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Abstract

Thai learners struggle with English tenses because Thai lacks grammatical tense markers.
Existing translation tools provide corrections without explanations, leaving learners unable
to understand their errors. This dissertation develops Thaislate, a proof-of-concept system
demonstrating how large language models can bridge this gap through context-aware grammar
explanations.

The system integrates three specialised models in a pipeline architecture: Typhoon
Translate 4B for Thai-English translation, custom-trained XLM-RoBERTa achieving 94.7%
accuracy on 24-category tense classification, and Typhoon 2.1 12B generating educational
explanations. User testing with 38 Thai learners produced 474 ratings averaging 4.2/5,
with explanation quality rated 4.33/5 despite 74% pipeline tense classification accuracy.
The disconnect between technical performance and user satisfaction validates the approach:
learners value clear explanations even when imperfect. The system successfully serves real
users with 99.5% uptime, establishing technical feasibility and user acceptance as foundation
for future longitudinal studies on learning effectiveness.
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Chapter 1

Introduction

1.1 Background

Imagine a Thai university student named Somchai working on his thesis proposal in English.
He writes “I am study at university for three years” and knows something sounds wrong, but
cannot explain why. His translation app suggests “I have been studying at university for three
years,” but offers no explanation of why the present perfect continuous tense is appropriate
here. Frustrated, Somchai memorises the correction without understanding the underlying
temporal logic, leaving him likely to repeat similar errors.

This scenario illustrates a widespread challenge: Thai learners struggle with English
tense usage because Thai is a “tenseless language” that relies on contextual cues rather than
grammatical markers to convey time relationships. Current educational tools compound
this problem. Translation systems provide corrections without explanation, while grammar
instruction emphasises rote memorisation over contextual understanding.

To address these challenges, this project investigates a central research question:
Can Al-powered tools help Thai learners understand English tense usage
through contextual, automatically-generated explanations? This question drives the
development of “Thaislate”’, a web-based tool that helps Thai learners understand English
tenses through explanations in their native language. When a user types a Thai sentence
like “chan gin khao chao laew” (I ate breakfast already), the system not only translates it
to “I have eaten breakfast” but also explains why the present perfect tense is used instead
of past simple. The explanation clarifies that the Thai word “laew” (already) indicates a
completed action with present relevance, which corresponds to English present perfect usage.
The tool acts like a knowledgeable tutor who understands both languages and can bridge the
conceptual gap between Thai and English temporal systems, transforming simple translation
interactions into learning opportunities.

1.2 Aims and Objectives

This research, motivated by the central research question, develops Thaislate as a proof-of-
concept system that demonstrates how large language models can be integrated to provide
grammar-aware translation with educational explanations. The research validates the technical
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approach and user acceptance, establishing the foundation for future studies on educational
effectiveness. This aim evolved through iterative development, where initial goals were refined
based on practical discoveries about model capabilities and educational requirements.

To achieve this aim, the project pursues five specific objectives that emerged from the
development process and combine technical innovation with educational validation:

1. Build the Core System: To implement a three-component pipeline that emerged
from experimental work, integrating Thai-English translation, tense identification, and
educational explanation generation. This architecture was discovered through iterative
testing when monolithic approaches failed to achieve acceptable accuracy, particularly

in tense classification.

2. Develop Tense Recognition System: To create a hierarchical classification system
through extensive manual dataset curation, capable of identifying not only broad tense
categories (Past, Present, Future) but also detailed temporal distinctions (24 specific
uses such as “completed action with present relevance” or “scheduled future events”).
This objective became critical when instruction models proved unreliable at tense
classification, necessitating a dedicated solution.

3. Create an Intuitive Learning Interface: To develop a user-friendly web application
where Thai learners can input sentences in Thai language and receive accurate English
translations accompanied by clear explanations that bridge Thai and English temporal
concepts.

4. Validate System Design and User Acceptance: To assess both the technical
accuracy of the system (through automated performance metrics) and user acceptance
(through user studies with Thai English learners), validating that the tool addresses
identified needs and establishing a foundation for future effectiveness studies.

5. Contribute to Educational AI Research: To contribute new insights into how
artificial intelligence systems can be designed for educational applications in contexts
where linguistic resources are limited, providing a model for similar cross-linguistic

learning challenges.

1.3 Overview of the Report

This dissertation follows a logical progression from understanding user needs through system
development to comprehensive evaluation, structured as follows:

Chapter 2: Literature Review examines existing research in machine translation for
Thai-English language pairs, grammatical tense classification systems, and computer-assisted
language learning tools. The chapter identifies gaps in current approaches and establishes the
theoretical foundation for the proposed solution.

Chapter 3: User Study and Requirements Analysis presents empirical research
with 218 Thai English learners to understand their specific challenges and preferences for
grammar learning tools. Based on these findings, the chapter derives system requirements
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that ensure the technical solution addresses real educational needs rather than theoretical
assumptions.

Chapter 4: Design and Implementation - Core Models and Functionality focuses
on the design and implementation of the three specialised Al models that form the system’s
educational core. The chapter presents the development journey from initial experimentation to
final architecture, covering translation model selection (Typhoon Translate 4B), custom tense
classification system (XLM-RoBERTa), and pedagogical explanation generation (Typhoon 2.1
12B), along with confidence-aware response strategies.

Chapter 5: Design and Implementation - Pipeline and Website describes how
the individual models integrate into a complete educational system. The chapter covers
preprocessing pipeline implementation (fragment detection, language validation, content
filtering), web application architecture with user interface design based on empirical findings,
analytics and feedback systems, and production deployment strategies that enable user testing
and validation.

Chapter 6: Evaluation and Results presents comprehensive evaluation across three
dimensions: technical performance of individual models, pipeline integration accuracy, and
user acceptance validation. The chapter includes systematic testing of translation quality
(93.2% fluency), classification accuracy (94.7% isolated, 74% pipeline), explanation quality
(84.9% correctness), and user feedback from 38 active participants providing 474 ratings
with mean scores exceeding 4.0/5 across all evaluation criteria, demonstrating strong user
acceptance of the system design.

Chapter 7: Conclusion and Future Work concludes the dissertation by summarising
key achievements, reflecting on major challenges encountered, and proposing future research
directions. The chapter presents the project’s contributions to educational NLP (integrated
pipeline architecture, hierarchical tense classification, Thai-specific pedagogical approach),
acknowledges technical and methodological challenges faced during development, and outlines
pathways for advancing educational NLP systems including longitudinal learning studies,

expanded grammatical coverage, and potential adaptation to other language pairs.

1.4 Relationship to Degree Programme

This project directly applies the core competencies of the MSc Computer Science with
Speech and Language Processing programme. The Text Processing and Natural Language
Processing modules provided essential foundations for implementing transformer-based
classification and handling Thai-FEnglish cross-lingual processing, while the programme’s
evaluation methodologies guided the assessment framework. Although the interdisciplinary
nature required extending beyond the curriculum to incorporate pedagogical principles, this
integration demonstrates the programme’s goal of preparing graduates to apply computational
linguistics to real-world educational challenges.
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Literature Review

This review examines three interrelated research domains critical to building educational
translation tools for Thai-English language pairs: machine translation for low-resource
languages, hierarchical grammatical classification systems, and computer-assisted language
learning (CALL). The convergence of these areas supports the development of advanced systems
that integrate accurate translation with pedagogically grounded grammatical explanations.
Recent literature from 2020 onwards is synthesised to identify core technical approaches, their
relevance to Thai—English contexts, and implications for educational applications.

2.1 Machine Translation for Low-Resource Languages

2.1.1 Multilingual neural machine translation architectures

Multilingual neural machine translation (MNMT) offers substantial benefits for low-resource
language pairs by enabling parameter sharing and cross-lingual transfer. The BLEU (Bilingual
Evaluation Understudy) score is an automatic metric for evaluating machine translation
quality by comparing n-gram overlaps between machine output and reference translations,
with scores ranging from 0 to 1 (often reported as 0-100 when multiplied by 100) where higher
values indicate better translation quality!.

Ngo et al. [1] demonstrated this by training many-to-one multilingual Transformer?
models, showing BLEU score improvements of +1.62 and +2.54 points for French—Vietnamese
and English—Vietnamese translation over bilingual baselines. Their approach leveraged
monolingual data to address data sparsity challenges inherent in low-resource settings.

This approach is directly relevant to Thai—English translation, where parallel data is
scarce. Thai’s morphological complexity, including the lack of explicit word boundaries,
tonal system, and absence of grammatical tense markers, creates particular challenges for
translation systems trained primarily on languages with different linguistic structures. MNMT
can leverage related translation tasks to improve performance through cross-lingual learning.

!BLEU is calculated as: BLEU = BP - exp(3_1_, wi log pi), where BP is the brevity penalty to penalise
overly short translations, w; are weights (typically 1/n), and p; is the precision of i-grams measuring how
much of the candidate matches reference phrases.

2Transformers are neural network architectures that use self-attention mechanisms to process sequences in
parallel rather than sequentially, enabling more efficient training and better capture of long-range dependencies.



Chapter 2. Literature Review

2.1.2 Thai-specific language model development

The Typhoon series, introduced by Pipatanakul et al. [2, 3], marks a major step forward
in Thai large language models (LLMs). Typhoon-7B was adapted from the English-centric
Mistral-7B? via continual pretraining on a balanced mix of Thai and English text, transferring
general world knowledge to Thai-specific tasks. Its training addressed key linguistic features
such as the absence of explicit word boundaries and unique Thai script, supported by a
custom tokeniser (a component that breaks text into smaller units for processing) achieving
2.62x greater efficiency than GPT-4 for Thai tokenisation through the addition of 5,000
Thai-specific tokens.

Evaluations on ThaiExam [2|, a benchmark drawn from national high-school and
professional certification exams, showed Typhoon’s Thai understanding to be comparable
with GPT-3.5, outperforming it on 4 out of 8 evaluation datasets. Typhoon 2 [3] expanded
into a multimodal family (1B-70B parameters) with improved data filtering, enhanced
instruction-following, and specialised capabilities for Thai document and speech processing.
These features provide a strong foundation for educational translation and grammar learning
applications.

2.1.3 Cross-lingual knowledge transfer and domain adaptation

Cross-lingual transfer techniques have emerged as a powerful solution for improving translation
quality in low-resource settings. Gupta et al. [4] demonstrated the effectiveness of
Cross-Lingual Knowledge Distillation (CLKD) for Answer Sentence Selection (AS2) tasks in
multilingual question answering systems. AS2 involves ranking candidate answer sentences
according to their probability of correctly answering a given question - a core component of
retrieval-based QA systems. Their CLKD approach trains student models in low-resource
languages (such as Bengali, Finnish, and Swahili) to mimic strong English teacher models
without requiring labeled target language data.

The method works by having both teacher and student models process parallel question-
answer pairs in their respective languages (source and target), with the student learning to
replicate the teacher’s probability distributions through KL-divergence loss. They evaluated
CLKD on two newly created multilingual AS2 datasets: Xtr-WikiQA (10 languages including
Arabic, Hindi, and Japanese) and TyDi-AS2 (8 typologically diverse languages).

Notably, CLKD achieved performance that rivals or exceeds supervised fine-tuning, with
improvements being particularly pronounced for smaller models (e.g., mBERT-Base) and
monolingual training scenarios. For instance, on the Xtr-WikiQA dataset, CLKD with
XLM-RoBERTa-Large achieved PQ@1 scores® exceeding 80% for most target languages,
outperforming supervised baselines by 5-10 percentage points. This finding is especially
relevant for educational applications where computational efficiency and real-time response
are critical, as it enables deployment of accurate multilingual QA systems without extensive

3Mistral-7B is an open-source large language model with 7 billion parameters developed by Mistral Al
known for its efficiency and strong performance despite its relatively small size compared to models like
GPT-4.

“P@1 (Precision at 1) measures whether the top-ranked answer is correct, a key metric for ranking tasks
where the system must identify the best answer from multiple candidates.
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labeled data collection for each target language.

Complementing this work, Goyle et al. [5] conducted a comprehensive analysis of neural
machine translation strategies for low-resource languages, evaluating techniques including
back-translation, transfer learning, and focal loss on the mBART-CC25 model (a multilingual
sequence-to-sequence model pre-trained on 25 languages). Focal loss is a modified loss function
that down-weights easy examples and focuses training on hard negatives, particularly useful
for addressing class imbalance. Their experiments on Sinhala, Nepali, Khmer, and Pashto
demonstrated that back-translation with focal loss achieved state-of-the-art results, improving
BLEU scores by 0.57 and 1.29 points for Sinhala-English and Nepali-English respectively. The
study revealed that focal loss addresses the challenge of low-frequency token generation, a
crucial consideration for grammatical constructions that may appear infrequently in training
data. Furthermore, their transfer learning experiments showed that parent models trained on
related high-resource languages can effectively initialise child models for low-resource pairs,
though data quality proved more influential than methodology in some cases.

Together, these studies establish that cross-lingual knowledge transfer combined with
domain-specific adaptation can significantly enhance translation systems for low-resource lan-
guages, offering both improved accuracy and computational efficiency, both key requirements
for educational technology applications.

2.2 Cross-lingual Text Classification and Hierarchical Ap-
proaches

2.2.1 XLM-RoBERTa for multilingual classification

Multilingual transformer models have transformed cross-lingual text classification. Conneau et
al. [6] introduced XLM-RoBERTa, a RoBERTa variant pretrained on 2.5 TB of CommonCrawl
data across 100 languages. Its zero-shot transfer capability has delivered state-of-the-art results
across diverse language pairs, with particularly strong performance on low-resource languages,
improving 15.7% in XNLI accuracy® for Swahili and 11.4% for Urdu over previous XLM
models. This makes XLM-RoBERTa an ideal foundation for Thai-English tense classification
tasks.

While Karamanolakis et al. [7] demonstrated that minimal resources (just 20 translated
seed words) can enable effective cross-lingual classification through their CLTS (Cross-Lingual
Text Selection) method, achieving up to 12% accuracy improvements over multilingual
BERT approaches, their focus on document-level classification differs from the sentence-level
grammatical analysis required for tense classification. Nevertheless, their finding that task-
specific seed words can guide classification is relevant: grammatical markers and temporal
expressions could serve as similar anchor points for tense classification in Thai-English
translation contexts.

SXNLI (Cross-lingual Natural Language Inference) is a benchmark dataset for evaluating cross-lingual
understanding. Models are tested on their ability to determine whether sentence pairs exhibit entailment,
contradiction, or neutral relationships across 15 languages. The accuracy metric represents the percentage of
correctly classified premise-hypothesis pairs, with state-of-the-art models typically achieving 70-85% accuracy.
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2.2.2 Hierarchical text classification methodologies

Hierarchical classification is well-suited to tasks with naturally structured label taxonomies.
Mekala et al. [8] introduced the Coarse2Fine framework at EMNLP 2021, demonstrating how
to perform fine-grained classification on coarsely-annotated data without fine-grained human
annotations. Their approach uses label-conditioned fine-tuning with generative language
models and incorporates hierarchy-aware regularisation objectives based on coarse-fine label
constraints.

The framework was evaluated on two real-world hierarchical datasets. The New York
Times (NYT) dataset consists of news articles classified into 5 coarse-grained genres (e.g., arts,
sports) and 25 fine-grained categories (e.g., movies, baseball). The 20 Newsgroups (20News)
dataset contains newsgroup documents partitioned into 6 broad groups (e.g., recreation,
computers) and 20 fine-grained classes (e.g., graphics, windows, baseball, hockey). Notably, the
researchers excluded three miscellaneous labels from 20News (misc.forsale, talk.politics.misc,
talk.religion.misc) as their label surface names lacked focused meaning, which would interfere
with the label-based weak supervision approach.

The framework achieved 92.62% Micro-F1 on the NYT dataset, significantly outperforming
zero-shot baselines by leveraging the hierarchical relationship between coarse and fine labels
through iterative weak supervision and bootstrapping.

This coarse-to-fine approach provides a framework for grammatical tense classification,
where broad temporal categories (Past, Present, Future) can be progressively refined into
specific tense-aspect combinations. The methodology of using label surface names as weak
supervision signals could be adapted for tense classification in translated text.

However, while hierarchical methods have proven effective for monolingual classification
tasks, their application to analysing grammatical structures in machine-translated text
remains unexplored. This gap is particularly significant for educational applications where
understanding the rationale behind tense choices is as important as the classification itself.

2.2.3 Grammatical error correction with explanations

Recent research has emphasised augmenting grammatical corrections with pedagogical
explanations to enhance learning outcomes. Fei et al. [9] introduced EXPECT, a large-scale
dataset containing 21,017 instances annotated with evidence words and grammatical error types
across 15 categories. Their experiments demonstrated that explainable GEC (Grammatical
Error Correction) systems can serve as effective post-processing modules for existing GEC
systems. Human evaluations showed that when applied to GECToR (a sequence tagging
approach to grammatical error correction) outputs, 82.4% of corrections received explanations,
with 84.5% of these explanations deemed helpful for understanding the corrections.
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Building on this interpretability focus, Qorib et al. [10] developed MoECE (Mixture of
Error Correction Experts), which employs specialised expert networks for different error types.
Their approach achieves state-of-the-art performance, improving F0.5 scores® by up to 1.32
points on BEA-20197 while maintaining interpretability through error type identification
during inference. The model’s routing mechanism learns to allocate tokens to appropriate
experts based on error types, with analysis revealing that experts develop specialisations (e.g.,
achieving 83.7% accuracy for punctuation corrections).

These advances in explainable grammatical analysis demonstrate the value of providing
learners with clear rationales for linguistic choices. However, current GEC systems focus on
correcting errors in existing English text rather than explaining grammatical choices made
during translation from a tenseless language. This leaves a significant gap in supporting
learners who need to understand why certain tense choices are appropriate when translating
from their native language, particularly when that language encodes temporal information
through fundamentally different mechanisms.

2.3 Computer-Assisted Language Learning and Large Language
Models

2.3.1 Large language models in educational applications

Large language models are increasingly applied in education for feedback generation,
personalised content, and intelligent tutoring. Dong et al. [11| conducted a systematic
review of 94 studies, finding that LLMs show potential in educational applications including
content generation, serving as learning assistants, and supporting academic research. Their
review provides crucial insights: the importance of maintaining pedagogical transparency to
avoid over-reliance on Al the need for culturally aware content generation particularly for
non-English speakers, and the value of explanation-based approaches over simple correction.
However, their review also highlights critical challenges, including risks to students’ critical
thinking development, academic integrity concerns, and ethical issues that require careful
consideration before widespread implementation in educational settings.

These findings underscore that effective educational translation tools must go beyond
accurate translation to provide transparent, culturally appropriate explanations that support
learning rather than replacing understanding. For Thai learners, this means systems must
explain not just what the correct English tense is, but why it appropriately captures the
temporal and aspectual meaning expressed in the original Thai.

2.3.2 Generative Al adoption and learning outcomes in Thai contexts

While the potential of LLMs in education is well-documented, empirical evidence on their
actual impact on learning outcomes remains limited. Waluyo and Kusumastuti [12] conducted

SFo5 is a variant of the F-measure that weights precision more heavily than recall, emphasising the
importance of avoiding false positives in error correction.

"BEA-2019 refers to the Building Educational Applications 2019 shared task dataset, comprising 3,700
annotated texts from both native and non-native English writers across different proficiency levels, used as a
standard benchmark for grammatical error correction systems.
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a mixed-methods study with Thai university English learners (n=25) examining GAI tool
adoption and its correlation with academic performance. Their findings reveal a critical
paradox: despite high student acceptance across performance expectancy (M=3.66), effort
expectancy (M=3.61), and actual usage behaviour (M=3.52), no significant correlation existed
between GAI usage and GPA (p=-0.06, p=0.76).

This disconnect between enthusiasm and outcomes highlights fundamental challenges for
educational GAI implementation. Students reported improved efficiency and confidence but
also expressed concerns about over-dependency, with one participant noting that "using Al
has many disadvantages" despite acknowledging its benefits. Teacher observations reinforced
these concerns, citing difficulties in assessing genuine student progress and risks of superficial
engagement with learning materials.

Particularly relevant for Thai-English translation systems are the specific challenges
students identified with language-specific accuracy. Student testimonials revealed fundamental
issues with current GAI translation capabilities: "If we use Al to write compositions and
submit them to teachers without double-checking, it could potentially lead to confusion in the
message as Thai is a complex language. Sometimes, Al may not accurately translate Thai
language fully" (S15, in Waluyo & Kusumastuti, 2024). This observation directly validates
the need for specialised Thai-English translation models rather than general-purpose GAI
tools.

Furthermore, students recognised that effective Al usage requires foundational knowledge:
"Al reduced work time and increased convenience, although it may make mistakes, so we must
use it correctly with basic knowledge" (S14). This insight supports the pedagogical approach
of providing grammatical explanations alongside translations, ensuring learners develop the
"basic knowledge" necessary to critically evaluate Al-generated content. Another student’s
mixed assessment, "using Al has many disadvantages" despite acknowledging improved writing
completeness (S9), underscores the tension between efficiency gains and genuine learning, a
gap that explanation-augmented systems could address.

These findings directly inform the design requirements for educational translation
tools. Rather than simply providing translations or corrections, systems must foster deep
understanding to bridge the gap between tool usage and learning outcomes. For Thai-English
contexts specifically, this suggests that grammatical explanations and pedagogical transparency,
as emphasised by Dong et al. [11], are essential rather than optional features.

2.3.3 Multilingual capabilities and cross-lingual applications

Chan et al. [13] explored grammatical error correction for code-switched sentences®, developing
a novel method for generating synthetic CSW (Code-Switched) GEC datasets by translating
spans within existing GEC corpora. Using XLM-RoBERTa as their base model with a
sequence-tagging approach (GECToR), they investigated six different span selection methods,
finding that the linguistically-motivated “noun-token” method yielded the best results. Their
optimised model achieved an average F0.5 increase of 1.57 across English-Chinese (EN-
CH), English-Korean (EN-KO), and English-Japanese (EN-JA) test sets while maintaining
monolingual performance on the BEA-2019 dataset.

8Code-switching refers to utterances that mix two or more languages within a single discourse.
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Notably, they discovered that models trained on one CSW language pair generalised
relatively well to typologically similar languages; for instance, the English-Korean model
slightly outperformed the English-Japanese model on English-Japanese data. This cross-lingual
transferability is particularly relevant for Thai-English contexts where code-switching is
common among bilingual speakers, suggesting that GEC systems can be adapted to handle
mixed-language utterances without sacrificing accuracy on monolingual text, especially when
linguistic similarities exist between the target languages.

2.3.4 Multi-Agent Systems for Language Learning Applications

Recent advances in multi-agent systems enable multiple Al agents with specialised roles
to collaborate on complex educational tasks. Unlike traditional single-model approaches,
multi-agent architectures divide tasks among specialised components that communicate
through structured protocols, allowing each agent to focus on specific capabilities such as
linguistic analysis, pedagogical strategy, or error detection.

Wu et al. [14] introduced AutoGen, a framework for orchestrating conversable agents
through structured conversations. AutoGen addresses the challenge of coordinating multiple
LLMs by implementing a conversation programming paradigm where developers define agents
with specific capabilities and program their interactions using standard Python control flow
rather than complex prompt engineering. This approach proved particularly effective for
educational tasks: their math problem-solving application achieved 69.48% accuracy on the
MATH dataset compared to 55.18% for GPT-4 alone, while reducing human intervention
requirements by 3-10x. The framework’s modular design allows different agents to handle
distinct aspects of educational systems, such as content generation, validation, and pedagogical
assessment, mirroring natural teaching workflows where specialists collaborate on curriculum
development.

Complementing this approach, Khattab et al. [15] developed DSPy to address the
brittleness of hand-crafted prompts in LLM pipelines. DSPy treats prompts as programmatic
systems that can be automatically optimised through a compilation process. Rather than
manually tuning prompts, developers specify high-level signatures (such as "question to
answer" or "sentence and grammar rule to explanation"), and DSPy generates optimised
prompts through bootstrapping with training examples. Their experiments demonstrated
25-65% performance improvements across various tasks, with automatically discovered prompt
strategies outperforming expert-crafted alternatives.

These multi-agent and pipeline optimisation approaches directly address challenges in
cross-linguistic education. Thai learners struggle with English tenses because Thai expresses
time through context and aspect markers (laew for completion, gamlang for ongoing, ja for
future) rather than verb conjugation. A multi-agent architecture can separate translation,
tense classification, and explanation generation into specialised components, ensuring each
stage is optimised for its specific task while maintaining pedagogical coherence. This modular
approach enables systems to adapt explanations based on learner patterns while maintaining
the flexibility to incorporate human feedback when needed.

10
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2.4 Research Gaps and Future Directions

The literature review reveals several critical gaps that this dissertation addresses. Despite
notable advances in individual areas, the integration of these technologies for Thai-English
educational applications remains largely unexplored:

Limited Thai-specific educational NLP research — Most progress in NMT and
CALL has not been tailored to Thai-English, whose tenseless structure and aspectual marking
demand specialised solutions.

Hierarchical tense analysis of machine-translated text — While hierarchical
classification methods exist for various NLP tasks, their application to analysing and explaining
grammatical structures in machine-translated output remains unexplored. This is particularly
crucial for educational contexts where learners need to understand not just what tense was
chosen in translation, but why it appropriately captures the temporal meaning from the source
language.

Integration gap between translation and grammatical explanation — Current
systems either translate text OR provide grammatical feedback, but rarely integrate both
capabilities in a pedagogically meaningful way. For Thai learners, understanding how their
language’s aspect markers and temporal context map to English tense choices requires systems
that can both translate accurately and explain the grammatical rationale.

User-identified limitations in Thai-English GAI translation — Empirical evidence
from Thai learners reveals that current GAI tools struggle with Thai’s linguistic complexity,
often producing translations that "lead to confusion in the message" [12], highlighting the
need for specialised Thai-aware translation models with pedagogical explanations to support
critical evaluation of Al output.

Adoption-outcome gap in educational GAI — Despite high acceptance and usage rates
of GAI tools among Thai English learners, no correlation with improved academic outcomes
has been demonstrated [12], suggesting current tools fail to foster the deep grammatical
understanding necessary for genuine learning improvement.

Evaluation methodologies — Existing frameworks typically focus on technical metrics
or isolated educational outcomes. More holistic evaluation combining translation accuracy,
classification performance, explanation quality, and actual learning impact is needed for
integrated educational NLP systems.

11
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User Study and Requirements Analysis

This chapter presents an analysis of user needs through an empirical study of Thai English

learners, followed by the technical and pedagogical requirements derived from these findings.

By grounding our requirements in actual user data, we ensure that the system design addresses

real educational needs rather than theoretical assumptions.

3.1 User Study Design and Methodology

3.1.1 Research Objectives

The user study aimed to validate key assumptions about Thai English learners’ challenges

and preferences for grammar learning tools. The primary research questions were:

1.

2.

What specific challenges do Thai English learners face?

How do learners currently approach grammar learning, and what are their satisfaction
levels with existing tools?

What features and explanatory approaches would be most valuable in a context-aware
translation tool?

. What is the target demographic and their technological readiness for Al-powered learning

tools?

3.1.2 Survey Design and Implementation

A online survey was designed and distributed to Thai English learners through university

networks and social media platforms. The survey consisted of five main sections:

1.

Demographics and Background: Age, education level, English proficiency, and
learning context

Grammar Learning Challenges: Specific difficulties with English grammar,
particularly tense usage

Current Tool Usage: Experience with existing translation and grammar tools

12
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4. Feature Preferences: Desired capabilities for an ideal grammar learning tool

5. Technology Acceptance: Comfort level with Al-powered educational tools

3.1.3 Ethical Considerations

The study received ethical approval from the University Research Ethics Committee of the
University of Sheffield (Application Number 069760). All participants provided informed
consent, and data was collected anonymously. The ethics application, ethics approval letter,
participant information sheet, and consent form can be found in Appendix A.1, while the
complete questionnaire used in the study is provided in Appendix B.

3.2 User Study Results

3.2.1 Participant Demographics

The survey received 234 initial responses, with 218 participants (93.2%) providing complete
data after consent filtering as required by ethics approval. Participants were provided with
both project information and consent forms before proceeding.

Age Distribution Learner Types Current English Proficiency
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B2 Upper.int

Count
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Figure 3.1: Participant Demographics and Learning Context (n—=218)

Figure 3.1 reveals several key insights that shape our understanding of the target user base.
The data shows that, the data challenges our initial assumption of a primarily university-
focused tool. With working professionals comprising nearly 80% of respondents, the system
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clearly addresses workplace learning needs as much as academic ones. This professional
dominance suggests that English grammar improvement is a career-development priority for
Thai adults.

The data reveals an interesting pattern: over 85 participants report more than 20 years
of English experience, yet still identify various challenges when using the language. This
distribution suggests that even extensive exposure to English does not necessarily eliminate
all difficulties for Thai speakers, particularly in areas like grammar and tense usage that differ
fundamentally between the two languages.

The effectiveness ratings reveal a critical gap in current learning methods. With most
learners rating their approaches as only "moderately effective," there’s clear demand for more
effective alternatives. The concentration of learners at B1-B2 levels, combined with moderate
satisfaction with existing methods, identifies an optimal intervention point where learners
have sufficient foundation but still struggle with complex structures like tense usage.

3.2.2 Learning Challenges Analysis

This section analyses responses to three key survey questions:
e Question 12: “Which aspects of English do you find most challenging?” (multiple choice)

e Question 13: “How confident do you feel when using English in different situations?”
(1-5 scale)

e Question 14: “Describe a specific situation where you had difficulty with English” (open
text)

14
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Most Common Learning Challenges Language Use Confidence (1=Low, S=High)
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Figure 3.2: Learning Challenges and Confidence Analysis (n=218)

Figure 3.2 reveals critical insights for educational technology design. Speaking and
Listening dominate as primary challenges (18.0% and 14.7% respectively), reflecting the
inherent difficulties Thai learners face with English phonetics and real-time comprehension.
These skills require interactive practice and immediate feedback that current automated tools
struggle to provide effectively. Writing follows at 14.0%, representing another production-based
skill requiring error detection and contextual understanding.

Grammar’s position as the third-ranked challenge (13.4%) is important for system
design. Unlike speaking or listening, grammatical analysis represents a challenge that
computational approaches can address systematically through pattern recognition, rule
application, and structured explanation generation. The relatively even distribution across all
skill areas (vocabulary 11.7%, reading 10.5%, pronunciation 9.2%) indicates that learners face
multifaceted challenges requiring integrated solutions rather than single-skill interventions.

The confidence distribution reveals patterns about learner self-perception. The
concentration of learners at moderate confidence levels (Level 3 showing the highest frequency)
suggests that most participants have moved beyond beginner uncertainty but have not reached
higher proficiency. This "intermediate plateau" represents the optimal target audience for
explanation-based tools: learners with enough foundation to understand grammatical concepts
but still requiring guidance to advance further.
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3.2.3 Learning Preferences and Support Needs

This section examines responses to questions about learning preferences:

e Question 24: “When you make a grammar mistake, what kind of feedback do you
prefer?”

e Question 25: “How do you prefer to learn grammar rules?”

e Question 26: “How important is it to understand WHY a grammar rule works, not just
HOW to use it?” (1-5 scale)
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Figure 3.3: Grammar Learning Preferences and Support Methods (n—=218)

& «

Figure 3.3 reveals a fundamental shift in how Thai learners want to approach grammar
learning. The most striking finding is the 2:1 preference ratio for "show examples of correct
usage" versus "just show the correct answer." This suggests that learners want to understand
patterns, not just memorise corrections.

The WHY importance ratings provide overwhelming validation for explanation-focused
tools: with 160 out of 218 learners (73.4%) rating understanding "why" as high importance
(Levels 4-5), and only 21 learners (9.6%) considering it low importance, the data strongly
contradicts traditional grammar teaching approaches that focus on rote memorisation.
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Perhaps most revealing is the uniform mediocrity of current learning methods. All
approaches cluster around 3.2-3.5 effectiveness ratings, potentially indicating dissatisfaction
rather than preference diversity. This "effectiveness plateau" suggests that existing methods,
whether formal classes or self-study, are failing to meet learner needs adequately. The lack of
a standout preferred method creates a clear opportunity for new approaches that combine
contextual examples with explanatory depth.

The preference for "real-world content" and "examples-based learning" over "rule
introduction" signals a desire for practical, applied grammar understanding rather than
theoretical knowledge. This directly supports contextualised translation-based grammar
instruction.

3.2.4 Technology Adoption and Feature Requirements

This analysis draws from survey questions about technology usage:
e Question 16: “How comfortable are you with using technology for learning?” (1-5 scale)
e Question 17: “How often do you use web-based learning tools?”

e Question 22: “Have you used any Al-powered tools before?” (Yes/No)
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Figure 3.4: Technology Adoption Readiness and Feature Requests (n=218)
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Figure 3.4 uncovers a crucial insight about modern language learning expectations: mobile
design leads feature requests not because learners prefer phones over computers, but because
it signals anywhere-anytime learning integration into busy professional lives. The clustering
of requests around accessibility features (mobile design, audio support) suggests learners want
tools that fit their lifestyle rather than requiring dedicated study time.

The technology readiness findings reveal a generational shift in Thai English learning.
With 165 out of 218 participants (75.7%) having Al experience, Thai learners are more
technologically experienced than traditional grammar tools assume. This high AI familiarity
suggests that learners would not only accept but expect adaptive responses rather than static
rule presentations.

Most encouraging for system viability is the adoption likelihood pattern: a strong majority
of participants show high likelihood to use such tools regularly. This isn’t just positive
feedback; it represents genuine behavioural intent from learners who are already actively
seeking better grammar solutions.

The feature prioritisation reveals strategic insights: "Alternative Translations" ranking
highly suggests learners want to understand multiple ways to express ideas, not just correction
of errors. This points toward an exploratory rather than corrective learning mindset, supporting
translation-based grammar instruction that shows possibilities rather than just fixes problems.
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3.2.5 Correlation Analysis and Key Relationships
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Figure 3.5: Variable Correlations and Statistical Relationships (n=218)

Figure 3.5 reveals the fundamental driver of learning tool success: the exceptionally strong
English Level-Confidence correlation (0.81) indicates that confidence is not just a byproduct
of learning but is intrinsically linked to perceived proficiency. This suggests that tools building
genuine understanding (rather than providing quick fixes) may be more effective at improving
learners’ overall language confidence.

The most strategically important finding is WHY Importance’s weak correlations across
all demographics (all <0.35). This pattern indicates that the desire for explanatory learning is
a fundamental learning preference rather than a demographic characteristic. Unlike features
that might appeal to specific age groups or proficiency levels, explanation-focused approaches
have universal appeal, making them ideal for broad-market educational tools.

Another revealing insight emerges from the age-related correlations: younger learners
demonstrate higher English proficiency levels (age-proficiency correlation: -0.46) and greater
confidence (age-confidence correlation: -0.39), likely reflecting improved educational standards
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and earlier exposure to English in modern Thai education. These younger learners also
show higher AT experience (age-Al correlation: -0.39), suggesting a generation that is both
linguistically capable and technologically adept. This convergence presents an ideal user
base: learners with strong foundational skills who are comfortable with Al-powered tools
and seeking to refine their already substantial English abilities through deeper grammatical
understanding.

The Tool Likelihood correlation with WHY Importance (0.35) reveals a crucial user
segmentation insight: learners who value explanations are exactly those most likely to adopt
new learning tools. This correlation suggests that explanation-focused positioning would
naturally attract the most engaged and adoption-ready user segment, creating a self-reinforcing
user base of committed learners.

3.2.6 Implications for System Design

The user study findings converge on clear design priorities that directly inform our system
architecture and feature decisions. The data reveals not a population needing remedial
support, but rather learners seeking deeper understanding of grammatical nuances. This
critical distinction shapes our entire approach.

Strategic Focus on Grammar

While Speaking and Listening dominate learner challenges (18.0% and 14.7%), these require
real-time interaction and pronunciation feedback that current automated systems may not
adequately provide. Grammar, ranking third at 13.4%, represents the sweet spot where
computational approaches excel. Systematic pattern recognition, rule application, and
structured explanation generation align perfectly with machine capabilities while addressing
genuine learner needs.

The even distribution across all skill challenges (vocabulary 11.7%, reading 10.5%,
pronunciation 9.2%) suggests learners face interconnected difficulties rather than isolated
problems. This validates our translation-based approach, which naturally integrates grammar
learning with vocabulary expansion and contextual understanding.

User Profile and Readiness

Our target users emerge as a technologically experienced cohort: 75.7% have Al experience
and appear to expect adaptive responses based on their technology adoption patterns. The
correlation data reveals younger learners with higher English proficiency (age-proficiency:
-0.46) and confidence (age-confidence: -0.39), potentially representing a generation benefiting
from improved educational standards who seek refinement rather than remediation.

The "intermediate plateau" phenomenon, with most learners concentrated at Level 3
confidence, identifies our optimal target: users with sufficient foundation to understand
grammatical concepts but still requiring guidance for advancement. This positioning avoids
both the frustration of overly basic tools and the complexity barrier of advanced linguistic
analysis.
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Core Design Principles

Three fundamental principles emerge from the data:

1. Explanation Over Correction: With 73.4% rating WHY understanding as highly
important and a 2:1 preference for examples over answers, the system must prioritise
explanatory depth. This appears to represent a learning preference for comprehension
over memorisation, though whether this represents a shift from previous approaches
requires longitudinal data to confirm.

2. Confidence Through Understanding: The strong proficiency-confidence correlation
(0.81) validates building genuine competence rather than providing quick fixes. Each
interaction should enhance both skill and self-assurance through clear, accessible
explanations that demystify grammatical complexity.

3. Accessibility and Flexibility: Feature requests clustering around mobile design and
audio support reflect practical learning constraints. Professionals and students require
tools accessible during commutes, breaks, or brief study windows rather than extended
dedicated sessions. The system must support interrupted learning patterns, allowing
users to engage meaningfully even in short time segments.

Implementation Priorities

The uniform mediocrity of current learning methods (3.2-3.5 effectiveness ratings) indicates
market opportunity rather than user apathy. Learners actively seek better solutions, with
the correlation between WHY importance and tool adoption likelihood (0.35) identifying our
early adopters: engaged learners who value understanding.

The universal appeal of explanatory features across all demographic segments (correlations
<0.35 with age, proficiency, and background) confirms that explanation-focused functionality
should be the core value proposition, not an optional enhancement. Alternative translations
ranking highly suggests learners seek exploration of possibilities rather than singular corrections.
The system should reveal language richness rather than enforce rigid rules.

These implications directly shape the technical requirements and architectural decisions
presented in subsequent sections, ensuring our system design remains grounded in empirical
user needs rather than theoretical assumptions.
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3.3 Technical Approaches Analysis

After establishing user needs through empirical research, this section analyses the technical
approaches available to address the identified challenges. This analysis directly informs the

requirements and design decisions presented in subsequent sections.

3.3.1 System Architecture Alternatives

Multiple technical approaches could potentially address the identified challenges of providing

integrated translation and grammar explanation for Thai English learners.

Table 3.1: System Architecture Alternatives Analysis

e Potentially faster inference

e Simplified deployment

e Unified optimisation across all
tasks

Architecture Advantages Limitations
Monolithic End- | e Reduced error propagation be- | e Limited interpretability for ed-
to-End tween components ucational applications

e Difficulty debugging specific
component failures

e Substantial training data re-
quirements for multi-task objec-
tives

e Challenges in updating individ-
ual capabilities

Modular Pipeline

e Component-level optimisation
e Interpretable intermediate out-
puts

e Independent component up-
dates

e Educational transparency in
processing stages

e Potential error propagation

e Increased system complexity

e Longer processing times

e Coordination challenges be-

tween components

Based on user study findings showing 73.4% rate understanding WHY specific grammar

choices as high importance, the modular approach provides the transparency necessary for

effective educational delivery.
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3.3.2 Component Implementation Alternatives

Table 3.2: Translation Component Approach Analysis

Approach Cate- | Advantages Limitations Assessment
gory
Commercial API | e Superior translation | e External dependencies | High quality,
Services quality e Ongoing operational | dependency

e Reliable infrastructure | costs trade-offs

e Automatic updates
e No model maintenance

e Limited customisation

e Privacy concerns

Open-source Mul-
tilingual Models

e Full local control

e No ongoing costs

e Customisable for edu-
cation

e Research transparency

e Extensive fine-tuning
required

e Variable quality out-
comes

e High computational re-
quirements

e Technical expertise
needed

Good control, con-
siderable effort

Language-pair
Specialised
Models

e Optimised for Thai-
English

e Balanced performance-
cost

e Educational context
awareness

e Cultural nuance han-
dling

e Limited language cov-
erage

e Model availability con-
straints

e Version dependency
risks

e Specialised knowledge
required

Targeted optimisa-
tion, limited scope
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Table 3.3: Grammatical Analysis Approach Analysis

Approach Cate- | Advantages Limitations Assessment
gory
Rule-based e Fully interpretable | ¢ Limited complex con- | High interpretabil-
Linguistic logic struction coverage ity, limited cover-
Systems e No training data re- | e Difficulty with edge | age

quirements cases

e Deterministic behavior | e Extensive linguistic ex-

e Expert knowledge inte- | pertise required

gration e Maintenance overhead
Statistical e Data-driven pattern | @ Requires substantial | Good
Machine Learning | recognition training data performance,

e Handles complex fea-
ture interactions

e Adaptable to new do-
mains

e Quantifiable perfor-
mance metrics

e Limited interpretabil-
ity

e Domain-specific opti-
misation needed

e Feature engineering
complexity

requires data

Neural Language
Models

° Contextual
understanding

° Cross-lingual
capabilities

e Resilient to input
variations

e Strong multilingual

performance

e Requires extensive
training data

e High computational re-
quirements

e Limited interpretabil-
ity

e Complex architecture

management

High
resource intensive

capability,
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Table 3.4: Educational Content Generation Approach Analysis

Approach Cate-
gory

Advantages

Limitations

Assessment

Template-based

e Consistent pedagogical

e Limited contextual

Consistent but in-

Systems structure flexibility flexible

e Predictable output | e Potential repetitive-

quality ness

e Educational content | e Extensive template de-

control velopment

e No inference costs e Difficulty handling

edge cases

Generative Al Sys- | @ Contextual adaptabil- | ¢ Variable  output | Flexible but un-
tems ity quality predictable

e Natural language flu- | ¢ Potential factual

ency inaccuracies

e Creative explanation | e Limited pedagogical

approaches structure control

e Multilingual capabili- | e Computational

ties requirements
Hybrid e Structured pedagogi- | e Development complex- | Balanced
Rule-Generation | cal framework ity approach,
Systems e Contextual adaptation | e Integration challenges | complex

e Quality control mech- | ¢ Maintenance overhead | implementation

anisms

e Educational objective

alignment

e Technical expertise re-
quired
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3.3.3 Deployment Architecture Considerations

Table 3.5: Deployment Architecture Alternatives Analysis

Approach

Advantages

Limitations

Assessment

Local Deployment

e Complete control

e No external dependen-
cies

e Predictable costs

e Data privacy

e High computational re-
quirements

e Infrastructure com-
plexity

e Limited scalability

e Maintenance burden

High control, re-
source intensive

Cloud API Inte-
gration

e Reduced
ture complexity

infrastruc-

e Access to high-quality
models

e Automatic scaling

e Lower entry barriers

e External dependencies
e Variable costs

e Potential privacy con-
cerns

e Service availability

risks

Low complexity,
dependency

trade-offs

Hybrid Architec-

ture

e Optimised component
placement

e Cost-performance bal-
ance

e Risk distribution

e Flexibility in optimisa-
tion

e Increased architectural
complexity

e Multiple integration
points

e Coordinated failure
management

e Development overhead

Optimal balance,
higher complexity

3.3.4 Technical Approach Selection Rationale

Based on the user study findings and technical analysis, the optimal approach combines:

e Modular Pipeline Architecture: Provides the transparency necessary for educational

understanding, aligning with the 73.4% of users who value WHY explanations

Specialised Thai-English Models: Addresses the specific linguistic challenges faced
by our target demographic, where grammar ranks as the third most common challenge

(13.4%)

Neural Classification with Hierarchical Structure: Delivers the accuracy required
while maintaining interpretability for learners at the intermediate plateau (Level 3
confidence)

Generative AI with Template Post-processing: Combines the flexibility needed
for diverse grammatical contexts with the consistency required for reliable educational
content

Hybrid Deployment: Balances computational efficiency with cost-effectiveness, crucial
for sustained educational accessibility
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This technical foundation directly informs the system requirements and design decisions

Chapter 3. User Study and Requirements Analysis

presented in the following sections.

3.4 Requirements Analysis

Based on the user study findings and technical analysis, system requirements that address

both technical capabilities and pedagogical effectiveness are derived.

3.4.1 Functional Requirements

Table 3.6: Functional Requirements Specification

ID Requirement Description Priority

FR1 | The system must accurately translate Thai sentences to | High
grammatically correct English with >85% semantic accuracy

FR2 | The system must identify and classify the primary tense used | High
in the English translation with >80% accuracy

FR3 | The system must generate educational explanations for why | High
specific tenses are used in given contexts

FR4 | The system must detect incomplete sentences and provide | Medium
educational feedback rather than processing fragments

FR5 | The system must provide contextual examples demonstrating | Medium
correct tense usage

FR6 | Explanations must address specific challenges of Thai learners | High
(absence of tense markers in L1)

FR7 | Grammar explanations must be accessible to intermediate | High
learners (B1-B2 proficiency levels)

FR8 | The interface must support both Thai and English languages | Medium
for user accessibility

FR9 | The system must allow users to rate translation and explana- | Low
tion quality

FR10 | The system must store user feedback for continuous improve- | Low
ment analysis
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3.4.2 Technical Architecture Requirements

Table 3.7: Technical Architecture Requirements

1D Requirement Description Priority

TR1 | Modular pipeline architecture with separate components for | High
translation, classification, and explanation generation

TR2 | Thai-English specialised translation models trained on | High
domain-specific corpora for cultural and linguistic accuracy

TR3 | Hierarchical tense classification system supporting both | High
coarse-grained (3) and fine-grained (24) categories

TR4 | Educational NLP capabilities for generating explanations | High
that address Thai L1 interference patterns

TRb5 | Hybrid deployment architecture combining local models | Medium
(translation /classification) with API services (explanation)

TR6 | Fragment detection system to handle incomplete input | Medium
appropriately

TR7 | Cloud-based infrastructure supporting horizontal scaling and | Medium
high availability

TRS8 | API integration capabilities for external language model | High
services

TR9 | Data collection and analytics infrastructure for continuous | Low
system improvement
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Chapter 4

Design and Implementation - Core
Models and Functionality

This chapter presents the design and implementation of the three core models that enable
Thaislate’s educational capabilities: a translation language model, a tense classification model,
and an explanation language model. Each model was selected and optimised to address specific
challenges identified through the user study: accurate Thai-English translation, precise tense
classification, and pedagogically effective explanation generation. Rather than attempting
to use a single general-purpose language model for all tasks, specialised components were
developed that excel at their individual functions.

The decision to use three distinct models emerged from early experimentation revealing
that instruction-following language models, while capable of handling multiple tasks, frequently
failed at accurate tense classification, a critical flaw that would undermine the entire
educational purpose. By separating concerns and optimising each model for its specific
function, significantly better performance was achieved than monolithic approaches, with
individual models demonstrating 93.2% translation fluency, 94.7% tense classification accuracy,
and 84.9% explanation quality in isolated evaluation.

4.1 Model Selection and Design Philosophy

4.1.1 Core Educational Challenges and Model Requirements

The user study revealed specific technical requirements that directly influenced the model
selection strategy:

1. Translation Accuracy for Learning: Translation models must preserve temporal
markers from Thai that inform English tense selection, rather than simply producing
fluent output

2. Specialised Classification Need: Testing demonstrated that general-purpose language
models frequently misclassified tenses (leading to incorrect explanations), necessitating
a dedicated classification component
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3. Pedagogical Explanation Generation: Users prioritised understanding WHY specific
tenses are used, requiring explanation models trained for educational contexts rather

than general conversation
These requirements established three core model design principles:

1. Specialised Excellence: Each model should excel at its specific educational task
rather than attempting multiple functions

2. Educational Optimisation: Models must be optimised for learning outcomes, not
just technical performance metrics

3. Practical Deployment: Model selection must balance ideal functionality with real-
world computational constraints

4.2 Development Journey and Architectural Evolution

The development of Thaislate evolved through three distinct phases that fundamentally
shaped the final system architecture. Rather than following a predetermined technical plan,
the project’s development represents a journey of discovery where initial limitations revealed
the need for specialised approaches, ultimately leading to innovative solutions for educational
natural language processing.

4.2.1 Phase 1: Initial Vision and Critical Discovery

The project began with a straightforward goal: create "an English grammar breakdown
thing" using a single, detailed language model. This approach initially seemed logical.
Instruction-following models had demonstrated capabilities in educational content generation
and could theoretically handle both translation and grammar explanation tasks within a
unified framework.

During early experimentation, a critical limitation emerged that would reshape the
entire project architecture. Instruction-following models, while capable of generating fluent
and pedagogically appropriate explanations, consistently misclassified English tenses. This
created a devastating problem for educational applications: learners would receive confident,
well-structured explanations about incorrect grammatical concepts.

This discovery necessitated a complete architectural redesign. The realisation that
explanation quality meant nothing if built upon incorrect classification forced the development
toward specialised components, a decision that would prove central to the project’s eventual

success.
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4.2.2 Phase 2: Pipeline Architecture Discovery

The three-stage pipeline architecture emerged organically through trial-and-error within
Google Colab’s experimental environment, rather than through systematic design. While
testing different model combinations and approaches, it became evident that specialised models
working in sequence could achieve superior results compared to any single general-purpose
system.

The pipeline architecture was not planned but discovered during experimental work.
Testing various model combinations revealed that translation — classification — explanation
as separate, specialised processes outperformed all attempts at unified models. This discovery
became the foundation of the entire system design.

4.2.3 Phase 3: Production Migration and Practical Constraints

The transition from Colab’s experimental environment to production deployment revealed
numerous practical challenges that shaped the final system architecture.

Colab’s inability to support real user testing necessitated a complete platform migration
to Google Cloud. This transition required learning deployment technologies, developing web
interfaces, and managing production constraints that had not been considered during the
experimental phase.

Memory and computational limitations led to several solutions that ultimately improved
the system:

¢ GGUF (GPT-Generated Unified Format) Quantisation Discovery: Initial
attempts to load multiple models exceeded 16GB RAM limits, leading to the adoption
of GGUF quantisation that enabled efficient CPU-only inference

e Hybrid Architecture Evolution: Resource constraints drove the hybrid local-API ap-
proach, combining local efficiency with cloud-based quality for optimal cost-performance

balance

e Thread-Safe Design: Concurrent user access issues necessitated thread-safe model
management, improving system reliability beyond initial requirements

Throughout this phase, educational effectiveness consistently took precedence over technical
elegance. Fragment detection, graceful error handling, and user-friendly messaging were
prioritised based on real learner needs rather than computational optimisation.
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4.2.4 Three-Model Architecture Overview

The development journey culminated in a three-model architecture where each component
serves a distinct educational function, validated through practical deployment and user testing:

Educational

Thai Input
Sonrmmmilns Output

Translation Model Classification Model Explanation Model

Figure 4.1: Core Model Architecture for Educational Language Processing

This approach provides several key advantages over monolithic models:

e Task-Specific Optimisation: Each model can be fine-tuned for its particular
educational function without compotential others

e Performance Reliability: Each model demonstrates higher accuracy than general-
purpose alternatives in comparative evaluation

e Independent Improvement: Models can be upgraded or replaced without affecting
the entire system

e Computational Efficiency: Resource allocation can be optimised for each model’s
specific requirements

This chapter examines each of the three core models in detail, focusing on their individual
design decisions, implementation approaches, and performance characteristics. Chapter 5 will
demonstrate how these components integrate into a complete educational system.

4.3 Translation Model: Typhoon Translate 4B

The translation component represents the first critical step in transforming Thai learner input
into analysable English text for grammatical instruction. While the system uses Typhoon
Translate 4B with its standard prompting approach as recommended by the model developers,
the model’s Thai-English specialisation naturally preserves temporal markers and semantic
relationships that are essential for subsequent tense analysis.

4.3.1 Thai-English Translation Challenges for Grammar Learning

Thai-English translation for grammar learning presents unique challenges that influenced the
model selection:

1. Temporal Marker Preservation: Thai expresses time relationships through context
words (meuua waan nii for "yesterday", ja for future intentions) rather than verb
conjugation. The translation model must recognise these markers and convert them
appropriately to English tense structures without losing the temporal information needed
for subsequent classification.
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2. Semantic Accuracy Over Fluency: For educational purposes, maintaining the exact
meaning intended by the learner takes precedence over producing idiomatic English, as
misinterpretations could lead to incorrect grammar explanations.

4.3.2 Typhoon Translate Model Selection and Optimisation

The choice of Typhoon Translate 4B emerged from systematic evaluation of Thai-English
translation models for educational applications:

Typhoon models are specifically trained on Thai-English parallel data, unlike general
multilingual models that treat Thai as one of hundreds of languages. This specialisation
proved crucial for handling Thai temporal markers and cultural context that appear in learner
input. Comparative testing between Typhoon Translate 4B and instructing Typhoon 2.1
12B to perform translation showed that the dedicated translation model was both faster and
produced more consistent results for educational contexts.

LLM as a Judge Win Rate % - TH—EN

Typhoon GPT-40-2024 Gemini 2.5 GPT-4.1-2025 GPT-4.1-mini GPT-4.1-nano GPT-40-mini Google Claude 3.7
Translate Flash Preview Translate

Figure 4.2: Typhoon Translate Performance Comparison for Thai-English Translation (Source:
Typhoon AlI)

Figure 4.2 demonstrates Typhoon Translate’s superior performance in Thai-English
translation, achieving a 67.2% win rate against major competitors including GPT-4 variants,
Claude 3.7, and Google Translate (44.1%).

Converting to GGUF (GPT-Generated Unified Format) quantisation enabled deployment
on CPU-only infrastructure, crucial for cost-effective deployment. This quantisation approach
provides substantial computational advantages: faster inference times, reduced memory
requirements, and elimination of GPU dependency, enabling deployment on standard cloud
instances.
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4.3.3 Prompting Strategy for Educational Translation

Based on guidance from the Typhoon model developers!, the system employs a straightforward
prompting approach optimised for educational contexts. The developers recommended
using simple, direct prompts rather than complex instruction formatting to achieve optimal
translation quality for Thai-English language pairs.

The translation prompt used in the pipeline is:

Translate this Thai text to English: {thai_input}

This minimalist approach was specifically recommended by the model creators and reflects
the specialised nature of Typhoon Translate, which was trained specifically for Thai-English
translation tasks and achieves optimal performance through simple prompts without requiring
complex instructional formatting or risking prompt-induced errors that could affect educational
accuracy.

4.4 Tense Classification Model: Custom XLMRoberta Model

The tense classification component represents the core educational innovation of Thaislate,
implementing a complex 24-category hierarchical classification system specifically designed
for Thai English learners.

4.4.1 The Critical Need for Specialised Tense Classification

The development of a dedicated tense classification model emerged from a fundamental
limitation discovered during system testing: general-purpose language models consistently
failed at accurate tense identification, which would have undermined the entire educational
purpose of the system.

Initial experiments with GPT-style instruction-following models seemed potentially viable
as they could handle translation and explanation generation reasonably well. However,
when tasked with tense classification, these models demonstrated concerning inconsistency. A
sentence like "I have been studying for three years" might be classified as "Present Continuous"
on one attempt and "Present Perfect Continuous" on another, despite being identical input.
This unpredictability would be pedagogically harmful, as learners could receive conflicting
explanations for the same grammatical structure.

Unlike general NLP applications where small classification errors might be acceptable,
educational systems require high reliability. An incorrect tense classification leads directly
to incorrect grammar explanation, potentially reinforcing learner errors rather than
correcting them. For Thai learners already struggling with English temporal concepts,
such misinformation could significantly impede learning progress.

This discovery necessitated developing a classification system optimised specifically for
educational reliability:

e Consistency: Identical inputs must produce identical classifications every time

"https: //huggingface.co/scb10x/typhoon-translate-4b
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e Nuanced Distinction: Ability to distinguish between subtle tense variations crucial
for Thai learners (e.g., habits vs. general facts)

e Confidence Scoring: Quantified certainty levels to identify potentially problematic
classifications

e Educational Taxonomy: Classification categories aligned with how tenses are taught
to Thai learners

4.4.2 The 24-Category Tense Taxonomy

The classification system implements a custom taxonomy developed with reference to
established Thai grammar teaching materials [16], designed to address specific challenges
Thai learners face:

Code ‘ Thai Category ‘ Example Usage
Present Tenses (9 categories)
HABIT Habit/Routine She drinks tea every morning
FACT General Fact The sun rises in the east
SCHEDULEDFUTURE Scheduled /Planned The train departs at 6:45
SAYING Proverb/Saying Actions speak louder than words
HEADLINE News Headline Mayor announces new plan
HAPPENING Currently Happening | They are discussing the budget
NOWADAYS Present Continuous Trains are getting more expensive
nowadays
SUREFUT Planned Future I am meeting the client at noon
PROGRESS Ongoing Change The crew is building the bridge
Perfect Tenses (4 categories)
JUSTFIN Just Finished She has just finished homework
RESULT Present Result I have lost my keys
EXP Life Experience I have visited Japan three times
SINCEFOR Duration Period He has been studying for two
years
Past Tenses (5 categories)
NORFIN General Past I did not eat the cake
INTERRUPT Interrupted Action I was watching TV when he called
DOINGATSOMETIMEPAST | Past Continuous They were working at 8 PM
BEFOREPAST Before Past Action She had left before the party
DURATION Past Duration They had been driving for hours
Future Tenses (6 categories)
50PERC 50% Prediction It will rain soon
PROMISE Promise/Commitment | I will always support you
RIGHTNOW Future Simple I’ll open the window right now
LONGFUTURE Distant Future She will be studying in Paris
PREDICT Future Prediction Scientists will have developed a
vaccine
WILLCONTINUEINFUTURE | Future Duration I will have been working for hours

Table 4.1: Complete 24-Category Tense Classification Taxonomy
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4.4.3 Dataset Preparation and Training
Dataset Sources and Composition

The classification model was trained on a carefully curated dataset combining multiple sources:
e 2505 sentences with fine-grained labels (manually annotated by the author)
e 13,316 sentences with coarse labels only (Past/Present/Future)
e Total: 15,755 unique English sentences

e 80/20 train/validation split with stratification

Two Kaggle datasets [17, 18| were selected as base sources for their detailed coverage of
English tense structures and educational appropriateness for language learning contexts.

»~ Dataset summary

e fine—-grained rows : 2505
e coarse-only rows : 13316
e merged unique rows: 15755

text coarse_label fine_label

8251 online forms will be designed with accessibili... Future None
1385 They hosted a picnic in the park last summer. Past NORFIN
15344 genetic engineering will influence avatars Future None
11499 voicecontrolled assistants will assist with ho... Future None
10412 restaurants are adapting their menus to accomm... Present None

Figure 4.3: Dataset Structure Example showing Hierarchical Labeling Approach with Fine-
grained and Coarse Labels

Figure 4.3 illustrates the hierarchical structure of the training dataset, showing how
sentences are labeled with both coarse temporal categories (Past/Present/Future) and fine-
grained tense classifications. The dual-labelling approach enables the model to learn both
broad temporal understanding and specific grammatical distinctions, with some sentences
having only coarse labels to support the hierarchical training methodology.

Manual Annotation Process

The 2,505 fine-grained labels were manually annotated by analysing each sentence for its
primary tense usage pattern and labelling according to the 24-category taxonomy framework.
Labels were assigned based on Thai teaching methodology and learning objectives, with
ambiguous cases resolved using context and primary grammatical intent. All annotations
were thoroughly checked for consistency and accuracy by the author alone.
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Ethical Considerations for Dataset Annotation

The dataset annotation process received separate ethical approval from the University Research
Ethics Committee of the University of Sheffield (Application Number 070793). While the
annotation involved only the author working with publicly available English sentences from
Kaggle datasets, formal ethical review ensured appropriate research standards were maintained.
The sentences contained no personally identifiable information and were already in the public
domain for educational purposes. The annotation focused solely on grammatical classification
for educational tool development. The complete ethics application and approval documentation
for the dataset annotation work can be found in Appendix A.2.

4.4.4 Hierarchical Classification Design and Architecture

The core innovation of the tense classification system lies in its hierarchical approach, which
mirrors how humans naturally understand temporal relationships by first identifying the
broad time frame (past, present, future) before determining specific grammatical functions.

Traditional flat classification approaches treat all 12 tense categories as equally distinct,
ignoring the natural relationships between them. The hierarchical approach adopted here
recognises that "Past Simple" and "Past Continuous" are both types of past tenses, sharing
temporal characteristics while differing in aspectual details. This structure provides three key
benefits:

e Pedagogical Alignment: Matches how tenses are taught with broad concepts first,
then specific applications

e Error Mitigation: If fine-grained classification fails, coarse classification can still
provide useful educational feedback

e Training Efficiency: Shared temporal knowledge improves learning across related

categories

The model employs a dual-head architecture where XLM-RoBERTa’s multilingual encoder
feeds into two classification heads:

Multilingual Text

8

‘ XLM-RoBERTa Encoder |

[ Input Sentence ’

asses: Past, Present, Future

Coarse:
asses: Detailed tense functions

Coarse Classification Head ’ ‘ Fine Classification Head l Fine:

‘ Hierarchical Loss ’

Combined Training Signa

Figure 4.4: Hierarchical Tense Classification Architecture with XLM-RoBERTa Encoder
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e Coarse Head: Predicts broad temporal categories (Past/Present/Future)
e Fine Head: Predicts specific tense functions (24 detailed categories)

e Shared Encoder: XLM-RoBERTa processes multilingual input understanding

The model uses weighted loss optimisation that balances both classification levels:

e 70% weight on fine-grained accuracy: prioritises the detailed classifications needed
for grammar instruction

e 30% weight on coarse accuracy: Ensures temporal consistency and provides fallback
capability

e Combined loss function: Prevents the model from achieving fine-grained accuracy at
the expense of basic temporal understanding

This hierarchical approach provides theoretical advantages for both training efficiency and
educational application.

4.5 Grammar Explanation Model: Typhoon 2.1 12B

The grammar explanation component represents the final and most complex challenge in
educational language processing systems: transforming technical tense classifications into clear,
helpful explanations that actually improve Thai learners’ understanding of English grammar.
Unlike translation or classification, which have objective correctness measures, explanation
quality depends on pedagogical effectiveness, a significantly more nuanced challenge requiring
specialised model selection and optimisation.

4.5.1 Pedagogical Design Based on User Study

The explanation structure was directly informed by user study findings (Chapter 3), where
learners expressed specific needs for understanding English grammar:
The three core components address specific user needs identified in the survey:

1. Tense Analysis: Clear explanation of how the tense is formed grammatically and its
usage context, addressing the primary grammar learning challenge

2. Vocabulary Focus (22.1% struggled with vocabulary): Key terms and translation
choices from the analysed sentence

3. Common Mistakes (Error prevention focus): Addresses typical errors Thai learners
make with this tense

This three-component structure ensures detailed support addressing both primary
grammatical understanding and secondary vocabulary learning challenges identified through
user research.
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4.5.2 Model Selection and API Integration

The choice of Typhoon 2.1 12B via Together.ai API? represents a strategic decision prioritising
educational quality over computational independence. Unlike the translation and classification
components which operate locally, the explanation model requires complex language generation
capabilities that justify API-based deployment.

Model Architecture Rationale: Typhoon 2.1 12B provides the linguistic sophistication
necessary for generating pedagogically appropriate explanations tailored to Thai learners.
The larger parameter count enables nuanced understanding of cross-linguistic challenges and
supports consistent adherence to structured explanation templates.

API Integration Decision: The API-based approach offers several architectural
advantages over local deployment:

e Quality prioritisation: Educational effectiveness takes precedence over computational
independence

e Infrastructure efficiency: Eliminates need for hosting additional large models locally

e Scalability: API infrastructure handles variable load without local resource manage-
ment

e Model updates: Automatic access to model improvements without local redeployment

4.5.3 Dual Prompting Strategy Architecture

The explanation model employs two distinct prompting strategies based on input classification:
one optimised for complete sentences requiring full tense analysis, and another designed for
sentence fragments that need educational guidance without grammatical analysis. This dual

approach ensures appropriate educational responses regardless of input completeness.

Complete Output: Full
Input Thai ragment
omplete———— Sentence = Tense
text Retectiol
Prompt Strategy Analysis

Fragment

Fragment Output:
Prompt *| Educational
Strategy Feedback

Figure 4.5: Dual Prompting Strategy Decision Flow: Complete Sentence vs Fragment
Processing

Input-Dependent Strategy Selection: The system determines prompting strategy
through fragment detection logic implemented in the preprocessing pipeline. Complete

*https://www.together.ai/models/typhoon2-1-gemma3-12b
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sentences proceed through the full translation-classification-explanation pipeline, while

fragments bypass tense classification entirely and receive a different educational feedback

about sentence formation and completion.

Strategy 1: Complete Sentence Processing: For grammatically complete inputs, the

system employs detailed Thai-language prompts that incorporate:

Pedagogical Context Setting: Establishes Al role as English grammar teacher for
Thai students

Tense-Specific Knowledge Integration: Incorporates detailed information about
the classified tense from the 24-category taxonomy

Structured Response Requirements: Mandates three-component output (tense
analysis, vocabulary, common mistakes)

Cross-Linguistic Explanation: Requires explanations that bridge Thai-English

grammatical differences

Strategy 2: Fragment Educational Response: For incomplete inputs identified as

fragments, the system uses alternative prompting that focuses on:

Educational Explanation: Clarifies why tense analysis cannot be performed on

incomplete sentences

Meaning Clarification: Explains the meaning and potential usage of the provided
text fragment

Sentence Completion Guidance: Provides specific suggestions for forming
grammatically complete sentences

Table 4.2: Dual Prompting Strategy Comparison

Aspect Complete Sentence Strat- | Fragment Strategy
egy

Input Type Grammatically complete sen- | Incomplete sentences, single
tences with identifiable verbs | words, or phrases

Classification Full tense classification using | Bypasses tense classification
XLM-RoBERTa model entirely

Response Focus Detailed grammatical analysis | Educational guidance on sen-
and tense explanation tence formation

Output Structure | Three-component format | Educational explanation with

(tense, vocabulary, mistakes) | completion guidance

Educational Goal | Deepen understanding of spe- | Teach sentence structure and

cific tense usage completeness concepts
Language Primarily Thai with English | Thai language with structural
examples guidance
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4.5.4 Confidence-Aware Response System

The explanation model incorporates confidence information from the XLM-RoBERTa classifier
to provide more honest and educationally appropriate responses when tense classification is
uncertain.

Confidence Integration Through Prompting: The confidence score (derived from
the XLM-RoBERTa model’s softmax probabilities) is included directly in the prompt sent to
the Typhoon 2.1 12B explanation model. The prompt contains the confidence percentage
and specific instructions that guide the model to adjust its response style based on three
confidence tiers:

e High Confidence (>90%): The prompt instructs the model to provide clear, definitive
explanations with confident language

e Medium Confidence (70-90%): The prompt includes instructions to mention that
the system is moderately confident and suggest alternative tense possibilities that might
be relevant

e Low Confidence (<70%): The prompt explicitly instructs the model to use hedging
language (Thai equivalents of "might be", "probably", "there’s a possibility") while
providing alternative interpretations

Educational Benefits of Confidence Integration: This prompt-based approach
provides key educational advantages: it ensures the explanation model acknowledges
uncertainty when the classifier is less confident, prevents overconfident explanations of
potentially incorrect classifications, and teaches students that grammar analysis can involve
multiple valid interpretations. By including confidence information in the prompt, the system
maintains educational honesty while still providing useful learning content even when tense
classification is uncertain.

4.5.5 Response Formatting and Output Processing

The explanation model generates unstructured text that requires complex processing to create
the organised, educational content presented to users. This output parsing system transforms
raw API responses into structured sections that facilitate effective grammar learning.
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Multi-Stage Processing Pipeline

[ Together.ai APl Output

v

Stage 1: Raw API Response Processing

Capture Complete Error Handling & Remove Technical Artifacts
Text Output Fallback Mechanisms & Format Inconsistencies

Stage 2: Section Extraction and Parsing

Regex Pattern Matching Tense Analysis Vocabulary Section Common Mistakes
Detailed grammatical Key vocabulary Typical errors &

analysis of tense explanations & context learning guidance

(Thai section marker (Thai section marker

Stage 3: Content Formatting and Enhancement

HTML Tag Normalization Keyword Highlighting Whitespace Management
Transform to paragraphs & lists for web presentation

User-Ready Educational Content
Formatted for Web Presentation

Figure 4.6: Three-stage processing pipeline for transforming raw LLM output into structured
educational content

The output processing system transforms raw API responses into structured educational
content through the three-stage pipeline shown in Figure 4.6. Each stage progressively refines
the content:

Stage 1: Raw API Response Processing - Captures the Together.ai API output and
handles potential errors through fallback mechanisms while removing technical artifacts.

Stage 2: Section Extraction and Parsing - Uses regex pattern matching to identify
Thai section markers and extract the three core educational components (Tense Analysis,
Vocabulary, and Common Mistakes).

Stage 3: Content Formatting and Enhancement - Applies HTML normalisation,
keyword highlighting, and structure conversion to create web-ready educational content.

Adaptive Content Structuring

The parsing system adapts its output format based on input classification results, providing
different content structures for different learning scenarios:

42



Chapter 4. Design and Implementation - Core Models and Functionality

Complete Sentence Processing: Standard three-section format with detailed tense
analysis, relevant vocabulary explanations, and common mistake patterns that help learners
understand both the specific usage and broader learning context.

Fragment Input Handling: Modified section titles and content focus that explain
why grammatical analysis cannot proceed, provide relevant vocabulary guidance, and offer
suggestions for forming complete sentences suitable for tense analysis.

Error Recovery and Fallback Systems

The system implements basic error handling to ensure users receive some educational content
even when API calls fail:

e Mock Explanation Fallback: When the Together.ai API is unavailable or fails, the
system returns pre-written mock explanations based on the coarse tense classification
(Present /Past /Future)

e Failed Section Extraction: When regex parsing cannot extract expected sections
from the API response, default text is provided indicating the section could not be
parsed

e Confidence-Aware Fallbacks: Mock explanations adjust their language based on
classification confidence, adding hedging phrases for low-confidence predictions

While these fallback mechanisms ensure the system remains functional during API failures,
they provide limited educational value compared to the full Al-generated explanations.

4.6 Core Models Summary

This chapter has presented the design and implementation of the three core models that enable
Thaislate’s educational functionality. Each model was carefully selected and optimised for
specific educational challenges identified through user research and pedagogical requirements.

Translation Language Model (Typhoon Translate 4B) employs GGUF quantisation
for cost-effective CPU-only deployment while preserving temporal markers from Thai input
essential for downstream grammatical analysis. The Thai-English training enables handling
of cultural context and temporal expressions that general multilingual models struggle with.

Tense Classification Model (Custom XLM-RoBERTa) represents the core
educational innovation through its hierarchical architecture and 24-category taxonomy designed
specifically for Thai learners. The model’s multilingual foundation supports cross-linguistic
understanding while the dual-head design ensures both broad temporal consistency and
fine-grained pedagogical precision.

Explanation Language Model (Typhoon 2.1 12B) transforms technical classifications
into pedagogically structured content through complex Thai-language prompting and
API-based generation. The architectural decision to prioritise educational quality over
computational independence demonstrates how learning effectiveness requirements can justify
external dependencies.
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Design and Implementation - Pipeline
and Website

This chapter presents the integration of the three specialised models from Chapter 4 into
a cohesive educational system, focusing on pipeline orchestration and web application
development, and addresses the preprocessing systems that prepare user input for model
processing, the coordination mechanisms that manage component interactions, the web
application features that support educational effectiveness, and the production deployment
strategy that enables real-world user testing and validation. The implementation, built using
Flask 2.3.3 web framework, leverages multiple specialised libraries: llama-cpp-python for
GGUF model inference (Typhoon Translate), Transformers library with PyTorch for the
XLM-RoBERTa classifier, and the Together API client for explanation generation. The
system also incorporates Flask-SQLAlchemy 3.0.5 for user management, Flask-Login 0.6.3 for
authentication, and Flask-Babel 2.0.0 for bilingual interface support.

XLM-RoBERTS

—Pp standard flow == == Fallback flow

Figure 5.1: Complete Thaislate System Architecture
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5.1 Pipeline Architecture Overview

5.1.1 Model Interaction and Data Flow

The pipeline orchestrates three specialised models in sequential processing to transform Thai
learner input into detailed English grammar instruction. Each model performs a distinct
function within the educational workflow, with outputs from one stage providing inputs for
the next.

The integration strategy emphasises data flow optimisation and educational coherence.
The translation stage produces English text optimised for grammatical analysis rather than
natural fluency. The classification stage processes this structured English to identify temporal
patterns and tense categories. The explanation stage synthesises the classification results with
the original Thai context to generate pedagogically appropriate content for Thai learners.

5.1.2 Component Integration Strategy

The pipeline architecture implements a modular integration strategy that coordinates the
three models while maintaining fault tolerance and educational effectiveness. The sequential
processing design allows each component to specialise in its educational function without
compromising overall system performance.

The integration strategy addresses several technical challenges: data format consistency
between model outputs and inputs, error propagation management across pipeline stages, and
educational context preservation throughout the processing chain. The modular approach
enables independent optimisation of each component while ensuring seamless data handoff
between processing stages.

5.2 Preprocessing Pipeline

Before any model processing occurs, the system implements detailed preprocessing to ensure
appropriate educational content and optimal learning conditions. These preprocessing systems
emerged from practical deployment experience and user feedback, addressing real-world
challenges not initially anticipated in the design phase.
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Table 5.1: Preprocessing Pipeline Components and Functions

Component Function

Educational Content Fil- | Detects inappropriate content using 40+ Thai profanity

tering patterns with exception handling for legitimate words

Language Detection Identifies English vs Thai input through character distribu-
tion analysis

Token Limitation Restricts input to 100 tokens maximum for computational
efficiency

Multi-Sentence Identifies sentence boundaries using regex patterns for Thai

Detection and English punctuation

Fragment Detection Validates complete sentence structure including length re-

quirements, verb presence, and structural patterns

Pre-processing Valida- | Performs detailed input checks before any language model
tion calls

Graceful Degradation Enables partial processing with educational feedback when

validation issues occur

5.2.1 Input Validation and Safety Systems

The profanity filtering system implements a dual-language approach designed specifically
for educational contexts, recognising that inappropriate content not only violates platform
guidelines but also interferes with effective learning outcomes.

The system employs pattern-based detection using over 40 Thai profanity patterns,
including both direct matches and contextual variations that account for common spelling
adaptations and spacing modifications. The detection system includes detailed exception
patterns to prevent false positives with legitimate Thai words that might share similar
character sequences, ensuring that educational discussions about sensitive topics such as
relationships, health, and social issues are not inappropriately blocked while maintaining
content standards.

When inappropriate content is detected, the system provides gentle educational guidance
rather than harsh rejection, framing content filtering as optimisation for learning rather than
censorship.

@ donnulumunzau: X

100 nvalid

Figure 5.2: Educational Content Filtering Warning Interface
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For language detection, the system addresses common user errors where learners input
English text instead of Thai by implementing character distribution analysis and providing
educational guidance for optimal system usage.

A Andisu: Audisu: JondwAUsuqQusiouvllunmudonquiliusan nsantddonumuingwworadawsidanga

Figure 5.3: Language Detection Warning System

The token limitation system (100 tokens maximum) serves dual purposes: computational
efficiency and educational effectiveness.

Single-sentence input produces more accurate tense classification and clearer grammatical
explanations, as the classifier model was trained on simple sentences. Multi-sentence inputs
often contain mixed tenses, leading to confusion in educational contexts.

The system implements Thai-specific token counting that accounts for the scriptural
differences between Thai and English, recognising that Thai characters typically require
approximately three characters per token compared to English word-based tokenisation.

When limits are exceeded, the system provides educational context rather than simple
rejection, explaining that shorter, single-sentence inputs produce better learning results.
This approach teaches users optimal usage patterns while maintaining system performance
constraints.

The multi-sentence detection and processing system identifies sentence boundaries in
inputs and provides appropriate user guidance while continuing to process the first sentence.

The system uses regular expression patterns to identify sentence boundaries based on
common punctuation markers in both Thai and English text, counting meaningful sentence
segments after filtering empty strings.

When multiple sentences are detected, users receive informative guidance explaining
that the system will analyse only the first sentence for tense classification and explanation,
providing transparency about system behaviour while maintaining educational value.
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) Analysis Results

(=) Thai Input @ English Translation

duluaarawdooiu duldifgon:taldafu | went to the market yesterday. | went to

the beach last night

Multi Input D« d

Multiple sentences were found in your translation Only the first sentence was analyzed for tense classification

© Analyzed Sentence

| went to the market yesterday.

Figure 5.4: Multi-Sentence Detection and Processing Interface

5.2.2 Fragment Detection System

The system determines whether input constitutes a complete sentence suitable for tense
classification before proceeding with grammatical analysis. This prevents inappropriate
analysis of incomplete inputs while providing educational guidance.

The fragment detection methodology employs rule-based analysis examining three key
criteria:

e Length requirements include minimum word and character counts with exceptions for
pronoun-verb combinations

e Structural pattern recognition identifies common fragments like prepositional phrases
and isolated words

e Verb presence validation checks against a detailed English verb database including
auxiliary and action verbs

When fragments are detected, the system generates educational feedback explaining why
tense analysis cannot proceed and provides guidance on forming complete sentences suitable
for grammatical analysis.
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) Analysis Results

[Z) Thai Input 3 English Translation

wn He

A vonawluldus:Tunauysai

s:wvassowuonwiUouliRdus:unauysni Soluamusaiinsen tense 14 ngangimuthdua

Figure 5.5: Fragment Detection Educational Response

5.2.3 Integration with Model Pipeline

All preprocessing systems integrate seamlessly with the main model pipeline, providing
multiple entry points for educational guidance:

1. Pre-processing validation provides detailed input checking before any language model
calls

2. Graceful degradation enables partial processing with educational explanations when
appropriate

3. User feedback integration ensures validation results inform interface messaging

4. Learning optimisation helps users understand optimal usage patterns through validation
guidance

This multi-layered approach ensures that even failed validations provide learning
opportunities, maintaining the educational focus throughout all user interactions.
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5.3 Web Application Architecture and Features

The educational pipeline requires a user-accessible platform that enables learners to interact
with the system while supporting research data collection. The web application transforms
the complex three-model architecture into an intuitive learning environment, implementing
design principles validated through empirical user research.

5.3.1 Frontend Development and Modern Design Approach

The web application’s frontend was developed through an Al-assisted approach using Claude
Code!, Anthropic’s development assistant. This collaboration enabled rapid implementation
of modern interface components while maintaining focus on educational objectives rather than
technical complexity in the frontend design. The Al assistant contributed to the creation of
responsive layouts, interactive elements, and accessibility features that would typically require

extensive frontend development expertise.

200

Welcome to the Claude Code research preview!

A

@I

|
4

Figure 5.6: Claude Code Development Assistant Interface Used for Frontend Implementation

The resulting interface employs a glassmorphism design aesthetic - a modern visual
approach characterised by translucent backgrounds, subtle borders, and layered depth effects.
This design choice creates a visually engaging yet non-distracting environment that maintains
learner focus on the educational content. The implementation utilises Bootstrap 5 for
responsive grid layouts combined with custom CSS for unique visual effects including animated
gradients, floating elements, and smooth transitions that enhance user engagement without

overwhelming the learning experience.

5.3.2 User Experience Design and Core Features

The platform implements a detailed set of features designed to support effective grammar
learning while maintaining simplicity and accessibility:

"https://www.anthropic.com/claude-code
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The website employs a privacy-preserving 5-digit pseudocode system that enables user
participation without requiring personal identification. For the Phase 2 user study, participants
generated their own unique codes using a specific algorithm based on personal information
that cannot be traced back to individuals: first letter of birth month, second digit of age,
number of letters in first name modulo 10, number of siblings modulo 10, and last digit of
phone number. This approach ensures complete anonymity while allowing consistent tracking
across research phases, enabling participants to provide feedback on the system without
revealing their identity.

8 Thaislate ai © Home (0 Tense Guide @@ Performance~ (D) About Us e @ Login

(D Forgot your participant code?

Figure 5.7: Anonymous Login Interface with Pseudocode Generation Instructions

The adaptive visual design supports The interface supports both light and dark themes
with automatic detection of system preferences, reducing eye strain during extended learning
sessions. The theme system modifies over 50 CSS variables to ensure consistent visual
presentation across all interface elements. Users can manually override the automatic detection
through a toggle switch that persists their preference across sessions.

) Analysis Results Analysis Results

Thal ingnt B Ervfeh Trarmlation ’ @ Engfuh Tranulation

Past Past Simple - odai>lu

(a) Light Mode Interface (b) Dark Mode Interface

Figure 5.8: Adaptive Visual Design Supporting Light and Dark Themes
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Recognising the unique requirements of Thai script display, the platform implements
specialised font stacks prioritising Prompt and Sarabun fonts, which were specifically designed
for Thai readability. The typography system adjusts line heights, letter spacing, and font
weights to accommodate the complexity of Thai characters including tone marks and vowel
combinations that appear above and below consonants.

During processing, users see a simple countdown timer that provides visual feedback while
the system analyses their input. This countdown helps manage user expectations about
processing time and maintains engagement during the analysis period.

5.3.3 Translation Interface and Results Presentation

The core translation interface balances simplicity with detailed functionality:

For input management, the main text area supports Thai input with real-time validation,
providing immediate feedback for issues such as insufficient Thai content, excessive length,
or inappropriate material. The interface includes keyboard shortcuts (Alt+S for submission,
Escape for clearing) that enhance efficiency for frequent users. A character counter displays
remaining capacity within the 100-token limit, helping users understand optimal input length
for best results.

Translation results are presented through a structured three-section format that separates
tense analysis, vocabulary explanations, and common mistakes. Each section can be
independently copied to clipboard for note-taking purposes. The analysed English sentence
receives visual highlighting through gradient backgrounds and distinctive borders, making it
easy to identify the specific text being explained. For fragment inputs, the system adapts
the section titles to explain why grammatical analysis cannot proceed while still providing
vocabulary and usage guidance.
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Figure 5.9: Three-Section Results Display Format with Tense Analysis, Vocabulary, and
Common Mistakes

The entire interface supports Thai and English languages, with seamless switching that
immediately updates all interface text, placeholders, and messages. The language preference
persists across sessions and applies to all system communications including error messages,
processing indicators, and educational content headers.
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45 Thaislate @3 Thaislate

% whoutsugudontado? (D Ready to Learn?
—r E—
(a) Thai Language Interface (b) English Language Interface

Figure 5.10: Multi-language Interface Supporting Seamless Thai-English Language Switching

5.3.4 Feedback Collection and Rating System

The platform implements a feedback mechanism that balances research data collection with
user experience:

The rating system enables users to evaluate each translation across four critical dimensions:
translation accuracy (correctness of Thai to English conversion), fluency (naturalness of
English output), explanation quality (clarity and usefulness of grammatical explanations),
and educational value (overall learning benefit). Each dimension uses a 5-star rating scale
with visual feedback showing selected ratings through color changes and animations.

Beyond numerical ratings, users can select from predefined issue categories including
vocabulary errors, tense misclassification, unclear explanations, technical problems, and
fragment detection issues. This structured feedback enables systematic identification of
recurring problems and guides prioritisation of system improvements.

The interface provides sets of positive and negative tags that users can quickly select to
indicate specific strengths or weaknesses. Positive tags include "Clear explanation", "Helpful
examples", and "Accurate translation" while issue tags cover "Wrong tense", "Confusing
grammar", and "Poor vocabulary". This tag-based system reduces feedback friction while
providing actionable insights for system refinement.
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Quality Assessment

Translation Accuracy

Does the English correctly convey the Thai meaning?

Poor Fair Good Very Good Excellent

Translation Fluency

Does the English sound natural?

Poor Fair Good Very Good Excellent

Grammar Explanation Quality

Is the grammar explanation accurate and helpful?

Poor Fair Good Very Good Excellent

Educational Value

How helpful is this for Thai English learners?

Not Helpful Slightly Helpful Moderately Helpful Very Helpful Extremely Helpful

Quick Feedback (Optional - Click any that apply)
Issues to Report
Translation Issues:
Wrong word choice Missing context Too literal Awkward phrasing Grammar error

Explanation Issues:

Wrong grammar rule Too complex Teo basic Missing key points Incorrect tense analysis Poor examples

) Positive Feedback
What worked well:

Perfect translation Clear explanation Very educational Good examples Helpful analysis

Any specific feedback about the translation accuracy, grammar explanation quality, or suggestions for improvement for Thai English learners.

Iz

Submit Rating Hide Rating

Figure 5.11: Detailed Rating and Feedback Collection Interface with Four-Dimensional
Assessment
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5.3.5 Analytics and Performance Dashboards
The web application includes detailed analytics interfaces accessible to users and administra-
tors:

Individual users can access personalised statistics showing their usage patterns, including
total translations performed and average ratings provided.

% Thaislate i OHome (I TenseGuide @ Performance~ @ AboutUs to & | @ weicome IIIEEES -
@ Your Analytics e
|~ Your Statistics
\'ruvs‘!:aho-n Login ;5&%5 Feedback Given Total Activities
(' Current Session
: S
Session Started Last Activity Session Duration

v¢ Proficient User Features

Rating System Enhanced Analytics

As a proficient user, you can rate translation quality and provide feedback to helf Your feedback contributions are tracked here to show your impact on system

Ratings Submitted

() Back to Home

Figure 5.12: User Analytics Dashboard Showing Personal Usage Statistics and Learning
Progress

Three dedicated performance pages provide transparency about system capabilities:
System Performance displays real-time metrics including average response times, component
availability, and processing success rates; Classifier Performance shows detailed accuracy
statistics for each of the 24 tense categories with confusion matrices and F1 scores;
Pipeline Performance presents end-to-end evaluation results comparing individual component
performance to integrated system outcomes.
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.l Usage Statistics
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B Input Analysis
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Figure 5.13: System Performance Dashboard with Real-time Metrics and Component Response
Times

A detailed Tense Guide provides reference material for all 24 grammatical tenses recognised
by the system, including Thai explanations, English examples, and common usage patterns.
This resource supports self-directed learning and helps users understand the grammatical
concepts underlying system explanations.

5.3.6 Administrative and Research Features

The platform includes administrative capabilities that support research activities and system
maintenance:

Protected administrative interfaces enable user management, data export for research
analysis, and system configuration adjustments. The dashboard provides aggregate statistics
on user engagement, feedback trends, and system performance metrics. Administrators can
export anonymised data in CSV format for statistical analysis, including all ratings, feedback
tags, and usage patterns while maintaining user privacy.

The system implements detailed logging of user interactions while preserving anonymity,
tracking session duration, interaction sequences, and feature utilisation patterns. This
data supports understanding of user behaviour and identification of usability issues without
compotential participant privacy.

All user feedback, ratings, and interaction data are systematically stored for research
validation of educational effectiveness. The data structure supports longitudinal analysis of
learning outcomes and system improvement over time while maintaining ethical standards for
educational research.
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5.4 System Deployment

The production deployment strategy balances educational effectiveness with practical resource
constraints, implementing a hybrid cloud architecture that ensures reliable access for user
study participants while optimising operational costs.

5.4.1 Deployment Configuration

The production deployment employs a hybrid approach: local model hosting for translation
and classification components on Google Cloud infrastructure, with API-based explanation
generation through Together.ai. This configuration optimises both cost efficiency and
educational responsiveness while ensuring reliable access for user study participants.

GGUF quantisation enables CPU-only inference for the local models, eliminating GPU
dependency while maintaining acceptable performance for educational applications. The
deployment prioritises system reliability and consistent educational responses over maximum
throughput optimisation.
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Chapter 6

Evaluation and Results

This chapter presents a comprehensive evaluation of the Thaislate system through systematic
technical testing, user validation, and critical synthesis of results. The evaluation follows
a two-phase approach: Phase 1 examines individual component performance and pipeline
integration using controlled test cases, while Phase 2 validates user acceptance and system
design through testing with 38 active Thai English learners. The chapter then synthesises
these findings to assess overall performance against project objectives and discusses how the
system achieves strong user acceptance (satisfaction ratings exceeding 4.0/5) despite technical
limitations (74% pipeline classification accuracy), providing insights into the relationship
between technical performance and perceived value.

6.1 Evaluation Methodology Overview

The evaluation of Thaislate followed a systematic two-phase approach designed to validate both
technical performance and user acceptance of the proof-of-concept system. This methodology
ensured detailed assessment across multiple dimensions before deployment to actual users.

6.1.1 Phase 1: Preliminary Technical Testing

The first evaluation phase focused on validating the technical components through systematic
testing of model performance and pipeline integration. This preliminary testing phase aimed

to:

Assess the classification model’s accuracy across the 24-category tense taxonomy

Evaluate the explanation model’s ability to generate educationally appropriate content

Validate the integrated pipeline’s reliability and error handling capabilities

e Measure response times to ensure acceptable user experience thresholds

Identify and address technical limitations before user deployment
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Testing utilised 96 carefully constructed Thai sentences covering all tense categories,
with manual evaluation of outputs to assess both technical accuracy and educational quality.
Notably, the translation model (Typhoon Translate 4B) was not evaluated in isolation as it
employs a pre-trained model used as-is without modification.

6.1.2 Phase 2: User Testing

The second evaluation phase involved direct user testing with 48 Thai English learners to
validate system design and user acceptance. This phase assessed:

e Translation quality from the user perspective

Explanation clarity and educational value

Overall system usability and interface effectiveness

User satisfaction and likelihood of continued use

Qualitative feedback for system improvement

Participants were recruited from the target demographic identified in the requirements
analysis, ensuring representation across different proficiency levels and learning contexts. The
testing protocol included both quantitative ratings and qualitative feedback collection to
provide detailed insights into system effectiveness.

6.2 Phase 1: Preliminary Technical Testing

This section presents the results of preliminary technical testing conducted to validate system
components before user deployment. The testing focused on the custom-developed models
and their integration within the educational pipeline.

6.2.1 Isolated Model Validation

The custom XLM-RoBERTa hierarchical tense classifier underwent initial validation using
a held-out test set from the same distribution as the training data. This isolated testing
phase evaluated the model’s theoretical maximum performance under ideal conditions, before
integration into the full pipeline.

Test Set Performance

Training and evaluation on 15,755 English sentences with hierarchical labels yielded the
following results on the held-out test set. The evaluation was conducted on Google Colab
using an NVIDIA A100 40GB GPU, providing accelerated inference for detailed testing across
all tense categories. It is important to note that these metrics represent performance on data
from the same distribution as the training set, which may overestimate real-world performance
due to potential dataset bias.
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Table 6.1: XLM-RoBERTa Model Performance Metrics

Metric Performance

Validation Set Accuracy | 94.7%

Macro F1-Score 91.3% (unweighted average)
Weighted F1-Score 94.6% (by category frequency)
Average Inference Time | 0.4s (range: 0.2-0.8s)

The hierarchical dual-head architecture demonstrated strong performance in maintaining
temporal consistency:

Table 6.2: Hierarchical Architecture Performance

Architecture Component Accuracy
Coarse-Grained (Past/Present/Future) | 97.1%
Fine-Grained (24 categories) 94.7%
Hierarchical Consistency 99.2%
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Confusion Matrix for Fine-Grained Tense Classification (24 Categories)

SOPERC

BEFOREPAST -

DOINGATSOMETIMEPAST -

DURATION

B o

FACT

HABIT -

HAPPENING

MEADUNE -

INTERRUPT -

JUSTFIN

LONGFUTURE -

NORFIN

Actual Category
Percentage (%)

NOWADAYS -

PREDICT

PROGRESS

PROMISE - ©

RESULT

RIGHTNOW - ©

SAYING -

SCHEDULEDFUTURE - ¢

SINCEFOR -

SUREFUT

WILLCONTINUEINFUTURE - ©

Predicted Category

Figure 6.1: Confusion matrix for fine-grained tense classification showing percentage
distribution across 24 categories

Figure 6.1 presents the complete confusion matrix for the XLM-RoBERTa classifier across
all 24 fine-grained tense categories. The strong diagonal pattern confirms the model’s robust
classification capability, with an average accuracy of 91.4%. Detailed analysis of the confusion
patterns is presented in the following subsection.
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» She drinks a cup of green tea every morning.
Coarse : Present

e HABIT 99.88%
e FACT 0.02%
* SINCEFOR 0.01%

» Sun rises in the east.
Coarse : Present

* FACT 99.83%
e HABIT 0.02%
* SAYING 0.02%

» The train departs at 6:45 tomorrow morning.
Coarse : Present

e SCHEDULEDFUTURE 99.94%
* SUREFUT 0.01%
* FACT 0.01%

» Actions speak louder than words.
Coarse : Present

* SAYING 99.43%
* FACT 0.08%
e JUSTFIN 0.06%

» Mayor announces new climate plan.
Coarse : Present

* HEADLINE 99.78%
* PROGRESS 0.03%
* SCHEDULEDFUTURE 0.02%

Figure 6.2: Classification Output Examples from XLM-RoBERTa Model

Figure 6.2 demonstrates the classifier’s performance on representative sentences. The
model exhibits high confidence (>99%) when distinguishing between structurally distinct
categories such as HABIT, FACT, SCHEDULEDFUTURE, SAYING, and HEADLINE,
illustrating its strength in identifying tenses with clear linguistic markers.
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Category-Specific Performance Analysis

Performance varied across tense categories, with clear patterns emerging based on linguistic
complexity, as visualised in the confusion matrix (Figure 6.1):

Table 6.3: Classification Performance by Category Tier

Performance Categories Accuracy
Tier
Perfect (100%) BEFOREPAST, DOIN- 100%
GATSOMETIMEPAST,
DURATION, EXP,
HEADLINE, JUSTFIN,
LONGFUTURE,
NORFIN, PREDICT,
SCHEDULEDFUTURE,
SINCEFOR, WILLCONTIN-
UEINFUTURE

High (90-99%) 50PERC (91.7%), SUREFUT | 91.7-94.7%
(92.9%), HABIT (93.3%), RE-
SULT (93.3%), INTERRUPT
(94.7%), PROGRESS (94.7%)

Moderate SAYING (83.3%), FACT | 83.3-88.2%
(80-89%) (86.4%), RIGHTNOW

(87.5%), HAPPENING

(88.2%)
Challenging NOWADAYS (28.6%), |  <80%
(<80%) PROMISE (60.0%)
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Per-Category Classification Accuracy
(Sorted by Performance)
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Figure 6.3: Per-category classification accuracy sorted by performance, with color coding
indicating performance tiers: green (100%), blue (90-99%), orange (80-89%), red (<80%)

The distribution shown in Figure 6.3 confirms the model’s strong performance across most
categories, with 18 out of 24 categories achieving >80% accuracy. The perfect classification
of twelve categories indicates reliable performance for tenses with clear structural markers
and well-defined temporal contexts. The two challenging categories (NOWADAYS at 28.6%
and PROMISE at 60.0%) align with the confusion patterns observed in Figure 6.1, where
these categories show significant misclassification into semantically similar tenses.

Confusion Patterns and Performance Implications

Analysis of the confusion matrix reveals systematic patterns in misclassification that provide

insights into the model’s capabilities and limitations. Categories with semantic or pragmatic

distinctions pose greater challenges than those with clear syntactic markers.
High-Performing Categories:

e Perfect Classification (100% accuracy): 12 categories achieve perfect classification:
BEFOREPAST (past perfect), DOINGATSOMETIMEPAST (past continuous), DURA-
TION (present perfect continuous), EXP (life experience), HEADLINE (news style),
JUSTFIN (just finished), LONGFUTURE (distant future), NORFIN (negative past),
PREDICT (future prediction), SCHEDULEDFUTURE (planned events), SINCEFOR
(duration period), and WILLCONTINUEINFUTURE (future perfect continuous). These
categories have distinct structural markers that are reliably identified.
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Problematic Categories and Confusion Patterns:

e NOWADAYS (28.6% accuracy) - HAPPENING (57.1% confusion): The
model struggles to distinguish between two present continuous uses - trends/gradual
changes (NOWADAYS: "prices are getting more expensive nowadays") versus immediate
ongoing actions (HAPPENING: "I am eating dinner"). Additionally, 28.6% confusion
with NORFIN suggests difficulty with temporal context.

¢ PROMISE (60.0% accuracy) - RIGHTNOW (40.0% confusion): Future
commitments overlap with immediate future actions grammatically, differing primarily
in speaker intention ("I will always support you" vs "I'll open the window right now")—a
pragmatic distinction challenging for purely linguistic models.

¢ RIGHTNOW (87.5% accuracy): While performing better than NOWADAYS and
PROMISE, the model shows 12.5% confusion with PROMISE, indicating bidirectional
difficulty in distinguishing immediate future actions from future commitments.

e Other Notable Patterns: Several categories show moderate accuracy with specific
confusion patterns - 50PERC (91.7% accuracy) occasionally confused with PREDICT
(4.2%), FACT (86.4%) confused with HEADLINE and SAYING (4.5% each), and
INTERRUPT (94.7%) showing minor confusion with HAPPENING (5.3%).

These confusion patterns suggest that the model struggles most with categories that rely
on pragmatic or contextual distinctions rather than purely grammatical markers. The patterns
inform the explanation generation strategy, where the system provides additional clarification
for commonly confused category pairs.

6.2.2 End-to-End Pipeline Evaluation

To assess realistic system performance, a detailed evaluation was conducted using 96 manually
curated Thai sentences processed through the complete pipeline. This evaluation provides
a more accurate representation of real-world performance, accounting for error propagation
between components and the challenges of processing authentic Thai learner input.

Pipeline Component Performance

The 96-sample evaluation was conducted on Google Colab using an NVIDIA A100 40GB GPU.
The testing utilised Typhoon 2.1 4B for explanation generation during evaluation, though the
production system was subsequently upgraded to the 12B API version due to the 4B model
not being available via API. The evaluation revealed performance characteristics that differ
from isolated model testing, reflecting the cumulative effects of the translation-classification-
explanation pipeline:
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Table 6.4: End-to-End Pipeline Performance Distribution on 96 Test Cases

Component Perfect Partial Poor
Translation Fluency 86.5% (83/96) | 13.5% (13/96) 0% (0/96)
Meaning Preservation 82.3% (79/96) | 16.7% (16/96) | 1.0% (1/96)
Coarse Tense Classification | 92.7% (89/96) - 7.3% (7/96)
Fine-grained Classification | 74.0% (71/96) - 26.0% (25/96)
Explanation Correctness 84.9% (81/96) - 15.1% (15/96)
No Code Hallucination 77.1% (74/96) - 22.9% (22/96)
Signal Word Detection 95.8% (92/96) - 4.2% (4/96)

Pipeline Integration Effects

While individual components performed well in isolation, their integration revealed significant
challenges. The 20.7% performance gap in fine-grained classification (from 94.7% isolated to
74% pipeline) can be attributed to several factors:

e Translation Variability: The classification model receives translated English text
rather than native English input, introducing variations in phrasing and structure

e Error Propagation: Translation errors (9.4% meaning loss) cascade to classification,
particularly affecting nuanced temporal distinctions

e Domain Shift: The training data consisted of standard English sentences, while the
pipeline processes Thai-translated English with different linguistic patterns

e Ambiguity Resolution: Thai sentences often lack explicit tense markers, making
accurate classification dependent on translation quality

When the Typhoon translation model produces ambiguous output, downstream compo-
nents compound the error. For instance, Thai sentences with implicit tense markers often
translate to English without clear temporal indicators, causing classification uncertainty that
propagates to explanation generation.

The decision to extract only the first sentence from translations proved both beneficial
and limiting. While it ensures focused grammatical analysis, it discards potentially valuable
context. Complex Thai sentences with multiple clauses sometimes lose critical temporal
information when truncated.

Timing Performance

The complete pipeline evaluation on Google Colab with A100 GPU achieved an average
end-to-end response time of 12.25 seconds across the 96 test cases, which remains within
acceptable thresholds for educational applications.

67



Chapter 6. Evaluation and Results

6.3 Phase 2: User Testing

While the technical testing revealed specific performance characteristics and limitations, the
ultimate measure of the system’s value as a proof-of-concept lies in its acceptance by actual
users. This section presents the user testing phase conducted with Thai English learners to
evaluate user acceptance and validate the system design.

6.3.1 Testing Methodology

The user testing phase involved volunteers from the initial 218 survey participants who agreed
to evaluate the system. Of the 48 volunteers who registered for testing, 38 (79.2%) actively
engaged with the platform, collectively providing 474 ratings across four evaluation criteria.

Table 6.5: User Testing Participation Summary

Metric Value
Initial survey participants 218
Volunteers for testing 48
Active participants 38 (79.2%)
Total ratings collected 474
Average ratings per participant 12.5

Participants evaluated the system using a 5-point Likert scale (1=Poor, 5=Effective)
across four criteria: Translation Accuracy, Translation Fluency, Explanation Quality, and
Educational Value. Additionally, participants could select predefined tags to identify specific
strengths or issues and provide open-text comments.

6.3.2 Quantitative Results

The quantitative analysis reveals strong user satisfaction despite the technical limitations
identified in Phase 1.

Overall Rating Statistics

The system received consistently positive ratings across all evaluation criteria, with mean
scores exceeding 4.0/5 for each dimension.

Table 6.6: User Rating Statistics by Evaluation Criterion (n=474)

Criterion Mean | SD | Min | 25% | Median | 75% | Max
Translation Accuracy | 4.08 1.31 1 4 5 5 5
Translation Fluency 4.19 1.15 1 4 5 5 5
Explanation Quality 4.33 1.02 1 4 5 5 5
Educational Value 4.27 1.01 1 4 5 5 5
Overall Average 4.22 | 1.12 - - - - -

68



Chapter 6. Evaluation and Results

Rating Distribution Analysis

The distribution of ratings reveals a strong positive skew, with the majority of evaluations
(>75%) receiving 4 or 5 stars across all criteria.

Table 6.7: Rating Distribution by Criterion (% of responses)

Rating | Translation | Translation | Explanation | Educational
(Stars) Accuracy Fluency Quality Value
5 52.3% 56.8% 61.2% 58.9%
4 23.4% 25.1% 24.7% 25.3%
3 11.2% 9.3% 8.4% 9.1%
2 7.8% 5.5% 3.8% 4.2%
1 5.3% 3.3% 1.9% 2.5%
4-5 Stars 75.7% 81.9% 85.9% 84.2%

6.3.3 Qualitative Feedback Analysis

Beyond numerical ratings, participants provided detailed feedback through predefined tags
and open comments, offering insights into specific strengths and areas for improvement.
Feedback Tag Distribution

Participants used predefined tags to categorise their experiences, providing structured
qualitative insights into system performance.

Table 6.8: User Feedback Tag Analysis
Category Tag Count | % of Tags
Perfect translation 147 31.0%
Clear explanation 139 29.3%
Positive Feedback Very educational 100 21.1%
Helpful analysis 83 17.5%
Good examples 80 16.9%
Subtotal Positive Tags 549 82.9%
Wrong word choice 53 11.2%
Awkward phrasing 23 4.9%
Too literal 22 4.6%
Missing context 19 4.0%
Areas for Improvement Missing key points 8 L%
Grammar error 7 1.5%
Incorrect tense analysis 7 1.5%
Wrong grammar rule 5 1.1%
Too basic 5 1.1%
Too complex 4 0.8%
Subtotal Improvement Tags 153 17.1%

69



Chapter 6. Evaluation and Results

Key Findings from Qualitative Analysis

The qualitative feedback revealed several important patterns:

Table 6.9: Qualitative Feedback Themes and Implications

Theme

User Feedback Pattern

System Implication

Translation Quality

31% rated translations as "perfect";
issues primarily with idiomatic ex-

pressions

Core translation functional-
ity validated; idiom handling
needs enhancement

Educational Impact

67.9% of positive tags related to
educational value (clear, educational,
helpful)

Educational design objectives
successfully achieved

Context Sensitivity

11.2% noted wrong word choice; 4.0%
missing context

Context disambiguation re-
mains a challenge for ambigu-
ous input

Explanation Clarity

29.3% praised clear explanations;
<2% found them too complex/basic

Explanation complexity appro-
priately balanced for target
audience

Production System Operational Metrics

The production system’s operational metrics provide additional validation of system reliability
and performance. During the testing period, the system recorded 612 total requests from 40

unique users (38 test participants plus 2 developer accounts).
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+l Usage Statistics
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Figure 6.4: Production System Operational Metrics from User Testing Period

Figure 6.4 shows operational metrics collected during user testing. The system achieved
a 99.5% success rate (609 of 612 requests), validating the reliableness of error handling
mechanisms. The 612 total requests include both rated interactions (474 ratings collected)
and unrated system usage, indicating that participants often explored the system beyond
formal rating submissions.

Component-level response times in production were:

e Translation: 4.328s (Typhoon Translate 4B local processing)
e Classification: 0.069s (XLM-RoBERTa inference)

e Explanation: 9.869s (Together.ai API call)

e Total Pipeline: 14.266s average

The 14.266s production response time, while slightly higher than the 11.9s observed
in controlled testing, remains within acceptable bounds for educational applications. The
difference reflects real-world factors including network latency and API variability. The average
input length of 52.6 characters corresponds to typical Thai sentence structures, confirming
the system handles realistic user input effectively.
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6.4.1 Overall Performance Assessment

The evaluation results demonstrate both the system’s achievements and its limitations across
technical and educational dimensions. Table 6.10 synthesises the performance metrics from
both evaluation phases based on the 96-sample technical evaluation and 474 ratings from 38
active users.

Table 6.10: Performance Metrics Across Evaluation Phases

Evaluation Aspect

Phase 1 (Technical)

Phase 2 (User)

Translation Quality

93.2% fluency, 90.6% semantic
accuracy (96 samples)

(474 ratings)

4.08/5 accuracy, 4.19/5 fluency

Grammar Analysis

94.7% isolated accuracy, 74%
pipeline accuracy (96 samples)

ing

4.33/5 explanation quality rat-

Educational Impact

84.9% correctness, 77.1% no
code hallucination

4.27/5 educational value rating

System Reliability

100% pipeline completion

(96/96 samples)

requests)

99.5% success rate (609/612

Response Time

12.25s average (Colab A100)

14.266s average (production)

6.4.2 Achievement of Project Objectives

The system successfully met most project objectives, with notable achievements in translation
quality and user-perceived value. Table 6.11 presents the achievement status of functional

and technical requirements defined in Chapter 3.

Table 6.11: Functional Requirements Achievement Assessment

ID Requirement Achieved Status
FR1 | Translation with >85% semantic accuracy | 90.6% Met
FR2 | Tense classification with >80% accuracy | 74% (pipeline) | Partially
Met
FR3 | Generate educational explanations 4.33/5 quality | Met
FR4 | Detect incomplete sentences Implemented Met
FR5 | Provide contextual examples Implemented Met
FR6 | Address Thai learner challenges Thai-specific Met
FR7 | B1-B2 accessibility User validated | Met
FR8 | Thai/English interface support Implemented Met
FR9 | User rating capability 474 ratings Met
FR10 | Store user feedback Database Met
active

72




Chapter 6. Evaluation and Results

Table 6.12: Technical Requirements Achievement Assessment

ID Requirement Achieved Status

TR1 | Modular pipeline architecture 3-model design | Met

TR2 | Thai-English specialised models Typhoon mod- | Met
els

TR3 | Hierarchical tense classification (24 cate- | Implemented Met

gories)
TR4 | Educational NLP capabilities API Met
integration
TR5 | Hybrid deployment (local + API) Implemented Met
TR6 | Fragment detection system Rule-based Met
TR7 | Cloud infrastructure Google Cloud | Met
TRS8 | API integration capabilities Together.ai Met
TRY | Data collection infrastructure SQLite Met

6.4.3 Educational Effectiveness Despite Technical Limitations

The convergence of technical and user evaluation results reveals a crucial insight: user
acceptance and perceived value can remain high even when technical perfection is not achieved.
The user evaluation phase engaged 38 active participants from 48 registered users, representing
a 79.2% engagement rate. While the pipeline achieved only 74% fine-grained classification
accuracy, users still rated explanation quality at 4.33/5.

The 474 ratings collected showed mean scores exceeding 4.0/5 across all dimensions, with
particularly high ratings for Explanation Quality (4.33/5) and Perceived Educational Value
(4.27/5). The positive feedback tags (82.9% of all tags) emphasised clear explanations and
perceived value, while improvement suggestions focused primarily on translation accuracy
rather than grammatical analysis. This disconnect between technical metrics and user
satisfaction validates the proof-of-concept approach, suggesting that users value clear,
contextualised explanations even when the system is not technically perfect. However, actual
learning effectiveness would require longitudinal studies beyond the scope of this research.
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Conclusion and Future Work

This chapter concludes the dissertation by summarising the key achievements of the Thaislate
system, reflecting on the major challenges encountered during development, and outlining
directions for future research. The chapter begins with a summary of how the project
objectives were met, discusses the contributions made to the field, acknowledges the limitations
discovered through evaluation, and proposes pathways for advancing educational NLP systems
for cross-linguistic grammar learning.

7.1 Summary of Achievements

This dissertation presented the development and evaluation of Thaislate, a proof-of-concept
system demonstrating how Al-powered tools could potentially help Thai learners understand
English tense usage. The research was motivated by the question: Can AlI-powered
tools help Thai learners understand English tense usage through contextual,
automatically-generated explanations? While establishing the technical feasibility and
user acceptance of such tools, this research provides a foundation for future studies that could

measure actual learning outcomes. Key achievements include:

e Development of a three-component pipeline integrating translation, classification, and
explanation generation that achieved 85% overall accuracy

e Successful classification of 24 fine-grained tense categories with 94.7% isolated accuracy

and 74% pipeline accuracy

e User validation with 38 active participants providing 474 ratings, with mean scores
exceeding 4.0/5 across all evaluation criteria

e Demonstration that educational value persists despite technical imperfections, with
explanation quality rated 4.33/5 despite classification limitations

e Successful deployment on Google Cloud serving real users, validating the practical
feasibility of the approach

The project met its five primary objectives: building the core system, developing the
tense recognition framework, creating an intuitive interface, validating system design and user
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acceptance, and contributing to educational Al research. The user study with 218 participants
validated all seven key design decisions, confirming the system’s alignment with learner needs.

7.2 Contributions to the Field

7.2.1 Technical Contributions

1. Hierarchical Tense Classification Framework: The 24-category taxonomy with
three-level hierarchy provides a reusable framework for grammatical analysis systems.
The coarse-to-fine approach balances accuracy with interpretability.

2. Confidence-Adaptive Explanation Generation: The dynamic explanation system
that adjusts detail based on classification confidence offers a template for uncertainty-
aware educational systems.

3. Integrated Pipeline Architecture: The modular design allows component substitu-
tion without system redesign, facilitating experimentation with different models.

7.2.2 Educational Contributions

1. Validated Design Requirements: The user study validated seven key design decisions
with 218 participants, providing empirical evidence for educational tool development.

2. Thai-English Learning Insights: The identification of grammar as a substantial but
computationally tractable challenge (13.4% of participants) guides future pedagogical
tool development.

3. Practical Deployment Model: The successful deployment on Google Cloud with
48 active users demonstrates feasibility of Al-powered educational tools in resource-
constrained environments.

7.3 Major Challenges and Limitations

Throughout the development and evaluation of Thaislate, several significant challenges emerged
that provide valuable insights for future educational NLP systems.

7.3.1 Technical Challenges

The implementation revealed several technical constraints that shaped the final system:

1. Performance Trade-offs: Using the GGUF quantised version of Typhoon Translate
4B for CPU inference instead of the GPU version introduces performance compromises.
While CPU deployment eliminates GPU costs and simplifies infrastructure, translation
times increase from approximately 1-2 seconds (GPU) to 4-5 seconds (CPU), contributing
to the overall pipeline latency.
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2. API Dependency: The explanation component relies on Together.ai’s API, introducing
latency and potential service disruptions. During testing, API timeouts occurred in 2%
of requests, requiring retry mechanisms that further increase response time.

3. Classification Granularity: The 24-category taxonomy, while detailed, may be overly
complex. Several categories show consistent confusion patterns, suggesting potential for
consolidation without substantial loss of educational value.

7.3.2 Methodological Challenges

The evaluation methodology has acknowledged weaknesses:

1. Self-Assessment Bias: The 96-sample technical evaluation was conducted by the
author, introducing potential bias. Without independent validation, the reported
performance metrics may not reflect real-world accuracy.

2. Limited Test Scope: Testing focused on simple to moderate complexity sentences.
Performance on complex, multi-clause sentences remains largely unexplored.

3. Learning Outcome Measurement: As a proof-of-concept study, the research focused
on establishing technical feasibility and user acceptance rather than measuring actual
learning outcomes. Pedagogical effectiveness requires longitudinal studies beyond this
project’s scope.

7.3.3 Scope-Related Challenges

The system’s scope was deliberately narrow:

1. Single Sentence Focus: Processing only isolated sentences ignores discourse-level
grammar patterns. Many grammatical concepts, particularly aspect and mood, depend
on broader context.

2. Written Language Bias: The system assumes written, grammatically complete
input. Spoken Thai, with its frequent ellipsis and contextual dependencies, would likely
challenge the current pipeline.

3. Standard Thai Assumption: The system trained on formal Thai may struggle with
dialects or colloquial expressions common in everyday communication.

These challenges, while significant, provided valuable learning experiences that inform
both the current system’s design decisions and future research directions. The successful
deployment despite these constraints demonstrates the viability of the approach and highlights
areas where technological advances could yield substantial improvements.
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7.4 Future Work

7.4.1 Immediate Improvements

Several enhancements could address current limitations without major architectural changes:

1. Dataset Expansion: Collecting Thai-English parallel sentences with verified tense
annotations would enable supervised training, potentially improving classification
accuracy beyond the current 94.7%.

2. Local Model Deployment: Implementing the explanation component locally using
quantised models would eliminate API dependency and reduce latency.

3. Complexity Adaptation: Developing learner models to adjust explanation complexity
based on proficiency level would improve accessibility for A2 learners while providing
depth for C1-C2 users.

7.4.2 Architectural Extensions

Longer-term development could expand the system’s capabilities:

1. Multi-Sentence Processing: Extending the pipeline to handle paragraph-level input
would capture discourse-level grammatical patterns, particularly for aspect and temporal

sequencing.

2. Bidirectional Translation: Supporting English-to-Thai translation with grammar
checking would serve learners in both directions, addressing the needs of English speakers
learning Thai.

3. Speech Integration: Adding speech recognition and synthesis would support spoken
language learning, addressing pronunciation alongside grammar.
7.4.3 Research Directions

Several research questions merit investigation:

1. Cross-Linguistic Transfer: Examining whether the hierarchical classification approach
generalises to other language pairs could validate the framework’s broader applicability.

2. Error Pattern Analysis: Systematic study of classification confusion patterns might
reveal underlying linguistic principles useful for both NLP and language pedagogy.

3. Learning Outcome Assessment: Having established technical feasibility and user
acceptance through this proof-of-concept, longitudinal studies should now measure
actual grammar acquisition to determine educational effectiveness.
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7.5 Generative Al Usage Acknowledgement

In the spirit of transparency and academic integrity, this section acknowledges the use of
generative Al tools in specific aspects of this dissertation’s development.

7.5.1 Frontend Development Assistance

As detailed in Chapter 5, the web application’s frontend was developed through an Al-assisted
approach using Claude Code, Anthropic’s development assistant. This collaboration enabled
rapid implementation of modern interface components including responsive layouts, interactive
elements, and accessibility features. The Al assistance allowed the project to maintain focus
on the core educational and NLP objectives rather than becoming consumed by frontend
technical complexity. All Al-generated frontend code was reviewed, tested, and integrated

into the system architecture following standard software engineering practices.

7.5.2 Grammar and Writing Support

Throughout the dissertation writing process, generative Al tools were employed for grammar
checking and proofreading assistance. This support helped ensure clarity, consistency, and
adherence to academic writing standards. The Al tools provided suggestions for improving
sentence structure, identifying grammatical errors, and maintaining consistent terminology
throughout the document. However, all technical content, research findings, analysis, and
conclusions represent original work. The Al assistance was limited to language refinement
rather than content generation.

7.6 Concluding Remarks

This dissertation has developed and validated a proof-of-concept system addressing the
question of whether Al-powered tools can help Thai learners understand English tense
usage through contextual explanations. The research successfully demonstrated technical
feasibility and strong user acceptance (4.33/5 for explanation quality despite 74% classification
accuracy ), establishing a foundation for future effectiveness studies. The disconnect between
technical performance and user satisfaction validates the approach: learners value clear,
contextualised explanations even when imperfect, though determining actual learning impact
requires longitudinal research beyond this project’s scope. The journey from initial concept
to deployed system serving real users demonstrates that computational approaches to cross-
linguistic educational challenges are both technically feasible and well-received by target users,
providing the necessary groundwork for future research into the educational effectiveness of
context-aware Al systems.
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Appendix A

Ethics Approval Documents

This appendix contains the complete ethics documentation for both the user survey study
and the dataset annotation work conducted as part of this research project.

A.1 Survey Study Ethics Documentation

A.1.1 Participant Information Sheet

The following pages contain the participant information sheet (Version 3, July 3rd, 2025) that

was provided to all survey participants.
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©) Loivemsivyof | St
Sheffield | sicice

Participant Information Sheet

v v

(uvunasudayad mIugid1593197114398)

v

University of Sheffield
(W ingraeinilas)
Department of Computer Science

(11A3Y1INgINITADUNUNDS)

Research Project Title and Researchers

v a

(Falasen1539uuaziinise)

Project Title (FalAz9n19): Context-Aware Thai-English Translation with Integrated Grammar

Learning: An LLM-Based Educational Tool

(msuvanrlng-gmguidrlaviunmmsaunsisouilaensaluvuysanms: insesilomsanyiildlung
NwruIning)

Lead Researcher (Jn39&uan): Papatchol Thientong
(g Usiava 1iguve)

Student Researcher, MSc Computer Science
GindAnw139 Ysgygrlnangnisaeuiaunas)

Email (8ia): [pthientongl@sheffield.ac.uk]

Version 3 - July 3, 2025

84



Appendix A. Ethics Approval Documents

University of | School of

Sheffield | s

Supervisor (a‘imﬂfﬁ't!?nm): Ms. Varvara Papazoglou
Email (5ua): [v.papazoglou@sheffield.ac.uk]
Department of Computer Science, University of Sheffield

(mMAdringnisaeuiames umangragriilasn)

Invitation to Participate

(Andgy g5 aue13e)

We are inviting you to take part in a research project.
I sowr

GswaiBgyinathsaululasinsived)

Before you decide if you would like to take part, it is important for you to understand why the

research is being done and what it will involve.

A oy . w v . . a PO T gp oo o o a
(ewivinedndulyiesmstriumiali fudnRevimdounsiledwhlwnisedigniudumuases
(Ateeiveslstg)

Please read the following information carefully and discuss it with others if you wish.

O TR 77 20 o wd o
(nanedeyaneliilogseupauuasUsnyIAUdaumNYIUABINTS)
Ask us if there is anything you don't understand or if you would like more information.
(ngonaovanusndadlaivinduidlovieseinsdeyaiuiiy)
Take time to decide whether or not you want to take part.

(giaatumsanauledmiudenisinsiumiols)

Version 3 - July 3", 2025
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g University of | Schoalof
Shefﬁeld Scielrc‘:

What is the project's purpose?

(InguszavAveslasinishoesls?)

This research project is being conducted as part of a Master's dissertation in Computer Science at
the University of Sheffield.

av o a : - a a o« a, a sl a o
(IHF\YHW’JWIW)7I.!J!Jn'mﬂumumN118\1’)"!!7””!!6!/?{11@77”21167‘”77”5!1ﬂ17F)E)JJW’JME)”IJJM7’JWEIMEIWW

Wae)

The project aims to develop and evaluate an educational web-based tool that helps Thai English

learners improve their grammar skills through context-aware translation.

(psamsilildhmnelunsimuuasUssihuniosloulsiidomsAnyiediFeunmwdngyrnling
Vsuvsoinvelaensalsiuntsudaiilauium)

The tool uses advanced language processing technology to translate Thai sentences into English

while providing explanations about grammatical choices and patterns.

(nTovilaitdinalulainisussuasamydugilunsudaysslsnnwlnedunindinguwsomils
o _a e - . 3
mesveiymumndenltlignsaiuas sUuuuneg)

This research will help us understand how technology can better support language learning and

whether such tools are useful for Thai English learners.

o ; 2 ¥ . - - v oy o PV
(nsaseilasreliisnirlesuneluladamnsamivayunmssousmwildaiueshals uasinoelonnai
UsslemidmsugiSeunmwsinguenlneyioly)

The study will run from July 2025 to September 2025, and your participation will involve
completing two online questionnaires and one tool testing session over a period of approximately

6 weeks, with a total time commitment of about 60 minutes.

(msAnwidessudunisiusiFaunsnginy 2568 fudeuriueteu 2568 uarmstismvenig:
Usznaudemameuuvuaeunmeaulay 2 gauaznimaaeuiniese 1 assluissz 6 dum Tngld
§15YTE 60 1)

Version 3 - July 3", 2025
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Why have | been chosen?

(iluduisgniaon?)
You have been invited to participate because you are
inlasug s unsizing;
* A Thai speaker learning English as a second language
(DugfwanrnlneiiGeunwdmngwiunyiaes)
o 18 years of age or older
(979 18 Diuly)
« Able to participate in an English-language study
(@ssoushsmlumsAnyilsnwndangula)

We are recruiting participants through two phases: first, a broad demographic survey of Thai English
learners (approximately 50-100 participants), followed by a more focused evaluation with a smaller

group (20-30 participants) who will test the developed tool.

(masnniaengitrssiaassyee: usnAansaiivveyarialuvesisountwdingurialngluinis
v a & o . 0 - A
(Uszarau 50-100 AY) mIuAIEnsYssdiuiiIzaIndudungiudnndt (20-30 Av) feznnaouiniodlei
P o
Wai)

Do | have to take part? (dudnilusoudrsaunsals?)

Taking part in this research is completely voluntary.
(mshdulusnieiidumsaihslalngaysel)

If you do not wish to take part, there will be no negative consequences.

mnvilsidesmntsan sxliinanssnuidsauls 9)
Version 3 - July 3, 2025
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% University of | Schoolof
Sheffield Scienpce
If you do decide to take part, you will be given this information sheet to keep and will be asked to

sign a consent form.

mnviusaduladrsa viweslatunuuefudayailliifuuazexgnueliasndunyyroudusen)

You can still withdraw at any time without giving a reason and without any negative consequences.
(iudsannsanauialanaemaariaelisediimguauaz ifinansenueavla 9)

If you wish to withdraw from the research, please contact

(nnyusanIsaeuRIvINgIYIte nsauiane) [pthientongl@sheffield.ac.uk].

Please note that if you choose to withdraw, it may not be possible to remove your data if you

withdraw after June 14, 2025, as data will have been anonymised and included in the analysis.

. . 3 - . 2 . » . ” . v o o
(samswimmnvinadeniivsaeuds orliausoavtoyavesinldmnyaeusmaniui 14
nsnginu w.a. 2568 ilpsnindeyavegnvibiliiszysmmuazsautumsinsiiud)

Taking part in this research is voluntary and will not create a legally binding agreement or any form

of employment with the University of Sheffield.

v o av & e g wa v v
(mutrsalunidedidumsalastouazeslinabilAndennasiduagniimengmneniontsireenily
FUuvulng dusmingrdeniias)

What will happen to me if | take part? What do | have to do?

(asshnaglsturusumnsutiou? sudaniesls?)

Your participation may involve one or both phases of the research, depending on your interest and

availability, with a total time commitment of 20-30 minutes and 60 minutes for 2 phases.

o ' - v o a & av & o )
(msdhsumamimarieteaunilmioniaossyysyeinsive Tuegivanuaulauasaumsouvesing
Inglitaarsau 20-30 Wil uax 60 wiamsuisasuva)

Version 3 - July 3", 2025
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1. Phase 1: General English Learning Survey (July 2025) - approximately 20-30 minutes
(52021 1: MsdrsaemsSeunmdnguialy (N394 2568) - Yszurad 20-30 1)
You will receive a Google Form link via email to complete at your convenience.
(eslFsuas Google Form NNBwiaiensenaIATILaINTBININ)

o Questions about your background and experience learning English
(FromuBgatugivduazyszaunsainisSoun1nsingueing)

o Your current English proficiency level
(szavAaTlunYI8INgulieyUiuvesin)

o Challenges you face with English grammar
(Aawimegiiumuieiulaensain1dingy)

o Previous experience with translation tools
(WUszaunsalneumhiiiunosilouvaniv)

2. Phase 2: Tool Testing and Evaluation (August 2025) - approximately 30 minutes
(52w 2: psvagouuazysailuniosilo (Femay 2568) - Yszuras 30 w7
If you choose to participate in this phase, you will:
mmvinudentrsaulussesid viues):

o Test the Thai-English translation tool through a web interface
(mamauiniosiiauvantyilng-smnquainuusunesive)
o Complete a feedback questionnaire about the tool's effectiveness and usability

- P a o o
(MavLUUFBVOMATINARBTUAYINUYsEaEN ez 15TT9uTRNASalD)

Version 3 - July 3", 2025
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Participant Code Generation
(msasrsiagitiay)

To protect your privacy while allowing you to participate in both phases if desired, you will
generate your own unique participant code using a simple algorithm based on personal

information that cannot be traced back to you:

(iauntlosnuntusnivasinluvasiveuliimutisuiaeesseenindasns viuosas

o wow o ) ve  am o ola v . , N o
magtmswmmsmvammaol'nul‘aaanasﬁmw 9 nawmﬂayamuyﬂﬂnﬁ‘lx/mmsnmmunau

wissavile):

1. First letter of your birth month (e.g., January = J, March = M)
BnysFusnvenFeuinnn (i unsIay = J, furpu = M)

2. Second digit of your age (e.g., if 24 years old, use 4)
(wdniiaosveseny (i minety 24 914 4)

3. Number of letters in your first name modulo 10

(Fauirdnystuousnluntdinguuesig misday 10 ioumy (wudrenysinguyin
1147=1)

4. Number of siblings modulo 10
(S saag 10 Ay gl = 0)
5. Last digit of your phone number

(manganevemneaulysiny)

Version 3 - July 3", 2025

90



Appendix A. Ethics Approval Documents

School of
Computer
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University of

Sheffield

What information will be collected?

(Tayaoslsozgmiivsausaw?)
« Only your age and your self-generated participant code
(awzergvesimuar T i 09)
e Your responses to questionnaires
(Amavvesnluuyyasavam)
« Feedback about tool usage (Phase 2 participants only)

a a4 v o4 o v o
(arAnuiuieaiunisldinseedle (ADW785IATI777JJS.‘; o 2)

Your responsibilities

(AITUAYOUYEII M)
« Generate and remember your participant code for consistent identification across phases
(@wuazhsiagishsuvesinufiemsseydmuiiaeandasiuluyasses)
e Complete questionnaires honestly and thoroughty
(meUUVUABUN N NFIINUALaUTEn)
« participating in Phase 2, test the tool and provide constructive feedback
(mmidhsaussyei 2 bivaseuiniesiouaslinnuhautuiias1eassn)
There are no lifestyle restrictions or ongoing commitments required for this study.

v oo e s aa o A s, -
(iFodrintumsiniuinviomssyniunaidosiontudmsunrsinuiil)

Version 3 - July 3", 2025
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Sheffield

What are the possible disadvantages and risks of taking part?

(Gadouazarudesindululdvesnindrsuioesls?)
The risks involved in this study are minimal.
(rudgaiieadoslumsinwiiihiossnn)
You may experience (¥1819Useay):
* Mild fatigue from concentrating during the tool testing session(s)
(rruwilesdndndosnnmsiiaussewihugasunaaounioie)

« Potential frustration if the translation tool does not work as expected during testing (phase

2 only)

(e ihluldmmaTosdlouvanrliviiommuiimanissswinsaaoy (amzssyy
4
¥ 2)

¢ The need to complete questionnaires / interview at specific times (early July and mid-

August)

(rrusndulunismousvuasumuuazaumvallusnaanans (AuaounsnyIpuuasnaNGa
damnx)

If you experience any discomfort during the tool testing session, you can take breaks or withdraw

at any time.
(mmvinganliavessniaeatunaaeuiniociie vinuaunsangminvienewialanaaniaan)
All activities can be completed at your own pace within the specified timeframes.

(Renssuiamuaamrsavirlamusimzvasiuesmelunsouaarinimug)

Version 3 - July 3", 2025
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What are the possible benefits of taking part?

(wavselowdintululdvasnisnidsufonsls?)

While there are no immediate personal benefits for taking part in this project, it is hoped that this

work will contribute to the development of better educational tools for Thai English learners.

v ) . ) ) ,j’ ) o
(wieslifnayssloniamypaalponssninnistrsaululasinisd uanisirudezelunisinm
insaedlensAnyfian N mIUgiSounTnsIngualie)

During the tool testing session in phase 2, you may find the translation tool interesting to try, and
some participants report that using such tools helps them think about English grammar in new

ways.

(sywhawatunaaeunialaluscosiiaes 2 imormuanasosdiaudanrwiiauleiorass uasgiorsn
’ R 0 4 - o - v ,
unAuTINTIIIMIstsiAsasliasinavaslivanAnieivlensainividmnguluuying)

Will my taking part in this project be kept confidential?

(madrsavesdululasansilozgnuiuidunawsumioluz)

All your personal information will be kept strictly confidential and will only be accessible to

members of the research team.

(Joyaamyppaisunvesiszgniiuiiup nuavegdunnuaseszannsaielfiawizaufnvesiy
Fenviniv)

Your name will never be used in any reports or publications from this research.
; ; - i o au &
(Fovominsazlignldlussanmadeiuilag vinemiiduiias)

You will generate your own participant code that cannot be traced back to your identity, ensuring

complete anonymity in all research data.

(issasnsiagisnswesinuesiliansodanundundinuvesinds iliilaldirdeyanisise
& P o e
viounvslussytelngauysal)

Version 3 - July 3", 2025
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Contact details (if provided) will be kept separately and securely, and will be deleted immediately

after the research is completed.

(wazdeanisinne (miniin1shild) ssgniivkenmiamnuazesnuaenns uazazgnauyiuiinasnInms
Henasoau)

All data will be stored securely on University of Sheffield systems that meet data protection

standards.

o & : o a o ol v
(Joyavismunvsgnifivesnvaendslussuuesmrinedeioniiasiulumuunsgunisuntesdoya)

Data Protection

(n1sUndlastoya)

What data will be collected (dayaazlsozgniiusausaw):

Only your age, self-generated participant code, and questionnaire responses.

(awrzergvewin ST RIINETINGS UaTA MO UNUYABUATN)

Legal basis for processing Q?umMgMﬂ?Utf'l"ﬁlﬂ‘)ﬂlf&l’)ﬂﬂﬁ):

This research is carried out 'in the public interest’ in accordance with data protection legislation.
(enddbidanidums ievslooimsrsas mungmnemsuntosdoya)

Further information can be found in the University's Privacy Notice (ﬁ'ayalﬁmﬁx/mmsawuln‘w
Ussmanuua msavesum Ine1ds): hitps://vawsheffield.ac.uk/govern/data-
: :

Data Controller (§Augudaya):
The University of Sheffield will act as the Data Controller for this study.

a < LY SO v o <
aimendgmitadvsyimhidugpovaudegadmiunsAnuil)

Version 3 - July 3", 2025
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This means that the University is responsible for looking after your information and using it

properly.
(mnemawimminendedinusuinveulumsquateyavesinuazldimeeumzay)
Data storage and retention (n13tiuiny17aya):

Your questionnaire responses and interview data (if applicable) will be stored securely on
University systems for up to 5 years after the completion of the research, as required by University

policy.

(Fmavuyyaeun sz Tayansaunvalvesi (minil) ssgniivesvasnielussuvuming1augega
5 ndsnmmsivewasedu muiulouigam)neraening)

After this time, the data will be securely deleted.
o & ; o
(wasnnaanl veyavsgnaved wuaense)
Data sharing (n75uvstludaya):
Anonymized data from this study may be used in academic publications and presentations.
(Soyaiilsiszysamunmsinyiloragnlsludeiuimadvnisuasniniuaue)
No individual participants will be identifiable in any outputs.

@iirsmseyapavsliannsaszymnulalunadnsln 1)

Version 3 - July 3", 2025
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Your rights (@n5va4911):
You have the right to access, correct, or request deletion of your personal data.
(virdanslumsidie uily viseveliautayaauynanavawii)

For more information about your rights and how to exercise them, please see the University's

i Z P a a & o a a D a. . -
Privacy Notice. (mm3udayamiuduieiuansvesinuay i5msloans nsangussmannududuiives
unrIngag)

What happens to the results of the research?

(vuinaslstusunanis5ou?)

The results of this research will be written up as part of a Master's dissertation, which will be

submitted in September 2025.
av - ; YNy T P RTE, N )
(ﬂamswuwzgnwymﬂumwﬂwannmuwuszﬁcyzyvfn Fevzadudouriueigu 2568)

Key findings may also be presented at academic conferences or published in research journals

focused on educational technology or language learning.

-

» oo e o - - - - e > -
(wamsAuwuiiaragarngninauelunisussgumnininmiemiuiluasasiseiniualulagnising
wioMsiseusnIY)

You will not be identified in any report or publication.
iussliignssydmlusrsaumSedsiunila 9)

If you would like to receive a summary of the research findings, please let us know and we can

email you a brief summary once the project is complete.

' » o - Ve v ' ' - > o
(mNYNIMSSUATUNENITINE NSRS M wassrannsaavasUtenvBalivinuiialasinis
@59au)

Version 3 - July 3", 2025
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Shefﬁeld S‘ciel?ce

Who has ethically reviewed the project?

(laslavinrsnunaulasinisaiuasesssu?)

This project has been ethically approved by the School of Computer Science at the University of

Sheffield as part of the University's Ethics Review Procedure.

(asmsilldsumseysiidusiesssunmanisInemsneniiumesim inedeiamiudumilives
TUNOUNITNUNINITIGTTUYVDIUNTINE15)

What if something goes wrong and | wish to complain about the research

or repor‘t a concern?
y a o - o« ae
(93"ﬂuﬂd’hﬂm’”’ﬂa@ﬂﬁWa"ﬂ‘ﬂﬁd’uuagﬂuﬁ,a@n’l7;30‘7””‘”3]7"1”7”7?5/”?3

§78971UYaN9a82)

If you would like to complain about any aspect of the research or if you feel that you have been

exploited, abused or harmed as a result of taking part in the research, please contact

(mnvinsiasmsseaseuieanvamladumievesandlenionmvimganigmendsev vt wiaiu
SURTIWVINNITIINTUNIITY nFaninee):

Primary Contact (§fiasiasan): Papatchol Thientong (w7e Usiaea tiigunes)

Email (8lwa): [pthientongl@sheffield.ac.ukl

Supervisor (a‘)mﬂfﬁld?nu‘l): Ms. Varvara Papazoglou

Email (5ia): [v.papazoglou@sheffield.ac.uk]

Version 3 - July 3%, 2025
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Independent Contact (§finsiadase):

Principal Ethics Contact for the School of Computer Science (ffinsianandtuaiusssuvosamy
Anganisaeuiiames)

e Name (#a): Prof, Jon Barker

o Email (Gwa): [Lp.barker@sheffield.ac.uk]
o Department (Uxun): Computer Science (31€/1175A9URANDT)

Head of Department (Wantiuuun)

o Name (79): Professor Heidi Christensen

o Email (@wa): [heidi.christensen@sheffield.acuk]

If your complaint is about how your personal data has been handled, you can find information

about how to raise a complaint in the University’s Privacy Notice

o

v oy o . i o ; . . v A v v
(mnvasa»usuwamvutﬁwnwé’msvm7siayamuqﬂnavam7u w7umu7snmvayammnu5§m73u1/a

SoaSeulaluvszmannuiiuaiuiaveaum e as). hitps://www sheffield.ac uk/govern/data-
. '

You will be given a copy of this information sheet and a signed consent form to keep.
; ver o oo ¥ P o P
(mua::lwwmtumaduuuﬂaswa.yauuazuUuﬂaﬁ/auuaunmuwumbtﬁu)

Thank you for considering taking part in this research project. Your participation would be

greatly valued and will contribute to improving educational tools for Thai English learners.

(vovguiitlAe1sadrsslulasnsiseil msdhsauvosinssiiiethmmnuazeztaelunisuiup
in3osdensAnudmiugiFounwdinguyialne)

Version 3 - July 3", 2025
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A.1.2 Participant Consent Form

The following pages contain the consent form (Version 3, July 3rd, 2025) that participants
signed before taking part in the survey.

@Universﬁtyof Schol of
Sheffield | sconce

Context-Aware Thai-English Translation with Integrated Grammar

Learning: An LLM-Based Educational Tool

(msuvanwlne-sanguidrlavsummisumaiguslagmsaliuuysanis:
insavlion sinwiilluaanvivunlng)
Participant Consent Form

(uvuwasudueouvagitsu)
Please tick the appropriate boxes

(usadendndoniimuizas)

Yes (14) || No (lail4)

Taking Part in the Project
(n15id52ulasans)

| have read and understood the project information sheet dated July 3rd, 2025 or
the project has been fully explained to me. (If you answer No to this question
please do not fill out the rest of the form until you understand what taking part in
the project will mean.) O O
(tmidrldonuazirluenarsioyalasensasiin 3 nsngian w.a. 2568 wisldsuns
osuelazentsegnsudauds (mngamey iy sedowil [usneehnsendauiimie
vasuvunasuIUN I RTINS IATIMSIIIAINTI0EN]S))

| have been given the chance to ask questions about the project.

(Gmsalasulenmalunisniwainuienulasinis)

| understand how to raise a concern or make a complaint.

(mindlodsnisuansnnufanionisiouseu)

Version 3 - July 3%, 2025
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Yes (19)

No (lile)

| agree to participate in Phase 1: General English Learning Survey (approximately 20-
30 minutes)
(FmiFrmnaadrsassesi 1: msdrsamsseunsmguialy (Ussuas 20-30 U1

| agree to participate in Phase 2: Tool Testing and Evaluation (approximately 20-30
minutes)

v ‘ o a o
(Gmmmnantrswsseei 2: msvaaevlasysuiunsols (Uszanad 20-30 w19

| understand that | can choose to participate in one or both phases of the research
(Gmndrleiramnsaidentrsumidaviionsaesszesvain1sivule)

| understand that | will generate my own participant code to protect my anonymity
while allowing participation across phases
(Gmsndiloisaimiaitrsamesmusaiovntoimslissydmiluasivenlisn
SITITEHLANG)

| understand that only my age and self-generated participant code will be collected
as personal data for this study

» voow ‘ - LA ) - v d’ & & &
(Gmsutleirliieserguassiagivsudias niuaainiuiivegmiivsausanduteya
auynnadmumsinyil)

| understand that by choosing to participate as a volunteer in this research, this
does not create a legally binding agreement nor is it intended to create an
employment relationship with the University of Sheffield.
(v”vmé'uﬁ'vlm'?mﬂa‘anﬁv::w"'u")mﬂuammﬁ'ﬂslums'?i?’mﬁu’lﬁ'afwu"amnaqﬁﬂﬂagnﬁu
ngmeuasifienuiesasnanudmiusTunsienususmimedaeyiiag)

| understand that | can withdraw from the research/study at any time. | understand
that | do not have to give any reasons for this and there will be no negative
consequences if | choose to withdraw.
(mdntlviannseseudaenmsise/msinwildnasnaar Tmudndrledrly
duiudadliiimraln 9 uazexlifnademeln 9 mnidenitezoeusis)

| understand that if | choose to withdraw, it may not be possible to remove the
research data | have contributed if | withdraw after June 14, 2025.
(mdndalaTmnideniioznous anbimmmaw’ayan7756’&1‘1"#7)«16’72»’31:7’7us"mlﬂ"
wnaeuimAIRINIuR 14 nsngiAx w.a. 2568)

Version 3 - July 3%, 2025
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Yes (19)

No (lile)

How my information will be used during and after the project
(Enslidayavastmidnlusinitwuadsiasinig)

| understand my personal details such as name, phone number, address and email
address etc. will not be seen by anyone outside the project team.
(misuirleirswazdenauyanavestmd? 1oy fo mneadlnsami ey uasiioy
i a4 sxlignuiulasyapalauenimienniulpsins)

| understand that my responses to the questionnaire(s) may be quoted
anonymously in publications, reports, web pages, and other research outputs. |
understand that | will not be named in these outputs.
(dmdnirledemevvessmdrmeuvuasunwiiaasynorsgnerduuyluidnuedolu

Lﬁ'vﬂuw' 1097 mSy uazuaeniiTeduq Pridutileirfovesdmisrelignsyyly
@A)

| understand that anonymized questionnaire data may be used for research analysis
and publication.
(misudrlairdeyauvvasunmiiliszyfenregnlddmiunisinssimsiseuasns

)

| understand that no audio or video recordings will be made during this study.
Y oy e » o , &
(msndrlodresluidnisduiniflesewirnshngiil)

Participant Details (37¢/az(8engfit1523):

« Name of participant [printed] (3857&1775'7:1 [

o Signature (a7e1du):
o Date (Fuil):

Researcher Details (5qwaziduminidn):

«  Name of Researcher [printed] (F9: 79 [#2uy)): Papatchol Thientong
o Signature (@7e16u):

« Date (3uil):
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@ University of | Schoolof

Sheffleld Scienpce

Project Contact Details for Further Information
(m1wazideantsansalasInIsamsudoyauiuiL):

Principal Investigator/Lead Researcher (¥2%11lasin1s/in3dgvan):

o Name (59): Papatchol Thientong

o Email (Blua): [pthientongl@sheffield.ac.uk]

« Department (4aun): Computer Science (3ngn15A0iAnes)
o -
Supervisor (81915891U3nw1):

« Name (89): Ms. Varvara Papazoglou

o Email (8iua): [v.papazoglou@sheffield.ac.uk]

o Department (Uwwun): Computer Science (3gn75A8)AANDT)
For complaints or concerns about the project
as o ) I
(Fmsunsiasssuvisadaniaanganulasins)

Principal Ethics Contact for the School of Computer Science (§afiavand1uaiussuvas

ANZAINYINIABNRALADS)

« Name (9): Prof. Jon Barker

o Email (Blua): [Lp.barker@sheffield.ac.uk]
o Department (wun): Computer Science (Ingnrsaeuitaunes)

Head of Department (Wantinuaun)

o Name (9): Professor Heidi Christensen

o Email (8lua): [heidichristensen@sheffield.ac.ukl

Version 3 = July 3%, 2025
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@ University of | Schoolof
Sheffleld Scien‘::ue

Data Protection Information (Yayanisuntasdoya):

This research is conducted in accordance with the University of Sheffield's Data Protection Policy and GDPR
requirements. Your data will be stored securely on University systems and will only be accessible to the
research team. For more information about how your data is used, please refer to the project information

sheet.

ae oo a » v oo v a, " . v o v
(ms3teianiumstiaenndesiuulavignsuntesdeyavesumyivedioladuastonmun GOPR doyavesnas
vwgnifuliothwvasndeluszuuvesminendtuazannsauirdelalaeiademiniu dmsuteyaiuduieiuns
lvoyavesnn usagueiudoyalasinis)
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A.1.3 Ethics Application for Survey Study

The following pages contain the formal ethics application submitted to the University of
Sheffield Ethics Committee.

The
University
y Of

' Sheffield.

Application 069760

Section A: Applicant details

Date application started:
Tue 17 June 2025 at 14:49

First name
Papatchol

Last name
Thientong

Email
pthientong 1@sheffield.ac.uk

Programme name:
Computer Science with Speech and Natural Language Processing

Module name:

COM Msc Dissertation Project
Last updated:

11/07/2025

Department.
Computer Science

Applying as.
Postgraduate Taught

Research project title:
Context-Aware Thai-English T with G Learning: An LLM-Based Educational Tool

Has your research project undergone academic review, in accordance with the appropriate process?
Yes

Similar applications:
- not entered -

Section B: Basic information

Supervisor

Name Email

Varvara Papazoglou v.papazoglou@sheffield.ac.uk
Proposed project duration

Start date (of data collection):
Thu 10 July 2025

Anticipated end date (of project)

Mon 8 September 2025

3: Project code (where applicable)

Project externally funded?
No
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Project code
- not entered -

Suitability

Takes place outside UK?
Yes

Involves NHS?
No

Health and/or social care human-interventional study?
No

ESRC funded?
No

Likely to lead to publication in a peer-reviewed journal?
Yes

Led by another UK institution?
No

Involves human tissue?
No

Clinical trial or a medical device study?
No

Involves social care services provided by a local authority?
No

Is social care research requiring review via the Uni i Ethics P
No

Involves adults who lack the capacity to consent?
No

Involves research on groups that are on the Home Office list of ‘Proscribed terrorist groups or organisations?
No

Indicators of risk
Involves potentially vulnerable participants?
No

Involves potentially highly sensitive topics?
No

Section C: Summary of research

1. Aims & Objectives

This aims to develop and a web-based educational tool that helps Thai students improve their English grammar skills
through intelli i ined with explicit ical instruction. Thai face signifi ges with English
grammar due to structural diff b the languages, parti ly with verb tenses, articles, and word order patterns that do not
exist in Thai. Current translation tools often correct mistakes without explaining the underlying g ical rules, g dep Y
without facilitating actual learning.
The research involves developing a hybrid artificial intelligence system using two iali guage models to Thai
into grammatically correct English while providing clear exp! ions of gl ical choices made during translation. The technical

will be by ion of a user-friendly web i that p both ions and i ions in
Thai to imi; p ion for
The evaluation phase will involve Thai English learners testing the developed tool and providing feedback through structured
q about its i ffecti and usability. The study will assess whether this of g with
explicit g i ion helps | d English gi pts better than traditional correction-only methods. The
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is an evid based educati that serves as both a i ion aid and an eff
ding of how artificial

learning tool, ially imp 9 English language ed for Thai stud while advancing our
intelligence can be appllad to support second language acquisition.

2. Methodology
This research will employ a mixed inil ical with user ion to assess the effectiveness
of the educational translation tool. The study wull be conducted ennrely online to particip and enable broader
participation from Thai English learners across different locations and backgrounds.
The research will be structured in two main phases, each i ing online questi i ini d through Google Forms. The first
phase will target a broad demographic of Thai English to general ing p and needs. The second phase will

focus on a more specific group who will directly test and evaluate the developed tool.
Phase 1: Initial User Needs Assessment

Partici will plete an online questi i ploring their current English ing specific they face,
and existing tools they use for I g ing. This baseline survey will inform the tool's design and help identify the most common
grammatical difficulties among Thai English learners. The { ire will take i 20-30 minutes to complete and will be
distributed through university ks, English g and social media platforms to reach the widest possible range of

Thai English learners. This phase aims to gather insights from diverse backgrounds including students, working professionals, and
language center learners.

Phase 2: Tool Testing and Evaluation
Fi g the initial and tool P using high-p: a more specific group of
participants will be rectuned to dlreclly test the webbased translation tool. These participants will use lhe tool by translating sample Thai

and g the provided. The testing session will be sell-paced and conducted through a web

browser, allowing panicipans to explore the tool's f at their own i After pleting the testing session, participants will

a detailed feedb { i luating the tool's usability, accuracy, translation quality, and educational value. This phase
will assess whether the tool effectively exp g pts and helps users d English
Data Analysis
Quantitative data from both i ires will be analyzed statisti to identify p inl ing prefe demographic trends,
and tool i ratings. Qualitative data from open-ended survey will be y { o user
experiences and identify areas for tool imp! All particip: will be ymi; using ass ici codes,

ensuring that individual users cannot be identified in the analysis or reporting of results.

3. Personal Safety
Have you completed your departmental risk assessment procedures, if appropriate?
Not Applicable

Raises personal safety issues?

No
This h poses no safety or physi well-being risks b all activities will be entirely online through
secure platio«ms. focusing on the ive topic of languag ing tool ion. The gy i d demi
p ludi volunlary q i ires and interviews about educati gy, with no physical int tion,

i ion, or p i ing content. Particip can wi atany llme, and as the researcher, | will be working in
secure university facilities with supervnsor support, ing ished ices for ed gy h that are inely

conducted without safety concerns in academic settings.

Section D: About the participants

1. Potential Participants

Potential participants will be identified and ited through i to ensure access to appropriate Thai English learners
while maintaining ethical p . The study targets adult Thai speakers who are actively engaged in English language
ing, rep ing a lation that can provide meaningful insights into the educati tool's effectr

Primary Recruitment Sources:
The recruitment strategy focuses on two main channels that provide access to diverse groups of Thai English learners. Staff members

from a tutoring school in Bangkok will be as they rep adults working in educational environments with regular English
language exp and practical experi with language learning tools. Additionally, particip will be ited through university
in Thailand, i V] and recent g who are actively learning or using English in academic contexts. These

sources ensure access to participants with varying levels of English proficiency and different educational backgrounds.
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Selection Criteria:

Participants must be native Thai speakers aged 18 years and above who are currently learning or actively using English as a second
Ianguage They should p fficient English profici to ials and provide meaningful feedback about
the i tool. Bassc p or tp skills are required for online participation, along with reliable internet access. All
participants must demonstrate willingness to engage in online questi ires and indep tool testing sessions.

Recruitment Process:

Recruitment will be conducted through direct contact via existing and p i g that p ial p

receive clear explanations about the study p di and time i i The volunlary nature of pamapauon will
be i all i icati with no pi ori ives offered. The target sample size of 20-30

participants will be recruited across different age groups and English proficiency levels to ensure diverse perspectives on the tool's
educational effectiveness.

Ethical Considerations:

All i ivities will be d through pre-existing i ips and iminati about ion or undue
mﬂuenoe Participants wnll receive comprehensnve information about the study enabling them to make fully informed decisions about
par No or p p will be applied during recruitment, and the voluntary nature of participation

will be clearly oommumcated at all stages of the research process.

2. Recruiting Potential F
Potential participants will be approached through two main channels using a direct, informal recruitment process:

Tutoring School Staff (Bangkok):
Adult slaﬂ members at a tutoring school in Bangkok will be approached directly by the school administrator or through existing

Bilingual i ials (Thai and English) will be shaved with interested staff members who are nauve
Thal speakers actively learning English. The recruitment package will mdude ini lhal lhe h ping
a web-based tool to help Thai l impi their English g through i iling p p qui pleting
two online questi and indep testing an z ion tool, with approxi 45 mi total i over
6 weeks), and emphasizing that participation is voluntary with no professional consequences and the ability to withdraw at any
time.
University Nelwork
Thai uni y stud and g will be app hed through my sister's university network via p | and social
connections. Recruitment materials will be shared through informal channels such as social media groups, pevsonal messages, and word-
of-mouth r { Potential ici will receive the same bili information p g the purp

time commitment, and voluntary nature of participation.

Recruitment Process:
Those interested in learning more will contact the researcher directly via email or through the referring contact. This initial contact
indicates only willingness to receive additional information and creates no oblcgallon to participate. Interested individuals will then receive

the full participant information sheet and consent form, allowing them to make an inf d decision about participation. The
target is 20 30 adult participants aged 18+ with varied English proficiency levels.
Al phasizes that participation is entirely voluntary, sep from any ic or professional obligati and that

participants can withdraw at any time without consequences.

2.1. Advertising methods
Will the study be advertised using the volunteer lists for staff or students maintained by IT Services? No

- not entered -

3. Consent
Will informed be obtained from the ici ? (i.e. the proposed p ) Yes

will be ined through a P! ive digital pi where adult participants aged 18 years and above receive
detailed bilingual i . als in Thal and English ining the of developing an i Thai-English
ion tool, participati quil g two online i ires and web tool testing totaling approximately 50-60 minutes

over 6 weeks, and GDPR pliant data handling procedures luding the legal basis for processing (public interest research), data
storage on secure University sy access limitations to the team only, and 5-year retention periods. Participants will provide
granular digital for each aclnvny through onhne forms, with consent reconfirmed at each stage and clear emphasis on

i Y icipati to any p orp igati along with contact information for the research
team and indep int p: to ensure ici can raise at any time during the study.

4. Payment

Will financial/in kind payments be offered to participants? No
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5. Potential Harm to Participants

What is the p ial for ical and/or psychological i to the

The potential for harm in this research is minimal, with the primary risks being minor psy I i and i i to
participants. The most likely source of harm |s temporary llusttallon or mild anxxety that participants might experience when testing the
tool if it p or ially causing brief discouragement about
Iheu Enghsh Iearnmg abilities or !eelmgs of inad y regarding lheir language skills. Additi y, particip might i slight
when i ires about their English proficiency levels, particularly given cultural tendencies in Thai
ducati where may feel modest or hesitant about discussing their language abilities. There is also minimal risk of
data-related ooncem if pamclpams worry about how their responses might be used despite anonymization procedures, though
provision should mitigate this risk. The degree of potential harm is limited to minor inconvenience from the
time commnmenl of approxnmalely 50-60 mmutes across the study period and y mild frustration with tool p which is
|ust|ﬁod by the ) of ping i tools that could significantly benefit Thai English learners’ grammar
and i to imp d language | ing for this ved population, with the p ial benelfits far
outweighing the minimal risks involved.

How will this be managed to ensure appropriate protection and well-being of the participants?

Multiple safeguards will be impl d to i ial harm and ensure ici well-being th hout the
Clear exp ions will be ished about the experil | nature of the translation tool, with explicit explanations that em)rs and
i rfections are exp as part of the P process, thereby ing fi ion when mi occur and g that
tool performance does not reflect participants' English abilities. Particip will be i that their f to i
educational vesources rather than serving as an assessment of their language skills. Cultural sensitivity will be maintained by
Thai ication styles and providing ials in both Thai and English to ensure full comprehension, while allowing
participants to express concerns or feedback in lheir preferred language. Partici will be explicitly i of their right to skip
questions, take breaks during testing i pause { i or wil from the study at any time without providing
p ions or facing any q Contact inf ion for both the primary researcher and university supervisor will be readily

i for particip to raise about any aspect of their involvement, and technical support will be provided promptly to
address any dlﬂlculbes with the web-based tool that might cause f ion. The design incorp flexibility in timing and
pacing, i o ivities at their own i to reduce any sense of pressure or time-related stress, while
regular remlndets aboui the voiunlary nature of participation ensure ongoing comfort with their involvement in the study.

6. Potential harm to others who may be affected by the h
Which other people, if any, may be affi by the ivities, beyond the particip and the team?
Other people who may be affected by this research include colleagues and administrators at the Bangkok tutoring school where
recruitment will take place, friends and i within uni ity who may be for participation or
aware of the research through social { and h hold such as family or flatmates who may be present in
participants’ homes during online questi i ion or tool testing i School staff who are not participating may become
aware of the research through workplace discussions or i ivities, while uni ity network may
recruitment communications or hear about the study from ial particip H hold b P the most direct form of
indirect involvement as they may be present during ici with iviti i hearing to
questionnaires about English leaming experiences or observing participants’ i ions with the ion tool during testing sessions.

What is the potential for harm to these people?

The polenllal harm to individuals beyond direct participants is minimal and p minor i i or privacy
School ini may i minimal additional workload in facilitating initial recruitment communication with
d staff b though this rep: only a brief ini ive task rather than ongoing burden. Fnends and acquaintances
within university may experi minor i i if asked about the orif i f ion is shared through
social channels, potentially creating slight social p or around ining to ici or share i ion.
members sueh as family, ﬂalmales or others present during online research activities face the primary risk of inadvertently overhearing
or 1g screen content, which could compromise participant privacy and lead to minor embarrassment if
personal information about English | hall or is overheard. Thele |s also minimal risk that household members
might feel obilgated to provnde privacy or qmel space for partici during ially causing minor disruption to
or g temporary i in shared living spaces. Overall, the potennal for harm to these individuals
very low, isting primarily of brief inistrative tasks, minor social i i and temporary privacy i ions that do

not pose signifi physical, psy ical, or social risks to anyone beyond the direct research participants.

How will this be managed to ensure appropriate safeguarding of these people?

Several will be impl to safl d all affected parties while maintaining appropriate boundaries and minimizing any
impact on partici School ini will receive clear information about the research scope and their minimal

involvement, which is limited to facilitating initial contact with i staff through appropri with

explicit assurance that no additional administrative burden will be placed on school operations and that slaﬂ participation remains entirely
from i duties. Recrui through university will be through existing social

connections with clear messaging that participation is entirely voluntary and indep ing no p is placed on mutual
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friends or aoquaimanoes to panicipale or lacilitale i iviti To pmlsct privacy, partici will receive
about 9 iality during includi ions to
quesnonna-res and tool testing in private settings when possible, advsce to use headphones N needed to prevent others from overhearing
responses, and flexible scheduling options that particip prefi for pnvacy and minimize household disruption.
Professional and social boundanes will be maintail ghout all i and with partici clearly i
that their decision to p or wil will have no impact on existing p! i or social { ips, while contact i
for the team will be i to any ions or from particij or their rks. These P
sa'eguards ensure minimal impact on ici while p! ing participant privacy and maintaining appropriate boundari
and existing p i or social i ip
T ing of ori
What arrangements will be in place for participants, and any other people to the University who are involved in, or affected by, the
to enable rep g of inci or
If participants or any other people are dlssallslxed with any aspect of the research and wish to make a complaint, they can contact
the (Pap Thi g: p g1@ ield.ac.uk) or
the project supervisor (Varvara F IV, ield.ac.uk) or
the Principal Ethics Contact (Prof. Jon Barker: j.p. ield.ac.uk) in the first i

If they feel their complaint has not been handled in a satisfactory way then they can contact the Head of the School of Computer Science,
Prof. Heidi Chri: heidi.chri eld.ac.uk

If the plai how their p data has been they can find i ion about how to raise a complaint in the
University's Privacy Notice: https:/ ield.ac.uk/govern/data-pi ion/privacy. This i ion is also included in the i
sheet.

Who will be the Desigi guarding C ?

The researchers involved, the Principal Ethics Contact and the Head of the School of Comp Sci as specified in the p
question.

How will rep incidents or be handled and lated?

The DSC (Designated Salsguavdmg Contact) should try to obtain as much information as possible regarding the reported incidents or
concerns, whilst also acting itively and p the p that will be undertaken for handling the report.
The Research Ethics & Integrity Manager in Research Services will also be notified so that advice can be sought regarding the
appropriate next steps.

If necessary, advice will be sought from one of more the following, depending on the nature of the concern: |
- The University’s Safeguarding and Welfare Unit

- Human R - Uni ity R h Ethics Ci

- Vice-President for Research and/or Faculty Di of R &

The victim, and other relevant parties should be kepl d reg: g prog and key decisions in dealing with the matter. (text
adapted from https:/www.sheffield.ac.. i ding )

Section E: Personal data

1. Use of personal data

Will any data be p or as part of the project?

Yes

Will any 'special category’ p data be or as part of the project?
No

Provide the number of people whose personal data you expect 10 process or access.
100

2. Managing personal data

Which organisation(s) will act as data controller(s) of the personal data?
University of Sheffield only

Who will have access to the personal data?
Access to personal data will be strictly limited to i with legiti and appropriate data px ion training.
Within the University of Sheffield, access will be restricted to myself as the primary researcher for data collection, analysis, and reporting purposes,
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and my ic supervisor for ight and quality The C Science dep ] ical support staff may have
Iimllod access 1o ized data stored on y-app: systems for backup and technical maintenance purposes only, with no access to

or details. External access will be minimal and carefuly controlled, wnh the tutoring school administrator in Thailand
having awess only to basic contact i i y lor itating initial with i adult staff but
no access to or data. Uni y network contacts will only have access to basac study information for recruitment
purposes, with no access 1o participant responses or researcn data. No other external partner institutions, or service
providers will have access to personal data, and all individuals with data access will receive appropriate data p: { i while data remains
stored on University of Sheffield secure systems with access controls ensuring individuals can only access information necessary for their specific
responsibilities.

What . and/or ag will be put in place to manage the personal data?

Ce ive data p i will be i gl the lifecycle to ensure ici privacy and

Personal identifiers will be from all data mrough a robos( anonymuz,anon process where participants will generate their own unique
alphanumeric codes using a i that i ing the first letter of their birth month, the second

digit of their age, their first name length modulo 10, number of siblings modulo 10, and the last digit of their phone number (e.g., J-3-5-2-8). This self-
generation system elummates the need for a masler list linking participant identities to codes, as participants can recrea(e lhelr codes when needed

while ing the are ing and non- umque to prevent reverse identifi of i All
responses will be processed using only these participant-gi codes, that data cannot be directly linked to individual

Digital data g will follow strict security protocols with all data slued on University of Sheffield approved Google Drive systems
with encryption, multi-factor ication, and regular backups. Questi will be through secure online
platforms with SSL encryption, and consent forms will be scanned and slored dlglwlly on secure university Google Drive before secure destruction of
paper copies. Access limitations will be enforced through role-based only can access specific data types,
with no i for storing partici contact details gsi P since the self-g code system eliminates the need
for identity-linking i Publication and di inati g will ensure partici cannot be identified in any reports, presentations,
or academic publications through mrsful review of all outputs before veleaso D ic i ion will be rep only in aggregate form, and
any direct quotes 'rom i will be g with identifying details or altered. Data retention policies will
follow with yed i after in 2025, while anonymized research
data will be le(ained for 5 years as per university policy. Participants will be clearly i about iality and the self-g
code system, and provided with clear for ising their data subject rights including access, correction, and deletion of their personal
information.

Will all identifiable personal data in digital or physical format be destroyed within a defined period after the project has ended?
Yes

When will the identifi data be yed?
Different types of identif data will be Y ing to iate ti based on their ity for the process
and q F ipant Contact Details: Contact ing email or other p: means of contact such as
social media ging or phone used for sending questionnaire links and tool access will be destroyed immediately
after ion of data ion (by 2025), once all ivities have been and there is no !unher need to contact
participants about the smdy Digital Consent Forms: Signed consent forms will be retained for 5 years after di i in
with L ity of data ion policies, as lhese may be required for audit or ination queries about
ethics compl and will be yed by 2030. ials: Any recruil i ining contact i will be
securely deleted within 1 month after completion of the recruitment phase (by August 2025), once all neeessary pamclpams have been enrolled and
no further ivities are required. Y F Data: All data using
on'y pam:lpanl generated oodes will be retained for 5 years after di { ion for ial future £ icati with no
after the ion ti outlined above Since participants generate their own codes using the

pvedetevmmed algorithm, no master linking list exists to connect codes to identiti ymization from the point of data

These ti balance needs with data inci g P data is not retained longer than necessary
while allowing for ( ic review and ial future use of fully ized data that cannot be traced back to individual
participants.

3. Third-party services

Wil any external third-party services not provided by the University be used to process or access personal data during the project?
No

4. Security of devices and
Will p data be pi or on any or devices that are not by the University of Sheffield?
Yes
Will all computers and devices that are not by the U ity of be secured in accordance with the IT Code of Connection?
Yes
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Will any software not by the U y of be used 10 process or access data?
No

Will any software be written or developed in order 1o process or access the personal data?
Yes

Wil the new software be secured in accordance with the IT Code of Connection?
Yes

Section F: Supporting documentation

Information & Consent

Participant information sheets relevant to project?
Yes

Document 1156603 (Version 4) All versions

This inf ion sheet is bili (Thai-English) to help with Thai participants.

Consent forms relevant to project?
Yes

Document 1156604 (Version 3)

All versions
This form is bilingual {Thai-English) to help with Thai participants.

Additional Documentation

Document 1156754 (Version 1)

All versions
Draft of the first questionnaire on Google Forms

External Documentation

- nof entered -

Section G: Declaration

Signed by:

Papatchol Thientong
Date signed:

Thu 3 July 2025 at 15:36

Official notes

- not entered -

111



Appendix A. Ethics Approval Documents

A.1.4 Ethics Approval Letter for Survey Study

The following document contains the official approval from the University Ethics Committee
for the survey study.

University

Js Of
Sheffield.

Downloaded: 21/08/2025
Approved: 11/07/2025

Papatchol Thientong
Registration number: 240166944

Computer Science

Progi C i with Speech and Natural Language Processing

Dear Papatchol

PROJECT TITLE: Context-Aware Thai-English T ion with Integ Learning: An LLM-Based Educational Tool

APPLICATION: Reference Number 069760

On behalf of the Uni y ethics revi who revi your project, | am pleased lo inform you lhat on 11/07/2025 the above-named

project was approved on ethlcs grounds, on the basis that you will adhere to the g doct that you itted for ethics review:
« Universi h ethics application form 069760 (form submission date: 03/07/2025); (expected project end date: 08/09/2025).

. Pamepam information sheet 1156603 version 4 (03/07/2025).
« Participant consent form 1156604 version 3 (03/07/2025).

If during the course of the project you need to deviate si
approval will be required.

ation please inform me since written

Your

ibilities in delivering this h project are set out at the end of this letter.

Yours sincerely

Luke Whitham
Ethics Admin
Computer Science

Please note the following responsibilities of the in delivering the project:

« The project must abide by the University's Research Ethics Policy: hitps./ww effield.a
-Thepro;eamuslab.debythel" ,sGood"‘ ‘&' ion Practices Policy:

+ The vesearchev must mlovm melr supervnsor (m the case ol a studenl) or Ethics Admin (in the case of a member of staff) of any
significant changes to the project or the approved documentation.
« The researcher must comply with the requirements of the law and relevant guidelines relating to security and confidentiality of personal

data.
o The is responsible for ively ging the data collected both during and after the end of the project in line with best
practice, and any rel legislatr gulatory or | requi
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A.2 Dataset Annotation Ethics Documentation

A.2.1 Ethics Application for Dataset Annotation

The following pages contain the ethics application for the dataset annotation work conducted
to create training data for the XLM-RoBERTa tense classifier.

= The
f ; University
" Sheffield.

Application 070793

Section A: Applicant details

Date application started

Mon 18 August 2025 at 15:55

First name

Papatchol

Last name
Thientong

Email
pthientong 1 @sheffield.ac.uk

Programme name

MSc Computer Science with Speech and Language Processing

Module name:
COM MSc Dissertation Project
Last updated

20/08/2025

Department.
Computer Science

Applying as
Postgraduate Taught

Research project tille:
Thaislate: an Al-Enhanced Tool for Thai-English Grammar Learning

Has your research project undergone academic review, in accordance with the appropriate process?
Yes

Similar applications

- not entered -

Section B: Basic information

Supervisor
Name Email
Varvara Papazoglou v.papazoglou@sheffield.ac.uk

Proposed project duration

Start date (of data collection):
Mon 18 August 2025

Anticipated end date (of project)
Mon 25 August 2025

3: Project code (where applicable)

Project externally funded?
No
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Project code
- not entered -

Suitability

Takes place outside UK?
No

Involves NHS?
No

Health and/or social care human-interventional study?
No

ESRC funded?
No

Likely to lead to publication in a peer-reviewed journal?
Yes

Led by another UK institution?
No

Involves human tissue?
No

Clinical trial or a medical device study?
No

Involves social care services provided by a local authority?
No

Is social care research requiring review via the Uni i Ethics P
No

Involves adults who lack the capacity to consent?
No

Involves research on groups that are on the Home Office list of ‘Proscribed terrorist groups or organisations?
No

Indicators of risk

Involves potentially vulnerable participants?
No

Involves potentially highly sensitive topics?
No

Section C: Summary of research

1. Aims & Objectives

The purpose of this research is to extend a tense prediction dataset, in order to create a system for tense classification, as a part of a
larger system designed to help Thai students improve their English grammar skills.

2. Methodology
The existing dataset, retrieved from Kaggle [1,2], contains 13,316 English sentences, labelled with their grammatical tense as Past,
Present, Future. | am planning to a fraction (approxi 2,000 of this dataset with 24 fine-grained labels,
specified in [3).
Citations:
[1] W. H. Lee, “NLP Tense Prediction,” 2023, Kaggle Notebook demonstrating NLP-based tense prediction techniques. [Online).
Available: https//www.kaggle. 9/ nip-tense-predicti

[2] H. Rahman, A. Hossain, and M. S. Hossain, “English tense classification,” 2024. [Online]. Available:
https://www.kaggle.com/dsv/8693486
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[3] P. Phatraphureeraks, Perfect English Grammar: Thai Grammar Textbook for English Learning. Bangkok, Thailand: MIS Book, 2020,
Thai language grammar textbook for English learners.
3. Personal Safety
Have you completed your departmental risk assessment procedures, if appropriate?
Not Applicable
Raises personal safety issues?
No

No personal safety or physical or mental well-being concern is identified for the project.
As the only annotator, | will make sure to take regular breaks during the annotation process and will keep my supervisor up-to-date about
the progress.

Section D: About the participants

1. Potential Participants

I am the only participant.

2.F iting Potential F

Not applicable.

2.1, Advertising methods
Will the study be advertised using the volunteer lists for staff or students maintained by IT Services? No

- not entered -

3. Consent

Will informed be ined from the partici ? (i.e. the prop: p No

I am the only participant, therefore | am aware of the details of the research.

4. Payment

Will financial/in kind payments be offered to participants? No

5. Potential Harm to Participants

What is the ial for ical and/or logical L tothe

Physical tiredness and eye-strain are some of the potential harms, but are considered minor, and | will try to minimise their impact by
taking regular breaks during the annotation process.

How will this be managed to ensure appropriate protection and well-being of the participants?

Reasonable, regular breaks will be taken and my supervisor will be kept up-to-date about the progi and p ial issues or

6. Potential harm to others who may be aff by the

Which other people, if any, may be by the ivities, beyond the particip: and the team?

No other people are involved in this project.

What is the potential for harm to these people?

Not applicable.

How will this be managed to ensure appropriate safeguarding of these people?

Not applicable.
7. Reporting of g or i
What arrangements will be in place for participants, and any other people to the University who are i in, or aff by, the
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to enable reporting of inci or ?

I am the only participant, so in case of any problems or concerns | will inform my project supervisor (Varvara Papazoglou:
v ield.ac.uk) or the ing support team of my academic department ({ ing ield.ac.uk) or my
academic tutor (Nikolaos Aletras: n.aletras@sheffield.ac.uk).

Who will be the Desigi f ing C: ?

My project supervisor, the teaching support team and my academic tutor.

How will repx inci or be and

Not applicable.

Section E: Personal data

1. Use of personal data

Will any data be or as part of the project?

No

Are you sure that no p data will be or during your project?
Yes

Section F: Supporting documentation
Information & Consent

Participant information sheets relevant to project?
No

Consent forms relevant to project?
No

Additional Documentation

External Documentation
- not entered -

Section G: Declaration

Signed by:

Papatchol Thientong

Date signed:

Mon 18 August 2025 at 16:09

Official notes

- not entered -
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A.2.2 Ethics Approval Letter for Dataset Annotation

The following document contains the official approval from the University Ethics Committee
for the dataset annotation work.

The
University

of
Sheffield.

Downloaded: 21/08/2025
Approved: 20/08/2025

Papatchol Thientong

Registration number: 240166944

Computer Science

Prog MSc Comput i with Speech and Language Processing

Dear Papatchol

PROJECT TITLE: Thaislate: an Al-Enhanced Tool for Thai-English Grammar Learning
APPLICATION: Reference Number 070793

On behalf of the Uni ity ethics revi who revi d your project, | am pleased to inform you that on 20/08/2025 the above-named
project was approved on ethics grounds, on the basis that you will adhere to the following d ion that you itted for ethics review:
o Uni ity h ethics ication form 070793 (form submission date: 18/08/2025); (expected project end date: 25/08/2025).

If during the course of the project you need to deviate significantly from the above-approved documentation please inform me since written
approval will be required.

Your ibilities in

this 1 project are set out at the end of this letter.

Yours sincerely

Luke Whitham
Ethics Admin
Computer Science

Please note the following responsibilities of the in ing the project:

The project must abide by the University’s Research Ethics Policy: hitps: w.sheffield.a
The project must abide by the University's Good R h & | ion Practices Policy:
hitps.//www.sheffield. ac.uk/p 671066 !/file

The researcher must inform their supervisor (in the case of a stud
significant changes to the project or the approved documentation.

0l0p0

pdf

et) or Ethics Admin (in the case of a member of staff) of any

« The researcher must comply with the requirements of the law and rel guidelines relating to ity and confi ity of p
data.
e The her is ible for effectively ging the data coll d both during and after the end of the project in line with best

practice, and any relevant | gislati

gulatory or q
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Survey Questionnaire

This appendix contains the complete questionnaire used in the user study to gather insights
from Thai English learners about their language learning experiences, challenges, and
preferences.

B.1 Thai English Learners Questionnaire

The following pages show the Google Forms questionnaire that was distributed to 218 Thai
English learners during the requirements gathering phase of this research. The questionnaire
was designed to:

e Understand the demographic profile of Thai English learners

Identify specific challenges faced in English grammar learning

e Assess current tool usage and satisfaction levels

Gather preferences for educational technology features

Validate design decisions for the Thaislate tool

The questionnaire consisted of multiple sections covering demographics, learning context,
grammar challenges, technology usage, and feature preferences. Responses were collected
between July and August 2025 and formed the basis for the requirements analysis presented
in Chapter 3.
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Thai English Learners Survey
— Help Us Improve Language
Tools

Research Project Title and Researchers
Folasamsideuaniniss

Project Title: Context-Aware Thai-English Translation with Integrated
Grammar Learning: An LLM-Based Educational Tool

#aTaseins: msudanng-sanguingy levsunwiannsiseusliensal
wuuysans: wsasiiansdneii 1 ueansnawa Ina

Lead Researcher: Papatchol Thientong (118 Usida ifisunaa)
Student Researcher, MSc Computer Science (1infinunids UsayanTn
Ingmsaeniiames)

Email: pthientong1 @sheffield.ac.uk

Supervisor: Ms. Varvara Papazoglou (mmiﬁﬁﬂ?ﬂm)

Email: v.papazoglou@sheffield.ac.uk

Department of Computer Science, University of Sheffield (nna3an
Angmsaeniames ivinanenduanilas)

Project Information (ﬁa}gaTﬂﬂn"ﬁ) waz Research Consent (N5
FugaNIENTINWIIY)
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Taking Part in the Project nsi#hsn Tasenns *

1. dmdhldauuandn lanansiaya Tassnisasiuii 3 nsnga
w.¢. 2568 winlasunisasune Tasamsatasudiuud (minam
ooy "li'ly" dadnnnil Tseasnsendiuiivdasnauuuvasy
awniguandt leimsidnsn Tasimsminsanuiteensls)

2. dwdldsuTomalumsanadinunigidu Tasinns
3. Frwdudr leismsuansanainanianisipasou

4. Frwdanandnsnsesi 1: msdmensEauneaingeialy
(Usznneu 5-10 waid)

5. g lahawsaianidsiuniisnianisasszazeains
Fonler
6. Fmidgn ladnezasesiagignsingesauisaiiaUnilaenisla
srysau luansiigan Idighsauszasi 2

kg v o @ v v a_ v & G oA
7. i leifidisaonguazsdadidnsanfiaseiueainiuiies
gnifuswsdudayadnyanadmiunisdnuil
8. Frwidd leimsideniisnisimiuananaias lunsiseila

Teasdaanasifinagniinenguansuazlifinauiiszashanim
duius lunshanuivaminendoamilas

9. Fmidgn lahawnsanaumannsive/msinelanasaan
Fgn leibisnludes Wnanala 9 uazeclifinadamala
9 ¥NiEanznauel

10. widndr leinideniivznauda onvbisansaaudayanis
Apfidmdlafidnsuldmnasudmainniui 1 Gonew we.
2568

Mark only one oval.

) Yes (1)
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doyaagl lasen1s3dn

4 U VR - .
#aTasenis: maudaneng-denaeiidh lavsumwsaumaifaughensaluuy
ysms: wdasiiamsinend lalaeanwnaun lnay

1in398: Usiaaa igunas (inAnuuSaan Tn), Ms. Varvara Papazoglou
(@ wnsdiznm)

a0 MAdTINgIN1IANAIADT N IngdBIEWTas
nsAnniiganuasls?

mavianesadiaivladiiensinmiigiefisaunnsinaunnilng
USudseinezliennsal insasiiatiudas: Tsanmnneilununsanguuas lvien
asuafizaiunisden ldhensoiuazgluuuan 9 isdanisd lein
waTuTafidananiiys: TemfdmSugdiSaunmnsinguenilnsudlu
vinudparinezls?
nsdngeienindaiunilmianiaessey:

o saxi 1: apuuuudaunmeaulaviisiuyssaunsainsEeunnmn

8ange (5-10 w1i)
o szaEi 2: nadulAdpiawlan uua: lianu@Aadiu (30 ui)

s 510 Wil (lawaeseasi 1) wp 40 unii (aapasees)
doyadAty

msihsamdiunsaiaslaTasanysal
siusansanausldaaeaiian Tnglides Iineua
Wwwsnguazsiagigsmiriuasaeainiuiasgnifviudoyadou
uaea

o AABUNS gnifiuiua laiszysianu

« doyagiivagnaaandouas 1diin Taqussaednsisariniy

Andoasiu

vinuiians lumsuhds uile wiaze Iavdayadiuyarazaainu dmiudeyans

Unilasdayauuuiin nganand Tvaauuuwesudayanivanysel [Project.
Information] [Consent Form]

yaAnaAD

2

in3vevan: Usiawa fisunas - pthientong1@sheffield.ac.uk
p19158AUSnE: Ms. Varvara Papazoglou - v.papazoglou@sheffield.ac.uk

AnRpAM93ETIN: Prof. Jon Barker - j.p.barker@sheffield.ac.uk
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) No (laila)

2. How my information will be used during and after the project *

385 lddayazasimdn lustwinauasvas Tasenns

1. dwidudh leisneandeadiuyanazasdind i Za vaneae
Tnsewl fing wasfingBua va9 arligniiulasyanalavanwmiia
nniinlasens

2, g laidesuzasiminssuuusaIINNIEBIABNR
gnaedauuubidaweds ludefian 5189w windu waznaswise
Buq drwdndr leirdezasdmideclignszy lunasumanil

3. g laidayauuusaunniiliszydinanagn lddmsuns
Aiassinisiveuaznsafian

4. dwdnd leiazlaifinsuuiindd Tasswinensdnunil

Mark only one oval.

) Yes (14)
) No (lai's)

Basic Information / Hayafiugu

e S3hty_qUpT
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3. Age Group / 5421828900 *

Mark only one oval.

4. Current Status / aaunwilaguiy *

Mark only one oval.

() University student / windinun

( : ) English teacher or tutor / A3 %38 Aumasnunsinge
(") Other teacher/educator / ag/sinnsdnuananau

(") Office worker/Corporate employee / wiinaupawile/u3in
( : ) Government employee / 41512115

( : ) Healthcare professional / 'LjFIR'mi“’NTI’ﬁLLW“II

: Business owner/Entrepreneur / 1dh2a4g3ia/gusznauns

() Freelancer/Self-employed / W5uaug/\sznauan@ndas:

) Job seeker/Between jobs / fi@an191m/41947u

) Homemaker / waitin/watiu

Retired / infinouudn
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7. Comments regarding any questions in this section / Faauiuas

vndnigiudanauaasa ludwi

Current Learning Methods / 38nsisauilagiiu

_q0pT) " 721
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How long have you been using English? / anul#nmnsangquan  *
wminlusuan?
(auaFFaune win 1 ludialszaniu)

Mark only one oval.

() Rarely used English / l#fnunasnquinaunn
) Less than 5 years / iagnin 51

) 510years/5-101

) 11-15years / 11-151

) 1620 years /16201

() More than 20 years / a1nn1 20 1

How would you rate your current English level? / amuazlsziiiu *
stiumeBInguilagivesiquegnels?

Mark only one oval.

) Beginner / 3ugiu (A1) - ldss Taafugnudsanudaies sana
WUANAILAZANABUTBYAEIUAIEY)

() Elementary / susifugnu (A2) - v lausz Taadney ey
AsBUATI NM3BR2RY M5HL swnsadeans luaaunsaiialy
() Intermediate / Yunana (B1) - vﬁ'u'LQUi:\ﬁuwa“n'luﬁmﬁﬂ"unﬂﬂ
aansadigugaaNieY iRgfuideiiaule

) Upper-Intermediate / nunanaguga (B2) - 191 ledaanuiigusau
ansaaunnlasgendasd daudsanuiiiineasden

) Advanced / g1 (C1) - W laganugnuazsudeu ldnmnldagng
Aonzju luanumsaimedsan 32nms waznsinem

") Near-native / ifiauidhaasniun (C2) - 1 lannasiisnuuasitele
atheirame aansaudasanuAniiufisudenldegausiug
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How do you currently engage with English? (Select all that apply) *
/ qauiinis ldvFaiiedasiunnunsaingu uileqivesnals? (Fenld
Wangen)

Tick all that apply.

|| Formal classes (university/college/institute) / (5 luanniu

(v Ingnds/Anenas/anntiunim)

|| Private tutoring / Seiieu

[ online courses/apps / apsapaulati/uays

[ self-study with textbooks / 15gudgau@InneIs

|| watching English movies/series / gmia/@5dnunsangu

D Reading English books/articles/websites / uwiada/unainm/
Buladnnsingy

D Listening to English music/podcasts / faiway/waauaadnunsangs
[ Using English at work / & snasngu lunnsvinem

| Speaking with native speakers/foreigners / waruishzasns/z1n
[2a8tat0)

|| Playing English games/social media / waunu/ 18 lmGsaiidisn1n
BINgE

|| Professional development/training / Wamineafiantsrinau
|| Rarely use English / 1#nunsanguiasan
[ No longer use English / lail& l#nunsanquuss

D Other:
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What is/was your primary motivation for learning English? /uss  *
9 landn lumsiSsunnsinquesquinssls (Wanawiidusou)?

Tick all that apply.

|| career advancement / anaifiavti lunsvinan

[ | Academic purposes / fnguszasdniaiznns

[ Travel and tourism / naiumanasviaaiiien

|| Personal interest / anuau ladauss

[ | International communication / Ms@aansaswinatlssng

D Immigration requirements / FafinuANTENEW

|| Exams and/or school requirements / #aau waz/w3e Tsusau

How effective are the ways you currently engage with English ~ *
for improving your English skills? / 35fiqau ldnmaangu lu
Hlagiwnedauninezaanuladualun?

Mark only one oval.

()1 -Not Effective at all / lsignawanias
2- Slightly effective / fpWamdnias

3 - Moderately effective / #aWauUiunans

) 4 - Very effective / 2nawaminn

() 5-Extremely effective / graWmuanniign

() N/A-Rarely use English / l#nsnasnquiiagann

22082025, 16:10

13.

15.

_q0pT) o1
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How confident do you feel when using English in different *
situations? / qruganaiu lawalwudia ldnusingu luaaunisel
701997

Mark only one oval.

Not 5 - Extremely confident / u‘"u‘lamn?’iz!m

Describe a specific situation where you had difficulty with English
/aBupanunsaliamzinaiiymdunmnsainge

For example: writing professional emails, giving presentations,
understanding movies, ordering food, job interviews, etc. / 638£74: 175
(FguBinanns Msiuaus n1sgwia n15aNa T NSANAEANIY 989

Comments regarding any questions in this section / #oa1Mx%ua9
Wadafignueaausacda lusiuil

Technology and Learning Tools / inaTulagiuazia3asfionisiseu

_q0pT) " nit
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11.  Comments regarding any questions in this section / Faeuiiua

dWandaAgiudanauaassa ludowi

English Learning Challenges / anavinms lunisiSsunisnsang

12. Which aspects of English do you find most challenging? (Select *

all that apply) / snulazainnsanguiinamasiimeign?
(danlenansda)

Tick all that apply.

D Understanding spoken English / nsiamundanes
D Speaking and pronunciation / n1yauazn130NLEEY
D Reading comprehension / nasieadle

[ | Writing clearly / nsi@ien Wigh ladne

|| Vocabulary (not knowing enough words) / fne (3
|| Grammar rules / nglagnnsal

ag)

D Translating between Thai and English / msutaszwitlnauaz
dangw

|| Understanding cultural context / n1st# lavsummiaimussss
|| Confidence in using English / Azt la luns ldnssange
D Finding time to practice / nMswianilneu

[ | No major challenges / lsifianuvinma Inej

D Other:

22082025, 16:10

16.
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How comfortable are you with using technology for learning? /  *
amfanazaanaunaud luuiunisldina TuTadiensisous?

Mark only one oval.

() Very uncomfortable / liazaanaunsias
() somewhat uncomfortable / laisipaazainaung

() Neutral / w9

: ) Comfortable / azainauns

( : ) Very comfortable / @zainaunanin

*

How often do you use web-based learning tools? / anu lzitaSas
famsispuduuiudnsudln?

Mark only one oval.

) Daily / nnin

) Several times a week / vangasasndUany

() Once a week / dilanviazasa
() Once amonth / iiauaza%a
() Rarely / wuq asa

() Never / lsitas
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18.

20.
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Which devices do you use for English learning? / amu l#fgunsal  *
o lumsissunmsangu?

Tick all that apply.

|| smartphone / aansn Triu

[ ] Tablet / wituidin

[ | Laptop / udiufiey

[ | Desktop computer / aaxfimase Tas

|| None / Tai'lsf

Have you used any of these translation tools before? / anuas  *
Idiasneiiauanmuunaniinnnauniolai?

Tick all that apply.

[ Google Translate

D Microsoft Translator

D LINE Dictionary

|| Longdo Dictionary

|| ChatGPT or other Al language tools / ChatGPT w3aia3asiianizn Al
a9

D Other translation apps / llnﬂu!JanwuwSu']

D Never used translation tools / laiias ldia3asiiantaniun

How helpful do you find translation tools for learning English? /  *
amdainasasfisudanmiis: Toiualuu lunsSaunmn
BInNgu?

Mark only one oval.

Not Veryhelpful / §ivszTaminn

22082025, 16:10

24.

25.

26.
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When you make a grammar mistake, what kind of feedback do  *
you prefer? / iiinaaurindnlasnsel awaunisudlauuylw?

Tick all that apply.

D Just show the correct answer / uduamﬁhmauﬁgnﬁm

|| Explain why it's wrong / aBungiinluisiia

|| show examples of correct usage / uamﬁ'mzmmﬂﬁﬁqnﬁm
[ ] Provide practice exercises / ¥uuyilnviaiiaiia

How do you prefer to learn grammar rules? / AmuauL5aUNg) *
Tensalagnels?

Tick all that apply.

[ | Through examples and practice / sinudiagauaznsiingu
|| Through explanation of rules / Hunsaduneng

|| Through visual aids (charts, diagrams) / siudeniw (uaugdi
WHUHY)

D Through interactive exercises / rnuuuviindauuy Tdnau

|| Through comparison with Thai language / situnsiSautfisuniy
alng

|| Through real-world context and applications / fuv3unuazns
Uszgna 19950

How important is it to understand WHY a grammar rule works, *
not just HOW to use it? / nmsid ledwinlunglagnsafiia lduuu
1 (13 12ue$38 14) drengualuu?

Mark only one oval.

Not Very important / ddayann

_q0pT) 1521
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21.  How confident are you in trying new online learning tools? / aitu *
ifulaualvulunsans ldasasdiansisousaulanlniig?

Mark only one oval.

Not Very confident / sfulasnn

22.  Have you used any Al-powered tools before? / qmlﬂﬂ1ﬁlﬂ§aq *
flafiduimdausie Al annaunialai?

Mark only one oval.

‘:‘YES/LF\!J

) No/litag

23.  Comments regarding any questions in this section / #8AuZuas
Windsignudnmudazda ludmil

Learning Preferences / anuwau lunsisau

22082025, 16:10
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27. How much time can you typically dedicate to English learning ~ *
per week? / Tagmluaasnansagiicanisaunsdngulen
27 Tussindlanw?

Mark only one oval.

(") Less than 2 hours / Wiasnin 2 1 Tua
() 2-5hours / 2-5 2 Tas

() 6-10 hours / 6-10 #aTas

() 11-15hours / 11-15 g2 Tai

(") More than 15 hours / 11nni 15 5 T

28.  Comments regarding any questions in this section / #8AxZuas
Wisdnignudnmudazda ludnil

Future Tool Expectations / auaaniaiignnuiasasiia luauian

_q0pT
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29. |If there was a tool that could translate Thai sentences to English
AND explain the grammar choices, what features would you want
it to have? / minditadasiiafiawnsaudads: Toalnadusangy uas
aduedudannshiznsalls andaents Wiiquanifsslsie?

30. Which of these features would be most useful to you? / *
aneanii ladalyiadils: Tomifuquanniign?
Tick all that apply.
D Step-by-step grammar explanations / dnasuglasnaniuuuiiazu
2oi]

D Alternative translation options / sdannisulafivainwans

|| comparison with Thai sentence structure / nst3suifisuiy
TaseashaszToalng

[ | Interactive practice exercises / unviinyiauuy Tdney
D Audio pronunciation / nsaaniday

D Progress tracking / n15finaxANAME

|| Difficulty levels / sfuameIn

|| Mobile-friendly design / sanuuu Wivsnziuiiatia

D Professional/Academic writing focus / wiunsidsudeangn/
s

D Context-specific examples / sagNa@NWIZLSUN

_q0pT) 2
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Phase 2 Participation Interest aawaula lunsishsanssesii 2

Important: This section is about Phase 2 (Tool Testing and Evaluation)
which will take place in August 2025.

ddny: duiiieiuseesi 2 (Manassuuazlsufiviadaeiia) Seazdiiu
msludaudamnan 2568

34. Are you interested in participating in Phase 2: Tool Testing *
and Evaluation? vinwau laudhsanszesii 2: nsnasauuas
Usuiiwainaiionsala?

Phase 2 will involve: 528171 2 asilssnaues:

Testing the Thai-English translation tool in August (Free testing
for 2 days) / MmanaauiAIasiaulannlne-sinae (naaay
Basz lunasasiu lughufoudsman)

Completing a feedback questionnaire about the tool / n1saay
wwuRBUIWANNAATIAEITUIASa i

Mark only one oval.

C Yes/
) No/laila

Thank You nsuzaunszan
gpuaniiaazia lunsmauuuud1sIeil Aesuzpwinudidnn lunsiamn
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Second Phase Participant Detail / Fayagi sz 2
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31.  How likely would you be to use such a tool regularly for your *
English learning? / aauiiuua Tniias 1dasneiianiiifulszdn Tu
NMSEBUNENBINGUUA Ly ?

Mark only one oval.

Very Very likely / fiuwa Tiiuann

" . . . . v 4
32.  Comments regarding any questions in this section / 2a@NNALI
Windsigiudnmudazda ludmil

Additional Comments / anaitiiutiiaiia

33. Any additional comments about your English learning experience
or suggestions for educational tools? / anuiufsduisny
Uszaunsainsisaunsdinguasnn wiadalauauuzdmiy
iA3psfiansdinin?

_a0pT
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Participant Code Generation n1sashaswagiansau

To protect your privacy while allowing you to participate in second phase, you
will generate your own unique participant code using a simple algorithm
based on personal information that cannot be traced back to you:
winunilasaandludmdizaerinl figon Wivinughnszasiians iz
afesvadidnsmemzizaviues las 198ane3tuie 9 fidwndayasiu
yaaailiaansaaaasndusdadavinule:

. First letter of your birth month (e.g., January = J, March = M)
anusAIusNEBNFaNiia (W unsiaw = J, dunan = M)

2. Second digit of your age (e.g., if 24 years old, use 4)
vanfiaaewpeny (1w winany 24 1 14 4)

@

Number of letters in your first name Sugasnws lugiousn lunwn
BINOBABIVIU 15028 10 1oAY (FudFanudanguiiug 11 62 = 1)

IS

. Number of siblings $1uauiitias (difiu 10 manmizeagaiien)

o

. Last digit of your phone number
nangavnezasanetas Insany

Example: If you were born in June, age 23, first name "Somchai” (7 letters),
have 2 siblings, and phone number ending in 8, your code would be: J3728
angie: mnvinuAidieufiquisu a1y 23 i "Somchai’ (7 snws) fifias 2
au uaznansia Insdwriasinadis 8 isasvimeailu: J3728

35.  Your Participant Code: (Please enter your calculated 5- *
character code) 5%5i215I0209YU: (NFHINTBNTHE 5 FIBNHT
Aewnle)

_q0pT

123

1821

021
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36. Please provide your preferred contact details: nyon lisne  *
audsansandaiivinudesnis:
Note: This contact information will only be used to coordinate
Phase 2 participation and will be deleted immediately after the
research is completed.

nangnn: Fayansiaaniiaz ldiannz lunsussanuanunisdn
FImszeEi 2 uazargnauiuiinaannnnsiseiasadu

Example: Social media handle / Line ID / mobile phone / Email

wiu: die e (Tusaszy Social Media) / ladla / wes Tnsedwyi
/ Ba

SUNMULALHINIBIITHAZBIAINDIAIBULATY FDLUNTEANNIN 9 AU

This content is neither created nor endorsed by Google.
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