

Al A2 A3 A4 A5

Figure 4.5: Box-plots of the scores for each item of the attractiveness.

Attractiveness: The mean value of the user scores is 0.39 (SD = 1.24), placing
it in the “Bad” category, indicating that their overall impression of the VR environ-
ment was not favourable, and the system requires further improvements. Notably,
the average score for item A5, shown in Fig. [4.4] is slightly below 0, which suggests

that the users did not find the system particularly appealing. This may be because
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Figure 4.6: Box-plots of the scores for each item of the perspicuity.
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Figure 4.7: Box-plots of the scores for each item of the efficiency.

the learning environment relies on 2D user interfaces, whereas incorporating 3D el-
ements may be more visually engaging for users. Therefore, we plan to integrate
3D user interfaces in future iterations of the ASL learning environment, aiming at
enhancing its attractiveness.

Perspicuity: The average score is 1.40 (SD = 1.28), placing it in the “Above
average” category, indicating that users perceive the VR environment as clear and
understandable, facilitating their ASL learning experience. However, it seems that
some of the users may have encountered some problems when using the environment,

possibly due to their unfamiliarity with VR devices, and they may require some

51



D1 D2 D3

Figure 4.8: Box-plots of the scores for each item of the dependability.
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Figure 4.9: Box-plots of the scores for each item of the stimulation.

initial training.

Efficiency: In the “Below average” category, the average score is 0.87 (SD
= 1.27). We note that, while the average score over the whole scale is slightly
below average, analysis of individual item scores shows that our VR environment
adequately fulfills some users’ requirements. In particular, users found the system
easy to use (as reflected by item E1) and believed that they could practice ASL
effectively in the scenario (as reflected by item E3), see Fig. 4.4

Dependability: In the “Bad” category, the average score is 0.28 (SD = 0.89).

That means that the VR environment’s dependability needs significant improve-
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Figure 4.10: Box-plots of the scores for each item of the novelty.

ment. Despite the low overall average score, some users still believed that on indi-
vidual items, particularly D2 and D4, the system adequately fulfilled their require-
ments, see Fig. [4.4]

Stimulation: In the “Below average” category with an average score of 0.87 (SD
= 1.43). Even though the score is slightly lower than average, the large variance
indicates that some users find the learning environment stimulating. As shown in
Fig. 4.4 the first quartile of all items is non-negative, indicating that a majority of
users have a consistently favourable outlook regarding this scale.

Novelty: In the “Good” category with an average value of 1.25 (SD = 1.08).
Again, the first quartile of all items is non-negative, see Fig. [4.4] indicating a consis-
tently favourable view from a majority of users. They perceive the VR environment

as a novel and innovative way of learning ASL.

4.5 Discussion

This chapter presented the design and evaluation of a gamified immersive VR learn-
ing environment for American Sign Language (ASL), expanding the scope of Chap-
ter 3 from numeric-only to alphabetic ASL content. The study aimed to assess
user experience through the UEQ framework across six dimensions: Attractiveness,

Perspicuity, Efficiency, Dependability, Stimulation, and Novelty.
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The findings revealed that while the VR environment was perceived as novel
("Good”) and relatively clear to understand (” Above average” for Perspicuity), other
aspects such as Attractiveness and Dependability received lower ratings ("Bad”).
This indicates that although the gamified system successfully engaged users with its
innovative presentation and learning format, several design and interaction elements
still need refinement.

The high score in Novelty reflects users’ appreciation for the fresh, immersive
format of the learning experience—particularly the inclusion of the Whack-a-Mole-
style game. Similarly, moderate ratings in Stimulation and Efficiency suggest that
interactive elements positively affected motivation and learning flow, although not
consistently across all users. Feedback pointed to areas such as system responsive-
ness, gesture recognition reliability, and visual engagement where improvements are
necessary. The low score in Attractiveness highlights a potential disconnect between
visual design and user expectations, potentially due to the reliance on flat 2D UI
components within a 3D immersive space.

Compared with Chapter 3, which showed stronger scores across all UEQ dimen-
sions when contrasting immersive and web-based environments, the results in this
chapter suggest that simply adding gamification is not sufficient to guarantee high
user satisfaction—particularly when the novelty wears off or when the gameplay
does not integrate deeply with learning objectives. This chapter thus refines our
understanding of what makes VR-based ASL learning effective, emphasizing the
importance of cohesion between game mechanics and educational goals.

These findings confirm the importance of thoughtful gamification design in ed-
ucational VR environments. They also support our original hypothesis that users
would find the gamified VR approach engaging, though with the caveat that user
experience depends on more than novelty and gameplay alone—it must also include
usability, trust in system feedback, and aesthetic quality. Future work should inves-
tigate these issues in greater depth and through longitudinal studies to understand

how engagement and learning outcomes evolve over time.
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4.6 Conclusion

We have developed a VR system for learning numeric and alphabetic ASL and con-
ducted a questionnaire-based user study to evaluate the user experience of learning
ASL in the system. We found that to some extent it satisfied some user satisfaction
factors, however, the system needs further development to enhance user experience,
especially on the factors of attractiveness and dependability.

There are several limitations to our ASL learning system, which have been dis-
cussed for each scale of user experience separately. The identified shortcomings
include a lack of animated hints; an interface that requires users to actively press
a start button to commence an action; difficulty in moving around the VR scene;
a relatively large number of incorrect judgments of correct signs, i.e., many false
negatives; user expectations for a more creatively designed system; and an overall
perception that the learning task was too easy. Additionally, the user study in-
cluded 15 only participants, primarily between the ages of 19 and 21, and there was
a complete lack of research on users in other age groups.

To address these limitations, we plan to revise the content, design, and im-
plementation of the system as follows: add more interactive elements; implement
automatic settings; create a follow-through user interface; develop a more robust
sign recognition model; and include more sophisticated sign language learning ma-
terial. We also plan to recruit a larger and more diverse group of participants for a

follow-up user study.
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CHAPTER b

User-Defined Hand Gesture Interface to Improve User

Experience of Learning American Sign Language

In this chapter, we introduce a novel user interface that allows users to create their
own sign language gestures to engage with a game designed for learning American
Sign Language (ASL). This innovative approach not only enhances interactivity
but also personalizes the learning experience, catering to individual preferences and
learning styles. The research findings from this chapter were showcased at the 2023

International Conference on Intelligent Tutoring Systems.

5.1 Introduction

According to the World Health Organization, around 2.5 billion people will have
some degree of hearing loss by 20507 and at least 700 million of them will require
some kind of hearing rehabilitation. The use of sign language, as well as several
other alternative sensory approaches, such as voice reading, writing with the hands,

or vibration sensing, are all part of the rehabilitation training courses for people with

Thttps:/ /www.who.int/zh /news-room/fact-sheets/detail /deafness-and-hearing-loss
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hearing loss. Although sign language is the most popular means of communication
for the deaf, most persons who do not have hearing loss have never taken sign
language classes, making communication between these two groups difficult. Thus,
in an effort to remove communication barriers between various groups, learning sign
language has emerged as a major research area in education.

The majority of the most recent approaches to the teaching of sign languages
[52-54] employ predefined gestures, while approaches based on user-defined interac-
tion technology are more sparse in the literature. For example, Adamo et al. [55]
proposed the development of a new immersive 3D learning environment to increase
the mathematical skills of deaf children by teaching mathematical concepts and
American Sign Language (ASL) math terminology through user interaction with
fantasy 3D virtual signers and traditional interaction environments. Schioppo et
al. |56] proposed a sign language recognition method using features extracted from
data acquired by a Leap Motion controller from an egocentric view. The method
was tested on the 26 letters of the ASL alphabet. In a related development, Phan
et al. |57] used motion tracking to trial a number of different methods for providing
user feedback in a sign language learning system.

Regarding research on the processes by which users can define themselves a
vocabulary of hand gestures, Piumsomboon et al. [82] conducted research on hand
gesture guessability in an Augmented Reality (AR) environment. They invited users
to make gestures corresponding to certain tasks, and created user-defined gesture
sets to guide the designers in implementing user-centred hand gestures for AR. To
the best of our knowledge, there are no studies on learning ASL through user-defined
interaction techniques. Hence, the purpose of this paper is to investigate if user-
defined interaction techniques can enhance users’ learning of ASL. We believe that
this is an important research topic since most such systems use hand gestures created
by system designers, which do not always reflect user intention.

To accomplish our research goals, we developed a simple system with a user-
defined gesture interface for learning static ASL. In the system design, we have
identified and taken into account shortcomings of prior systems, including the small

data sets used to train the gesture recognizer, the absence of a realistic environ-
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ment, and most importantly, the user’s difficulty in engaging with the system for
an extended period of time. With inspiration from Bragg’s ASL Sea Battle [12], a
sign language game created to help gather user data, we created and integrated a
Whack-a-Mole style game with a user-defined hand gesture interface into the sys-
tem, aiming at boosting user motivation. Finally, we conducted a user study based
on a survey designed according to Schrepp’s [58] recommendations and concentrated
on user experience analysis.

Summarising, the main research question motivating our work, “Can wuser-
defined interaction techniques enhance user motivation to learn static
ASL?” was looked into within the context of a gamified environment for learning

static ASL. Our main contributions are as follows:

1. We implemented a user-defined hand gesture interface for ASL learning with

a Whack-a-Mole type of game.

2. We conducted a user study to examine if user-defined interaction affected
users’ experience. The initial results indicate a positive user attitude towards
gamified learning environments and a strong interest of the users in user-

defined interactions.

5.2 Related Work

The back-end of the proposed system supporting ASL learning with user-defined in-
teraction mainly consists of hand gesture detection and a recognition model. Hence,
we review prior research on hand gesture detection and recognition in ASL and user

interfaces for creating user-defined hand gestures.

5.2.1 Sign Language Detection and Recognition

Real-time detection of dynamic hand gestures from video streams is a challenging
task since: (i) there is no indication when a hand gesture starts and ends in the
video; (ii) a performed hand gesture should only be recognized once; and (iii) the

entire system should be designed considering memory and computational power
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constraints. Bheda et al. [59] proposed a method based on deep convolutional neural
networks (CNNs) to recognize images of the letters and digits in ASL. Kim et al.
[60] proposed a novel sign language recognition method, which employs an object
detection network for a region of interest segmentation to preprocess the input data.
Battistoni et al. [61] described a method for ASL alphabet recognition based on
CNNs, which allows for monitoring the users’ learning progress. Jiang et al. [62]
proposed a novel fingerspelling identification method for Chinese Sign Language via
AlexNet-based transfer learning and evaluated four different methods of transfer
learning. Camgoz et al. [63] introduced a novel transformer-based architecture that
jointly learns Continuous Sign Language Recognition and Translation while being
trainable in an end-to-end manner. Zhang et al. [64] proposed MediaPipe Hands, a
real-time on-device hand tracking pipeline to compute hand landmark positions from
a single RGB camera frame for AR/VR applications. Goswami et al. [65] created a
new dataset for ASL recognition and used it to train a CNN-based model for hand
gesture recognition and classification. Finally, Pallavi et al. [66] presented a deep
learning model based on the YOLOv3 architecture, reporting high recognition rates
on the ASL alphabet.

Having reviewed the existing work on sign language recognition, we concluded
that Mediapipe is the most suitable tool for the purposes of this paper, and thus,
we used it for sign language recognition, benefiting from its highly accurate, real-
time detection of hand landmark points. Moreover, as an open-source hand gesture

detection framework from Google, it is well-documented and supported.

5.2.2 User Interfaces for User-defined Hand Gesture

A lot of work has already been done on user-defined hand gesture user interfaces, but
most of them support limited functionalities, such as letting the user select one out
of two established hand gestures as the one they want to use. For example, Wu et al.
[83] proposed an interface for users to customize hand gestures and apply them to VR
shopping applications in 2019, while they [84] proposed a user-defined hand gesture
interface that could be used on in-vehicle information systems in 2020. Besides,
conventional means of accessing visual communication markers (VCM) rely on input
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entry methods that are not directly and intimately tied to expressive nonverbal cues.
Koh et al. [85] addressed this issue, by facilitating the use of an alternative form
of VCM entry: hand gestures. Moreover, to fill this gap Dai et al. [86] presented
a training system, called CAPG-MYO, for user-defined hand gesture interaction.
Takayama et al. [87] perform two user studies to derive a user-defined gesture set
allowing 13 types of table manipulation.

To address the issue that pre-defined gestures do not completely reflect user
intent, we evaluated earlier work on user-defined gestures. As a result of these
studies, we were also motivated to consider whether the addition of user-defined
gesture interaction will reduce sign language learners’ weariness and boost their
motivation for learning sign language.

Therefore, the primary goal of our research is to investigate if user-defined ges-
ture interaction affects ASL learning. In order to give users an immersive experience,
we developed a VR-based system. To stimulate users’ curiosity and boost their mo-
tivation, we also included a simple game with a user-defined hand gesture function.
In addition, because there is a lack of user research on the subject, we used a ques-
tionnaire to survey users to investigate whether customised gesture interactions can
actually inspire more people to learn sign language. Our main objective was to
critically assess our system and gather user feedback on how their interaction with

our system affected their learning experience.

5.3 System Components

This section provides an overview of the key components of the proposed system.
The system’s recommended workflow is shown in Fig. [5.I] When the user enters
their account information through the login interface, the system initialises their
location to the Instruction interface. After users familiarize themselves with the user
introduction information of the Instruction interface, they study the ASL dictionary
for five minutes and then visit the sign language game interface to play the game

and increase their understanding of sign language through it.
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Login personal account ——» Instruction interfface ——>>ASL dictionary interface ——>»Play whack-a-mole game

Figure 5.1: The workflow of ASL learning system.

5.3.1 Learning Environment

The learning tools and the game for learning the numbers 0 to 9 in ASL are dis-
played in Fig. [3.2] with the user’s viewpoint tilted 45 degrees to the left. The entire
scene was created in Unity (2020.3.32f1). Regarding the user’s engagement with
the system, we used the eye-tracking functionality of the HTC Vive Pro and enable
clicking or picking an object after 3 seconds of the user’s fixed attention. An inbuilt
camera that was connected to the PC via openCV (version 3.4.2) [77] was used to
acquire the images. Regarding gesture detection and recognition, Mediapipe is used
to detect the user’s hand and extract a series of 21 points matching corresponding
landmarks on the detected hand. The feature vector from this sequence is then sup-
plied as input to the classifier, which is an MLP with three fully connected layers,
implemented in Tensorflow 2.6.0 [81] and Python 3.6 [80]. We used an RTX3080
GPU on a standard PC to train the classifier. The study’s objectives were satisfied
with an overall recognition accuracy rate of over 90%, which is expected to offer a

generally positive user experience.

5.3.2 Whack-a-Mole Game and User-defined Interface

We adopted the Whack-a-Mole game and implemented a sign language-based ver-
sion of it, aiming to make learners more interested in the material, increasing their
motivation and, eventually, their engagement with the process. In our game, as
shown in Fig. [5.2] each location is marked by a unique numeric identifier. If the
user signs correctly the current position of the gopher, one point is added; otherwise,
no point is awarded. The total duration of the game is 30 seconds.

The user-defined interface is a feature that is hidden from the user while they are
playing the game. It will only appear when a mole is killed and trigger a hitherto
hidden functionality, calling for the user to specify a wake-up gesture to be utilised

later in the game. In the example shown in Figure [5.2] and Figure. [5.3.2] the user is
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Figure 5.2: The Whack-a-Mole game for ASL learning.

given the special game skill to “Clear all Moles”. At the end of one iteration of the
course, the system will collect user-defined gesture data for 5 seconds, retrain the
recognition model, and the user-defined interface will be hidden again. Now that
the user has picked their special skills, they may start playing the game again by
clicking “Start” on the game screen, and they can use their newly acquired special
game skill. The workflow of the user-defined hand gesture interface is shown in
Fig. Notice that the special mole sequence must match the last digit of the
remaining play time for the user interface to be activated. In addition, the user
must be able to recognise the special mole’s number at a specific moment. When
both requirements are satisfied, the user-defined interface will be displayed and the

user will be awarded their special game skill.

5.4 Experiments

To evaluate the system design, we adopted the user survey scheme proposed by
Schrepp et al. , which comprises six evaluation factors: Attractiveness, Ef-
ficiency, Perspicuity, Dependability, Stimulation, Novelty. Each factor is

further divided into six or seven more specialised issues. Table displays the spe-
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# User-defined Function

So lucky!
Get a special skill: clear all moles!
You can specify a gesture to use in the game to activate the skill.

Start

Figure 5.3: The user-defined interface.

Pop up user-defined
interface

User specifies a gesture and
+ awarded with a special game Play the game
function

Kill a special mole at A
Click "Start" button User—dgﬁned interface
disappear

\ 4
Hand gesture data collectionH Model training }

Figure 5.4: The workflow of the user-defined hand gesture interface.

Special mole = last digit of remaining time

a specific time

cific issues associated with each factor. Based on the users’ scores on a scale of 1.00
to 5.00 on particular issues, we assessed the merits of the system in each factor.
Participants were recruited through informal invitations shared via students’
personal networks using social media platforms. The research assistants—who had
no academic authority over participants—shared the invitation message within these
networks to reach undergraduate students. All participants were aged between 19
and 21, had no prior formal training in ASL, and had limited prior exposure to
immersive VR environments. Importantly, none of the participants who took part in
the study described in Chapter 5 were involved in the studies described in Chapters
3 or 4. Each participant group was independent, ensuring there was no carry-over

effect or novelty bias due to repeated exposure to similar environments or evaluation
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tools. The majority of the users had either very limited or no prior understanding
of ASL, or any other sign language. They were instructed to explore the system,
adhering to the instructions in order to learn ASL in three stages: learning signs from
the dictionary interface; improving comprehension at the learning interface; and
assessing their learning three times on the game interface. As it can be challenging
for some beginners to pick up so many motions quickly, users were merely required

to learn the ASL 0-9 numerals.

5.5 Result Analysis

The user evaluation is summarized in Fig. the box-plots showing the Minimum,
First Quartile, Median, Third Quartile, and Maximum, while the Mean is shown by
an ‘x’. The score distribution reflects generally positive feedback on the evaluation
factors, all of which received mean scores greater than 3.00, while the overall system
achieved a satisfactory average score of 3.42 (SD = 0.88) over the six factors. It is
also interesting to note that some low scores (< 2.50) were given in all factors, the

possible causes of which are discussed below.

4.5

4 B Attractiveness
3.5 M Efficiency

3 I Perspicuity
2.5 [Z] Dependability

2 [l stimulation
1.5 ° Bl Novelty

1 °
0.5

Figure 5.5: Box-plots of the score values for each of the user survey’s factors.

Attractiveness: as shown in Fig. 5.6 the average score over the 7 questions is 3.16
(SD = 0.90). Each question has some scores lower than 2.50, possibly reflecting some
lack of interaction with the users. For example, some users reported that animations

should show up when the hand gesture was recognised correctly. Warnings should
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Figure 5.6: Box-plots of the scores for each subdivision of the attractiveness.
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also be shown if no hand was detected, or when the hands were too close to the
camera. Future improvement plans include the addition of more interactive features,
such as moving backgrounds, scene changes, and animations.

Efficiency: as shown in Fig. , the average score is 3.40 (SD = 0.93). There
were 3 users who gave a score of 5.00 on some questions. However, nearly one-third
of them gave scores lower than 2.50 on each question, indicating that there is still
room for increasing the system’s efficiency. According to user feedback, the practice
interface was not so convenient to use, as the users had to click the button “Start”
to check for correctness. Improvements could be made to automate this process,
thus requiring less activity of this type from the users.

Perspicuity: as shown in Fig. , the average score of 3.84 (SD = 0.77) is the
highest among the six factors, indicating that most users saw the system as easy to

use, perhaps because of the simple design of the interface, which made it easy to use.
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Figure 5.8: Box-plots of the scores for each subdivision of the perspicuity.
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Figure 5.9: Box-plots of the scores for each subdivision of the dependability.

Nevertheless, one user complained about the scene navigation system, overlooking
apparently the navigation instructions button of the main menu. Thus, when this
particular user tried to move to the ASL 0-9 dictionary, they did not know how to
do it until we told them to look at the button. In a future study, the users will first
be taught how to navigate the scene, before going into the main study of gestures.
Dependability: as shown in Fig. the average score is 3.14 (SD = 0.90). Al-
though most users gave scores higher than 3.50, a small number of users gave scores
of 1.50. Perhaps this was because, in the practice interface, some users thought that
they did the correct gesture but were judged as being wrong. The reason behind this

can be performance issues of the gesture recognition model in the back-end, perhaps
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Figure 5.10: Box-plots of the scores for each subdivision of the stimulation.
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Figure 5.11: Box-plots of the scores for each subdivision of the novelty.

because the training data for some gestures might have been of poor quality, thus
leading to low recognition accuracy rates for these gestures. Future improvements
will aim at training recognition models that will be able to better generalize to
natural physiological differences in users’ hands.

Stimulation: as shown in Fig. , the average score for this factor is 3.43 (SD =
0.85), while the mean value of every question under this factor is above 3.25. It is also
worthwhile to note that the first quartiles of all questions start from just below 3.00,
and most of the users gave scores between 3.50 and 4.00. Nevertheless, were also
some low scores in all questions, showing that there is still room for improvement. In

particular, the interaction of the system could be designed more creatively, aiming
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at better inspiring the users.

Novelty: as shown in Fig. the average score of this factor is 3.62 (SD = 0.70),
suggesting a broadly positive reception, with the mean score in all questions at 3.50
or above. The second and the fourth questions have relatively tight distributions,
with interquartile range between 3.00 and 4.50. Overall, the results on this factor
suggest that most of the users regarded the system as being innovative, with only a
few of them perceiving it differently.

Game Scores
30

25

20 T
° M First

15 [T second

m Il

M Third

Figure 5.12: Box-plots of the game scores for each of the three attempts.

Fig.|7.11|shows that users typically had poor game scores at their initial attempt,
with the exception of one outlier with a score of 18, who had the good fortune to
activate the user-defined interface and obtain the hidden game skill on their first
attempt. We note that the average, lowest, and highest user score all gradually
increased at the second and third attempt, showing that the user’s sign language
proficiency increased. Additionally, several users claimed that this hidden feature
might stimulate their interest in the game, and, implicitly, help them advance their

sign language skills.

5.6 Discussion and Limitations

Using VR technology, we developed an immersive environment for learning ASL. We

looked into whether a user-defined way of interaction could boost users’ motivation
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to learn sign language. We evaluated this issue using the survey method proposed
by Schrepp et al. [58].

For the user evaluation of the system we used six assessment factors. The survey’s
results on these six metrics demonstrate how well the user-defined interface for ASL
learning operates and that it can genuinely satisfy user needs. Besides, because user-
defined interactions are more experiential, most users seem to accept them, according
to the analysis of environmental experience. However, the system still needs to be
further optimised and adjusted for some functions to improve user experience, even
though the majority of users are happy with user-defined interactions.

‘Our work still has a number of limitations in terms of system design and imple-
mentation, as was already mentioned. Here, we summarise them for each assessment
factor separately. Attractiveness: when sign language was correctly interpreted,
some users complained that there weren’t any animated clues. Animations in sug-
gestions could enhance user experience. Efficiency: because users have to manu-
ally touch the start button to play the sign language game, some users complained
that the user interface wasn’t sufficiently automatic. Perspicuity: some users have
complained that they were unsure of how to navigate the scenario. Dependability:
while playing the game, some users claimed to have used the correct sign language,
but the algorithm determined that they had not, giving them a lesser score. Stimu-
lation: a small percentage of users gave low scores on the stimulation factor study,
which suggests that there is still room for our system to be designed more creatively.
Novelty: a small proportion of users felt that the system wasn’t inventive enough,
possibly because they thought the learning model was too simple.

On the other hand, our study has a number of methodological drawbacks. The
user study and included only 15 participants. The invited people were between the
ages of 19 and 21; there is no research on users in other age groups. To further
test our methodology, we intend to enlist more individuals in future studies, who
should come from a wider range of backgrounds (e.g., age). Ultimately, there is no
specific evaluation indicator in the questionnaire survey on sign language acquisi-
tion. A uniform and standardised questionnaire-based assessment of sign language

acquisition is needed for the next research.

69



We acknowledge the importance of clarifying participant independence for valid-
ity and interpretability of findings, especially in relation to dimensions like novelty
and stimulation. Since all three studies (Chapters 3, 4, and 5) used different partic-
ipant samples, comparisons across chapters are based on descriptive trends rather
than direct statistical contrasts. Furthermore, the goal of each chapter was distinct:
Chapter 3 focused on immersion vs. web-based learning for numeric ASL, Chapter
4 explored gamified learning of alphabetic ASL, and Chapter 5 investigated user-
defined gesture learning. As such, each study addresses a different research question.
Future work could benefit from a within-subject design to enable direct comparison

under controlled conditions.

5.7 Conclusion

A virtual environment that allows users to learn ASL through the use of user-
defined hand gestures has been developed by our team. The user interface that
is embedded in the virtual environment made it possible to most of the users to
readily comprehend the workflow of the system, as well as each stage of the ASL
learning process. The results of a user questionnaire that we carried out (N = 15)
revealed that participants were, in general, pleased with the digital ASL learning
system that we developed. In conclusion, the overall results provide credence to our
original hypothesis, which stated that an increase in users’ motivation to learn can
be attributed to the usage of user-defined interaction modalities.

In the future, we will include in the system more interactive components, such
as backdrop movement, scene changes, and animation prompts. In order to reduce
the amount of human involvement required to control the system, we will also add
more automatic settings. To help the user understand how to manipulate the ob-
jects in the scene, a follow-through user interface will be developed. In addition, a
stronger gesture recognition model will be developed, enabling the inclusion of more

sophisticated sign language instruction materials.
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CHAPTER 6

Comparing 2D and 3D Interfaces in an ASL Learning

Environment

In this chapter, we build upon the foundational work presented in Chapter 3 by
delving deeper into the comparative impact of 2D and 3D elements within virtual
reality (VR) environments on the learning of American Sign Language (ASL). We
investigate how different dimensional representations can influence learner engage-
ment and the efficacy of learning sign language. The findings and methodologies of
this research have been presented at the 31st IEEE Conference on Virtual Reality
and 3D User Interfaces.

6.1 Introduction

Learning American Sign Language (ASL) has significant benefits for both the deaf
community and hearing individuals. First and foremost, knowing ASL makes it
easier to communicate with people who are deaf or hard of hearing. This promotes
inclusion and lowers barriers to communication. Learning ASL also shows a ded-
ication to building an inclusive society that values diversity and guarantees equal

access for all. In addition to its social benefits, ASL also offers unique linguistic and
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cognitive benefits [88]. Research has shown that learning sign language improves
cognitive functions [89] such as memory, attention, and problem-solving skills. It
also enhances visual-spatial awareness and can help to improve reading and math
skills [90]. Finally, being proficient in ASL provides access to prospective job oppor-
tunities in a variety of fields, including education, healthcare, and customer service.
As the demand for ASL interpreters, educators, and other professionals continues
to grow, learning ASL is becoming an increasingly important skill.

Virtual reality (VR) and gamification technologies are rapidly advancing, and
their potential to revolutionise sign language learning is gaining attention from re-
searchers. The integration of gamified approaches in sign language education offers
a range of advantages, including enhanced interactivity, immersive practice expe-
riences, and heightened learning motivation. Gamified sign language learning can
provide learners with interactive and engaging practice opportunities that are more
effective than traditional static materials. By practising their signing skills in a sim-
ulated environment, learners can develop confidence and fluency in using language
in real-world situations [91-93]. Specifically, gamified sign language instruction can
improve engagement and learning effectiveness by providing interactive and practical
teaching methods. It can provide learners with opportunities to practice their sign
language communication skills in a relaxed and enjoyable environment. Examples
of gamified sign language learning activities include interactive exercises, immer-
sive practice environments, and gamified learning activities such as sign language
puzzles, challenges, and competitions [94-97].

As a result, researchers have conducted extensive research on gamifying sign
language learning, primarily emphasising the creation and advancement of 2D and
3D games. For example, Zafrulla et al. [98] proposed CopyCat, a 2D game specifi-
cally designed to engage young children in interactive computer-based ASL learning,
employing cutting-edge gesture recognition techniques. The game features a user-
friendly interface with tutorial videos demonstrating accurate signing, a live video
enabling gesture input for the recognition system, and real-time feedback on the
child’s progress. Additionally, the game features a character named Iris the cat,

who carries out the child’s instructions. Another prominent example of an educa-
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tional game is MatLIBRAS Racing [99], which is designed to teach sign language for
natural numbers from a cognitive perspective. The game received positive feedback
from students in terms of its educational and gaming features, fostering social rela-
tionships among players and facilitating sign language learning. The results suggest
that MatLIBRAS Racing holds promise as an effective educational tool, particu-
larly in academic settings. Regarding 3D games, Economou et al. |[100] presented a
work-in-progress study evaluating the combined impact of scaffolded instruction and
gamification in a 3D interactive game to support learning the sign language alpha-
bet. Adamo et al. [101] presented the second iteration of the SMILE project, which
introduces an immersive 3D game tailored for both deaf and hearing children. The
game’s enhanced design and user interaction had been carefully crafted to elevate
motivation and appeal, fostering an engaging and captivating experience. Although
the evaluations demonstrated that the application was enjoyable and user-friendly,
the study did not assess the actual learning outcomes achieved by the participants.
Collectively, the current proposals for gamified sign language learning have made
valuable contributions to the field, advancing our understanding and paving the
way for further developments. However, most of these approaches have focused on
either 2D or 3D game formats, with limited exploration of user experience differences
between these two genres.

This study builds on theories from human-computer interaction and learning
psychology. Research in multimedia learning, including Mayer’s Cognitive Theory
of Multimedia Learning [102], highlights that interface representation can impact
engagement, cognitive load, and comprehension. Similarly, studies on educational
affordances of 3D environments have shown that dimensionality influences learner
motivation, presence, and spatial reasoning [11,|103]. Human-computer interaction
literature also suggests that 2D and 3D interfaces offer different trade-offs in terms
of usability and immersion |104]. Therefore, comparing 2D and 3D layouts within
an otherwise identical learning platform is theoretically justified to determine which
better supports user satisfaction and engagement in the context of ASL learning.

To address this gap, we conducted user studies based on the methodologies

proposed in Bangor et al. [105], Schrepp et al. [58], and performance scores, to
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answer the following research question: “How does the mode of interface
representation (2D vs. 3D) influence user experience in a gamified ASL
learning environment?”. Our main contribution is a user study that compares
the potential of 2D and 3D games in enhancing user experience and improving
learning outcomes. Empirical studies have shown that 3D game environments can
positively impact learning outcomes by increasing learner engagement, motivation,
and spatial understanding [11,[106]. However, user feedback from our study indicated
that while the 3D version of the ASL learning environment was generally well-
received, some users reported challenges related to system responsiveness and visual
clarity. These findings suggest that dependability and clarity are key areas for

improvement in our implementation of 3D learning interfaces.

6.2 Learning Environment and Games

The immersive learning environment for learning ASL numerals from 0 to 9 is shown
in Figure B.2] It was created in Unity (version 2020.3.32f1). Users interact with
the scene utilising the eye-tracking functionality of HTC Vive Pro. When a user’s
attention is fixed for three seconds, the system allows them to click and choose an
object.

For image acquisition, a built-in camera was utilised, connected to a PC that
employed openCV (version 3.4.2) [77]. Gesture recognition was implemented using
Mediapipe [64] because of its accessibility as an open-source platform and its intrinsic
compatibility with the built-in camera on PCs. When Mediapipe detects a user’s
hand, it returns a sequence of 21 feature points (pg, p1, P2,..., P20) representing
landmarks on that hand. The coordinate frame’s origin was set at pg, the point near
the user’s wrist at the bottom of the palm. The classifier employed was a multilayer
perceptron consisting of three fully connected layers, implemented in Python 3.6 [80]
and Tensorflow 2.6.0 [81], yielding recognition accuracy rates exceeding 90%. This
level of accuracy was considered satisfactory for the study’s objectives, ensuring a
smooth user experience.

To enhance the effectiveness of the learning process, a question-answer module
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was integrated into the system. This module allows users to evaluate their profi-
ciency level and practice their signing skills by responding to randomly generated
questions from a database. In Figure [3.5] an example is shown where the system
presents the question “Can you sign for 97”. The user has the option to refer to the
dictionary or use their already acquired skills to sign the number ‘9’. Alternatively,
they can choose the “I don’t know” option, prompting the system to demonstrate
the correct expression. In this case, the user is encouraged to continue practising
until they feel confident enough to sign the digit independently, pressing the relevant
button.

6.2.1 2D Game and 3D Game

Catch the 2D Mouse

User; jindi Time: 25 Score: O

Recopnition Hesult:

Figure 6.1: 2D Whack-a-Mole Game

To explore potential differences in user experiences during ASL learning, we
developed a 2D and a 3D version of our Whack-a-Mole game. The objective of the
game remains the same in both versions: players must promptly identify and sign
the current location of the gopher within a designated time limit.

In both 2D and 3D versions, the game interface consists of a grid-like layout
where each location is uniquely identified. Players earn one point for correctly

signing the position of the gopher, indicating their understanding of ASL gestures.
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Catch the 3D fMouse
S:0

Time:30

User:

Figure 6.2: 3D Whack-a-Mole Game

No points are awarded if the player fails to accurately sign the gopher’s location. To
maintain an engaging experience, we have implemented a time limit of 3 seconds for
each round. If the player does not sign the correct location within the given time, a
new gopher automatically appears, providing the player with another opportunity to
score points. The game duration is set at a total of 30 seconds, creating a challenging
yet manageable time frame for players to showcase their ASL recognition and signing
skills.

By offering both 2D and 3D versions of the game, we aimed to investigate poten-
tial variations in user experiences and learning outcomes across the two interfaces.
This allowed us to explore the potential influence of immersion and visual depth
within the 3D environment on players’ engagement, motivation, and overall ASL
learning, compared to the 2D version. Figure and Figure show the interfaces
of the 2D and 3D versions of the Whack-a-Mole game, showcasing the grid layout

and the gopher’s locations.

6.3 Methodology

6.3.1 Participants and Procedure

Participants were recruited through informal invitations shared via student personal

networks using social media platforms. A research assistant—who had no academic
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authority over participants—shared the invitation message within these networks to
reach undergraduate students and other people. All participants were aged 23-34
years (M = 28.13, SD = 2.55), had no prior formal training in ASL, and limited prior
exposure to immersive VR environments. Importantly, none of the participants who
took part in the study described in Chapter 6 were involved in the studies described
in Chapters 3, 4, or 5. Each participant group was independent, ensuring there was
no carry-over effect or novelty bias due to repeated exposure. After being briefed
on the purpose of the study, participants signed consent forms to participate in the
experiment. The whole procedure followed the Ethics Guidance of our University
ethics committee.

To enhance the learning process by combining instructional scaffolding approaches,
we divided the learning process into three stages: Learn, Practice, and Assess.
It is a recommended strategy for ASL learning, entailing the creation of a teaching
tool that combines innovative technology with gamification components [107]. The

details of the learning process are described below:

Learn: Participants were encouraged to explore and navigate the virtual learning
platform at their own pace, familiarising themselves with the layout and function of
each user interface. Following this, they were asked to spend three minutes famil-
iarising themselves with the 0-9 ASL expressions, utilising the 0-9 ASL dictionary

interface.

Practice: To enhance comprehension of 0-9 ASL, users were asked to engage in a
Q& A session on the Quiz interface, for a period of three minutes, during which they

were presented with randomly generated questions to respond to.

Assess: After the users have demonstrated their proficiency in 0-9 ASL by success-
fully completing the initial two stages, we presented them with the Whack-a-Mole
game. This stage aims to compare the effects of the 2D and 3D versions of the
game. First, we asked the participants (2D and 3D, each group has 12 users) to
play the game once (30s) and to complete the system usability scale questionnaire
for around 1 min and the user experience questionnaire for around 3 mins. In the
second attempt at the game, half of the users continued in the same environment,
while the other half swapped between 2D and 3D. That is, we had four groups
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in total, of six participants each: 2D-2D, 2D-3D, 3D-2D, and 3D-3D. This ex-
perimental design was inspired by the replicate cross-over designs used in medical
research [108]. This design allowed us to distinguish between the learning effect on
the sign language and the learning effect on the interface. We note that because of
the symmetry of the design, any possible learning effect does not skew the results.
Moreover, the decision to limit each gameplay session to 30 seconds was a deliberate
methodological choice. The aim was to ensure that all participants experienced a
controlled and equal exposure to the core gameplay loop—identifying a target, per-
forming the sign, and receiving feedback. Longer durations could have introduced
variability due to fatigue or reduced motivation, especially in crossover conditions.
The goal of this study was to evaluate users’ initial impressions of usability and user
experience based on their interaction with the interface and game mechanics, rather
than long-term engagement. The usability (SUS) and UX (UEQ) questionnaires
were thus applied immediately after interaction to capture these early impressions

while the experience was fresh in memory.

6.3.2 FEvaluation Methods

Three dimensions of the VR learning environments were evaluated and compared:
usability, user experience, and user performance.

For usability, we used the well-established SUS (System Usability Scale) ques-
tionnaire [105]. Participants were asked to rate the 2D and 3D versions of the VR
learning environments on a scale of 1 (strongly disagree) to 5 (strongly agree) after
using them.

For user experience, we employed the user survey method proposed by Schrepp
et al. [58]. This approach utilises six scales, each representing a distinct aspect of the
user experience: Attractiveness, Ffficiency, Perspicuity, Dependability, Stimulation,
Novelty. These scales provide a comprehensive framework for evaluating the users’
perceptions and attitudes. Each scale comprises several specific items that capture
various dimensions of the user experience, as outlined in Table [3.1] To collect data
on the user experience, we used a 7-point Likert scale for each of the 26 items in the
questionnaire. Participants were asked to rate their level of agreement with each
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statement, ranging from 1 (strongly agree with a negative statement) to 7 (strongly
agree with a positive statement). This rating scale allowed for a quantitative analysis
of the participants’ perceptions across the various dimensions of the user experience.

Finally, for user performance, i.e., how well they learned using the VR envi-

ronments, we collected and analysed the players’ game scores.

6.4 Results

6.4.1 Comparing Usability

On a scale of 0 to 100, with 0 representing the lowest usability and 100 representing
the highest usability, both the 2D and 3D game environments achieved high usability
ratings on the SUS scale. The 2D game received an average score of 76.25 (SD
= 5.15), while the 3D game scored 80.63 (SD = 3.41), a two-tailed independent
samples t-test was conducted to evaluate whether the difference in usability scores
between the two interfaces was statistically significant. The resulting p-value was
0.103, indicating no significant difference in usability ratings between the 2D and 3D
game environments. These scores indicate that both game environments received
“good” usability ratings [105]. The low standard deviations observed for both games
suggest that the majority of participants had consistent and positive experiences
with the usability of the interfaces. These findings highlight the success of creating
user-friendly interfaces for both 2D and 3D games, with the transition to 3D not
significantly impacting usability. This suggests that both 2D and 3D games can be
equally effective in terms of usability, and it is important to consider the specific
needs and preferences of the target audience when designing game interfaces.

The comparable high usability scores achieved by both the 2D and 3D game
environments demonstrate the success of our design in terms of intuitive controls,
clear visuals, and engaging gameplay mechanics. The positive SUS ratings indicate

that users found both interfaces easy to navigate and efficient.
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6.4.2 Comparing User Experience

Table presents Guttman’s lambda-2 coefficients for both 2D and 3D game en-
vironments, assessing the internal consistency of each user experience dimension.
In the 3D condition, the dimensions of Attractiveness, Efficiency, and Stimula-
tion demonstrate strong internal consistency (A > 0.7), suggesting that participants
responded consistently across items within these constructs. Perspicuity shows
moderate consistency, while Novelty displays some variability, indicating room for
improvement in how this dimension is measured. Dependability, however, re-
veals poor internal consistency, suggesting the items under this scale may require
refinement or that users had differing interpretations of system dependability.

In the 2D condition, Attractiveness and Efficiency also demonstrate good
reliability. However, Perspicuity (A = —0.01) and Stimulation (A = —0.30) show
negative lambda-2 values, indicating weak or no internal reliability for these scales.
These negative values suggest that participants responded inconsistently to items
within these dimensions, which may be due to ambiguous questionnaire phrasing,
reduced salience of these constructs in the 2D interface, or variability in user per-
ception of clarity and engagement. Dependability shows modest consistency in
the 2D condition, while Novelty remains moderately consistent.

These reliability issues highlight the need for future refinement of the measure-
ment instrument—either by improving the clarity of questionnaire items or by en-
hancing the interface design to better convey concepts like perspicuity and stimula-

tion, particularly in 2D environments.

Table 6.1: Guttman’s lambda-2 coefficient values

Dimension Factor | 3D | 2D

Attractiveness 0.78 | 0.79
Perspicuity 0.54 | -0.01
Efficiency 0.78 | 0.87
Dependability 0.38 | 0.47
Stimulation 0.75 | -0.30
Novelty 0.46 | 0.52

Figure visualises a comparison of user experience between the two game en-
vironments. In summary, the user experience analysis reveals that both 2D and
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Figure 6.3: Six scales of user experience

3D games received positive ratings across various scales. However, the 3D game
outperformed the 2D game in most aspects, including visual attractiveness, effi-
ciency, novelty, perspicuity, and stimulation. The users found that the visuals of
the 3D game were appealing and innovative, providing a fresh and immersive gam-
ing/learning experience, as shown in Figure and Figure . Additionally,
the 3D game demonstrated higher efficiency, offering streamlined user and interface
interactions, but in terms of “organized”, it is similar to those of the 2D game, as
shown in Figure [6.4.2] The interface of the 3D game was also perceived as easier to
learn and understand, enhancing the overall user experience, but in terms of “easy”,
it is lower than that of the 2D game, as shown in Figure [6.4.2] which means users
found that the 2D game is easier to operate. Moreover, the 3D game succeeded in
delivering a more stimulating and engaging user experience, eliciting higher levels
of excitement and immersion from the users, as shown in Figure [6.4.2

Overall, the findings suggest that the added dimensionality and immersive ele-
ments of the 3D game contributed to a superior user experience compared to the
2D game. While the 3D game excelled in several areas, Figure indicates that
both 2D and 3D games were perceived as having low dependability by the users, as
they thought that both games met their basic needs, but there are areas where they
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would like to see improvements, such as the complexity of the game, the difficulty
of completing the level, and so on. Despite the strengths of the 3D game, it is
worth noting that the 2D game still received positive ratings across all scales, indi-
cating that it provided a satisfactory user experience as well. The results emphasise
the importance of considering various factors, including visuals, efficiency, novelty,
perspicuity, and stimulation, when designing game environments to enhance user

experience and engagement.

Pleasing Good ig
Pleasa joyable
Attractive Friendly

Figure 6.4: Mean scores for each item of the Attractiveness of user experience.

Table 6.2: Means and p-values for the three groups of scales.

Pragmatic and Hedonic Quality | 2D | 3D | P-Value
Attractiveness 4.21 | 4.71 | 1.304E-03
Pragmatic Quality 4.30 | 4.60 | 1.150E-02
Hedonic Quality 3.93 | 4.68 | 5.056E-09

In the study by Schrepp et al. [7§], the scales of the user experience questionnaire
were categorised into two groups: pragmatic quality and hedonic quality. Pragmatic
quality includes perspicuity, efficiency, and dependability, which are related to task
performance. Hedonic quality includes stimulation and novelty, which are related
to non-task-related aspects. Attractiveness, on the other hand, is considered a pure
valence dimension. Table presents the mean scores for these grouped scales for

the two different games, along with the corresponding p-values. The results indicate
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Figure 6.5: Mean scores for each item of the Dependability of user experience.

that the user preference for the 3D game was statistically significant, especially

regarding hedonic quality.

6.4.3 Comparing User Performance

Table summarises the results, for each of the four user groups and for each

of their two attempts on the game. First, we conducted the Shapiro-Wilk test to

see if the data distribution in the 2D and 3D environments matched the normal

distribution. All datasets we found to follow the normal distribution, p > 0.05.

Table 6.3: Score means and standard deviations, for the four groups, for the first
(I) and the second (II) attempts.

Group | mean (I) | s.d. (I) | mean (II) | s.d (II)
2D-2D | 10.50 2.22 17.33 2.92
2D-3D | 9.83 1.34 14.67 2.49
3D-2D | 9.33 1.70 14.83 1.95
3D-3D | 9.67 1.49 16.00 2.58

To measure the effect of the choice between 2D and 3D, we compare scores over

the two environments, on the first attempt only. These scores correspond to the

first column of the table, and we compare the first two rows against the last two.
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Figure 6.6: Mean scores for each item of the Efficiency of user experience.

The t-test returned a p-value of 0.43, indicating no statistical significance between
the two environments, even though the 2D environment had a slightly higher mean
score, 10.16 against 9.50.

To measure the general learning effect, we compared the scores between the first
and the second attempt, which correspond to the first and third columns of the
table. The t-test returned a p-value of 2.48E-14, with means of 9.83 and 15.70
for the first and the second attempt, respectively, indicating a very strong learning
effect. Notice that the design of the experiment is symmetric, and thus, the result
was not affected by the order in which the 2D and 3D games were played. Moreover,
by comparing the second column of the table with the fourth, we notice that in the
second attempt the standard deviations increased within all groups, indicating that
the learning effect was not uniform across all users. This observation requires a
larger-scale experiment to assess its statistical significance.

Finally, to specifically detect user familiarisation with the VR environment, as
opposed to a general learning effect, we compared the second attempt scores between
users who swapped environments between attempts (groups 2D-3D and 3D-2D) and

those who did not (groups 2D-2D and 3D-3D). These scores correspond to the third
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Figure 6.7: Mean scores for each item of the Novelty of user experience.

column of the table, and we compare rows 1 and 4, against rows 2 and 3. The
corresponding means were 14.75 and 16.66, and a t-test p-value of 0.043 indicates
that the detrimental effect of swapping VR environments was small but statistically

significant.

6.5 Discussion

The findings of this study reveal several important insights into how the dimen-
sionality of interface design—2D versus 3D—affects usability, user experience, and
learning performance in gamified ASL learning environments.

From a theoretical perspective, our results contribute to ongoing research in
the domains of human-computer interaction (HCI), educational psychology, and
multimodal learning. Drawing on Mayer’s Cognitive Theory of Multimedia Learn-
ing [102], the comparison of 2D and 3D interfaces helps highlight the role of spa-
tial representation in cognitive processing. The improved ratings for the 3D inter-
face—particularly in stimulation, attractiveness, and novelty—align with findings
from prior studies suggesting that immersive environments can enhance engage-

ment and motivation [11,]106]. However, the lower dependability scores for 3D and
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Figure 6.8: Mean scores for each item of the Perspicuity of user experience.

inconsistent responses in the 2D stimulation and perspicuity dimensions suggest that
visual richness alone is not sufficient. Users must also be able to clearly interpret
and interact with the environment for the experience to be meaningful.

Our study also informs the design of affective and hedonic aspects of learning
environments. Following Schrepp et al.’s [7§] framework, hedonic qualities like stim-
ulation and novelty were more pronounced in 3D, suggesting that such environments
may better satisfy users’ emotional and experiential needs. However, the lack of a
significant performance difference and the low reliability in some scales indicate that
further exploration is required to fully understand the cognitive load introduced by
added dimensionality.

Practically, the results suggest that while 3D environments are generally more
engaging, they require careful design to ensure usability and clarity. Develop-
ers of ASL learning platforms may benefit from leveraging 3D interaction when
aiming to enhance engagement, especially for novice users who may find tradi-
tional methods unappealing. However, the lower reliability in some user experience
scales—particularly stimulation and perspicuity in 2D—also highlights the need for

clearer user interface design, especially in lower-dimensional systems where visual
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Exciting
2D
3D

Interesti aluable

Motivating

Figure 6.9: Mean scores for each item of the Stimulation of user experience.

cues may be limited.

The finding that both 2D and 3D interfaces received high SUS scores underscores
that 2D is still a viable choice when system simplicity, accessibility, or hardware limi-
tations are constraints. The learning curve associated with 3D VR and the hardware
requirements may pose barriers in real-world deployments such as classrooms or pub-
lic libraries. Thus, hybrid designs that adapt dimensionality based on user needs or
learning context could offer an optimal solution.

Based on the findings, several design recommendations emerge:

e For 3D interfaces: Prioritise visual clarity and responsiveness to improve de-

pendability and reduce possible confusion.

e For 2D interfaces: Introduce more interactive feedback mechanisms or visual

effects to enhance stimulation and maintain engagement.

e In both: Consider implementing adaptive interfaces that adjust dimensionality

or feedback based on learner behaviour or preferences.

It is important to note that the short interaction time may have amplified the

effect of rapid user familiarisation. Even within a 30-second session, participants

87



had the opportunity to adjust to the interface and mechanics, leading to potentially
significant short-term learning effects. This is reflected in the overall improvement in
scores during the second attempt, regardless of whether users switched environments.
While part of this improvement may reflect improved ASL recognition, a portion is
likely due to increased comfort with the interface or system feedback mechanisms.
Future research should employ longer and repeated exposure designs to decouple

usability and learning adaptation more clearly.

6.5.1 Limitations and Future Work

It is important to acknowledge that 2D and 3D games have their respective limita-
tions. In the case of the 2D game, one area that warrants future work is the en-
hancement of the visual experience, employing advanced graphics techniques, which
narrow the gap between 2D and 3D games and allow more detailed and visually
appealing 2D environments. Additionally, further exploration of the gameplay me-
chanics and interactivity could lead to the creation of a more engaging and immersive
2D environment. Regarding the 3D game, a primary limitation relates to hardware
requirements. By optimising the game engine and the graphics pipeline, we can
further improve performance and enhance the user experience on the dependability
scale.

Additionally, we acknowledge that this study has several limitations. The par-
ticipant sample was small, and the session length was brief. As such, the findings
should be considered exploratory and used to inform future, more comprehensive
research. In future work, we recommend increasing the participant pool, diversify-
ing user backgrounds, and employing within-subject comparisons to better isolate
interface effects. Another limitation is the potential for rapid learning effects due to
the short and simple interaction task. Although the short duration helped ensure
standardised exposure, it also likely enabled users to adapt quickly, influencing both
usability and user experience evaluations. Future studies should consider longer
interaction periods and repeated trials to better understand how learning curves
influence performance and perception, and to separate interface usability from fa-
miliarity effects.
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Finally, while the platform and UEQ were reused from earlier chapters, this was
an intentional choice to control for confounding variables and focus exclusively on
the role of 2D versus 3D presentation. The research question, scope, and participant

group were all unique to this chapter.

6.6 Conclusion

In conclusion, our study provides preliminary evidence of the potential of both 2D
and 3D games in enhancing the user experience of learning ASL. The findings high-
light the positive impact of 3D game environments on user engagement and overall
experience, as evidenced by their higher ratings in attractiveness, usability, and effi-
ciency, compared to 2D games. However, there is room for improvement in ensuring
the dependability and clarity of 3D game environments. These results contribute to
our understanding of the benefits of incorporating game-based approaches, particu-
larly 3D environments, into ASL learning.

Future research can build upon these findings by delving deeper into the specific
elements and design features that contribute to the positive user experience in both
2D and 3D games. Additionally, exploring strategies to enhance the dependability
and clarity of 3D game environments can further optimise learning outcomes in
ASL education. It would also be beneficial to increase the number and diversity of

participants in future user studies to strengthen the generalisability of the findings.
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CHAPTER [/

Al-Assisted Versus Non-Al Sign Language Learning: A

Human-Centred Comparative Analysis

Chapters 3-6 examined core levers for entry-level ASL learning in isolation: VR vs.
web (Ch. 3), gamification (Ch. 4), user-defined interaction (Ch. 5), and 2D vs. 3D
representation (Ch. 6). Across these studies, engagement and UX often improved,
but robust learning gains consistently hinged on the clarity and specificity of correc-
tive guidance rather than immersion, points, or dimensionality alone. Single-session
designs also limited what we could conclude about retention, fluency, and how per-
formance evolves across time.

This chapter addresses those gaps with a head-to-head comparison of Al-assisted
diagnostic feedback versus a matched non-Al pathway under identical content,
timing, and scoring. We use repeated rounds to trace trajectories in accuracy and
response time, examine item-level change, and pair quantitative results with brief
learner reflections to explain why effects appear.

In short, Chapter 7 tests the mechanism implied by earlier chapters: whether
real-time, diagnostic feedback turns practice into reliable gains more effectively than

well-designed but non-adaptive materials.

90



7.1 Introduction

American Sign Language (ASL) proficiency is central to inclusion, accessibility, and
equitable participation for Deaf communities and hearing interlocutors alike [109-
111]. Over the last decade, digital learning platforms have broadened access to
ASL instruction across formal and informal settings, enabling learners to engage
anywhere and at flexible times [112-114]. These technologies promise scalability and
reduced geographic and scheduling constraints, thereby addressing long-standing
resource and instructor bottlenecks [112,|115,|116]. Yet the core design problem
remains unsettled: how to balance accessibility and engagement with demonstrable
learning effectiveness in a modality that combines handshape, orientation, location,
and movement in space |[117,[118].

Mainstream digital ASL tools typically deliver predefined curricula through videos
and static multimedia with limited, delayed, or non-specific feedback [112}]119}120].
While these systems have expanded reach, they often do not adapt to heterogeneous
learner profiles (e.g., prior experience, motor control, visual-spatial reasoning) or to
evolving performance trajectories within and across sessions [118|/121]. In particular,
fixed-angle demonstrations can obscure subtle motion transitions, depth cues, and
wrist orientations that are crucial for intelligibility and fluency, leaving learners to
self-diagnose errors without expert guidance.

Advances in artificial intelligence (AI)—notably large language models (LLMs)
and deep-learning pipelines for perception and feedback—have enabled systems that
generate personalised explanations, adapt content to learner needs, and support
dialogic practice [122H124]. In spoken-language education, such systems have im-
proved feedback timeliness, reduced cognitive load, and supported stepwise mas-
tery [125H129]. However, applications to ASL remain comparatively sparse and
under-evaluated, despite promising technical advances in sign recognition and feed-
back generation [130-133]. Consequently, the empirical evidence base for Al-assisted
ASL learning—particularly under controlled, repeated measures—remains thin.

Existing work in digital sign language education has largely emphasised aggregate
performance outcomes (e.g., accuracy, completion) while paying limited attention

to efficiency metrics such as response time and to item-level learning dynamics (e.g.,
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how specific signs improve across sessions) [117,/134]. Without such measures, it is
difficult to determine whether instructional gains reflect deeper procedural fluency
or merely increased familiarity with task structure. Moreover, a purely quantitative
focus can obscure the learner experience—how feedback is perceived, which design
elements are motivating or frustrating, and what features learners request to advance
their own practice.

To address these gaps, we conduct a controlled, repeated-measures comparison
of two digital learning modes for ASL: a non-Al mode and an Al-assisted mode.
We evaluate effects on both overall and item-level performance across initial, prac-
tice, and final assessments, with a joint focus on accuracy and response time. To
contextualize behavioral outcomes, we complement the quantitative analyses with a
qualitative examination of learner reflections, enabling us to characterize perceived
clarity of instruction, engagement, and desired features in each mode.

The study is guided by the following question: To what extent does Al-assisted
learning—comprising real-time sign recognition and adaptive, model-generated feed-
back—compared with a non-Al mode, influence learner accuracy and response time
across repeated and final ASL assessment sessions?

This work advances ASL learning research in three ways that, to our knowledge,

have not been jointly examined in prior ASL studies [120,,135]:

1. Controlled, repeated-measures evaluation in ASL context. We con-
trast an Al-assisted system (real-time recognition + adaptive feedback) with
a non-Al mode across three rounds, tracking both accuracy and response time
at each assessment. To our knowledge, this is the first controlled, repeated-
measures comparison in the ASL learning context that models accuracy and

timing across multiple sessions.

2. Item-level (sign-level) learning dynamics. We move beyond aggregate
scores by analysing how specific signs evolve within and across rounds, separat-
ing accuracy gains from efficiency (response-time) changes - an aspect rarely

reported in ASL learning evaluations.

3. Learner-centered qualitative evidence linking perceived clarity, interac-
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tivity, and feedback usefulness to observed performance patterns; this includes
structured thematic summaries that surface design requirements for future sys-

tems.

By combining repeated behavioral measures with qualitative insights, the study
informs the design of next-generation digital ASL platforms that are both effective
(improving accuracy and speed) and usable (delivering timely, actionable feedback
and sustaining motivation). In doing so, it seeks to advance evidence-based practice
for accessible language instruction and to narrow the evaluation gap between Al-

driven and conventional approaches.

7.2 Context and Prior Work

7.2.1 Technology-Assisted Sign Language Learning

Sign language learning has been supported by diverse technologies, including static
dictionaries, video-based repositories, and mobile applications [119,/136,137]. Early
systems emphasised access to sign banks, whereas recent approaches incorporate
computer vision and machine learning for recognition and feedback [138-141]. Deep
neural networks, particularly CNNs and RNNs, have achieved state-of-the-art recog-
nition for static and continuous signing [142-145]. Tools such as MediaPipe have
enabled real-time tracking of hand landmarks for accessible applications [146,,147].

Immersive learning via VR/AR has been explored to enhance motivation and
authenticity in sign practice [148-150], though scalability and accessibility remain
challenges. Mobile-based training platforms have demonstrated positive impacts on
engagement and vocabulary retention [151,/152]. However, most systems present
a predefined learning path with limited adaptability. Our study builds on these
advances by embedding gesture recognition into an interactive interface, while ex-
tending prior work through a controlled comparison of Al-assisted versus non-Al

predefined learning.
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7.2.2 Al in Education and Adaptive Feedback

Intelligent tutoring systems (ITS) have long demonstrated the value of adaptive sup-
port across domains [153H155]. Adaptive feedback can enhance learner autonomy,
improve error correction, and accelerate knowledge retention |156-158]. Natural lan-
guage processing has broadened the scope of adaptive feedback in second-language
learning, where chatbots and automated writing evaluators provide personalised
scaffolds |159,|160].

The emergence of large language models (LLMs) has expanded possibilities for
personalised, context-aware feedback [161-163]. Studies highlight their role in gen-
erating adaptive hints, conversational practice, and learning materials [161},/164].
Research in motor learning emphasises that immediate, adaptive error correction
improves performance [165,166], suggesting synergies with gesture-based education.
Our Al-assisted interface operationalises these insights by delivering real-time recog-
nition and adaptive feedback (with feedback text instantiated via a large language
model), and we compare its effectiveness against a non-Al, predefined-materials

condition.

7.2.3 Gamification and Engagement in Learning

Gamification is widely recognised for increasing motivation and retention in learning
environments [167-169]. Serious games in language learning demonstrate benefits
for vocabulary acquisition, engagement, and learner persistence [170-H172]. Time-
constrained challenges and repetition-based tasks foster recall and fluency [173,/174].

Gesture-based games have been shown to reinforce kinesthetic learning, particu-
larly in sign language and motor skill acquisition contexts [21,175/176]. Kinect-based
and motion-controlled games highlight how embodied interaction supports memory
consolidation [177]. In our study, the Whack-a-Mole-style evaluation extends this

tradition, assessing immediate recall and fluency through playful but rigorous tasks.
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7.2.4 Human-AI Collaboration and Trust

The effectiveness of Al in learning is mediated by user trust and acceptance. Human-
centred Al frameworks emphasise augmentation of human capability rather than
replacement [178]. Amershi et al. [179] propose guidelines for interactive Al design,
highlighting transparency and error tolerance as critical for trust. In education,
interpretability and learner control are essential for sustained engagement [180-182].

Studies have shown that poorly explained Al feedback may reduce learner agency
[183]. Conversely, adaptive systems that communicate their reasoning foster learner
confidence [184]. Our qualitative analysis complements this line of research by ex-
amining how learners perceived Al feedback in comparison to non-Al instruction,
offering insights into acceptance and perceived reliability of LLM-generated guid-

alnce.

7.2.5 Summary

Prior research has established the feasibility of recognition-based systems for sign
learning, the benefits of adaptive AI feedback, the motivational value of gamified
practice, and the importance of trust in human-Al collaboration. However, few
studies have experimentally compared Al-assisted versus non-Al pathways in ASL
learning. By integrating gesture recognition, LLM-generated feedback, and game-
based evaluation, our study advances understanding of how Al support influences

skill-based, multimodal learning experiences.

7.3 Gesture Recognition Models

Two neural network classifiers were developed to recognise static ASL gestures: one
for digits (0-9) and one for 10 common words (airplane, father, hello, I'm, love,
mother, ok, sorry, water, yes), selected from Lean et al. work |185] as shown in Fig-
ure[7.1} Both models used MediaPipe to extract 21 landmark coordinates per frame,
which were transformed into relative joint vectors and normalised before training.
The architecture consisted of four fully connected layers (128, 64, 32, 16 neurons),

each with ReLLU activation and dropout (p = 0.2), followed by a softmax output
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Figure 7.1: Hlustration of the 20 American Sign Language (ASL) signs used in the
study. Subfigures (a)—(j) show the digits 0-9, respectively: (a) 0, (b) 1, (c) 2, (d) 3,
(e) 4, (f) 5, (g) 6, (h) 7, (i) 8, (j) 9. Subfigures (k)—(t) show the selected words:
(k) airplane, (1) father, (m) hello, (n) I'm, (o) love, (p) mother, (q) ok, (r) sorry,
(s) water, and (t) yes. These signs were used for assessment and learning across
both the traditional and LLM-assisted conditions.

layer. Training employed the Adam optimiser, sparse categorical cross-entropy loss,
and early stopping (patience = 10). Complete architecture/training details and full

confusion matrices are provided in Appendix [10.2

7.4 LLM feedback generation: differences and mem-
ory tips

To provide real-time, formative feedback, we integrated the hand-tracking recogniser
with a large language model (LLM) assistant. The goal of this assistant was twofold:
(i) to highlight the differences between the learner’s current gesture and the intended
ASL gesture, and (ii) to provide short, actionable memory tips to guide learners
toward a correct performance on the next attempt. The full prompt template,

JSON schema, and examples are included in Appendix [10.3]

7.5 Learning Interfaces

To investigate the role of Al assistance in American Sign Language (ASL) learning,
we designed and implemented two platforms: a Non-AI (traditional) system and
an Al-assisted system. Both platforms were integrated into the same experimental

framework, comprising three components: assessment sessions, learning sessions,
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and interactive reinforcement games. The distinction between the two platforms

lies in the type of instructional support and feedback provided during learning.

7.5.1 Assessment Session

Both platforms employed an identical assessment interface for pre- and post-
learning evaluations. As shown in Figure participants completed a multiple-
choice task in which they selected the correct ASL sign from four candidate images
for each prompted item. Each correct response was awarded one point, and points
were deducted for errors; the total score was the number of correct responses. Ttems
were presented in randomised order, and the post-assessment used equivalent but
non-identical items to the pre-assessment within the same round to minimise recall
effects. For each item, response time (from prompt onset to selection) was recorded
to enable efficiency analyses; unanswered items (if any) were scored as zero. This
format ensured a controlled and consistent evaluation of learning outcomes across
groups.

# 1St Lesming xperment
Assessment Test tem 1 of 20

Which image shows the ASL sign for: 2? Please click it.

Figure 7.2: Assessment interface used in both platforms. Participants were asked to
identify the correct ASL sign from four candidate images. This format was applied
in both pre- and post-tests to measure learning outcomes consistently.

7.5.2 Non-Al Learning Session

In the Non-AI (traditional) learning session (Figure left), participants studied
a fixed sequence of static ASL sign images accompanied by text descriptions and
optional sign demonstration videos. Each sign included a memory aid (e.g., associ-

ating the digit 0 with a closed circle) to support recall. The order of presentation
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was personalised: signs misclassified in the pre-assessment were prioritised before

correctly identified ones.

L] 133 | Al Assistant

Learning: 1
Predicted: 2

Tip: 1: Curl middie inward

Form a fist with all fingers curled into the palm.

Memory Tip:
Looks like a zero - a closed circle with your hand

Show Video

Figure 7.3: Learning sessions across the two platforms. (left) Non-Al interface:
participants studied static sign images with descriptions and memory tips. (right)
Al-assisted interface: participants received adaptive feedback from the recognition
model and pre-generated LLM prompts.

7.5.3 Al-Assisted Learning Session

The Al-assisted learning session (Figureright) incorporated a gesture recognition
model and LLM-generated instructional prompts. MediaPipe extracted 21 hand
landmarks per frame, which were classified using a neural network (Section .
With over 95% recognition accuracy (Figures , the model enabled reliable real-
time feedback. The Al assistant highlighted differences between the current gesture
of the learner and the target gesture (e.g. 'curl middle inward’), and provided pre-
generated memory tips from GPT-40 detailed in Section This adaptive feedback
allowed participants to iteratively correct their signs until successfully matched.
Figure (7.4 shows a representative participant engaging in the Al-assisted ASL
learning experiment. The participant is seated in front of a laptop running the
custom training software, with an external monitor displaying the development en-
vironment for system monitoring. During the task, the participant performs an
ASL sign (here, the digit “6”), which is captured in real time by the laptop camera.
The recognition system overlays the participant’s live video feed with feedback on
the detected gesture, indicating both the current input and whether it matches the

expected target sign.
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Figure 7.4: Example of a participant performing the ASL digit “6” during the
learning experiment.

7.5.4 Reinforcement Game

Both platforms included a Whack-a-Mole style reinforcement game lasting 60 sec-
onds (Figure. On each trial, a single on-screen stimulus appeared as a target cue,
represented by a mouse icon corresponding to a specific ASL item. The game was
implemented for both digits (0-9) and vocabulary words, using the same interface;
only the labels differed.

Participants were instructed to produce the ASL sign that matched the target
cue as quickly as possible. Participants first completed the digit-based game and
then proceeded to the word-based version. The system monitored the pose of the
hand in real time and registered a hit when the prompted sign was recognised above
an acceptance threshold. Scores were accuracy-based: one point was awarded for
each correctly recognised target; missing a target did not deduct points. Stimuli were
presented in randomised order throughout the 60-second round, allowing multiple
target opportunities; the interface and scoring logic were identical across the Al-
assisted and non-Al conditions. The gesture recognition system provided real-time
classification, updating scores accordingly. This gamified component was designed

to strengthen retention and maintain learner engagement.
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@ Whack-A-Mole Ga

é :XA .&’;’ é é Predicted: 9

Label 2

Username: test

Score: 2

Time: 26

Start Game

Figure 7.5: Whack-a-Mole style reinforcement game. Participants performed ASL
gestures in response to target stimuli, with scores updated in real time based on
recognition model predictions.

7.5.5 Summary

Both learning interfaces followed the same cycle: pre-assessment, learning session,
post-assessment and reinforcement game. While the Non-Al system relied on pre-
defined static materials, the Al-assisted system integrated gesture recognition and
LLM-generated prompts to provide adaptive feedback. This design enabled a con-
trolled comparison between non-Al and Al-supported ASL learning approaches. De-
sign choices address single-session limitations noted in Chapters 3-6 and isolate

diagnostic feedback as the active ingredient under matched content and timing.

7.6 User Study

7.6.1 Participants

A total of 46 participants completed the study, with 23 randomly assigned to the
Al-assisted condition and 23 assigned to the non-Al condition. Participants were
aged 22-38 years (M = 28.5, SD = 4.2), with a balanced gender distribution (24
male, 22 female).

All participants were Chinese nationals. The decision to recruit only Chinese
participants was deliberate: ASL is not part of the local curriculum or daily com-
munication environment in China, which ensured participants had no prior exposure
to ASL. This homogeneity reduced potential confounds from pre-existing sign lan-

guage knowledge, making observed performance differences more attributable to the
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experimental interventions.

Participants were recruited through on-site publicity at a public library. Recruit-
ment posters with a QR code linked to the sign-up form were displayed at the library
entrance. Adults from diverse professional fields volunteered and completed consent
in accordance with Institutional Review Board (IRB) guidelines at Durham Univer-
sity. After eligibility screening, participants were randomly assigned in a 1:1 ratio
to the Al-assisted or non-Al condition. Recruitment did not target any profession
or demographic subgroup; backgrounds were heterogeneous, including Engineering,

Design, IT, Teaching, Business, Arts, Management, and Education.

Table 7.1: Participant demographics by experimental condition

Condition N Age Range Gender (M/F) Background Examples

Al-assisted 23 22-37 12/11 Various professional fields
Non-Al 23 23-38 12/11 Various professional fields
Total 46 22-38 24/22 Various professional fields

7.6.2 Study Design and Procedure

The study followed a repeated-measures experimental design across three learning

rounds. Each round consisted of four activities:
1. Pre-assessment: baseline ASL recognition task.

2. Learning session: Al-assisted (gesture recognition feedback) or non-Al (pre-

defined static content).

3. Post-assessment: immediate evaluation using equivalent but non-identical

1tems.

4. Game session: Whack-a-Mole—style evaluation where participants performed

ASL signs in a 60s timed task.

The complete flow of the three rounds is illustrated in Figure |7.6]
Before starting the experiment, all participants were given a standardised in-

troduction outlining the study procedure and ethical considerations. Participants
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Round1
(week1) Pre-Assessment ——— Learning-! ion ——— Post-A ——— Game Session

One week

L

Round2 Pre-Assessment ———> Learning-Session ——— Post-Assessment ——— Game Session

(week2)
One week

L
Round3 .
(week3) Pre-Assessment ——— Learning-!

Post-A ———> Game Session ——— Interview Session

Figure 7.6: Three-round ASL learning and evaluation process used in the user study.

were informed that their task was to learn and practice a set of American Sign Lan-
guage (ASL) digits and words across three rounds, with assessment and game-based
activities after each learning session.

Al-assisted condition: Participants in the Al-assisted group were shown how
to interact with the system interface, which included real-time hand tracking via
webcam and immediate feedback from the gesture recognition model. They were
instructed to perform each sign in front of the webcam, observe the system’s feedback
(e.g., correctness indicators, error highlighting), and repeat gestures until the system
confirmed accurate recognition. A brief demonstration was provided to ensure they
understood how to interpret the Al feedback.

Non-AI condition: Participants in the non-Al group received instructions on
how to navigate the predefined learning interface. Instead of Al feedback, they were
guided through structured instructional materials, such as static images, textual
descriptions, and example videos of each sign. They were instructed to imitate
the provided demonstrations and self-check their accuracy using the comparison
resources (e.g., video replay, step-by-step illustrations).

Both groups were reminded that they would complete three activities in each
round: (1) a pre-session assessment, (2) a learning session, and (3) a post-session
assessment, followed by a game-based evaluation. Participants were explicitly told
that the study compared two different learning approaches, but the exact hypotheses
were not disclosed to minimise bias. To ensure comprehension, participants practised
one sample sign under supervision before beginning the formal study rounds.

Each participant completed all three rounds over a two-week period. The assess-
ments required selecting the correct ASL sign from four alternatives, scored using a

predefined rubric. The learning sessions differed by condition: participants in the Al-
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assisted platform received personalised, real-time feedback generated by the gesture
recognition model, whereas participants in the non-Al platform accessed predefined
learning materials without adaptive feedback. The post-assessment was structurally
identical to the pre-assessment. Finally, the Whack-a-Mole game reinforced recall

in an engaging, time-constrained format.

7.6.3 Interview Process

Following completion of the third round’s game session, participants engaged in a
semi-structured interview lasting 10-20 minutes. The interview was organised into
four thematic sections: learning experience, general engagement, assessment € game
reflection, and hypothetical comparisons, as shown in Table[I0.1} The complete semi-
structured interview guide appears in Appendix [10.4]

7.7 Results

7.7.1 Quantitative analysis

Pre- and Post-Session Assessment Performance
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Figure 7.7: Mean accuracy (left) and mean response time (right) across pre- and
post-session assessments in three consecutive learning rounds for Al-assisted and
Non-Al participants. Error bands represent the standard error of the mean.

Figure depicts participants’ mean accuracy (top panel) and response time
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(bottom panel) in pre- and post-session assessments across three consecutive learning
rounds, comparing the Al-assisted and Non-Al conditions. The horizontal axis
represents the assessment phase in chronological order (Pre 1, Post 1, Pre 2, Post 2,
Pre 3, Post 8). The dual perspective allows evaluation of not only participants’
accuracy in producing correct signs, but also the efficiency of retrieval and execution,
captured through response time.

Across all rounds, both groups demonstrated substantial improvement from pre-
to post-session assessments, reflecting effective learning within each round. How-
ever, the Al-assisted group consistently achieved larger accuracy gains. In Round 1,
the two groups started at comparable pre-session accuracy levels, but Al-assisted
participants showed sharper post-session increases, pointing to the immediate ef-
fectiveness of adaptive feedback. This advantage persisted into Rounds 2 and 3:
the Al-assisted group not only maintained higher post-session scores but also en-
tered each new round with elevated pre-session baselines relative to the Non-Al
group. This pattern indicates that Al-supported learning facilitated better reten-
tion between sessions and cumulative consolidation across rounds. In contrast, both
groups improved across rounds; although the Al-assisted group often showed higher
means, the between-group gap did not reliably widen by the final round.

A complementary trend emerged in response times. Both groups exhibited re-
ductions across rounds, consistent with automatization of sign recall and production.
However, the Al-assisted group consistently reached lower (faster) mean response
times in both pre-session and post-session evaluations. In Round 1, post-session
gains were modestly faster in the Al-assisted condition, but by Rounds 2 and 3 the
difference widened, with Al learners performing more efficiently from the outset.
The narrowing variability in later rounds suggests that practice reduced individ-
ual differences, though the Al-assisted group retained an edge in both speed and
stability. Notably, the simultaneous increase in accuracy and decrease in response
time reflects not a speed—accuracy trade-off but a genuine efficiency gain, with Al
feedback promoting both correctness and fluency of execution.

Together, the accuracy and response time trajectories highlight the dual benefits

of Al assistance. Non-Al learners demonstrated improvement, but their progress was
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characterised by slower, less stable gains and greater reliance on repeated exposure.
In contrast, Al-assisted participants achieved steeper within-session improvements,
higher cross-session retention, and faster response times, suggesting a more efficient
internalisation of the target signs. These converging patterns underscore that Al-
supported feedback not only accelerated acquisition but also optimised the quality

and efficiency of learning, leading to durable advantages over time.

Table 7.2: Mixed-effects model predicting ASL assessment scores. Reference cate-
gory: Post-session, Round 1, Non-Al. Negative coefficients for Pre-session indicate
lower scores than the reference; positive coefficients for Round terms indicate higher
scores than Round 1 in the same phase. Interaction terms show differences in phase
effects across rounds and Al conditions.

Predictor Coef. SE z D 95% CI
Intercept (Post, Round 1, Non-Al) 13.826 0.497 27.82 < .001 [12.852, 14.800]
Pre-session (vs. Post-session) -5.304 0372 -14.24 < .001 [-6.034, -4.574]
Round 2 (Post vs. Round 1 Post) 1.870 0.372  5.02 < .001 [1.140, 2.599]
Round 3 (Post vs. Round 1 Post) 2957 0.372 794 <.001 (2.227, 3.686]
Al-assisted (Post, Round 1 vs. Non-AI Post, Round 1) 0.696 0.703 099 0.322  [-0.682, 2.073]
Pre x Round 2 (vs. Round 1 Pre—Post gap) 3.739 0.527  7.10 <.001 [2.707, 4.771]
Pre x Round 3 (vs. Round 1 Pre-Post gap) 4.478 0.527 850 < .001 (3.446, 5.511]
Pre x Al-assisted (vs. Non-AI Pre-Post gap in Round 1) -0.957 0.527 -1.82  0.069  [-1.989, 0.076]
Round 2 x Al-assisted (Post vs. Non-Al Post) 0.391 0.527  0.74 0.458  [-0.641, 1.424]
Round 3 x Al-assisted (Post vs. Non-AI Post) -0.087 0.527 -0.17  0.869  [-1.119, 0.945]
[_

Pre x Round 2 x Al-assisted (gap change vs. Non-Al Round 2)  0.174 0.745 0.23 0.815 1.286, 1.634]
Pre x Round 3 x Al-assisted (gap change vs. Non-AI Round 3)  1.478 0.745 1.99  0.047 [0.018, 2.938]
Random effects: Participant intercept variance = 4.087

Mixed-effects model We analysed assessment scores with linear mixed-effects
models (LMMs) appropriate for repeated measures with observations nested within
participants [186,|187]. Fixed effects included Phase (Pre vs. Post), Round (1-
3), AI Condition (Al-assisted vs. non-Al), and their interactions. To account for
between-participant heterogeneity, we specified random intercepts for participants;
where justified by model fit and convergence, we considered adding by-participant
random slopes for Phase [188]. Models were estimated by (restricted) maximum
likelihood; inference used Wald tests on fixed effects with two-sided o = .05, and
95% confidence intervals are reported alongside coefficient estimates.

Mixed-effects models are well suited to longitudinal /within-subject designs be-
cause they (i) model the correlation of repeated observations within individuals, (ii)
retain all available data without listwise aggregation, (iii) accommodate unequal

trial counts or occasional missingness, and (iv) allow individual differences in base-
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lines (intercepts) and, when supported, in change over time (slopes) [186,189]. This
makes them preferable to repeated-measures ANOVA for our setting with multiple
rounds and phase contrasts, and aligns with best practice studies in psycholinguis-
tics, HCI, and education using similar designs [188,190].

The mixed-effects model (Table [7.2)) confirmed several key trends:

e Phase effect (reference = Round 1). In Round 1, pre-session scores were,
on average, 5.30 points lower than post-session (p < .001). This pre—post gap
was markedly smaller in later rounds, as indicated by positive PhasexRound
interactions: the gap was reduced by 3.74 points in Round 2 and by 4.48 points
in Round 3.

e Round effects: Post-session scores were significantly higher in Round 2
(+1.87, p < .001) and Round 3 (+2.96, p < .001) compared to Round 1,

suggesting cumulative skill gains over time.

e Al main effect: When collapsing across all phases and rounds, the Al-
assisted group’s post-session scores were not significantly different from the
Non-Al group’s (+0.70, p = .322). Group means were similar at baseline
(Pre—1). This baseline similarity does not imply equivalence across later phases
or rounds; condition differences are therefore interpreted within each round

and phase.

e Phase x Round interactions: The pre—post improvement was smaller in
Round 1 than in later rounds, with significant increases in Round 2 (+3.74,
p < .001) and Round 3 (4+4.48, p < .001), indicating that as participants

became more experienced, they made larger within-session gains.

e Phase x AI (Round 1). In Round 1, the Al-assisted group showed a
marginally larger pre—post gain (A & 0.96 points, p = .069), indicating an
early-round advantage; differences were smaller in later rounds (cf. Figure ,

Table [7.2)).

e Phase x Round x AI. In Round 3, the Al-assisted group’s pre—post gain

was statistically larger than the Non-Al group’s (A =1.48, p = .047). This
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round-specific effect does not imply a steadily increasing between-group gap;
absolute differences in final scores did not consistently widen across rounds

and may reflect ceiling constraints (see Figure and Discussion).

In summary, both groups improved within and across rounds, but the Al-assisted
group achieved consistently greater post-session performance and, by Round 3, sig-
nificantly outpaced the Non-AI group in within-session improvement. This pattern
indicates that Al support may be especially valuable in sustaining learning momen-

tum and amplifying gains as learners approach higher levels of proficiency.

Improvement Across Rounds

Figurepresents the distribution of participants’ improvement scores ( Post-session
minus Pre-session) in each round, separated by Al-assisted and Non-AI conditions.
Across all rounds, the Al-assisted group tended to achieve greater within-session

gains in accuracy, although the size and even the direction of this difference varied

over time.
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Figure 7.8: Distribution of improvement scores (Post—Pre) across rounds for Al-
assisted and Non-Al groups. Error bars represent interquartile ranges; circles denote
outliers.

Welch’s independent t-tests for each round revealed that none of the between-

group differences reached statistical significance individually, though the effect in
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Round 2 approached significance (t = 1.807, p = 0.079). The smallest difference
appeared in Round 1 (¢t = 1.397, p = 0.170), while in Round 3 the direction reversed
slightly, with the Non-Al group showing a marginally higher median improvement
(t = —1.595, p = 0.118). Per-round variability indicates round-specific differences
rather than a monotonic trend; we therefore refrain from ranking stages and defer
interpretation to the Discussion (Section .

A two-way mixed ANOVA, with AI Condition as a between-subjects factor and
Round as a within-subjects factor, showed a significant main effect of AI Condition
(F(1,45) = 4.014, p = 0.048), indicating that Al-assisted learners achieved greater
overall pre—post gains when averaging across all rounds. There was also a robust
main effect of Round (F(2,90) = 157.630, p < 0.001), with improvement scores
declining steadily from Round 1 to Round 3. This decline likely reflects a ceiling
effect: as participants’ baseline skills rose, there was less room for large within-
session gains. Importantly, the Al Condition X Round interaction was significant
(F'(2,90) = 3.524, p = 0.034), showing that the Al advantage was not constant—its
impact shifted depending on the stage of learning.

A mixed-effects model with random intercepts for participants largely corrobo-
rated the ANOVA findings. The main effect of AI Condition was marginally non-
significant (5 = —0.957, p = 0.053 for Non-Al relative to Al-assisted), again sug-
gesting a general trend toward greater improvement for Al-assisted learners. Rela-
tive to Round 1, within-session gains decreased by 3.91 points in Round 2 (p < 0.001)
and by 5.96 points in Round 3 (p < 0.001). The model also identified a significant
interaction for Round 3 in the Non-Al group (5 = 1.478, p = 0.013), indicating that
the late-stage drop in improvement was less pronounced for Non-Al learners than
for Al-assisted learners.

Taken together, these results suggest that Al-assisted feedback provided a no-
table boost in early- and mid-stage learning, enabling larger within-session gains
when learners still had substantial room for improvement. However, as proficiency
increased and error rates dropped, the relative advantage of Al narrowed, and by
Round 3, Non-Al participants retained more consistent improvement. This shift

may indicate that the Non-Al group’s reliance on deliberate, self-paced correction
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fostered steadier incremental progress in later stages, while Al learners—having
already captured many quick wins earlier—experienced diminishing returns on ad-
ditional feedback. The interaction pattern supports a nuanced view: AI support
accelerates early skill acquisition but may converge with, or even be matched by,

strong self-regulated practice in advanced phases.

Learning Session Analysis
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Figure 7.9: Distribution of total learning time across rounds for Al-assisted and Non-
Al participants. Boxplots show the median (horizontal line), interquartile range
(box), and range excluding outliers (whiskers), with outliers plotted as individual
points.

Figure [7.9] shows the distribution of total time participants spent in each learn-
ing round, from pre-session to post-session completion, for both the Al-assisted and
Non-AI groups. Median learning times declined markedly from Round 1 to Round 3
in both groups, reflecting increased familiarity with the task, more efficient recall. In
the Al-assisted condition, shorter times likely reflect faster uptake of corrective feed-
back; in the non-AI condition, reductions are attributable to streamlined navigation
and selective replay, not in-session practice of signing.

A two-way mixed ANOVA with Al Condition (Al-assisted vs. Non-Al) as a
between-subjects factor and Round (1-3) as a within-subjects factor revealed a

significant main effect of Round, F(2,88) = 59.66, p < 0.001, confirming that
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learning times decreased significantly in later rounds. There was no significant main
effect of AI Condition, F'(1,45) = 0.36, p = 0.545, indicating that, on average, the
two groups spent similar amounts of time learning. The Al Condition X Round
interaction was not significant (p = 0.115), suggesting that both groups showed
broadly similar patterns of time reduction across rounds.

For robustness, we fitted a mixed-effects model with total learning time as the
dependent variable, AI Condition and Round as fixed effects, and random intercepts
for participants. The model specification and results are presented in Table [7.3]

where the reference category is the Al-assisted group in Round 1.

Table 7.3: Mixed-effects model predicting total learning time (in seconds). Reference
category: Al-assisted group, Round 1. Negative coefficients indicate less time than
the reference; positive coefficients indicate more time. Interaction terms show how
differences between Al and Non-Al groups vary across rounds.

Predictor Coef. SE z P 95% CI
Intercept (Al-assisted, Round 1) 283.766 10.220 27.77 < 0.001 [263.735, 303.797]
Non-AT (vs. Al-assisted, Round 1) -8.738 14.454 -0.61 0.545  [-37.066, 19.591]
Round 2 (Al-assisted vs. Round 1) -24.279 6916 -3.51 < 0.001 [-37.833, -10.724]
Round 3 (Al-assisted vs. Round 1) -61.844 6.916 -8.94 < 0.001 [-75.399, -48.290]
Non-AI x Round 2 (vs. Al-assisted Round 2) 18.679  9.780 1.91 0.056 [-0.489, 37.848]
Non-AI x Round 3 (vs. Al-assisted Round 3) 17.757  9.780  1.82 0.069 [-1.411, 36.926]
Random intercept variance (Participant) 1852.462 22.168

The mixed-effects model confirmed the ANOVA’s findings:

e Main effect of round: Al-assisted participants reduced their learning time
by an estimated 24.28 seconds from Round 1 to Round 2, and by 61.84 sec-
onds from Round 1 to Round 3 (p < 0.001 for both). This pattern indicates

substantial efficiency gains over repeated practice cycles.

e Main effect of AI Condition: The Non-Al group’s total time in Round 1
was slightly lower than that of the Al-assisted group, but the difference was
not significant (p = 0.545).

e Interaction effects: The Non-Al group showed a tendency to spend more
time than the Al-assisted group in Rounds 2 and 3 (about +18 seconds in each

case), with p-values near the conventional threshold for significance (0.056 and
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0.069). While not statistically reliable, these patterns suggest that the Non-Al

group may have required slightly longer to complete later sessions.

Both groups became faster at completing the learning sessions over time, re-
flecting procedural fluency gains as sign recognition and production became more
automatic. The absence of a significant overall difference between Al-assisted and
Non-AlI participants suggests that Al feedback did not reduce the total time needed
to complete a round—Ilikely because participants in the Al-assisted group spent ad-
ditional moments responding to feedback and making corrections in real time. The
marginal trend toward longer times for the Non-Al group in later rounds could reflect
their need for more self-directed checking and repetition before moving on, whereas
Al-assisted learners could rely on the system to flag errors and confirm correctness.
In this sense, efficiency gains appear to be driven primarily by practice effects com-
mon to both groups, with only minor time savings potentially attributable to Al

assistance in the later stages.

Correlation between Learning Time and Accuracy

To investigate the relationship between the total time spent in the learning session
and the final assessment accuracy, Pearson’s correlation coefficients were calculated
separately for each round and Al condition (Figure [7.10)).

In Round 1, a significant positive correlation was observed for the Non-Al
group (r = 0.49, p = 0.017), suggesting that participants who spent more time
learning tended to achieve higher final accuracy scores. In contrast, the Al-assisted
group showed a negligible and non-significant correlation (r = —0.08, p = 0.710),
indicating no clear relationship between time spent and performance in this round.

In Round 2, the correlations for both groups were positive but non-significant:
Non-AI (r = 0.24, p = 0.263) and Al-assisted (r = 0.28, p = 0.202). This suggests
that, while there was a weak tendency for longer learning times to be associated
with higher accuracy, the effect was not statistically reliable.

In Round 3, the Non-Al group again showed a moderate positive correlation
(r = 0.39, p = 0.065), approaching significance, whereas the Al-assisted group

maintained a weak and non-significant association (r = 0.11, p = 0.610).
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Overall, the results suggest that the relationship between time spent learning and
subsequent performance is more consistent in the Non-Al group, particularly in the
early round, whereas Al-assisted participants did not show a clear link between time
investment and accuracy. The pattern suggests more efficient time-to-information
in the Al-assisted condition—minutes are focused on corrective actions rather than
undirected review—whereas non-Al practice shows diminishing returns. Participant
reports align with this interpretation (Section|7.7.2]); mechanisms are detailed in the
Discussion (Section [7.8)).

Non-Al r =0.49, p = 0.017 Non-Al r=0.24, p = 0.263 Non-Al r = 0.39, p = 0.065
Al-assisted r = -0.08, p = 0.710 Al-assisted r = 0.28, p = 0.202 Al-assisted r = 0.11, p = 0.610
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Figure 7.10: Scatterplots showing the correlation between total learning time and
final assessment accuracy for each round, separated by Al condition. Lines represent
the best-fitting regression for each group, with Pearson’s r and p-values reported in
the plot.

Game Performance

Figure [7.11] presents the distribution of Whack-a-Mole game scores for Al-assisted
and Non-Al participants across three rounds. Several clear patterns emerge from
the boxplot.

In Round 1, both groups displayed relatively wide score distributions, indicating
varied initial performance levels. The Al-assisted group’s median score was moder-
ately higher than that of the Non-Al group, and the upper quartile extended further
upward, suggesting that the top performers in the Al-assisted condition achieved no-
ticeably higher scores. The presence of fewer low outliers in the Al-assisted group
points to greater consistency, with fewer participants struggling substantially in the
first exposure.

By Round 2, median scores rose for both groups, accompanied by narrower

interquartile ranges. This reduction in variability suggests a consolidation effect,
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Figure 7.11: Boxplot of Whack-a-Mole game scores across three rounds, comparing
Al-assisted and Non-Al participants. The central line represents the median, the
box shows the interquartile range (IQR), and whiskers extend to 1.5 x IQR. Points
outside the whiskers indicate outliers.

where repeated gameplay led to more uniform performance across participants. The
Al-assisted group maintained a higher median and upper quartile, and again exhib-
ited fewer extreme low scores, reinforcing the impression of more stable and reliable
performance.

In Round 3, the median scores for both groups increased further, indicating
continued skill development. Variability was smallest in this round, especially for the
Al-assisted group, whose interquartile range compressed around higher score values.
The Non-AI group also demonstrated strong improvement, but their distribution
retained slightly more spread, hinting at greater individual differences in end-stage
performance. By Round 3, outliers (circles) are visible in the non-Al condition,
while in the Al-assisted condition the whiskers (and, where visible, the IQR) are
wider than in earlier rounds, indicating greater dispersion despite comparable or
higher medians.

Taken together, the boxplots show that while both groups improved with prac-
tice, the Al-assisted group consistently achieved higher central scores, tighter clus-
tering, and fewer extreme lows across rounds. This pattern points to a potential
advantage in both efficiency and consistency, with Al feedback possibly accelerating

convergence toward high, stable performance levels.
113



7.7.2 Qualitative analysis
Hybrid qualitative pipeline (single-analyst, assistive)

Dataset size and structure. All participants (N = 46) completed a post-study
interview organised into 4 thematic blocks (Learning Experience, General Engage-
ment, Assessment €4 Game Reflection, Hypothetical Comparison €& Open Feedback),
each with 2-5 short answers, yielding up to 506 brief responses (median one-two
sentences). Interview notes were captured verbatim and immediately member-

checked by reading them back to participants.

Methods rationale. Because the corpus contains many very short answers, be-
ginning from purely manual open coding risks inconsistent initial buckets and ana-
lyst drift across passes. We therefore used assistive methods to surface candidate
structure reproducibly and to flag potential misfits—not to automate labelling or

to increase apparent methodological complexity.

Pipeline.

1. Pre-processing. Lowercasing, punctuation removal, stop-word filtering; do-

main tokens (e.g., ok, hello, water) preserved.

2. Topic surfacing (TF-IDF + NMF). For each block, we built TF-IDF
matrices with unigrams/bigrams (min_df/max_df tuned per block) and applied
Non-negative Matrix Factorisation (NMF). We explored k£ € {2,...,6} and
selected k by balancing topic coherence and diversity via a simple harmonic
score (see Fig. . The output at this stage is a set of candidate clusters

only.

3. LLM label suggestions. For each candidate cluster, we provided the top
TF-IDF terms and a small de-identified exemplar snippet to an LLM (gpt-4o-
mini) to suggest a short, human-readable topic label. These suggestions were

used as drafting aids only.

4. Human adjudication and final coding. All qualitative adjudication was

performed by the author (single analyst). The author (i) re-read every re-
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sponse in its original interview context, (ii) merged or split candidate clusters
where automatic groupings or LLM label suggestions did not match the data
or interview guide, and (iii) wrote the final theme labels and assigned
codes response-by-response. LLM-suggested labels were accepted only if
they accurately reflected the data after re-reading; otherwise they were edited
or discarded. No embedding or similarity methods (e.g., SBERT) were used for
coding or theme assignment. As detailed below, SBERT was employed strictly
after coding to retrieve a single representative quote per theme (exemplar

selection), not to influence labels or codes.

5. SBERT-guided exemplar selection (sampling, not coding). To anchor
each theme with a representative piece of evidence, I used semantic simi-
larity strictly as a retrieval mechanism for one exemplar quote per theme.
All responses and the human-written theme descriptions were embedded with

SBERT (all-mpnet-base-v2) and cosine similarity was computed [191].
Specifically, let r; € R? denote the SBERT embedding of response ¢ and t; €

R? the embedding of topic j. After ¢,-normalization,

~ r; ~ tj
r, — ——— .=
B 52 PR || 1]

(7.1)

RNXK

we computed the response—topic similarity matrix S € , with elements

in [-1,1], via cosine similarity,
Sy = (#:)"t;. (7.2)

For each theme, the single highest-similarity response was selected as the ex-

emplar and then quoted.

Integrity safeguards and auditability. Credibility was supported via (i) member-
checking at capture; (ii) a simple, reproducible surfacing step (TF-IDF/NMF); (iii)
an LLM-suggestions-only label aid with human verification; (iv) a flag-only SBERT

screen to catch off-theme items; and (v) an audit log of merges/splits, label edits,
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and codebook changes. Given the single-analyst design, we prioritised procedural

transparency over inter-rater statistics.

Scope and limitations. This assistive pipeline suits corpora of numerous short
utterances; it is not a substitute for hermeneutic analysis of long narratives. Al com-
ponents (NMF, LLM label suggestions, SBERT flags) were introduced only where
warranted by corpus characteristics; all reported themes and labels are the result

of human interpretation.

Preprocess & Clean Manually check the topic and
(lowercase, stop words, tokenize) fine tune mislabeled topic

l I l

For each subset: TF-IDF -> NMF (k=2..6) . . L Embed texts
Compute coherence c_v + topic diversity MR e Eieeiem (et i) SBERT all-mpnet-base-v2

l T l

Weighted harmonic score (w_cv, w_div) Fit NMF with best k: Compute cosine similarity

select best_k (number of topics) Top terms + exemplar (Response x topic matrix)

Raw Data —» Assign every response to a topic —_—

Figure 7.12: Assistive qualitative workflow. TF-IDF + NMF surface candidate
clusters for short answers; the author conducts all adjudication and final coding.
SBERT similarity is used only as a diagnostic flag to prompt re-inspection; it does
not assign labels.

Selecting the Number of Topics

Figure reports a weighted harmonic score that jointly captures topic coherence
and topic diversity for candidate topic counts k € {2,...,6}, estimated separately
for the Non-AI and Al-Assisted groups within each section. Across three weighting
schemes for coherence vs. diversity (0.5/0.5, 0.6/0.4, 0.7/0.3), we selected k by
maximising the weighted harmonic score

Hy(k) = (2% + 52) (7.3)

where C(k) is ¢, coherence and D(k) is topic diversity computed from the top-8
terms per topic (average pairwise Jaccard distance/proportion unique); higher H,
indicates a better balance (Fig. [7.13)).

In all sections,the k£ that maximised the harmonic score did not depend on the

weighting scheme (Fig. [7.13)):
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Figure 7.13: Selecting k per interview block by a simple coherence-diversity har-
monic score for topic surfacing. This step is heuristic and non-binding; final themes
are set by the author after re-reading the data.
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Learning Experience: k=5;

General Engagement: k=4;

o Assessment € Game Reflection: k=5;

Hypothetical Comparison € Open Feedback: k=6.

These settings suggest that the underlying thematic structure requires moderate
granularity for learning processes and assessment reflections (k=5), a more compact
representation for engagement dynamics (k = 4), and a finer partition for open,
forward-looking feedback (k=6). Because the harmonic mean penalises imbalances
between coherence and diversity, the observed peaks mark configurations where
within-topic consistency and between-topic separation are jointly optimised. Moving
to larger k risks fragmentation without substantive gain; reducing k compresses
distinct topics and blurs interpretability.

Altering the weights placed on coherence vs. diversity shifts absolute score mag-
nitudes but does not change the maximising k£ in any panel. This invariance sup-
ports the robustness of the selected topic counts and reduces concern that model
selection is an artefact of a particular weighting. Adopting k = {5,4,5,6} for the
four sections (Non-Al and Al-Assisted alike) yields like-for-like comparisons while

preserving interpretability.

Learning Experience

Table 7.4: Learning Experience — Top Quotes per Topic (Non-Al on top; Al-
Assisted below)

Non-AT
Topic ‘ Quote ‘ Similarity
Difficulty with Complex Signs | ... follow, but the word signs, especially mother and airplane, were more challenging because the videos didn’t ... 0.7273
Clarity of Materials ... about the exact movement speed or finger angles.Yes I sometimes the hand in the video was at a different ... 0.7114
Self-Correction Challenges ... straightforward, but I had a hard time with mother and sorry because the materials didn’t show the hand orientation ... 0.5686
Structured Learning Approach | ... repeating the same small orientation error without noticing. Yes — the videos were short, so I sometimes had to ... 0.5359
Need for Additional Feedback | ... video at key frames and matching my hand to them. A clear visual guide that’s great for independent learners ... 0.4500
Al-Assisted
Topic ‘ Quote ‘ Similarity
Immediate Improvement ... finger positioning helped me eventually correct them.A precise and tireless guide that doesn’t let you ... 0.7900
Clarity of Instructions ... my hand because of the lighting in my room, so I had to adjust the angle.Water and ok were tricky - for ... 0.7166
Precision in Feedback ... I'realized T was the one in the wrong.Once or twice the hand tracking didn’t catch my movement if I went ... 0.7024
Challenges with Speed ... hand height and wrist angle until they looked right.Like having a coach who never gets tired of pointing ... 0.6461
Supportive Coaching Style ... which part was wrong — for example, ”thumb should point outward.” T trusted ... 0.5634

Across Non-Al accounts, participants consistently reported difficulty with com-

plex signs (0.73) and clarity of materials (0.71) as their primary obstacles. These
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difficulties stemmed largely from the static, single-angle nature of the instructional
videos, which limited visibility of fine-grained articulations such as subtle palm ro-
tations, shifts in wrist tilt, and precise finger curvature. Signs involving compound
or multi-directional movements (e.g., “mother”, “airplane”) were particularly prone
to misinterpretation, as critical features often occurred outside the camera’s angle
or were not shown in slowed, segmented form. As one non-Al participant put it, “...
the word signs, especially mother and airplane, were more challenging because the
vitdeos didn’t show the movement clearly ...”. Consequently, learners often defaulted
to a cognitively demanding trial-and-error cycle: observe, attempt, self-evaluate
through visual comparison and proprioception, and retry. This workflow increased
the risk of unnoticed errors becoming entrenched over time.

Reports of self-correction challenges (0.57) highlight the mental effort required
to identify error sources without external feedback. Participants frequently noted
that they could repeat the same small orientation or handshape error across several
attempts without realising it. The topic of a structured learning approach (0.54) of-
fers insight into how learners coped: many relied on the short, looped nature of the
videos, breaking tasks into repeated micro-practice cycles that allowed some degree
of consistency and rhythm. While this structured repetition created stability, it also
revealed a structural limitation—without external validation, learners risked rein-
forcing inaccuracies rather than refining them. This explains the recurring calls for
additional feedback (0.45), such as requests for error highlighting or frame-by-frame
comparisons, which would provide a mechanism to confirm whether corrections were
accurate. Taken together, the Non-Al experience was shaped by heavy reliance on
perception and memory, combined with individually improvised routines to manage
error detection and correction.

In contrast, Al-Assisted narratives clustered more tightly around immediate im-
provement (0.79), clarity of instructions (0.72), and precision in feedback (0.70),
reflecting a narrower but more focused set of experiences. Here, clarity did not
refer to the comprehensibility of the demonstration, but to the explicitness of di-
agnostic feedback. Participants valued instructions such as “straighten your index

finger” or “thumb should point outward,” which pinpointed the exact biomechan-
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ical adjustment required. This diagnostic specificity effectively externalised error
detection, shifting learners’ cognitive load away from identifying mistakes toward
simply executing corrections. As a result, we infer that the feedback loop was com-
pressed—recognition and correction often occurred within a single cycle—which may
have accelerated visible progress and reinforced confidence. Minor frictions—such
as sensitivity to movement speed (0.65) or occasional tracking glitches under poor
lighting—were acknowledged, but these were perceived as technical nuisances rather
than structural barriers to learning. The system’s supportive coaching style (0.56)
further strengthened its perceived reliability, framing feedback as constructive guid-
ance rather than evaluative judgment.

A key comparative insight is that while both groups emphasised “clarity” as
central to effective learning, the meaning diverged sharply. In the Non-Al mode,
clarity concerned the representation of the model sign—whether learners could per-
ceive and interpret the intended movement from video materials. In the Al-Assisted
mode, clarity referred to diagnostic specificity—how precisely the system identified
and communicated learners’ own errors. This distinction reflects a broader peda-
gogical shift: Non-Al participants engaged in perception-based learning, relying
on self-directed observation and pattern recognition [192|193], whereas AI-Assisted
participants engaged in correction-based learning, where error detection was
largely externalised [194,]195]. This structural difference in feedback flow reduced
uncertainty and cognitive load in the Al-Assisted condition, positioning it as a more

efficient pathway for developing motor accuracy and learner confidence.

General Engagement

Table 7.5: General Engagement — Top Quotes per Topic (Non-Al vs Al-Assisted)

Non-Al
Topic ‘ Quote ‘ Similarity
Motivation from Progress ... but T liked the flexibility to practice when I wanted. ... 0.6505
Self-Paced Learning Benefits ... motivated because I enjoy structured skill building.Less engaging than interactive feedback but good for self-paced ... 0.6326
Preference for Structured Learning | ... but I appreciated being able to replay sections as many times as I needed. ... 0.6147
Challenges with Engagement ... Moderately motivated. I enjoyed the structured approach, but I think live feedback would have made it more engaging. ... 0.4864
Al-Assisted
Topic ‘ Quote ‘ Similarity
Interactive Feedback ... Seeing my improvement in both digits and words reinforced the effort.Definitely. ... 0.7035
Progress Tracking ... The interactive feedback kept me alert. ... 0.6797
Game Motivation ... Highly motivated - I kept wanting to beat my own game scores and fix old mistakes.Yes, ... 0.6534
Conversational Learning ... I was pretty motivated because I could see a visible difference in my scores each round.Yes, ... 0.6066

Non-Al engagement patterns were characterised by a steady, structure-driven
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orientation. Topics of motivation from progress (0.65), self-paced learning benefits
(0.63), and preference for structured learning (0.61) point to a mode that rewards
persistence and autonomy. Participants valued the ability to control pacing—for
instance, replaying sections until movements felt correct—framing repetition as both
a confidence-builder and a safeguard against forgetting; as one non-Al learner put
it, “... I could replay sections as many times as I needed ...”. Flexibility was also
emphasised: “... [ liked the flexibility to practice when I wanted ...”. This approach
aligned well with learners who favour deliberate, methodical skill accumulation.
However, challenges with engagement (0.49) emerged when the absence of interactive
prompts led to disengagement, especially for those who respond better to dynamic
feedback. In such cases, structure alone maintained compliance but struggled to
generate the kind of affective investment that keeps attention high over extended
sessions.

In contrast, Al-Assisted engagement was anchored in interactive feedback (0.70)
and progress tracking (0.68), supplemented by motivational triggers such as game
motivation (0.65) and a conversational learning style (0.61). Here, engagement was
not merely sustained through self-direction, but actively fuelled by a continuous loop
of challenge, feedback, and visible achievement. Interactive elements transformed
practice into a quasi-dialogic exchange, where the system acted as both coach and
performance monitor. Progress tracking reinforced this dynamic by providing quan-
tifiable evidence of improvement, while gamified elements—Ilike beating previous
scores—introduced an element of competition, even in solo practice. These factors
collectively shifted the learner’s mindset from structured compliance to active
investment, with visible progress serving as an intrinsic reward mechanism [196].

The thematic distribution also reflects a difference in engagement mechanics:
in Non-AT learning, motivation was primarily self-requlated |197] and dependent
on internal discipline, whereas in Al-assisted learning, motivation was co-requlated
[198]—emerging from a system-learner interaction that continually stimulated at-
tention and rewarded effort. This distinction suggests that while both approaches
can sustain engagement, Al-assisted modes are more likely to convert participa-

tion into sustained, high-energy involvement by coupling structure with interactive,
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personalised reinforcement.

Assessment & Game Reflection

Table 7.6: Assessment & Game Reflection — Top Quotes per Topic

Non-AT
Topic ‘ Quote ‘ Similarity
Reduced Errors ... and water.It made practice more exciting and pushed me to react faster. ... 0.6310
Improved Recall Speed ... and mother.It made recall much faster. ... 0.6156
Increased Confidence ... Proud - T cut my errors from 17 in round one to only 5 by the final assessment.All digits, ... 0.6147
Motivation and Enjoyment ... mistakes from 13 in the first round to only 4 in the last round.All digits, plus hello, ok, and water.It was ... 0.5202

Pressure Handling ... signs to just 3 in the last round.All digits, water, hello, and ok.It made me quicker and more accurate ... 0.4592

Al-Assisted

Topic ‘ Quote ‘ Similarity
Reduction in Errors ... by the end I was down to one mistake, ... 0.6615
Game’s Impact on Recall ... father, sorry, and yes still weren’t correct.Definitely 0 and love - I can do them quickly and confidently.The ... 0.6325
Confidence in Performance ... Huge improvement. I nailed ok and love, which I missed in the first assessment, and my digits became almost automatic. ... 0.5857
Tmproved Reaction Speed ... and most digits except 6.1t really pushed my reaction speed. ... 0.5672
Mixed Feelings About Pressure | ... The speed element forced me to recall quickly, which carried over into the assessment. ... 0.4829

For the Non-Al group, reflections converged on steady gains achieved through
repeated, structured practice. The dominant topics were reduced errors (0.63), im-
proved recall speed (0.62), and increased confidence (0.61). Participants often de-
scribed a progression in which accuracy improvements reinforced speed, creating a
positive feedback loop where familiarity reduced hesitation—*... I reduced my mis-

43

takes from 13 in the first round to only 4 in the last round ...”; it made recall
much faster.”. These gains were attributed to the ability to rehearse at a controlled
pace, allowing fine-tuning without the cognitive strain of time pressure. Confidence,
in this context, was largely built through consolidation—each correct repetition
served as a confirmation of skill stability. However, pressure handling scored lower

(0.46), reflecting mixed experiences: “

... the game was both fun and stressful.”. This
suggests that in the Non-AI mode, improvement was anchored in mastery through
repetition rather than adaptive performance under dynamic conditions.

Al-assisted reflections revealed a parallel set of topics but with a more performance-
oriented edge. Again, reduction in errors (0.66) and game’s impact on recall (0.63)
were prominent, alongside confidence in performance (0.59) and improved reaction
speed (0.57). Here, the interplay between speed and feedback was central: the
timed, game-like assessments demanded rapid retrieval, while immediate corrective
prompts ensured that errors were addressed before becoming entrenched. Partic-

ipants described a carry-over from the game to the assessment; for example,

the speed element forced me to recall quickly, which carried over into the assess-
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ment ...”. We therefore refer to this as a carry-over effect in our narrative, where the
heightened pace and focus of the game transferred directly to the formal assessment.
The mized feelings about pressure (0.48) topic indicates that while most participants
experienced this as productive stress — aligning with the concept of “desirable dif-
ficulty” — a minority found it introduced performance anxiety. Nonetheless, the
balance of challenge and support appears to have tilted the learning environment
toward high engagement and skill generalisation, in contrast to the Non-AI mode’s
emphasis on controlled repetition.

Taken together, these patterns point to a functional difference in how each modal-
ity shaped assessment readiness. Non-Al practice reinforced accuracy and stability
through self-paced consolidation, cultivating a strong baseline but less exposure to
high-pressure retrieval. Although the only timed component was the Whack-a-Mole
game (used in both conditions), the Al-assisted mode paired that common time
pressure with a feedback-rich learning phase; this combination may have fostered

faster, more accurate responding at test.

Hypothetical Comparison & Open Feedback

Table 7.7: Hypothetical Comparison & Open Feedback — Top Quotes per Topic

Non-Al
Topic ‘ Quote ‘ Similarity
Multi-Angle Videos ... sorry sign would have improved much faster with real-time feedback.Show the hand movement from multiple ... 0.6796
Real-Time Feedback ... real-time correction would make a big difference for subtle errors.Include a "practice with timer” mode ... 0.6500
Video Demonstrations ... I think my tricky signs would have been corrected earlier, ... 0.6483
Slow-Motion Playback ... would have corrected my sorry sign much faster.Add animated examples and optional slow-motion playback for ... 0.6178
Error Highlighting ... repeated mistakes - especially for tricky finger positions.Include a "review mistakes” section after each ... 0.5914
Comparison Tools ... I probably would have made fewer small errors in the early stages, ... 0.4979
Al-Assisted
Topic ‘ Quote ‘ Similarity
Challenges with Mistakes ...I'd probably learn the basics, but I wouldn’t catch small mistakes that matter in sign language clarity.... 0.6946
Need for Different Perspectives | ...I'd get the general shapes right, but I'd keep subtle mistakes that would make my signing less clear. ... 0.6415
Focus on Specific Signs ... I'd probably still be stuck on sorry. I need interactive nudges, not just watching.... 0.6081
Desire for Progress Tracking ... I'd probably still learn digits fine, but my tricky words would take much longer to master ... 0.5601
Need for Real-Time Feedback | ...I'd likely keep some bad habits without realizing it.Maybe add a ”challenge mode” where the Al speeds ... 0.5529
Need for Replay Features ... and I might not fix subtle errors.I'd love a side-by-side replay of my gesture next to the perfect one ... 0.4476

When reflecting on unmet needs, both groups converged on a desire for richer,
more controllable feedback mechanisms that would allow them to diagnose and verify
their own performance. In the Non-Al group, the most common requests were for
multi-angle videos (0.68), real-time feedback (0.65), video demonstrations (0.65),
slow-motion playback (0.62), error highlighting (0.59), and comparison tools (0.50).
Learners articulated clear gaps in the materials: “... show the hand movement
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2 [13

from multiple angles ...”, “... real-time correction would make a big difference for
subtle errors ...”, and “... add slow-motion playback for tricky signs ...”. Together,
these features signal a preference for high-control learning environments, where users
can pause, replay, and scrutinise details at will, reducing reliance on memory or
guesswork during self-correction.

Even among Al-Assisted users — who already received immediate corrective
prompts — similar needs surfaced, though the emphasis shifted toward edge-case
handling and fine-grained control. Requests included addressing challenges with mis-
takes (0.69), offering different perspectives (0.64), enabling focused drills on specific
signs (0.61), enhanced progress tracking (0.56), refining real-time feedback (0.55),
and adding replay features (0.45). Participants pointed to the limits of in-the-

[13

moment guidance and asked for post-hoc verification: “... I’d get the general shapes

right, but I'd keep subtle mistakes that make my signing less clear ...”, “... I'd prob-
ably still be stuck on sorry—I need interactive nudges, not just watching ...”, and
“... I'd love a side-by-side replay of my gesture next to the perfect one ...”. These

suggestions indicate that while automated guidance improved baseline performance,
learners still sought tools to inspect borderline cases and confirm corrections when
recognition was ambiguous.

Across both groups, these priorities reveal a shared vision of “transparent correc-
tion pathways” [194,/199]: learners want not just to be told they are wrong, but to
see and understand why, from multiple vantage points and at a level of detail they
control. This points toward hybrid feedback designs that combine the immediacy
of AT with the interpretive clarity of visual artefacts, enabling both real-time course
correction and deliberate, self-paced skill refinement. Such designs could serve as
a common ground for learners who thrive under guided instruction and those who

prefer autonomous mastery.

7.8 Discussion

This study contrasted Al-assisted and Non-AI approaches to introductory ASL

learning across three rounds, triangulating accuracy, response time, improvement,
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learning time, game performance, and qualitative accounts of experience, engage-
ment, and needs. Overall, the pattern is consistent: Al assistance compresses the
feedback loop by externalising error detection, yielding higher post-session accuracy,
faster responses, and tighter performance distributions, while Non-Al practice relies

more on structured repetition and time-on-task to consolidate skills [200-202].

7.8.1 Summary of Key Findings

Performance and efficiency The combined accuracy-response-time figure (Fig-
ure.[7.7)) shows steeper pre-post gains and faster responding for the Al-assisted group
across rounds, with higher pre-session baselines by Rounds 2-3, indicating cross-
session carry-over. Mixed-effects modelling (Table [7.2)) confirmed strong within-
session learning (pre < post) and cumulative gains over rounds, with a significant
three-way interaction in Round 3 indicating larger pre—post improvements for Al-
assisted learners. Improvement analyses revealed that Al’s advantage was strongest
early-to-mid study and narrowed later, consistent with diminishing returns as learn-
ers approach ceiling and with staging effects in skill acquisition [203},204]. Boxplots of
game performance showed higher medians and fewer low-end outliers for Al-assisted

participants, suggesting improved consistency in addition to mean benefits.

Learning time and time—accuracy coupling Total learning time decreased
across rounds for both groups (Fig. , with no reliable overall difference be-
tween conditions (Table[7.3)). Correlational analyses indicated that in Non-Al, time
spent was more often positively related to post-session accuracy (notably Round 1),
whereas in Al-assisted learning this coupling was weak or absent. This implies Al
improves the quality of practice (diagnostic specificity; knowledge-of-performance
feedback) rather than simply reducing duration [200,205]. By contrast, Non-Al

gains appear more dependent on practice time and repetition [206].

Learner experience and needs. Qualitative themes corroborate the mechanism-
level account. Non-Al learners reported difficulties with complex signs and material

clarity, adopting structured micro-practice routines to compensate, yet risking rein-
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forcement of subtle errors. Al-assisted learners emphasised immediate improvement
and precise, actionable feedback; minor frictions (e.g., lighting sensitivity) were
treated as technical rather than pedagogical barriers. Both groups requested richer,
controllable artefacts (multi-angle views, slow-motion, side-by-side replay), pointing

to a shared desire for transparent, self-verifiable correction pathways [201},202,207].

7.8.2 Mechanisms: From Perception-Based to Correction-

Based Learning

A central contribution is specifying how Al assistance reshapes the cognitive work-
flow. In the Non-AlI setting, learning is perception-based: learners infer correctness
by aligning perception and proprioception with a model video, bearing the cogni-
tive load of diagnosis. In the Al-assisted setting, learning becomes correction-based:
error detection is externalised and the learner’s effort shifts from finding to fizing
the error. This transformation shortens the feedback loop, increases trust in adjust-
ments, and reduces uncertainty—in line with knowledge-of-performance feedback in
motor learning and ITS evidence on step-level guidance [200-202]. Across rounds,
accuracy rose while response time fell. Given that assessments did not impose speed
incentives, we interpret this joint improvement as increased fluency (automatisation)
rather than a speed—accuracy trade-off, consistent with accounts in which practice

and specific feedback shift the speed—accuracy function outward [208].

7.8.3 When AI Helps Most—and Why the Gap Narrows

The Al advantage is greatest when there is ample room for correction: the early
and mid rounds showed higher pre-post gains and higher post-session scores for Al-
assisted learners. As baseline accuracy climbs and errors become rarer and more
idiosyncratic, Non-Al learners’ deliberate, self-paced routines can produce steady
marginal gains, leading to partial convergence in late training. This pattern aligns
with desirable difficulties: early bandwidth-type feedback accelerates initial skill ac-
quisition; later, carefully dosed challenge and reflection sustain growth [203,204].

Our game analyses show that medians increase from Round 1 to Round 3 in both
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groups. By Round 3, outliers (circles) are visible only in the Non-Al condition,
whereas the Al-assisted condition exhibits wider whiskers, indicating greater dis-
persion rather than compression toward the median. We therefore refrain from
characterising Al as ‘tightening’ the distribution and instead note practice-related

median gains with round-specific variance patterns.

7.8.4 Implications for ASL Pedagogy and System Design

Design AI feedback for diagnostic specificity and control. Actionable,
biomechanical feedback (e.g., thumb orientation, wrist angle) should remain core.
To satisfy learners’ need for self-verification, systems should offer controllable arte-
facts: multi-angle exemplars, slow motion, frame-by-frame scrubbing, and side-by-

side overlays of learner vs. model [202,207].

Fuse real-time coaching with reflective replay. Real-time prompts acceler-
ate correction; reflective tools consolidate learning and support metacognition. A
practical pattern is a two-pass loop: (1) live guidance during attempts; (2) optional

replay with visual error highlights and uncertainty cues [201].

Adapt feedback intensity and difficulty over time. Given early advantages
and later convergence, systems should fade feedback and increase task challenge
(adaptive timing, variable angles) to maintain desirable difficulty [203,209]. A dash-

board of feedback bandwidth enables personalisation.

Target the long tail and reduce variance. Because Al assistance reduced
low-end outliers, designs should explicitly support learners at risk of lagging—e.g.,
uncertainty-aware prompts, micro-drills for persistent errors, and “second-chance”

practice slots [201].

Support robustness in real settings. Provide setup diagnostics (lighting gauge,
camera framing helper), tolerant thresholds, and confidence visualisations so learners

know when to trust the model [210].
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7.8.5 Implications for Practitioners

For instructors and programme designers:

e Blend modalities. Pair Al coaching with structured replay artefacts (multi-
angle exemplars, slow-motion, side-by-side) in lab and homework to combine

fast correction with reflective consolidation [202}207].

e Stage the difficulty. Use Al more intensively early on; progressively fade
hints and raise contextual challenge (e.g., timing pressure, angle variability)

after basics stabilise [203},209).

e Monitor the floor as well as the mean. Track distributional metrics

(low-end outliers, IQR)—AI should reduce variance, not only raise averages.

e Teach with transparency. Make diagnostic rules visible (what constitutes
an error and why), enabling students to build self-checking habits transferrable

to non-Al contexts [210].

e Plan for environment. Standardise lighting/camera protocols or provide

quick setup checks to minimise technical friction.

7.8.6 Limitations and Threats to Validity

Participants were beginners and tasks were limited to digits and static words; gen-
eralisation to coarticulated phrases requires further study. The recognition system’s
sensitivity to environmental factors (e.g., lighting) introduces ecological constraints.
Although mixed-effects models account for repeated measures, between-subjects as-
signment may still carry residual confounds (e.g., motivation). In the qualitative
study, topic selection was validated via a coherence—diversity harmonic score, but
interpretation remains partly subjective. Finally, game-based measures may con-
flate motor fluency with task familiarity; transfer to unseen signs and spontaneous

production should be tested [201}211].
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7.9 Conclusion

We compared an Al-assisted ASL learning pipeline—real-time recognition with con-
cise, adaptive feedback (LLM used only for phrasing)—to a non-Al, predefined-
materials mode across three rounds. A repeated-measures analysis was comple-
mented by a human-in-the-loop qualitative pipeline (TF-IDF + NMF topic mod-
elling, coherence/diversity—guided k selection, SBERT-based quote selection with
human verification).

Quantitatively, both groups improved across rounds; the pre—post gap was largest
in Round 1 and smaller thereafter, with a round-specific advantage for the Al-
assisted group in Round 3. Learning time declined in both groups; correlations be-
tween time-on-task and accuracy were clearer in the non-Al mode early on. Game
medians rose for both groups. Variance patterns were round-specific rather than
uniformly reduced in the AI condition. Accuracy increased while response time
decreased without speed incentives, consistent with fluency gains rather than a
speed—accuracy trade-off.

Qualitatively, ‘clarity’ diverged by condition: non-Al learners emphasised the
representation of the model sign (perception-based learning), whereas Al-assisted
learners emphasised diagnostic specificity about their own errors (correction-based

learning).
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CHAPTER 8

Discussion

8.1 Introduction

This chapter synthesises findings across Chapters 3—-7 to answer the thesis research
questions and to advance a unified account of when and why emerging technologies
improve American Sign Language (ASL) learning. The studies collectively exam-
ined immersive media (VR/3D), gamification, gesture personalisation, and Al-based

diagnostic feedback under matched content, timing, and scoring.

Thesis argument. Diagnostic, timely, and interpretable feedback is the
primary driver of dependable ASL learning gains. Immersion (VR/3D),
gamification, and personalisation act chiefly as engagement and access
multipliers that help deliver and sustain such feedback. Where learning
objectives require spatial affordances, 3D adds value; otherwise, well-

designed 2D can match 3D.

We first integrate the empirical results across chapters, then provide self-contained
answers to RQ1-RQ5 with supporting evidence, and finally show how these answers

combine to address the overarching thesis question. We situate contributions rel-
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ative to prior literature and reframe limitations as applicability and boundaries of

generalisation with practical implications.

8.2 Integrated synthesis and critical argument

This section advances a unified account of when and why the technologies exam-
ined in Chapters 37 improve ASL learning. Rather than revisiting each study in
isolation, the argument proceeds by drawing cross-chapter connections that explain
both positive and null findings under a single mechanism.

Across heterogeneous manipulations—platform (VR versus web), learning me-
chanics (gamified versus non-gamified), interaction (predefined versus user-defined
gestures), representational dimensionality (2D versus 3D), and feedback pathway
(Al-assisted versus non-Al)—two regularities are evident. First, design choices that
heighten engagement consistently raised presence (the subjective sense of “being
there” in the virtual environment), motivation, or perceived autonomy. Immersive
VR and 3D interfaces increased the sense of presence relative to matched 2D or web
baselines (Chapters 3 and 6); a Whack-a-Mole style activity sustained motivation
and within-session persistence (Chapter 4); and allowing user-defined gestures en-
hanced perceived control and satisfaction (Chapter 5). Where matched comparisons
were used (Chapters 3, 4, and 6), these shifts occurred under content-, timing-, and
scoring-controlled conditions, indicating genuine affective or behavioural gains rather
than dosage artefacts.

Second, and more importantly for learning, robust improvements in accuracy
and response efficiency tracked the specificity and timeliness of corrective guidance.
When feedback was diagnostic—identifying concrete biomechanical adjustments to
handshape, orientation, or wrist configuration—and delivered promptly, learners
achieved steeper within-session gains and faster responses under otherwise identical
content and timing (Chapter 7). By contrast, when guidance was presentation-only
(as in matched VR versus web demonstrations), or when motivation was raised with-
out coupled correction (as in gamification without added diagnosticity), engagement

increased but item-level gains did not reliably exceed the matched baseline (Chap-
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ters 3—4, 6). In Chapter 5, user-defined gestures improved autonomy and satisfaction
but introduced recognition ambiguity in some cases; absent a matched comparator,
this is best interpreted as a design trade-off and a potential risk to the fidelity of cor-
rective signals unless guardrails (quided capture, calibration, intelligibility checks)
are in place.

Taken together, these regularities support a mediator account in which immer-
sion, gamification, and personalisation operate primarily as carriers that attract and
sustain attention and increase the amount and intensity of practice (time on task,
repetitions, spacing, task difficulty), while diagnostically specific feedback acts as the
active ingredient that converts practice into dependable improvement. The same
account explains the conditional value of 3D: when learning objectives intrinsically
require spatial affordances such as multi-view reasoning, occlusion handling, or clas-
sifier morphology, 3D offers instrumentally useful information; when objectives are
entry-level lexical items that do not leverage those affordances, a well-designed 2D
interface paired with specific guidance is empirically comparable (Chapter 6). This
mechanism-level synthesis not only reconciles positive presence effects with modest
accuracy differences but also clarifies why Al assistance that externalises error de-

tection shifts performance curves even when exposure is held constant (Chapter 7).

8.3 Answering the research questions, then the
main thesis question

The research questions can now be answered in a manner that is both self-contained
and grounded in cross-chapter evidence, with each result motivating the next em-
pirical step.

RQ1: Does immersive VR enhance ASL learning compared with non-immersive
platforms? The controlled comparison of immersive VR with a matched web in-
terface for numeral learning (Chapter 3) showed substantially higher presence and
engagement in VR, yet only small and statistically non-reliable differences in post-
test accuracy, with response times broadly comparable. Under matched pedagogy,

exemplars, and exposure, immersion functioned as an affective scaffold rather than
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an independent driver of item-level gains. The implication is that VR is best under-
stood as an attentional amplifier whose learning value depends on whether it helps
to deliver—or focus attention on—diagnostic cues. This gap between engagement
and item-level gains directly motivated Chapter 4: if immersion alone does not con-
vert attention into learning, can structured motivation via game mechanics increase
practice and thereby improve outcomes under matched materials?

RQ2: What is the role of gamification in ASL learning? The gamified condition
(Chapter 4) produced clear increases in enjoyment and steadier within-session prac-
tice relative to non-gamified study with matched materials. However, improvements
in retention and accuracy were heterogeneous across items and participants. Gami-
fication therefore acts as a vehicle for practice and engagement; its learning benefit
depends on whether gameplay is coupled to feedback that makes the next correc-
tion obvious and immediately testable. Points and time pressure, in themselves,
are insufficient to guarantee durable representational change. This result sharpened
the focus from “more practice” to the quality of practice, prompting Chapter 5 to
examine whether increasing learner control through user-defined gestures improves
experience and how such personalisation interacts with the dependability of machine
feedback.

RQ3: How do user-defined gestures affect learning experiences? Allowing learn-
ers to define their own gestures (Chapter 5) increased perceived autonomy and
satisfaction in a VR, game-supported setting, with positive patterns on Stimula-
tion, Novelty, and especially Perspicuity (the highest of the six factors). At the
same time, the Dependability factor and open-ended comments revealed recognition
ambiguity in some cases (e.g., participants reporting that a gesture they believed
correct was judged incorrect), despite the recogniser’s overall accuracy exceeding
90% in our setting. Chapter 5 did not run a direct predefined-versus—user-defined
recogniser comparison, so we do not claim a performance delta between these map-
pings; rather, we infer a plausible tension: personalisation can enhance experience
while introducing uncertainty into the recogniser output that underpins corrective
guidance. In practical terms, unless guardrails—guided capture, calibration, and in-

telligibility checks—are in place, personalisation risks reducing the effective fidelity
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of the corrective signal. Having established that interactional choices can strengthen
or weaken corrective information, Chapter 6 then examined whether the represen-
tation of that information (2D vs. 3D) alters outcomes when pedagogy and exposure
are held constant, i.e., whether dimensionality adds value beyond feedback quality.

RQ4: Are 3D interfaces more effective than 2D for ASL learning? In a matched
comparison (Chapter 6), both interfaces achieved high usability (SUS: 2D M=76.25,
3D M=80.63, p=0.103). User experience favoured 3D on hedonic qualities (stimula-
tion/novelty) and overall attractiveness, with mixed patterns on pragmatic qualities
(e.g., some perspicuity items were easier for 2D). On performance, there was no sig-
nificant first-attempt difference in game scores between 2D and 3D; both conditions
showed a strong within-session learning effect across attempts, and swapping envi-
ronments between attempts produced a small but significant decrement (p=0.043),
consistent with interface re-familiarisation rather than representational advantage.
Because pedagogy, exemplars, exposure, and timing were held constant, dimension-
ality alone did not yield additional item-level gains under the short (30s) gameplay
window used here. The reading is therefore conditional: 3D increases engagement
and presence-related qualities and is instrumentally advantageous when learning
objectives require spatial affordances; otherwise, a well-designed 2D interface deliv-
ering clear, specific guidance achieves comparable immediate outcomes with lower
complexity. With medium, motivational scaffolds, interactional control, and repre-
sentational format now characterised as carriers, Chapter 7 tested the hypothesised
active ingredient: whether diagnostically specific, timely feedback—delivered via
Al assistance—converts practice into dependable gains under identical content and
timing.

RQ5: Can Al provide effective feedback in ASL learning? The three-round,
between-subjects study (Chapter 7) contrasted an Al-assisted pathway—real-time
recognition with concise, per-feature tips (LLM used for phrasing)—with a non-
AT pathway using predefined materials under identical content and timing. Both
groups showed robust pre—post improvement each round. The Al-assisted group
generally exhibited higher post-session accuracy and faster responses across rounds,

with linear mixed-effects modelling confirming strong within-session learning overall
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and a round-specific Al advantage in Round 3 (significant Phase x Round x Al
interaction), while earlier-round differences were smaller or marginal. Accuracy
increased while response times decreased in both groups, indicating fluency gains
rather than a speed—accuracy trade-off. Time-on-task correlated with accuracy in
the non-Al condition (notably in Round 1, and again trending in Round 3) but not in
the Al condition, suggesting more efficient minutes when feedback externalises error
detection. Interviews corroborated this mechanism: non-Al learners emphasised
clarity of the model sign (perception-based learning), whereas Al-assisted learners
emphasised diagnostic specificity about their own errors (correction-based learning).
These findings complete the progression from Chapters 3-6 by isolating feedback
specificity as the factor that reliably turns engagement and exposure into learning,
while also clarifying that the Al advantage is largest when there is headroom for
correction and narrows as proficiency rises.

These answers compose a single, overarching conclusion to the main thesis ques-
tion: Across modalities and features, what chiefly drives dependable ASL learning
gains? The weight of evidence indicates that the decisive factor is the diagnos-
tic specificity of feedback—timely, interpretable, per-feature guidance that tells the
learner exactly what to change. Engagement-oriented features such as VR/3D,
gamification, and personalisation are most effective when they deliver, focus, and
sustain this guidance. Where tasks demand spatial inference, 3D is instrumentally
valuable; where they do not, 2D with high-quality guidance suffices. This unifying
mechanism reconciles the presence advantages of immersive media with the mod-
est accuracy differences observed under matched pedagogy, explains the conditional
benefits of gamification and personalisation, and accounts for the superior efficiency

observed when Al assistance compresses the recognition—correction cycle.

8.4 Positioning within the literature: alignment,
divergence, and advancement

The evidence assembled across Chapters 3-7 both confirms and qualifies prevail-

ing claims about immersive media, gamification, gesture-based interaction, and Al-
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supported feedback in technology-enhanced learning. In what follows, I situate the
findings within the wider literature, indicating where they align with established
results, where they diverge or refine existing claims, and where they advance the

state of knowledge in the specific context of ASL learning.

Alignment with prior work

Prior work on immersive and 3D learning consistently shows robust gains in presence
and engagement, with learning advantages that are conditional on instructional de-
sign rather than guaranteed by medium alone [19,38,42]. Building on this base, the
present thesis contributes controlled, matched-pedagogy contrasts that hold content,
exposure, timing, and scoring constant. Under these conditions, Chapter 3 demon-
strates that VR elevates presence without yielding superior item-level accuracy over
a web baseline for entry-level ASL numerals, and Chapter 6 extends the result to 2D
versus 3D representations within an otherwise identical game loop. These findings
align with the literature’s caution that dimensionality is not an active ingredient in
itself unless the task genuinely requires spatial affordances; they add precision by
showing this boundary under tightly controlled ASL tasks rather than heterogeneous
materials.

Gamification research has repeatedly documented reliable effects on motivation,
time-on-task, and persistence, with mixed or indirect effects on attainment unless
game loops are coupled to high-quality practice and feedback [25,28]. Chapter 4
replicates the motivational effect in a sign-learning context—enjoyment rises and
within-session practice is steadier—while the heterogeneous retention and accuracy
gains observed here qualify broad claims of efficacy. The innovation lies in demon-
strating, under matched materials, that gamification’s instructional value depends
on whether gameplay actually delivers diagnostic information that makes the next
correction obvious and testable, rather than merely increasing repetition.

Work on personalisation often assumes that greater learner control uniformly im-
proves learning experience and outcomes. Chapter 5 aligns with the first part of this
claim—user-defined gestures increased perceived autonomy and satisfaction—but
advances the literature by showing the mechanism of risk: personalisation can
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degrade recogniser reliability and thus the fidelity of the corrective signal unless
guardrails (guided capture, calibration, intelligibility checks) are in place. This ex-
tends prior Ul-centric studies by linking interactional freedom directly to the quality
of feedback that underpins skill acquisition in ASL.

Finally, decades of work in intelligent tutoring and formative assessment show
that timely, specific, knowledge-of-performance feedback drives learning and fluency
(154,157,202, [207]. Chapter 7 aligns with this result and extends it for ASL via
a repeated-measures design that tracked both accuracy and response time across
three rounds under identical content and timing, showing concurrent accuracy gains
and faster responses (i.e., fluency rather than a speed—-accuracy trade-off). Mixed-
effects modelling further indicated a round-specific advantage for the Al-assisted
condition (larger pre—post gain in Round 3), while interviews attributed progress
to concise, biomechanical guidance. Together, these contributions move beyond
aggregate accuracy to reveal efficiency gains and to link outcomes to the perceived
clarity and actionability of feedback.

Across these areas, the thesis thus converges with prior evidence on the mo-
tivational strengths of immersion and gamification and the centrality of specific,
timely feedback, while contributing tighter causal identification (via matched de-
signs), mechanism-level clarification (feedback fidelity as the mediating pathway),
and efficiency-sensitive outcomes (response time alongside accuracy) in the specific

context of entry-level ASL learning.

Points of divergence and clarification

While broadly consistent with prior findings, this thesis adds nuance where claims
in the literature are sometimes generalised beyond their evidential base. First,
studies reporting global learning benefits of VR or 3D sometimes conflate increased
presence with changes in pedagogy. By holding content, exposure, timing, and
scoring constant, Chapters 3 and 6 show that immersion’s affective advantages do
not automatically yield higher item-level accuracy for entry-level ASL, clarifying
that dimensionality is not an active ingredient in itself unless the task genuinely
recruits spatial affordances [11},19}138,142,102]. The implication is caution against
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interpreting presence gains as a proxy for learning without attention to diagnostic
guidance and task—affordance fit.

Second, personalisation is frequently framed as unconditionally desirable in HCI
and learning technologies. Chapter 5 qualifies this view: user-defined gestures in-
creased perceived autonomy and satisfaction but also introduced recognition am-
biguity, which can degrade the fidelity of the corrective signal that formative feed-
back depends on. This mechanism-level clarification aligns with human—Al design
guidance emphasising error tolerance and transparency [178,179] and extends user-
defined gesture work by showing that, in ASL learning, personalisation is conditional
on guardrails (guided capture, calibration, intelligibility checks) to preserve recog-
niser reliability [82,186,87].

Third, claims that gamification improves attainment often do not specify whether
the game loop delivers diagnostic information or merely increases repetition. Con-
sistent with meta-analyses and syntheses that find reliable motivational effects but
mixed attainment outcomes [25]28,/167,|(168|], Chapter 4 demonstrates that enjoy-
ment and within-session persistence increase under matched materials, while re-
tention and accuracy gains remain heterogeneous unless gameplay is coupled to
clear, testable corrections. This specifies the pedagogical precondition—timely, spe-
cific feedback—under which game mechanics translate practice into representational
change [202.[207].

Taken together, these divergences refine broad claims in immersive, personalised,
and gamified learning by identifying feedback fidelity and task—affordance fit as the

mediating conditions under which design choices affect ASL learning outcomes.

Advancement and original contribution

Conceptual. This thesis advances a mechanism-centred account of technology-
enhanced ASL learning by proposing and substantiating a mediator view in which
engagement levers (VR /3D, gamification, personalisation) function primarily as car-
riers that attract and sustain attention and increase the amount and intensity of
practice (time on task, repetitions, and spacing), whereas diagnostically specific feed-
back is the active ingredient that converts practice into dependable gains. This syn-
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thesis reconciles the well-documented motivational advantages of immersion and 3D
with often modest accuracy differences under matched pedagogy [11},19,38,42,102],
aligns with evidence that game mechanics raise engagement more reliably than at-
tainment absent targeted guidance [25,128,/167,168], and locates the causal lever in
the timing and specificity of formative feedback [154,202,207]. Concretely, the thesis
explains (i) presence gains without accuracy advantages in Chapters 3 and 6 when
content, exposure, and scoring are fixed; (ii) the conditional value of gamification in
Chapter 4 when gameplay does or does not surface concrete, testable corrections;
(iii) the trade-offs in user-defined interaction in Chapter 5 through their impact on
the fidelity of the corrective signal; and (iv) the superior efficiency of Al-assisted
feedback in Chapter 7 when error detection is externalised and guidance is per-
feature and timely. By situating the site of causality in feedback specificity rather
than medium or mechanics, the thesis integrates strands of research often treated
separately and is consistent with broader instructional theories that emphasise the

alignment of task demands, representations, and guidance [102,[154].

Methodological. The work contributes ASL-specific, controlled comparisons that
hold pedagogy and exposure constant across modalities—an approach that reduces
attribution ambiguities common in immersive learning studies where materials, time-
on-task, and interface change simultaneously [19,[38]. The matched designs in Chap-
ters 3 and 6 isolate the effect of medium /representation; Chapter 4 holds content
constant while varying game mechanics; Chapter 5 examines interactional control
while tracking recognition reliability; and Chapter 7 employs a repeated-measures
comparison of Al-assisted versus non-Al learning that models both accuracy and
response time across three rounds. This yields a richer portrait of fluency (simul-
taneous accuracy gains and faster responses) rather than accuracy alone, and it
links quantitative trajectories to learner accounts of feedback clarity—tightening
the explanatory chain from intervention to mechanism to outcome in line with best-

practice evaluation in ITS and learning sciences [154}|/157].

Practical. The thesis distils evidence-based design guidance for ASL instruction:

deploy 3D when objectives genuinely require spatial affordances; couple person-
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alisation with capture and intelligibility guardrails to preserve recogniser reliabil-
ity [178,/179]; treat gamification as a vehicle for delivering diagnostic information
rather than repetition alone [167,[168]; and architect Al support to externalise error
detection with concise, per-feature corrections, complemented by reflective artefacts
(multi-angle exemplars, slow/segmented replay, side-by-side overlays) [202,207].
These prescriptions translate general insights from formative assessment and in-
telligent tutoring to the concrete, multimodal constraints of sign language learning,
where handshape, orientation, location, and movement interact in visually subtle

ways.

Summary. Rather than replicating known effects, the thesis delineates the bound-
ary conditions under which they hold in ASL learning and isolates a feedback-centric
mechanism that unifies them. By integrating matched experimental contrasts with
learner-centred qualitative evidence, it explains mixed findings in immersive and
gamified learning and provides actionable principles for designing next-generation

ASL learning systems grounded in diagnostic specificity and task—affordance fit.

8.5 Applicability, Ecological Validity, and Exter-
nal Validity (Reframed Limitations)

Rather than enumerating omissions, this section articulates where the findings of
Chapters 3-7 are most credible, where caution is warranted, and where claims fall
outside the validated space. The discussion is organised around scope of inference
(construct validity), ecological validity (deployment context), and external valid-
ity (generalisation), so that readers can interpret the results in context and assess

practical relevance.

Scope of inference (construct validity)

The causal claim examined in this thesis concerns the effect of diagnostically spe-
cific feedback—explicit, per-feature guidance on handshape, orientation, location,

and movement—relative to presentation-only or non-adaptive materials. Immersion
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(VR/3D) and gamification are treated as delivery contexts that shape engagement
rather than as mechanisms that directly alter the learning representation. The out-
comes analysed were item-level recognition accuracy and response time for entry-
level ASL items. These measures capture accuracy and retrieval fluency; they do
not index continuous signing, co-articulation, discourse-level production, or intelli-
gibility to native signers. Claims about those competencies lie outside the validated

construct space of the present studies.

Ecological validity (deployment context)

All studies were conducted in controlled or semi-controlled environments with guid-
ance on camera framing and lighting. Recognition-based feedback presumes broadly
similar conditions. In noisier settings—such as classrooms with variable backgrounds
and movement, community spaces with inconsistent illumination, or mobile devices
with constrained cameras—both tracking stability and user trust may change. The
findings are therefore most applicable where basic environmental quality can be
attained or instrumented through setup diagnostics that assist with framing and
illumination. The experimental designs used matched dosage and neutral scripts to
isolate mechanisms. In authentic classrooms, teacher mediation, peer dynamics, and
curriculum pacing are likely to moderate effects by compensating for missing speci-
ficity in some cases and amplifying it in others. Translation to instruction should

recognise this human layer as part of the causal pathway.

External validity (population and content)

Participants were novice adult learners drawn from a single national context. This
design choice reduces confounds from prior ASL knowledge but narrows generalis-
ability. The direction of effects—mnamely, the value of specific, timely feedback—is
likely to be stable across groups, yet the magnitude of benefit and the optimal band-
width of feedback may differ for younger learners, Deaf communities, mixed-ability
cohorts, or professional interpreters. The task domain is centred on digits and

frequent static words. Extending conclusions to classifier constructions, complex
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movement paths, and discourse requires feedback that treats motion and location
as first-class targets and may benefit more from 3D affordances such as multi-view
inspection and occlusion management. As a result, the present conclusions apply

most directly to entry-level lexical items.

Measurement considerations

The joint pattern of increasing accuracy and decreasing response time is consistent
with fluency gains rather than a speed—accuracy trade-off. Even so, response time
conflates retrieval with motor execution, and additional measures are needed for out-
comes that emphasise production naturalness or expressive clarity, including expert
ratings or intelligibility to native signers. Equivalent-but-non-identical test forms
and temporal spacing were used to mitigate recall, yet repeated testing can still
contribute to general improvement and ceiling effects, particularly later in training,

which renders between-condition contrasts conservative when baselines are high.

Statistical conclusion validity

Per-condition sample sizes, together with ceiling compression in later rounds, limit
precision for small effects and higher-order interactions. Linear mixed-effects models
leveraged repeated measures and provided interval estimates, but interaction con-
trasts should be replicated with larger cohorts before informing high-stakes decisions.
Alternative specifications—such as log-transformed response times, tail trimming,
and by-participant slopes where convergence permitted—preserved effect directions,
although some model dependence remains and replication in independent samples

is prudent.

Technology dependence and equity

Feedback quality depends on the stability of detection across hand morphology,
skin tone, camera angle, and occlusion. Although offline accuracy exceeded 95%
in the present setting and setup guidance was provided, real-time error rates can

vary with environment. Systems should therefore surface confidence or uncertainty
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indicators, provide fall-back explanations when confidence is low, and include setup
diagnostics to preserve trust. Differences in hand characteristics and lighting can
bias recognition rates; before scale-up, fairness audits by subgroup are recommended

to ensure equitable access to high-quality feedback.

Temporal scope

The analyses modelled immediate pre—post change within rounds and improvement
across three rounds. Long-term retention, transfer to spontaneous production, and
intelligibility to native signers were not directly measured. The claims made here
therefore concern acquisition and short-horizon fluency rather than durable mastery.

Delayed measures are required for curricular adoption.

Consequences for interpretation

The cross-study pattern supports a mediator view in which immersion and gamifi-
cation expand access and attention, whereas diagnostically specific feedback is the
causal lever that converts practice into dependable gains under the applicability con-
ditions described above. General claims that exceed this scope—such as universal
superiority of 3D, unqualified benefits of personalisation, or classroom-wide effects

without orchestration—are not warranted by the current evidence.
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CHAPTER 9

Conclusion and Future Directions

This chapter consolidates the thesis contributions and sets out a clear, staged tra-
jectory for future research and impact. The argument proceeds from the validated
scope of the present findings to a programme of work that addresses the applica-
bility constraints articulated in Chapter 8.5 In doing so, it demonstrates how the
current studies form the foundation for a continuing line of scholarly and practical

development in sign language learning technologies.

9.1 Concluding synthesis

The empirical chapters have shown that immersive and gamified designs reliably
elevate presence, motivation, and persistence, while dependable learning gains are
associated with diagnostically specific and timely feedback. Dimensionality offers
instrumental value when objectives require spatial affordances; otherwise, a care-
fully designed 2D interface combined with explicit guidance is sufficient. Person-
alisation increases autonomy but can degrade feedback fidelity in the absence of
capture guardrails. The AI versus non-Al comparison established that externalis-

ing error detection and communicating per-feature corrections not only increases
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accuracy under matched exposure but also reduces response time without inducing
a speed—accuracy trade-off. Together, these findings motivate a mechanism-centric
perspective in which engagement features function as carriers that expand atten-
tion and practice dose, and diagnostic specificity acts as the active ingredient that

converts practice into learning.

9.2 From limitations to a research programme

The limitations in Chapter identify the precise boundaries of inference and
thereby suggest a sequenced agenda for future work.

First, with respect to time, the present studies characterise acquisition and short-
horizon fluency; the next step is to trace durability and generalisation. Longitudinal
designs with delayed post-tests should assess retention at multiple lags and examine
transfer to novel lexical items and spontaneous production [203204]. To ensure that
gains reflect communicative competence rather than test familiarity, future work
should incorporate native-signer intelligibility ratings, consistent with formative as-
sessment principles that prioritise performance beyond the immediate task [202,207].

Second, in terms of construct coverage, our item-level recognition and response-
time measures index accuracy and retrieval fluency but do not capture co-articulation,
movement timing, or discourse-level competence. Extending beyond static items
requires feedback that treats motion and location as first-class targets. Method-
ologically, this implies moving from frame-wise handshape checks to sequence-level
diagnostics that highlight path, aperture, contact points, and temporal profiles;
practically, it calls for coupling real-time coaching with reflective artefacts—multi-
angle exemplars, slow or segmented replay, and side-by-side overlays—so learners
can verify corrections at the granularity demanded by continuous signing [210}212].

Third, task—affordance alignment needs explicit testing. Our matched 2D /3D
comparison was intentionally conservative and did not require multi-view reason-
ing or occlusion resolution. To determine when three-dimensional interfaces yield
genuine learning advantages, future tasks should be constructed so that spatial af-

fordances are necessary rather than incidental—for example, classifier morphology,
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occluded trajectories, and multi-view decision-making—while guidance focuses at-
tention on the relevant spatial features [11,102].

Fourth, isolating mechanisms warrants factorial ablations. Because the current
systems bundle several supports (diagnostic tips, optional replay media, a timed
game) to mirror real usage, controlled experiments should disentangle the marginal
contribution of each element and their interactions. Contrasts between specific ver-
sus generic feedback, with versus without reflective replay, under timed versus un-
timed conditions, can reveal whether it is hint specificity, verification opportunity,
time pressure, or a particular combination that most efficiently drives improve-
ment [202].

Fifth, ecology and equity must be foregrounded. Classroom and community de-
ployments introduce heterogeneous devices, variable lighting, and social dynamics
that affect tracking stability, teacher orchestration, and learner trust. Field tri-
als at the class or school level should therefore include teachers in the loop and
dashboards that expose uncertainty cues, common confusions, and exemplar gener-
ation tools [210]. Robustness and fairness should be treated as first-order outcomes,
with subgroup audits (e.g., skin tone, hand morphology, jewellery, tremor, camera
quality) built into evaluation protocols and mitigation strategies—adaptive thresh-
olds, environment diagnostics, user-visible confidence indicators—pre-specified and
reported [213].

Sixth, statistical precision and distributional effects deserve targeted designs.
Some contrasts approached ceiling and late-round variance patterns were non-uniform.
Subsequent studies should be powered for interactions and planned to characterise
not only mean changes but also dispersion and tails. Policies that adapt hint band-
width, pacing, and targeted drills should be evaluated on their ability to lift the
lower tail without suppressing the upper. Pre-registration, blinded rating proce-
dures for production outcomes, and shared analysis plans will strengthen inference
and support cumulative science [214-216].

Finally, open science and impact pathways can accelerate progress. Reference
implementations of diagnostic-feedback primitives—APIs for per-feature hints, un-

certainty exposure, and exemplar generation—together with de-identified interac-
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tion logs, item banks, and analysis notebooks would enable replication and fair
comparison across laboratories and classrooms [217]. Partnerships with educators,
Deaf community organisations, and public libraries can translate research proto-
types into accessible learning kits and teacher-facing formative assessment tools,
accompanied from the outset by ethical safeguards around privacy, consent, and

appropriate use [210].

9.3 Anticipated contributions and milestones

The near-term outcome of the programme is an evidence-based account of reten-
tion and transfer under Al-assisted feedback, expressed through delayed accuracy,
response time, and intelligibility measures. In the medium term, ablation studies
and spatially demanding tasks will clarify when three-dimensional interfaces are
warranted and how reflective replay should be sequenced with real-time coaching.
In the longer term, classroom trials with teacher orchestration and fairness audits
will establish ecological validity and equity, producing guidelines and open artefacts
that others can adopt. Across these stages, the core theoretical contribution re-
mains intact: diagnostic specificity is the principal lever for turning practice into
progress; engagement features are most powerful when they help deliver and focus

such feedback.

9.4 Closing statement

The present thesis establishes a mechanism-centred foundation for ASL learning
technologies. By treating immersion and gamification as carriers and diagnostic
specificity as the active ingredient, it reconciles mixed findings in the literature and
yields actionable principles for design. The proposed trajectory extends this foun-
dation to durable learning, continuous signing, ecological robustness, and equitable
access. In doing so, it situates the work within a continuing programme of scholarly
inquiry and practical development that can meaningfully advance accessible sign

language education.
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CHAPTER 10

Appendix

10.1 Raw Data

All raw data, experiment code, and supplementary materials supporting this thesis

are openly available in a dedicated repository:
https://github.com/WJD95/ASL-1learning

The repository contains the datasets, software implementations, and generated
outputs from the studies reported in this thesis. A detailed description of the repos-
itory contents and instructions for reproduction are provided in the accompanying

README file.

10.2 Gesture Recognition Models

Across both tasks, the models achieved over 95% test accuracy. Figure shows
the confusion matrices. The results demonstrate strong diagonal dominance, with
only minor misclassifications between visually similar signs (e.g., ok vs. sorry, or

digit 6 vs. 9). This level of accuracy was sufficient to support the learning experi-
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ment, ensuring that system feedback was generally dependable and not confounded

by large-scale recognition errors.
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Figure 10.1: (left) Confusion matrix for digit classification model (10 classes). (right)
Confusion matrix for word classification model (10 classes).

10.3 LLM feedback generation

Inputs and scope The system relied on a structured dictionary of canonical
finger states. Two dictionaries were defined: one covering digits 0-9 and another
covering ten ASL vocabulary words. Each entry specified the expected position of
the thumb, index, middle, ring, and pinky fingers (e.g., “index: extended upward”,
“middle: curled inward”). At runtime, the hand-tracking recogniser produced a
symbolic description of the learner’s current gesture in the same schema. Both the
recognised (current) gesture and the target gesture were then passed to the LLM.
Importantly, no images or videos were provided to the model; the prompts contained

only structured text.

Prompt structure The LLM call used a two-part prompt. The fixed system
prompt instructed the model to respond in strict JSON format:

You are a helpful assistant that returns responses in JSON format.

The user prompt contained three sections: (i) the current and target gestures,
(ii) the full canonical dictionary (digits or words), and (iii) explicit output require-

ments, including a JSON schema template. At runtime, placeholders {current} and
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{target} were replaced with the actual gestures, and {data} was filled with the

relevant dictionary. The embedded template was as follows:
1. Input Data:  current: {current}, target: {target}, Use this
gesture dictionary for reference: {data}

2. Pair Generation Rules: — Treat each pair as bidirectional (cur-

rent vs target)

3. Output Requirements: For each pair produce JSON data: {

[77X’ Y??]: {
”comparison”: {
”current_gesture”: {"name”: "X "finger_positions”: {...}},
"target_gesture”: {"name”: 7Y” "finger positions”: {...}}

2

" differences”: {
“thumb”: ”Both curled (correct)”,
”index”: ”Both extended (correct)”,
"middle”: ”Current: curled — Target: extended”,
"ring”: ”"Both curled (correct)”,
"pinky”: ”Both curled (correct)”
2
”correction_tips”: [
” Actionable step 17,
” Actionable step 2”

Outputs For every (current, target) pair, the LLM returned a structured JSON
object that contained: (a) a comparison section with both gestures and their finger
states, (b) a per-finger difference report, and (c) two short, learner-facing correction
tips. These tips were limited to 12 words each and framed as concrete motor actions

(e.g., “curl middle inward behind index” or “pinch thumb to index to form an ‘O’
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shape”).

The same prompt template was applied to both the digit set (0-9) and the vocab-
ulary word set. For reproducibility, the results were stored separately in two JSON
files: one containing all digit pairwise comparisons and tips, and another containing
the equivalent results for the ten vocabulary words. This separation ensured that
the Al-generated feedback was consistently structured, while also enabling a direct
and controlled comparison with the non-Al baseline condition in the experimental
design.

The symbolic dictionary abstracts away wrist orientation, movement, and timing,
so the generated feedback was limited to static finger configurations. This design
choice ensured clarity and reproducibility, while leaving more complex phonological

features (e.g., motion or location) for future work.

10.4 Interview Process

This study employed direct note-taking and typed responses. This approach was
chosen for two reasons: (1) comfort and privacy of the participants, as sev-
eral participants expressed reluctance to being recorded; and (2) efficiency, as the
researcher captured key responses in real time, eliminating the need for subsequent
transcription.

The researcher conducted the interview and documented the responses verbatim.
Immediately after each session, the notes were cross-verified by both the researcher

and the participant to ensure precision.
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Table 10.1: Post-Interview Questionnaire for Al-Assisted vs. Non-Al Groups

Question (Al-specific wording in italics,
Non-Al wording in bold)

Section

Rationale / Theoretical Basis

1. Learning Experience

Q1 How clear and useful were the Al-generated feed-
back instructions | predefined learning mate-
rials during your training?

Q2 Did the AT feedback / materials help you identify
and correct mistakes on your own? Why or why
not?

Q3 Were there any challenges in following the Al’s
guidance / predefined instructions?

Q4 Which signs did you find most difficult, and how
did you work on improving them?

Q5 If you had to describe the Al-assisted learning ex-

perience | predefined learning path in one sen-
tence, what would it be?

Instructional clarity and usability,
aligning with Kirkpatrick’s Four-Level
Model [218| (Levels 1 and 2).
Measures learner autonomy and error
correction, reflecting guidelines for ef-
fective Al feedback [179].

Identifies usability barriers, related to
construct validity in evaluation [219)|.
Captures difficulty perception and self-
regulated learning strategies.
Summative perception, supporting
evaluation of learner satisfaction
(Kirkpatrick Level 1).

2. General Engagement

Q6 How motivated did you feel during the learning
sessions?
Q7 Did you find this learning method engaging com-

pared to other learning styles you've tried?

Motivation assessed through Self-
Determination Theory [196].
Engagement in relation to gamifica-
tion/adaptive learning benefits [167|.

3. Assessment & Game Reflection

Q8 How did you feel about your final assessment com-
pared to your initial assessment?
Q9 How did the whack-a-mole game influence your re-

call and speed?

Based on Assessment as Learning
framework [220], measuring perceived
progress.

Draws from game-based learning re-
search on skill reinforcement [168].

4. Hypothetical Comparison & Open Feedback

Q10 How do you think you would have performed if you
had not used Al assistance / used Al assistance
instead?

Q11 Any suggestions for improving the Al-assisted

learning experience |/ predefined learning ex-
perience?

Comparative judgment theory [221],
assessing counterfactual perceptions.

User-centered design principles, elicit-
ing actionable feedback [222|.
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