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EDITORIAL 
 

This special issue of Research Papers in Language Teaching and Learning addresses one of the most 
timely, dynamic, and consequential developments in contemporary education: the integration of 
Artificial Intelligence in language education. At a time when AI is rapidly entering educational, 
academic, and professional domains, often with unprecedented speed and sometimes with 
insufficient pedagogical reflection, this volume offers a particularly valuable and much-needed 
scholarly contribution. The papers brought together here do not approach AI as a passing trend or 
merely as a technical innovation. Rather, they examine it as a phenomenon that is already reshaping 
the conditions under which languages are taught, learned, assessed, and experienced. Across diverse 
contexts and perspectives, the contributions in this issue engage with key questions surrounding AI 
literacy, critical prompting, writing development, feedback cultures, ethical mediation, pedagogical 
design, and domain-specific applications of large language models. What emerges across the issue is 
a shared recognition that AI is not merely another technological addition to the language classroom, 
but a development that compels us to rethink literacy, authorship, feedback, assessment, learner 
autonomy and agency, teacher mediation, and equity in profound and lasting ways. 

The contributions included in this volume reflect the breadth and richness of current scholarship in 
this area. They examine prompting as a critical literacy practice, the reimagining of feedback cultures 
in EFL writing, the growing importance of AI literacy in EAP, the creative and critical use of AI in EFL 
learning, GenAI-driven storytelling and its effects on literacy and writing development, the ethical 
dimensions of AI in language education, the integration of large language models into corpus-based 
teaching, and the pedagogical potential of AI-generated Greek dialogues in specialised domains. Taken 
together, these contributions suggest that the most productive path forward is neither uncritical 
enthusiasm nor defensive resistance, but informed, reflective, and ethically grounded engagement 
with the possibilities and limitations of AI in language education. They also demonstrate that the most 
promising uses of AI are those grounded in human judgment, ethical awareness, reflective practice, 
and a clear commitment to educational purpose. In this sense, the issue is both highly topical and 
forward-looking, offering insights of value to researchers, teacher educators, practitioners, and policy 
stakeholders alike. 

I would like at this point to warmly thank the guest editors of this special issue, Maria Perifanou and 
Athanasios Karasimos, for their dedicated and highly professional work in bringing this volume to 
completion. Their editorial leadership, academic commitment, and careful curation of the 
contributions have been instrumental in bringing together a special issue that is coherent, relevant, 
and of clear scholarly significance.  

At the same time, this issue also marks a moment of transition. As I pass the torch to the next editors, 
Vasilios Zorbas and Maria Stathopoulou, I do so with genuine confidence, collegial warmth, and great 
optimism for the future of Research Papers in Language Teaching and Learning. Having worked closely 
with them for years at the Hellenic Open University, I know their integrity, dedication, and academic 
seriousness first-hand. I am therefore certain that they will continue to preserve and further enhance 
the journal’s quality, and serve its scholarly community with commitment and care. I warmly wish 
Vasilis and Maria every success in this important role, and I have no doubt that the journal will 
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continue to flourish and make a meaningful contribution to research in language teaching and 
learning. 

I would also like to sincerely thank all those who have contributed to the journal during these five 
years — authors, reviewers, guest editors, and colleagues alike. Their commitment and scholarly 
contribution have helped define and enrich the volumes published during this period, while also 
sustaining the quality of RPLTL. 

Finally, I would like to acknowledge the founder of the journal, Nicos Sifakis, whose vision has shaped 
RPLTL and guided its course over the years. I am deeply grateful for the confidence he placed in me in 
appointing me to this role and for his continued support throughout my five years as Editor-in-Chief. 
These five years have been a rewarding journey, and I feel privileged to have had the opportunity to 
contribute to the journal’s successful course in this role. 

 

Thomai Alexiou 

Editor-in-Chief 
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Introduction to the Special Issue on  
“Generative AI in Language Education: Pedagogical Innovations and 

Empirical Insights” 
 
 
 

Maria Perifanou and Athanasios Karasimos 
Guest editors 

 
Generative Artificial Intelligence (GenAI) is rapidly transforming the landscape of language 
education by opening up new possibilities for personalized instruction, learner engagement, 
and the automation of selected instructional tasks. With the rise of tools such as ChatGPT, AI-
powered chatbots, and adaptive learning platforms, educators are increasingly able to design 
more dynamic, learner-centred environments that respond to students’ needs in real time. 
These technologies are reshaping how students develop language skills by offering real-time 
feedback, automated support, authentic conversational practice, and collaborative learning 
opportunities, while in some cases also reducing anxiety through non-judgmental interaction 
with AI partners (Crompton et al., 2024; Huang et al., 2022; Kohnke et al., 2023). Among the 
most promising applications are tools that support speech recognition and pronunciation 
training, helping learners refine fluency, intonation, and accuracy through immediate, 
individualized feedback (Belda-Medina & Calvo-Ferrer, 2022). As such tools become more 
accessible, educators are challenged not only to explore their affordances but also to reflect 
critically on how AI can be integrated meaningfully into language curricula with attention to 
inclusion, purpose, and ethics. 
 
GenAI is also playing a growing role in language assessment, with applications that support 
automated scoring, adaptive testing, and intelligent analysis of learner performance. While 
these developments may enhance the efficiency and responsiveness of evaluation, they also 
raise important questions about fairness, transparency, and validity. At the same time, AI-
supported learning environments can generate large amounts of learner data and offer new 
possibilities for timely, individualized feedback and insight into student progress, learning 
behaviours, and pedagogical effectiveness (Banihashem et al., 2024; Belda-Medina & Calvo-
Ferrer, 2022; Crompton et al., 2024; Liu et al., 2023). The potential of AI to boost both 
formative and summative assessment is considerable, but its implementation requires careful 
pedagogical judgment, digital literacy among educators, and a strong commitment to learner 
privacy, autonomy, and trust. 
 
Beyond questions of efficiency, personalization, and assessment, the growing presence of 
GenAI also invites a broader reconsideration of the relationship between learners, teachers, 

http://rpltl.eap.gr/
https://creativecommons.org/licenses/by/3.0/
https://creativecommons.org/licenses/by/3.0/
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and technology. Recent research has moved beyond treating digital tools merely as supportive 
instruments and now draws on relational perspectives that highlight the distributed and 
emergent character of agency in language learning environments (Godwin-Jones, 2024; 
Guerrettaz et al., 2021; Lan & Chen, 2024). From this perspective, learning develops through 
the interaction of human and technological actors, and AI does not merely assist classroom 
activity but may also reshape how communication, participation, and knowledge-building take 
place (Kern, 2018; Lan & Chen, 2024; Godwin-Jones, 2024). Such a shift encourages educators 
to think more carefully about the pedagogical assumptions embedded in AI use and about the 
kinds of learning relationships these tools help to create. 
 
From a pedagogical point of view, GenAI can function not only as a feedback mechanism but 
also as a brainstorming partner, language-learning support, and interactional resource. 
Recent studies suggest that it can assist learners in drafting, idea generation, revision, and 
language practice, particularly when its use is guided by clear pedagogical aims and supported 
by teacher mediation (Boudouaia et al., 2024; Crompton et al., 2024; Guo et al., 2022; Kohnke 
et al., 2023; Tseng & Warschauer, 2023). It may also contribute to reduced anxiety, greater 
engagement, and stronger teacher-student rapport in some learning contexts (Ghafouri, 
2024; Banihashem et al., 2024). What matters, therefore, is not simply the presence of AI in 
the language classroom, but the quality of the pedagogical framing that shapes how it is 
introduced and used. 
 
At the same time, the rapid spread of GenAI makes the development of critical AI literacy 
increasingly urgent. These tools may produce inaccurate content, reproduce cultural and 
linguistic bias, and promote standardized language and cultural norms at the expense of more 
diverse voices, which means that their educational use must be approached with caution, 
reflection, and a clear sense of social responsibility (Crompton et al., 2024; Lan & Chen, 2024). 
In this evolving landscape, teachers remain central: not only as facilitators of learning, but also 
as ethical guides who help students engage critically with AI and use it in ways that support 
meaningful participation, creativity, and human connection (Lan & Chen, 2024). The challenge 
for language education, then, is not whether AI should be used, but how it can be integrated 
in ways that remain pedagogically grounded, ethically informed, and responsive to diverse 
learners and contexts. 
 
This special issue of Research Papers in Language Teaching and Learning presents a focused 
collection of studies united by a timely and urgent theme: the integration of Artificial 
Intelligence in language education. As AI tools become increasingly embedded in academic 
and professional contexts, this volume interrogates how they can be adopted critically, 
ethically, and pedagogically within language teaching and learning. By bringing together 
theoretical frameworks, empirical research, and classroom-based practice, the contributions 
collectively map the emerging landscape of AI-mediated language education, its promises, its 
limitations, and the responsibilities it places on teachers, learners, and institutions. 
 
The volume opens with an investigation into how higher education students in Greece 
reflected on their use of ChatGPT for critical reading and source evaluation within a digital 
literacy course. Panagiota Samioti draws on thematic analysis of student reflections, forum 
discussions, collaborative tasks, and questionnaires to identify four interconnected themes: 
prompting as a metacognitive practice, developing evaluative judgment of AI outputs, 
recognizing the tool’s conditional usefulness, and addressing language-related challenges. 
Students demonstrated awareness of how prompt formulation influenced response quality 
and maintained a cautious stance toward AI reliability, highlighting the need for verification 
and human mediation. The findings position structured and reflective prompting as a means 
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of fostering metacognitive regulation and critical reading skills, framing ChatGPT not as a 
substitute for human reasoning but as a catalyst for inquiry and ethical awareness. 
 
The intersection of AI and writing feedback is examined in a theoretical paper by Ioanna Nifli, 
which critiques the dominant “red-pen” feedback paradigm in EFL writing classrooms and 
advocates for dialogic, co-constructed feedback cultures mediated by both human and 
algorithmic actors. Drawing on sociocultural theory, feedback literacy, and affect-informed 
pedagogy, the paper introduces the concept of the Affective-Epistemic Feedback Habitus, a 
dispositional framework shaped by repeated exposure to authoritative correction and high-
stakes evaluation. While LLM-powered tools offer non-judgmental, real-time support capable 
of scaffolding autonomy and metacognitive engagement, the paper cautions that their use 
within correction-oriented cultures risks reproducing epistemic dependency. This 
contribution repositions LLMs as pedagogical interlocutors within culturally responsive, 
ethically mediated writing instruction. 
 
Questions of AI literacy extend into higher education through an action research study by 
Sonia Carmen Munteanu, which examines how engineering students at a Romanian 
university engaged with GenAI tools, primarily ChatGPT, for English for Academic Purposes 
(EAP) homework, in a context without institutional guidance, formal training, or clear 
curricular provisions. Students predominantly used AI to refine language, clarify ideas, and 
enhance coherence, reporting positive perceptions of its contribution to efficiency and 
professional preparedness. However, evidence of more advanced practices such as critical 
evaluation or iterative prompting remained limited. The study argues for the systematic 
embedding of AI literacy within EAP curricula to ensure equitable access, ethical use, and 
pedagogical alignment with an evolving technological landscape. 
 
Complementing these perspectives, Sophia Kouzouli presents a values-oriented pedagogical 
approach to the creative and critical integration of AI in EFL teaching, illustrated through the 
design and classroom implementation of a lesson entitled “Odyssey 2.0: Values Recharged.” 
Grounded in constructivist, experiential, and inquiry-based learning theories, the lesson 
design incorporates multimodal activities, digital storytelling, collaborative inquiry, role-play, 
debate, and creative production, within a learner-centered, values-based educational 
framework. The paper addresses ethical challenges related to bias, dependency, and data 
protection, suggesting that meaningful AI integration, when guided by clear pedagogical 
principles, can enrich EFL learning and contribute to the development of critically aware and 
socially responsible learners. 
 
The pedagogical value of GenAI-driven storytelling in secondary education is explored by 
Sezer Kizilates through a mixed-methods study conducted in Hong Kong with 76 students 
randomly assigned to control and experimental groups. While the control group received 
traditional writing instruction, the experimental group engaged in a five-week GenAI-driven 
storytelling intervention. The study assessed four dimensions of AI literacy;affective,  
behavioral, cognitive, and ethical; alongside key writing skills including word usage, narrative 
structure, creativity, and writing anxiety. Quantitative results demonstrated significant gains 
in AI literacy and writing performance in the experimental group, alongside reduced writing 
anxiety. Thematic analysis further revealed heightened motivation, stronger confidence, and 
greater ethical awareness, positioning GenAI-driven storytelling as a productive pedagogical 
strategy for developing both language competence and responsible digital literacy in younger 
learners. 
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The ethical dimensions of Generative Artificial Intelligence in language education are the focus 
of a critical theoretical contribution by Eirini Ioanna Delmadorou. Drawing on sociocultural 
theory, Second Language Acquisition, and Constructivism, the paper positions GenAI as a 
powerful yet non-neutral cultural tool, foregrounding concerns around algorithmic bias, 
Anglocentric dominance, and digital inequities. In response to these challenges, it proposes 
the Equitable AI in Language Education Model (EALEM), a conceptual framework built on four 
guiding principles: inclusivity, transparency, human-in-the-loop mediation, and participatory 
design. By articulating this framework, the paper contributes to debates on AI in education, 
providing theoretical and practical guidelines for responsible, equitable, and reflective use of 
Generative AI in language learning contexts. 
 
A further contribution, by Athanasios Karasimos, Evangelia-Antonia Efstratiadou, Christos 
Papatzalas, and Ilias Papathanasiou, explores the integration of LLMs into corpus-based 
teaching within specialist programs in Speech-Language Pathology, Computational Linguistics, 
and Clinical Neurolinguistics. Recognizing the time-intensive nature and technical demands of 
traditional corpus analysis, particularly with atypical language data such as aphasic speech, 
the study proposes a systematic educational framework exemplified through the Greek CACLA 
corpus. Central to this approach is the repositioning of LLMs as “cognitive partners” that 
handle routine annotation tasks, freeing students to engage in higher-order analysis and 
critical evaluation of AI outputs. This framework contributes to ongoing efforts to democratize 
sophisticated linguistic analysis while fostering technological literacy and critical thinking in 
future practitioners. 
 
The volume closes with a study by Alexandra Fiotaki, which examines the use of LLMs to 
generate Greek banking dialogues for pedagogical purposes. The paper outlines the rationale 
for selecting banking interactions as a case study and evaluates the output of different LLMs 
with respect to morphosyntactic accuracy, register appropriateness, pragmatic naturalness, 
and handling of specialized financial vocabulary. Findings reveal variation across models: 
some generate fluent but overly generic exchanges, while others handle technical vocabulary 
well but show inconsistencies in morphological agreement and politeness conventions. 
Building on these findings, the study proposes morphology-aware dialogue materials for 
classroom use, including role-plays, error-spotting tasks, and vocabulary development 
activities, illustrating how AI-generated content can enrich language teaching when subjected 
to rigorous critical evaluation and purposeful pedagogical design. 
 
Taken together, the contributions to this volume reflect a growing scholarly consensus: the 
integration of AI in language education is neither straightforward nor inevitable, but requires 
deliberate pedagogical framing, ethical awareness, and a sustained commitment to learner 
empowerment. As AI tools continue to evolve and proliferate, this volume offers a timely and 
rigorous resource for language educators, researchers, teacher trainers, and policymakers 
seeking to navigate the opportunities and challenges of AI-mediated language learning in an 
increasingly complex educational landscape. 
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Prompting as a Critical Literacy Practice in Higher Education: 

Student Reflections on Using ChatGPT 

for Critical Reading and Source Evaluation 
 

 

 

Panagiota Samioti 
 

 

 

This paper investigates how higher education students reflected on their use of ChatGPT to 

support critical reading and source evaluation within a higher education digital literacy course 

in Greece. Drawing on students’ written reflections, forum discussions, collaborative tasks and 

questionnaires, the study explores how students interacted with ChatGPT as a dialogic partner 

for questioning, verification, and reasoning. Thematic analysis of the students’ data identified 

four interrelated themes: (1) prompting as a metacognitive practice, (2) developing a critical 

stance through evaluative judgment of ChatGPT’s outputs, (3) recognizing the tool’s 

conditional usefulness, and (4) addressing language-related challenges. Findings show that 

students demonstrated awareness of how the formulation of prompts influenced response 

quality and depth, using inaccuracies and generalizations as opportunities for deeper analysis. 

They valued ChatGPT’s immediacy and accessibility but maintained a cautious stance toward 

its reliability, highlighting the need for verification and human mediation. Differences in 

performance across languages also prompted reflection on linguistic precision and bias. 

Overall, students’ reflections highlight that structured, reflective prompting can foster 

metacognitive regulation, evaluative judgment, and critical reading, positioning ChatGPT as a 

catalyst for inquiry and ethical awareness rather than a substitute for human reasoning. 

 

Keywords: ChatGPT; critical reading; source evaluation; metacognition; AI literacy; higher 

education; language awareness 

 

___________________________________________________________________________ 

 

1. Introduction 
 

The rapid emergence of generative artificial intelligence (GenAI) has reshaped the educational 

landscape, raising urgent questions about pedagogy, ethics, and academic practice. Among 

these tools, ChatGPT has gained prominence in higher education, where it is used to support 

feedback, scaffolding, and reflective learning. As its presence expands, understanding how 
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students critically engage with such technologies becomes essential for developing 

responsible pedagogical frameworks that enhance human judgment and interpretive skills. 

 

This study addresses this need by examining higher education students’ reflections on using 

ChatGPT (3.5, free version) (OpenAI, 2024/5), as it was available at the time of course 

implementation within a European-funded higher education project (2022-2025). Although 

the course centered on academic digital literacy rather than explicit language instruction, it 

required students to engage in critical reading and source evaluation, practices that are closely 

tied to language awareness and critical literacy in academic settings. In this study, higher 

education is treated as a key site of language education, particularly in English for Academic 

Purposes (EAP) and academic literacy contexts, where critical reading and evaluative judgment 

are central pedagogical goals. The tasks that supported critical reading and source evaluation 

were inherently language-based, as they involved interpreting meaning, analyzing discourse, 

and considering how language choices shape credibility and persuasion in academic 

communication. Positioning ChatGPT within these language-focused activities allowed 

students to experience AI not merely as a reading tool but as a medium for reflection, 

interpretation, and evaluative judgment demonstrating how AI-mediated interaction can help 

learners question, verify, and interpret meaning across genres and languages in language 

education contexts. 

 

Specifically, the research examines how students employed ChatGPT to interrogate academic 

and non-academic texts, identify argumentative and linguistic techniques, and evaluate issues 

of bias, authorship, and reliability. ChatGPT was not presented as a provider of answers but as 

a critical interlocutor, that is a tool for prompting inquiry, comparison, and reflection. This 

framing conceptualizes prompting as both a metacognitive and critical practice through which 

students cultivate awareness of how language constructs meaning and persuasion. In this 

study, prompting is understood not as a technical skill but as a critical literacy practice 

embedded in language-mediated academic activity. 

 

In this study, critical reading and source evaluation are treated as complementary components 

of critical literacy. While critical reading involves analyzing stance, argumentation, and 

rhetorical strategy, entailing the ability to identify claims, evaluate reasoning, and interpret 

perspectives (Flemming, 2012; Barnet & Bedau, 2011, both cited in Sultan et al., 2017) source 

evaluation focuses on assessing the credibility, bias, and evidential quality of information. 

Together, they nurture critical linguistic awareness as the ability to interpret and use language 

reflectively and ethically, which bridges academic literacy and AI literacy. 

 

Drawing on written reflections, forum discussions, collaborative tasks and questionnaires, the 

analysis identifies four interrelated themes: (1) prompting as a metacognitive practice, (2) 

critical engagement with AI-generated content, (3) conditional usefulness of GenAI, and (4) 

language issues in AI outputs. The study therefore aims to explore how structured, reflective 

use of GenAI, and more specifically ChatGPT’s use, can prompt a critical stance enacted 

through evaluative judgment and verification and support students’ development of 

evaluative judgment, metacognitive regulation, and ethical awareness in higher education. In 

doing so, it contributes to ongoing debates in applied linguistics and language education about 

how GenAI can be pedagogically embedded to promote critical reading, source evaluation, 

and human-centered reasoning in an AI-mediated academic environment. 

 

2. Literature Review 
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2.1 AI and Academic Literacy 
 

Studies converge on the view that GenAI, such as ChatGPT, can support academic literacy, but 

its effectiveness depends on the conditions of use.  So far, much research has concentrated on 

writing-related affordances. For instance, in a study, students were enthusiastic in using 

ChatGPT for essay writing (Šedlbauer, 2024) and, in another, students have appreciated AI 

support for writing fluency (Yuan et al., 2024) and for content and organization (Mahapatra, 

2024; Yuan et al., 2024). Mendez & Tang (2025) report that Swedish students valued its 

contribution to lower- level outcomes such as summarization and editing. Similarly, positive 

attitudes have been reported regarding grammar assistance (Johnston et al., 2024; Mahapatra, 

2024). However, improvements appear most evident when learners already possess strong 

critical and ethical foundations, as Baldrich and Domínguez-Oller (2024) note. 

 

Although writing-related affordances dominate literature, research has also explored broader 

dimensions of academic literacy support, including brainstorming, scaffolding, lecture 

comprehension, and the development of learner autonomy. Thus, research shows that 

students expressed appreciation for brainstorming support (Chan & Hu, 2023) and for 

scaffolding content and knowledge, especially in EFL contexts (Yuan et al., 2024). 

Undergraduate and postgraduate students have also acknowledged AI’s benefits in enhancing 

lecture comprehension (Kostas et al., 2025), and positive attitudes were reported toward 

personalized support and language assistance (Chan & Hu, 2023). Also, Mahapatra (2024) 

underscores ChatGPT’s value as a dialogic feedback tool, particularly in contexts where 

individualized feedback is limited. 

 

Yet, despite these reported benefits, questions of learner autonomy and deeper academic 

processes remain central. In some studies, learners found the tool less effective for higher-

order learning requiring deeper understanding, while other studies highlight risks to the 

development of critical thinking, academic integrity, and independent problem-solving skills, 

while warning that overreliance may encourage superficial engagement and academic 

dishonesty (Mendez & Tang, 2025; Yuan et al., 2024; Kostas et al., 2025; Pitts et al., 2025; 

Vieriu & Petrea, 2025; Yuan et al., 2024). 

 

Alongside the previous questions, concerns about the quality and reliability of GenAIresponses 

also persist. These appear in two main forms: some students judge ChatGPT’s outputs as 

overly generic or inaccurate (Šedlbauer, 2024; Chan & Hu, 2023), while others point to cross-

lingual inconsistencies, with factual queries answered correctly in some languages but less 

precisely in others (Xing et al., 2024). These disparities extend to accuracy and timeliness, as 

updates often appear first in high-resource languages like English. Xing et al. (2024) attribute 

these differences to uneven training data and limited cross-lingual transfer, noting that 

stronger translation capabilities correlate with more reliable performance. Consequently, such 

disparities highlight further pedagogical challenges. On the one hand, working in 

underrepresented languages may require learners to invest more effort in crafting precise 

prompts or verifying outputs, potentially enhancing metacognitive and linguistic awareness. 

On the other hand, inequities risk disadvantaging non-English users. Such inconsistencies 

complicate students’ abilities to summarize texts accurately, evaluate sources, and transfer 

academic reading or writing strategies across languages 

 

These challenges reinforce the importance of pedagogical mediation and responsible 

integration of GenAI technologies to scaffold academic literacy. Research stresses that GenAI 
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should remain embedded in pedagogical frameworks that preserve critical engagement and 

human interaction. For instance, in English for Academic Purposes settings, Du & Alm (2024) 

observe that ChatGPT offers flexible opportunities for practice and supports competence, yet 

they emphasize that teacher-student interaction remains essential for meaningful literacy 

development. Extending this pedagogical perspective, Anson (2024) argues that large 

language models (LLMs) can stimulate reflection by generating counterpoints or scaffolds for 

argument development when positioned as complementary tools. Similarly, another study 

shows that explicit training in AI use, combined with self- and peer-assessment, helps ensure 

that ChatGPT supports reflection and deeper engagement with writing rather than serving as 

a shortcut (Mahapatra, 2024). Finally, at a broader level, recent research highlights the need 

for institutional policies that promote responsible academic writing practices and uphold 

pedagogical integrity (Johnston et al., 2024). 

 

2.2 Critical Reading and Source Evaluation with AI 

 

Although extensive research has addressed writing, autonomy, and reliability, fewer studies 

have examined how AI shapes source evaluation and critical reading, an area to which the 

present study contributes. In this context, the term “critical reading” is used broadly to 

encompass students’ evaluative and analytical engagement with AI- generated content, 

including their reasoning, verification, and interpretation of information credibility and 

relevance. 

 

Within applied linguistics, critical reading is understood as a language-mediated practice 

through which readers examine how meaning, authority, and interpretation are constructed 

in texts. Drawing on critical pedagogy, Wallace (2003) conceptualizes critical reading as close 

attention to linguistic and grammatical choices as resources for reflecting on ideological 

positioning, credibility, and social context. Extending this view to AI-mediated contexts 

foregrounds the role of language in evaluating how claims, perspectives, and sources are 

framed. From a second language pedagogy perspective, critical literacy positions texts as 

socially situated and open to interrogation, emphasizing learner agency (Luke & Dooley, 2011). 

Similarly, in EAP, reading is an evaluative practice assessing stance, evidence, and disciplinary 

credibility (Hyland, 2004). 

 

When viewed through these language-education lens, research on generative AI tools such as 

ChatGPT indicates that they can scaffold analytical reasoning and source analysis but also risk 

fostering overreliance and superficial engagement. This duality is evident in studies that frame 

AI as a collaborative teammate in problem-solving contexts, where students valued its 

feedback but often overestimated its reliability and cognitive capacity (Marrone et al., 2025). 

Such misconceptions parallel those observed in critical reading tasks, where uncritical trust in 

AI-generated information can hinder independent verification and evaluative reasoning. 

 

Nevertheless, when embedded within structured pedagogical strategies, ChatGPT can 

promote deeper critical engagement. Research shows that EFL learners critically evaluated its 

responses by posing follow-up questions and verifying information, strengthening 

understanding and critical thinking (Liang & Wu, 2024). Students also gained confidence in 

probing questions, analysis, and conceptual understanding, with diverse perspectives 

challenging assumptions and highlighting the need for refined prompts (Guo & Lee, 2023). 

Similarly, constructing scientific argument maps around ChatGPT outputs enabled learners to 

anticipate counterarguments and develop rebuttals, enhancing argumentation skills (Archila 

et al., 2025). In language education, reflective journals indicate that ChatGPT supported 
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spatially aware, multi-perspective critical thinking while underscoring the importance of 

balancing technological support with human reasoning (Liang & Wu, 2024). Finally, students 

frequently described ChatGPT as a supportive “study partner” offering guidance and feedback 

(Chan & Hu, 2023; Šedlbauer, 2024). 

 

However, these affordances are constrained by persistent challenges that complicate the 

picture. For example, research warns that excessive reliance on ChatGPT can discourage 

students from verifying accuracy or sources, thereby weakening their ability to evaluate 

authenticity and critical thinking in academic writing, and may even lead to ‘cognitive 

dependence’ when outputs are accepted uncritically with little engagement (Yuan et al., 2024; 

Sari et al., 2025; Suriano et al., 2025). In addition, students may encounter inaccuracies, bias, 

or fabricated content in AI outputs (Archila et al., 2025; Harrer, 2023). Survey-based studies 

reinforce these concerns, documenting risks to integrity and critical thinking (Kostas et al., 

2025). Finally, many students perceived GenAI outputs as generic (Šedlbauer, 2024), while 

research warns that efficiency gains with the use of AI technologies may come at the expense 

of critical depth and authorship clarity (Vieriu & Petrea, 2025; Mendez & Tang, 2025). 

 

These findings reveal a recurring paradox; ChatGPT can foster critical reading and source 

evaluation skills, when embedded in reflective, teacher-mediated tasks, but risks reinforcing 

surface-level learning and undermining autonomy when used uncritically. Therefore, effective 

integration requires explicit attention to AI literacy, institutional guidance, and pedagogical 

design that encourage students to question, compare, and engage in critical evaluation of 

outputs rather than passively accepting them (Walter, 2024). 

 

2.3 Prompt Crafting and Metacognitive Awareness 

 

Metacognitive regulation, that is planning, monitoring, and evaluating one’s own thinking 

processes, has long been recognized as essential for effective learning (Flavell, 1987; Schraw 

& Dennison, 1994, both as cited in Teng, 2024). However, students who depend on AI answers 

without critical reflection risk falling into “metacognitive laziness” (Sari et al., 2025). This 

underscores the importance of positioning AI not as an answer-giver but as a dialogic partner, 

an approach that becomes especially salient in the context of GenAI, where these regulatory 

processes are most visible through prompt crafting. 

 

Recent studies suggest that effective engagement with ChatGPT depends on learners’ 

reflection on how prompt phrasing influences the relevance and accuracy of responses. 

Reflective engagement is strengthened when students recognize AI limitations, such as 

difficulty capturing irony or producing plausible but inaccurate outputs, which often trigger 

fact-checking, source triangulation, and cautious use (Darwin et al., 2024; Essien et al., 2024; 

Emran et al., 2024, as cited in Raitskaya & Tikhonova, 2025). Iterative prompting and 

verification further reinforce monitoring behaviors and metacognitive regulation (Raitskaya & 

Tikhonova, 2025). Metacognition is therefore central to learners’ use of AI feedback (Teng, 

2024). Finally, empirical evidence shows that sustained experimentation with prompts 

promotes higher-level cognitive engagement and deeper critical thinking (Kavadella et al., 

2024), especially when guided, as structured mediation can transform superficial AI outputs 

into opportunities for reflection, elaboration, and higher-order thinking (Borge et al., 2024). 

 

Building on this, research highlights the pedagogical value of structured support in prompting. 

Guo and Lee (2023) emphasize the importance of crafting clear and specific prompts to obtain 

more relevant and higher-quality responses. In their study, they implemented a three-stage 
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ChatGPT-based activity in chemistry courses, that is orientation, essay creation, and output 

validation, which allowed students to decompose tasks, refine prompts, and verify 

information. The results showed that detailed instruction was not only crucial for success but 

also helped students gain confidence in analyzing, evaluating, and drawing logical conclusions. 

Raitskaya & Tikhonova (2025) also reported that structured interventions around prompt use 

can cultivate students’ critical awareness by requiring them to verify AI-generated responses 

against other sources. This form of guided practice complements approaches described in 

their review, such as Lee et al.’s (2024, as cited in Raitskaya & Tikhonova, 2025) guidance-based 

tool, which used indirect prompts to encourage learners to articulate their reasoning, and 

Hwang et al.’s (2025, as cited in Raitskaya & Tikhonova, 2025) prompt-based learning model, 

which strengthened students’ ability to generate questions and reflect on their learning 

processes. Together, these studies underscore that structured interaction with AI, when 

mediated through carefully designed instruction, enhances both the quality and depth of 

students’ reflective thinking. 

 

Overall, research shows that prompt crafting is a metacognitive practice fostering reflection, 

regulation, and rhetorical awareness; with structured support and epistemic vigilance it 

enables deeper learning and critical engagement, but without scaffolding it risks 

metacognitive laziness, making explicit instruction in prompt formulation and interrogation 

essential. 

 

3. Methodology 
 

3.1 Research Design 
 

The present study adopted a mixed-methods research design to examine student reflections 

on the use of GenAI in higher education. The data were produced during the implementation 

of a hybrid (both in situ and online) six-session academic digital literacy course delivered within 

a European-funded higher education project (spring semesters 2024 and 2025) focused on 

critical reading and source evaluation. It is important to emphasize that the course itself was 

not designed as a research intervention. For the purposes of the present research, the data 

generated during the course activities were subsequently analyzed to explore how students 

engaged with ChatGPT. 

 

Specifically, the course aimed to strengthen students’ ability to identify the features of credible 

versus misleading information, distinguish between academic and non- academic or false 

sources, analyze persuasive and rhetorical language, and reflect on the responsible use of AI 

tools. Students worked with a variety of materials, including academic journal articles, news 

media, and social media content, and engaged with digital tools such as the Truly Media 

Platform (Athens Technology Center & Deutsche Welle., n.d.) and ChatGPT 3.5 (free version) 

(OpenAI, 2024, 2025). Forty-six undergraduate and postgraduate students from multiple 

University departments participated. Instruction was in Greek; materials were in Greek and 

English; responses were in Greek. All were Greek L1 speakers, enabling cross-linguistic 

reflection on ChatGPT. Despite disciplinary diversity, all developed critical digital literacy 

through structured engagement with academic and non-academic texts. 

 

3.2 Data Collection and classroom tasks  
 

Four types of data were analyzed: 
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1. Written reflections: Individual or group reflections on students’ experiences with ChatGPT 

during class activities/tasks. 

2. Forum written discussions: Online debates about the reliability and ethical implications of 

AI-generated content. 

3. Collaborative written tasks: Group products from source analysis activities and public-facing 

texts created to counter misinformation. 

4. Quantitative data from final course evaluation questionnaires. 

 

Four datasets were analyzed, each derived from the following activities: 

• Dataset 1: Group reflections on an activity where students asked ChatGPT which 

misinformation-related terms (e.g., propaganda, clickbait, manipulation, deepfakes) were 

most important for students, scientists, and citizens. They compared its responses with their 

own reasoning and shared their reflections in the forum. 

• Dataset 2: Analyses of persuasive strategies in various text genres (e.g., journalistic, 

multimodal). Students input these texts into ChatGPT to identify rhetorical techniques such as 

appeals to authority, logic, and emotion. 

• Dataset 3: Tasks where students examined contested or fabricated sources across genres. 

One case involved the academic “chocolate diet” hoax article (Bohannon, 2015), where 

ChatGPT assessed claim validity and evidence. Other groups explored its evaluations of bias, 

exaggeration, and fallacies in texts on technology addiction, social media disinformation, and 

climate news. 

• Dataset 4: Evaluations of argumentative writing and the role of language as a persuasive 

device. ChatGPT was asked to assess whether texts employed emotional vocabulary, 

hyperbole, or bias, and students compared its outputs with their own judgments. 

 

3.3 Data Analysis 
 

The data were analyzed using thematic analysis (Braun & Clarke, 2006), following a six-phase 

process of familiarization, coding, theme generation, reviewing, defining, and reporting. 

Credibility was enhanced through both data-type and methodological triangulation, 

combining qualitative and quantitative sources to ensure a comprehensive interpretation of 

findings. Coding was refined iteratively, and thick descriptions of student voices were 

maintained to preserve authenticity. 

 

An inductive-deductive approach was adopted to capture both emergent and theory- 

informed patterns in the data. Inductive coding allowed themes to emerge directly from 

students’ reflections and discussions, representing their authentic perspectives. Deductive 

coding, in turn, was guided by key constructs identified in the literature, such as critical reading 

and source evaluation, metacognitive awareness and prompting, curiosity and exploratory 

engagement, autonomy and responsible use, and ethical reflection. 

 

This dual process resulted in four themes: (1) formulating prompts as a reflective and 

metacognitive practice, (2) developing a critical stance through evaluative judgment of 

ChatGPT’s outputs, (3) recognizing the conditional value of ChatGPT as a learning tool, and (4) 

addressing language-related challenges and cross-lingual variability in AI performance. 

 

All coding and theme development were conducted by the author, who also taught the course. 

Although intercoder reliability was not possible, rigor was ensured through prolonged 

engagement, iterative coding and refinement, systematic data triangulation, and reflexive 

memoing to address the author’s dual instructional and research role. 
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3.4 Limitations 
 

Several limitations must be acknowledged. First, the academic digital literacy course was a 

pedagogical initiative within a European-funded project rather than a research intervention. 

While this enhances ecological validity by capturing authentic classroom practices, it limited 

design control, as there were no pre- and post-measures, comparison group, or experimental 

manipulation; therefore, claims about change over time should be treated cautiously. Second, 

findings derive from a relatively small, context-specific sample from a single Greek higher 

education course. Although triangulation across reflections, forum discussions, collaborative 

tasks, and questionnaires strengthens credibility, results are not generalizable beyond this 

setting. Third, despite data from two cohorts (2024–2025), the study was not longitudinal, and 

references to increased awareness reflect recurring patterns rather than measured 

development. Fourth, thematic analysis involves interpretive decisions; transparency and 

extensive quotations mitigate alternative interpretations. Finally, the author’s dual instructor–

researcher role may introduce bias, addressed through pattern-focused analysis and verbatim 

evidence. 

 

3.5 Ethics 
 

The research was conducted in line with institutional and Erasmus+ ethical standards. Students 

were informed that their course output might be used for research purposes, and informed 

consent was obtained from all participants. Participation was voluntary, and all data were 

anonymized before analysis to protect student identity. No identifying details are included in 

the findings. Since the data were originally generated in a pedagogical setting and later 

repurposed for research, special care was taken to ensure that consent, confidentiality, and 

respect for participants’ voices were maintained throughout the process. Finally, students 

were informed about data privacy and terms-of-service considerations when using ChatGPT. 

 

4. Findings 
 

The analysis of written reflections, forum discussions, and collaborative tasks revealed four 

interrelated themes: (1) formulating prompts, (2) development of critical stance, (3) 

usefulness with limits, and (4) language issues. Each theme is illustrated through 

representative quotations that capture key patterns in the data, while only selected student 

excerpts are presented. 

 

4.1 Prompting as Metacognitive Practice 
 

A strong theme concerns the prompt design process. Students consistently described ChatGPT 

as useful yet dependent on their own mediation. In a group discussion activity, one group 

reflected that “with our guidance we can get valuable answers from the ChatGPT concerning 

arguments” pointing to the need for active involvement. Also, one group highlighted that “the 

answer changes depending on the role we assign to ChatGPT (e.g., teacher or journalist)”, 

showing how framing influenced responses. 

 

Many students explicitly recognized that the way they phrased their questions shaped the 

quality of ChatGPT’s answers. As one group put it: “The way the question is formulated plays 

an important role for a clearer and more targeted answer”. Another added that “in some cases, 
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the answers were generalized, while in others more specific depending on the way the 

question was expressed”. Several groups remarked that ChatGPT gave only “general” answers 

unless their questions were very specific, with some students noting that “the more precise 

and specific questions we pose, the more personalized and topic-relevant answers it will give”, 

confirming the link between prompt quality and output. 

 

4.2 From Iterative Prompting to Evaluative Judgment: Developing a Critical Stance 
 

A second major theme is the development of critical stance. Students’ awareness of the 

relationship between prompt quality and response depth was reflected in a more deliberate 

and reflective stance toward their questioning practices. They designed systematic processes 

to elicit more meaningful and accurate responses from ChatGPT. For instance, when analyzing 

the “chocolate diet” hoax article (Bohannon, 2015), one student explained: 

 

First, I asked ChatGPT if it knew the techniques of persuasion, and it responded with a specific 

list. Then I provided the text and asked it to analyze the persuasive techniques. Others 

described similar step-by-step strategies, such as dividing long texts into smaller parts so that 

the tool could process them and clarify its understanding: I had to open a new chat and put in 

half the article to analyze and then the other half or posing the task’s questions one by one “in 

the form of questions as they were in the Word document” to obtain more balanced and 

nuanced answers. Some even highlighted the importance of metacognitive control over the 

process, noting that “the more precise and specific questions we pose to ChatGPT, the more 

personalized and topic-relevant answers it will give us”. Through such iterative 

experimentation, students transformed prompt formulation into a deliberate, reflective, and 

strategic practice rather than a mechanical query-response routine. 

 

Students constantly reflected on the answers that ChatGPT gave. For example, in analyzing the 

“chocolate diet” hoax article (Bohannon, 2015), they reported that ChatGPT pointed out 

“logical fallacies… missing details about methodology, no alternative interpretations, and lack 

of independent confirmation”. Students noted that ChatGPT correctly revealed it as a 

deliberate hoax, which led them to reflect on “how easily scientific articles can be published 

without strict peer review”. As one student concluded, such analyses underscored “the 

importance of critical thinking and proper evaluation of scientific sources”. 

 

Even though students valued ChatGPT’s outputs, they positioned themselves as active 

evaluators rather than passive recipients. Their reflections show that when ChatGPT identified 

weaknesses in arguments, they treated these not as final answers but as opportunities to 

sharpen their own critical thinking. For example, students contrasted ChatGPT’s answers with 

their own perspectives, thereby exercising judgment. One student remarked that while the 

chat claimed an article presented “many logical arguments” their own view was that “the 

article mentions opinions and research but does not really argue strongly”. Another student 

observed that ChatGPT tended to downplay bias, treating sources as more balanced than they 

appeared. Finally, one said: “ChatGPT answered that there are a lot of logical arguments, 

whereas my personal view is that the article mentions opinions and studies but does not argue 

that much”. 

 

4.3 Conditional Usefulness 
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Regarding the third theme, a group reported that “the answers ChatGPT gave were quite 

informative and specific” while another highlighted that, even when responses were not fully 

adequate, “it covered the issue, it just cannot show 100% reliability». Others similarly 

described the interaction as “quick and clever” but still requiring their own critical thinking. 

 

At the same time, students expressed doubts about ChatGPT’s reliability in academic contexts. 

A recurring issue was inconsistency: “different users received different answers to the exact 

same question” with responses shifting between generalized statements and more detailed 

elaborations depending on how prompts were phrased. Also, some students noted misleading 

or fabricated content. In one case, a group reported that ChatGPT “invented a source that does 

not exist”, while another student was more explicit:I believe it is very easy to be misled 

regarding the reliability of a source. Appearances are certainly deceiving. 

 

As one student concluded:  I think it is a good way at a first stage… but in no case should we 

trust it, and we must always re-examine the validity of what it states. Another emphasized 

that “regarding reliability, we always need to check sources and not rely only on ChatGPT”. 

Finally, another added: “The answer was quite satisfactory, but it requires further 

investigation” signaling recognition that ChatGPT could be a useful starting point but shouldn’t 

be considered a unique or definitive source. 

 

Taken together, these qualitative accounts already frame ChatGPT as conditionally useful: 

valued for speed and initial orientation, but consistently positioned by students as requiring 

verification, critical judgment, and follow-up inquiry. 

 

This qualitatively articulated cautious stance was also reflected in the final course evaluation 

questionnaire results (Figure 1), based on the item that asked students: “Is ChatGPT a reliable 

tool to be used in academic essays?”. Responses were almost evenly split: 16 students said 

“Yes” 14 said “No” and another 16 qualified their answer by saying “It depends on the type of 

academic essay”. Such divided opinions underline the perception of ChatGPT as conditionally 

useful rather than universally reliable. 

 

The questionnaire item (Figure  2) in the same questionnaire that asked students: “To what 

extent do you trust the information provided by ChatGPT?” reinforces this picture. The vast 

majority of students (43 out of 46) selected “So and so” indicating a moderate level of trust 

that depends on context. None reported trusting it “Not at all” while only three students said 

they “Absolutely” trusted the tool. This distribution confirms that students were willing to 

engage with ChatGPT but remained skeptical about relying on it without verification. 

 

Figure 1: Perceptions of ChatGPT reliability 
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Figure 2: Perceptions of ChatGPT trustworthiness 

 

Taken together, these accounts show that students appreciated ChatGPT’s speed, clarity, and 

perceived usefulness, but they also recognized its limitations in terms of reliability and 

credibility. Such reflections underline a cautious stance toward integrating AI-generated 

content into academic tasks, where reliability and critical evaluation remain essential. 

 

4.4 Language-Related Challenges 
 

Several students observed that ChatGPT’s performance varied across languages. They noted 

that responses in English tended to be more complete and more precise, which they attributed 

to the larger training data available in that language. By contrast, in Greek the tool often 

struggled, requiring users to phrase questions more carefully in order to obtain meaningful 

answers. 

 

A group explicitly noted problems with Greek since ChatGPT mistranslated “manipulation” as 

“transformation” and confused “citizens” with “politicians». Another group observed: 

In general, it seems that ChatGPT has difficulty with questions in Greek and it needs the 

questions to be more specific, or for us to ask more questions. 

 

Finally, some students remarked that, although ChatGPT identified exaggerated or figurative 

language, “in the linguistic domain it falls short and in no case can we take it into account 

without critical thinking”. Students also reflected on the tone and style of ChatGPT’s outputs. 

Some characterized the responses as “diplomatic, leaving room for further investigation”, 

while others found them overly “robotic”, often presented in bullet points or summary form. 

They noted that “searching in English is more complete and clearer… also less stereotyped and 

robotic”. These observations highlight how language choice and stylistic features influenced 

their perceptions of ChatGPT’s usefulness. 

 

5. Discussion 
 

This study’s findings reveal how higher education students used ChatGPT to evaluate sources 

and cultivate critical reading, highlighting the pedagogical potential of AI- mediated 

prompting. Viewed through a language-education lens, these practices reflect core concerns 

of second language reading and critical literacy, including evaluative judgment, metalinguistic 

awareness, and attention to how language constructs credibility and authority. 

 

Four interrelated topics emerged; prompting as a metacognitive practice, critical engagement, 

conditional usefulness, and language variability, each revealing how engagement with 
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ChatGPT can cultivate critical literacy as a co-thinking process rather than a substitute for 

independent reasoning. 

 

5.1 Prompting as a Metacognitive Practice 

 

Regarding the first topic, students recognized the central role of prompt design and iteration 

in shaping the specificity and depth of ChatGPT’s responses following a pattern which 

resonates with classic conceptualizations of metacognition; the active planning, monitoring, 

and evaluation of one’s cognitive processes (Flavell, 1987; Schraw & Dennison, 1994, as cited 

in Teng, 2024). Furthermore, they emphasized that the clarity and framing of their questions 

determined the quality of the output, reflecting metacognitive awareness of how linguistic 

choices and question framing shape meaning. This finding aligns with Teng’s (2024) argument 

that metacognitive regulation is integral to AI- supported learning and with Kavadella et al.’s 

(2024) observation that iterative prompting enhances reflection and higher-order thinking. It 

also supports Raitskaya & Tikhonova’s (2025) view that guided interventions around prompt 

use promote epistemic vigilance, encouraging learners to monitor and evaluate their 

interactions critically. Similarly, Lee et al. (2024, as cited in Raitskaya & Tikhonova, 2025) and 

Hwang et al. (2025, as cited in Raitskaya & Tikhonova, 2025) emphasize that indirect and 

structured prompts can scaffold students’ reasoning processes and deepen reflective 

engagement. Taken together, these findings demonstrate that deliberate and well-structured 

prompting nurtures metacognitive control and fosters sustained reflection during AI 

interaction. 

 

5.2 Critical Engagement and Evaluative Judgment 
 

While the first aspect of metacognition focused on deliberate prompt design, the second was 

evident when students engaged with ChatGPT’s limitations which stimulated additional 

reflection and evaluation. Similarly to what Darwin et al. (2024), Essien et al. (2024), and 

Emran et al. (2024) note, the learners in the present study became more reflective when they 

encountered AI’s limitations, turning these shortcomings into opportunities for verification 

and refinement. More specifically, students reflected on the limitations of ChatGPT’s shallow 

or bulleted outputs and refined them, confirming Borge et al.’s (2024) assertion that ChatGPT 

can be a simulation tool for higher-order thinking. Therefore, students’ active experimentation 

and reflection counter the risks of “metacognitive laziness” noted by Sari et al. (2025), showing 

that structured AI use can strengthen both critical reading and metacognitive skills. 

 

Having examined prompting as metacognition, the next theme addresses how critical 

engagement unfolded through evaluative judgment. Students identified inaccuracies, vague 

reasoning, and fabricated references in ChatGPT’s responses, treating these not as failures but 

as prompts for deeper analysis. For example, in evaluating the “chocolate diet” hoax article 

(Bohannon, 2015), they validated ChatGPT’s detection of flawed methodology while 

independently assessing the credibility of the evidence. This engagement supports Liang and 

Wu’s (2024) and Guo & Lee (2023) findings that students can use ChatGPT to stimulate probing 

questions and strengthen analytical reasoning. It also echoes Archila et al. (2025), whose work 

demonstrates how engagement with ChatGPT can enhance reasoning and evidence 

evaluation, showing that these processes can be equally central to critical reading and source 

assessment. Extending their critical engagement further, students also recognized broader 

issues of bias and reliability. Their identification of inaccuracy and occasional fabrication in 

ChatGPT’s outputs reflects concerns noted by Harrer (2023), who warns that AI-generated 

content often reproduces distortions that must be critically interrogated. Students’ 
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recognition of ChatGPT’s diplomatic phrasing and tendency to generalize illustrate further 

their capacity for reflective critique, exemplifying the kind of evaluative stance that Yuan et al. 

(2024) and Suriano et al. (2025) identify as essential to avoid cognitive dependence. These 

insights are also consistent with Pitts et al. (2025), who caution that uncritical acceptance of 

AI output may lead to superficial engagement, underscoring the importance of reflective 

scaffolding. Collectively, these findings confirm Walter’s (2024) assertion that AI can foster 

critical literacy when learners engage in reflective dialogue rather than accept outputs 

uncritically. Overall, these examples suggest that students used ChatGPT’s limitations, that is 

its occasional superficiality, tendency toward diplomatic answers, and generalizations, as 

opportunities to interrogate responses, compare them with other evidence, and reflect on 

standards of reliability and argumentation. In this sense, the tool became a catalyst for 

sharpening students’ evaluative judgment and critical reading skills.  

 

These practices are central to EAP (Hyland, 2004) and second language reading pedagogy, 

aligning with reading-to-write research that treats locating, evaluating, and using information 

as core academic practices (Council of Writing Program Administrators, 2014; Grabe & Stoller, 

2011; Horning, 2017, as cited in Kocatepe, 2021). From this perspective, students’ engagement 

with ChatGPT reflects established academic reading expectations, where evaluative judgment 

and source scrutiny are integral to meaning-making and knowledge construction. 

 

5.3 Conditional Usefulness of ChatGPT 
 

The third theme, conditional usefulness, revealed students’ nuanced understanding of 

ChatGPT’s strengths and limitations. While they valued its immediacy, clarity, and accessibility, 

they also emphasized the need for verification and human mediation. 

 

Questionnaire data showed divided trust, with many describing ChatGPT as a useful starting 

point but not a definitive source. This cautious optimism reflects earlier research reporting 

both enthusiasm for idea generation and concerns about reliability (Šedlbauer, 2024; Chan & 

Hu, 2023; Mahapatra, 2024). Following Anson (2024) and Mahapatra (2024), students 

positioned ChatGPT as a supplementary aid that supports reflection rather than replaces 

analytical reasoning. At the same time, as Vieriu and Petrea (2025) note, the efficiency gains 

offered by AI can reduce critical depth and blur authorship boundaries, a limitation that 

students in this study appeared to address through verification. More specifically, by 

emphasizing mediation and verification, students demonstrated the form of informed critical 

judgement envisioned in the course objectives.  

 

5.4 Language Variability and Cross-Linguistic Awareness  
 

The final theme concerned cross-linguistic variability and inequity in ChatGPT’s performance. 

Students observed that English outputs were more complete, precise, and stylistically natural 

than those produced in Greek, often noting mistranslations, semantic ambiguities, or 

culturally awkward phrasing in the latter. This observation corroborates findings by Xing et al. 

(2024) and Kostas et al. (2025), who attribute such disparities to uneven training coverage that 

privileges high-resource languages like English and limits representational balance across 

linguistic contexts. Yet rather than viewing these limitations merely as technical flaws, students 

used them as occasions for critical linguistic reflection and inquiry, adjusting prompts, 

comparing answers across languages, and refining their phrasing to elicit clearer responses. 
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These adaptive strategies reflect emerging multilingual AI literacy and heightened 

metalinguistic awareness, as learners became more conscious of how language mediates 

meaning, accuracy, and bias in AI interaction. By foregrounding this active negotiation of 

meaning across languages, the findings extend current understandings of critical literacy in AI-

mediated environments and reveal how linguistic variability—though a constraint—can also 

function as a pedagogical resource. Students’ reflections illustrate that such variability 

encouraged them to interrogate issues of representation, linguistic equity, and the 

sociocultural dimensions of AI communication, thereby linking language awareness with 

ethical and critical engagement. These findings align with broader discussions in language 

education that advocate for ethical, reflective, and pedagogically mediated use of generative 

tools (Crompton et al., 2024; Du & Alm, 2024; Walter, 2024; Anson, 2024), highlighting that 

structured classroom tasks and guided mediation play a decisive role in transforming linguistic 

limitations into opportunities for inquiry and metacognitive growth. When supported by such 

scaffolding, cross-linguistic challenges become productive sites for reflection on language, 

bias, and interpretation, reinforcing the view that AI integration in higher education must be 

designed not only for efficiency but also for linguistic diversity, critical awareness, and ethical 

learning. 

 

5.5 Implications for practice in language education 
 

ChatGPT as an answer-producing tool, the study highlights the pedagogical value of framing 

prompting as a language-mediated critical literacy practice embedded in academic reading 

and evaluation. Prompting is most effective when conceptualized as an iterative process, 

guiding students from broad exploratory questions to more focused prompts targeting 

argumentation, evidence, sources, or rhetorical strategies (see Appendix A). Such sequencing 

foregrounds how prompt formulation shapes analytical depth and supports metacognitive 

awareness. 

 

AI-mediated prompting is also most effective when integrated into structured critical reading 

tasks. Comparing ChatGPT’s outputs with students’ own analyses encourages identification of 

convergence, omission, and disagreement, positioning ChatGPT as a dialogic resource subject 

to evaluation and verification. In addition, explicit reflection prompts play a key role in 

supporting metacognitive regulation by helping students articulate how rephrasing prompts 

alters responses, what assumptions AI makes, and which claims require external verification. 

 

Finally, cross-linguistic and genre-based prompting fosters critical language awareness by 

surfacing issues of precision, bias, and contextual appropriateness. Overall, effective 

integration of ChatGPT in language education depends on conceptualizing prompting as a 

critical literacy practice that is deliberately designed, scaffolded, and reflected upon, aligning 

with broader goals of academic literacy and responsible AI use. 

 

6. Conclusion 
 

The data portray students as cautious yet reflective users who balanced appreciation of 

ChatGPT’s affordances with critical awareness of its epistemic and linguistic limitations. These 

reflective practices were fostered through structured tasks and guided activities that 

positioned ChatGPT as a dialogic partner rather than an authority. Within this pedagogically 

mediated framework, students often acted as co- mediators, rephrasing prompts, verifying 

information, and evaluating the reliability of outputs. As several noted, “with our guidance we 
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can get valuable answers”, acknowledging that effective engagement depended on human 

judgment and instructional framing. From a language-education perspective, these practices 

align with pedagogical goals in second language reading and English for Academic Purposes 

(EAP), where critical evaluation of sources, stance, and evidence constitutes a core outcome 

of academic literacy rather than a peripheral skill. This pattern supports Du and Alm’s (2024) 

argument that meaningful AI integration relies on pedagogical mediation that sustains 

purposeful human-AI dialogue and teacher-student interaction. Although direct teacher input 

was not always visible, it was embedded in the task design that guided students toward 

reflective inquiry. Such design foregrounded critical reading, evaluative judgment, and 

learners’ agency in meaning-making across languages, illustrating how AI-mediated tasks can 

be aligned with language-pedagogical priorities rather than efficiency-driven uses of 

technology. Related research (Johnston et al., 2024) likewise highlights students’ need for clear 

institutional and instructional guidelines, underscoring that pedagogical mediation, whether 

through teachers or structured learning design, is key to responsible and critical AI use in 

higher education. 

 

This study shows how generative AI can be integrated in higher education to support critical 

reading and source evaluation. Students’ reflective engagement with ChatGPT fostered 

metacognitive regulation, evaluative judgment, and critical awareness, positioning higher 

education, particularly EAP and academic literacy contexts, as key sites of language education 

and demonstrating GenAI’s potential to extend, not replace, human analytical thinking. 

 

For educators and institutions, the implications are clear: effective AI integration requires 

ethical guidance, attention to linguistic and cognitive diversity, and classroom structures that 

promote inquiry and verification. For language educators in particular, this entails designing 

AI-mediated tasks that prioritize critical reading, evaluative judgment, and learners’ agency in 

meaning-making rather than efficiency or automation. Within such frameworks, ChatGPT can 

act as a catalyst for critical literacy, helping students navigate questions of authorship, 

credibility, and persuasion in AI-mediated academic communication. 

 

Taken together, the findings demonstrate that structured prompting, reflective evaluation, and 

cross-linguistic awareness enable students to engage with ChatGPT as a partner in reasoning 

and reflection. By framing prompting as a reflective, language-mediated practice, the study 

shows how learners regulate reasoning, interrogate meaning, and evaluate epistemic claims 

through pedagogical mediation. It also highlights persistent linguistic inequities in AI 

performance, stressing the need for GenAI literacy that addresses cross-lingual variability and 

contributes to applied linguistics debates on ethical AI integration in EAP and second language 

higher education. 

 

Appendix A 
Examples of student prompts used with ChatGPT 

 

Task / focus Initial prompt Refined / follow-up prompt 

Identifying the main 

claim and evaluating 

argumentation  

Ποιος είναι ο κύριος 

ισχυρισμός του 

συγγραφέα;  

(What is the author’s 

main claim?) 

Υπάρχουν λογικά σφάλματα στο επιχείρημα 

του συγγραφέα; Αν ναι, ποια και πώς 

επηρεάζουν την αξιοπιστία του άρθρου;  

(Are there logical fallacies in the author’s 

argument? If so, which ones, and how do they 

affect the article’s credibility?) 
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Task / focus Initial prompt Refined / follow-up prompt 

Analysing persuasive 

and emotionally loaded 

language 

Το κείμενο 

χρησιμοποιεί λέξεις 

υπερβολής;  

(Does the text use 

exaggerated 

language?) 

Μπορείς να εντοπίσεις συγκεκριμένα 

παραδείγματα υπερβολής ή συναισθηματικά 

φορτισμένου λεξιλογίου στο άρθρο και να 

εξηγήσεις τη λειτουργία τους;  

(Can you identify specific examples of 

exaggeration or emotionally loaded language in 

the article and explain their function?) 

Evaluating source 

credibility and evidence 

Είναι αξιόπιστη αυτή 

η μελέτη;  

(Is this study 

reliable?) 

Αξιολόγησε την αξιοπιστία της μελέτης 

λαμβάνοντας υπόψη το περιοδικό, τους 

συγγραφείς και τη μεθοδολογία. (Evaluate the 

credibility of the study by considering the 

journal, the authors, and the methodology.) 
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Emerging debates in applied linguistics and educational technology have increasingly turned to the 

transformative role of Generative AI, and more specifically, LLM-powered tools such as ChatGPT, Claude, 

or Gemini, in reshaping feedback practices in second language writing. Beyond language education, these 

debates reflect a broader pedagogical reckoning with long-standing behaviourist feedback traditions that 

prioritise error detection, compliance, and correction over meaning-making and learner agency. Situated 

within this evolving landscape, the present theoretical inquiry examines how this emerging technology 

intersects with entrenched feedback cultures in EFL classrooms. The “red-pen” logic of feedback is 

conceptualised as part of a wider instructional paradigm that frames learning as error elimination through 

external reinforcement, an orientation historically aligned with behaviourist models of correction, 

compliance, and measurable accuracy. Drawing on sociocultural theory, feedback literacy, and affect-

informed pedagogy, the article critiques the prevailing model of feedback as unidirectional error 

correction and argues for a shift toward dialogic, co-constructed feedback cultures mediated by both 

human and algorithmic actors. To account for the deep-rooted patterns that shape learners’ orientations 

toward feedback, the paper introduces the notion of Affective-Epistemic Feedback Habitus—a 

dispositional framework formed through repeated exposure to authoritative correction, behaviourist 

assessment logics, and high-stakes evaluation. This habitus is conceptualised as a durable set of emotional 

and epistemological “defaults” that govern what feedback feels like (e.g., threat, reassurance, shame, 

safety), what it counts as (e.g., verdict vs. invitation), and how learners are oriented to act upon it (e.g., 

comply, conceal, negotiate, revise). It shapes how students emotionally and cognitively interpret LLM-

mediated feedback, often predisposing them to perceive algorithmic suggestions as final judgments 

rather than as opportunities for reflection or revision. By exploring the pedagogical affordances and risks 

of LLM-generated feedback in this context, the paper argues that these tools offer both promise and 

limitations. While their non-judgmental tone and real-time support can scaffold learner autonomy and 

metacognitive engagement, their uptake within correction-oriented pedagogical cultures risks 

reproducing epistemic dependency, instrumental revision practices, and motivational detachment. The 

article advocates repositioning LLMs not as autonomous evaluators but as pedagogical interlocutors 

embedded in culturally responsive, ethically mediated writing instruction. Ultimately, it reframes 

feedback not as a static transmission of correctness, but as a situated, emotionally resonant process co-

constructed within specific educational ecologies. 
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1. Introduction 
 

The rise of Generative Artificial Intelligence (GenAI) in education has reshaped how learners engage with 

language, writing, and feedback. LLM-powered tools such as ChatGPT, Claude, and Gemini now deliver 

instant, personalised responses, from grammar correction to idea expansion and stylistic refinement, 

promising to democratise access to feedback, enhance writing fluency, and support metacognitive growth 

(Cavaleri et al., 2024:311; Liu & Wang, 2023: 88). Yet this promise is neither neutral nor universally 

realised. At a systemic level, the emergence of GenAI intersects with a longstanding pedagogical tension 

across educational contexts between behaviourist models of learning centred on stimulus, correction, and 

reinforcement, and sociocultural, dialogic approaches that conceptualise learning as meaning-making, 

participation, and agency. 

 

Historically, the “red pen” has functioned as both a material and symbolic instrument of correction-

oriented pedagogy, marking deviation, signalling error, and enforcing compliance (Semke, 1984:195). 

Across diverse educational systems and subject domains, correction-heavy feedback practices have been 

shown to undermine learner confidence, narrow revision to surface-level edits, and reduce writing to 

error avoidance rather than rhetorical development. Research consistently links such practices to 

heightened anxiety, diminished motivation, and shallow learning outcomes (Horwitz et al., 1986:125; 

Ryan & Henderson, 2018:884). The red-pen logic thus reflects a broader instructional paradigm in which 

feedback operates primarily as external regulation rather than as mediated support for learning. 

 

While global debates have increasingly examined the pedagogical and ethical implications of LLM 

integration, the effects of these technologies remain uneven across educational systems shaped by 

distinct linguistic, cultural, and assessment traditions. In many EFL contexts—particularly those 

characterised by high-stakes assessment, strong teacher authority, and accuracy-oriented curricula—

feedback practices continue to be dominated by correctional norms and emotionally charged evaluative 

dynamics. The red-pen model examined in this paper, therefore, reflects a widely recognisable 

educational habit of positioning feedback as behavioural control: detecting deviation, marking error, and 

rewarding conformity. When feedback functions primarily as external regulation, learner attention is 

systematically narrowed to error avoidance rather than to the development of voice, meaning, and 

rhetorical agency. 

 

In exam-oriented EFL systems, writing pedagogy has frequently prioritised grammatical accuracy and 

lexical appropriateness over rhetorical development or authorial voice (Lyrigkou, 2021). Feedback in such 

contexts is often delivered through visibly corrective, hierarchical, and emotionally consequential 

practices that many learners experience as judgment rather than an invitation to revise, fostering anxiety, 

demotivation, and superficial revision strategies. Within these instructional ecologies, LLM-generated 

feedback holds the potential both to disrupt established norms and to amplify them. 

 

Although GenAI tools can prompt more frequent revision and quicker feedback, their pedagogical impact 

is not inherent but contingent on how they are framed, mediated, and taken up. In correction-oriented 
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feedback cultures, learners may default to using GenAI as an automated grammar checker, while teachers 

may tacitly legitimise this use by aligning AI feedback with error elimination rather than metacognitive 

engagement. Under these conditions, GenAI risks functioning as a “digital red pen”: efficient, immediate, 

and scalable, yet pedagogically reductive. This risk does not arise because GenAI is intrinsically 

correctional, but because existing feedback scripts, shaped by behaviourist legacies, assessment 

incentives, and authority-driven norms, can domesticate a dialogic technology into an instrumental 

workflow. In high-stakes, exam-driven environments, the path of least resistance is often instrumental 

use rather than dialogic meaning-making. 

 

This paper, therefore, treats LLM adoption as a grand challenge of feedback culture design across EFL 

contexts: whether new technologies will be used to extend corrective regimes, accelerating error 

detection and compliance, or to cultivate dialogic, learner-centred revision practices that redistribute 

interpretive agency. 

 

Accordingly, the paper critically examines how LLM-powered tools interact with feedback cultures that is, 

the normative and affective patterns shaping how feedback is given, received, and interpreted in localised 

pedagogical settings (Carless & Winstone, 2020:153). Drawing on sociocultural theory, feedback literacy, 

and affect-informed pedagogy, it argues that feedback is not merely technical text improvement but a 

relational, culturally embedded act reflecting broader pedagogical ideologies. Particular attention is paid 

to how behaviourist feedback traditions may be inadvertently reproduced through GenAI when critical AI 

literacies and teacher mediation are absent. The analysis explores how LLMs may either reinforce 

hierarchical, judgmental paradigms or foster dialogic, agency-oriented models of feedback, positioning 

them not as autonomous correctors but as scaffolds for learner authorship, metacognition, and emotional 

safety when mediated with pedagogical and cultural sensitivity.  

 

2. Theoretical Framework: Feedback Cultures and Sociocultural Perspectives 
 

2.1 Feedback Cultures 
 

In recent years, the concept of feedback cultures has emerged as a critical lens for understanding how 

feedback is shaped not only by pedagogical intentions but also by institutional, relational, and emotional 

norms. Carless and Winstone (2020:156) define feedback cultures as ‘the shared understandings, 

expectations and values that underpin feedback practices and interactions in a given learning context’. 

Rather than viewing feedback as a neutral, transactional act, this perspective highlights its social and 

cultural construction, rooted in power relations and institutional histories. This paper additionally situates 

correction-dominant feedback cultures within a wider behaviourist orientation to teaching, where 

feedback functions primarily as external reinforcement and error suppression, rather than as mediation 

for meaning-making and development. 

 

In EFL writing education, feedback cultures are frequently characterised by correction-oriented paradigms 

and strong teacher authority. Ajjawi and Boud (2017: 252–260) observe that feedback is often 

experienced as asymmetrical, with teachers positioned as gatekeepers of correctness and learners 

expected to decode, accept, and comply. Such cultures privilege surface-level linguistic accuracy over 

rhetorical development, metacognitive awareness, and learner voice. While these dynamics are 

particularly visible in exam-oriented EFL contexts, they are by no means context-specific. Across many 

compliance-driven and assessment-intensive educational systems, feedback is institutionalised as 

surveillance of error rather than as dialogue about meaning-making, communicative intent, or writer 

identity. In these settings, visible correction practices—often symbolised by the “red pen”—come to 
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signify not only linguistic deviation but also academic judgement, reinforcing hierarchical feedback 

relations and limiting opportunities for dialogic engagement (Vlanti, 2012: 92). 

 

Feedback cultures are also affectively charged as students interpret feedback through emotional filters 

shaped by prior experiences, teacher relationships, and classroom hierarchies. In high-stakes 

environments, such as university entrance exams or international certification tests, feedback can 

provoke anxiety, shame, or disengagement. Yet, despite this emotional impact, the affective dimension 

remains marginalised in both research and practice (Ryan & Henderson, 2018:884). 

 

To address this gap, this paper introduces the concept of Affective-Epistemic Feedback Habitus: the 

internalised emotional and epistemological dispositions learners acquire through repeated exposure to 

culturally dominant feedback practices. Drawing on Bourdieu’s (1977) theory of habitus, affect-informed 

pedagogy (Ushioda, 2011; Dewaele, 2020), and sociocultural feedback research (Carless & Boud, 2018; 

Ajjawi & Boud, 2017a), this concept captures how feedback is felt, trusted, and acted upon. Unlike 

feedback cultures, which describe external norms, or scripts, which outline expected routines, this habitus 

reflects a deeply embodied orientation shaping learners’ intuitive reactions, compliance, resistance, 

anxiety, or detachment, especially in systems where correction, authority, and emotional vulnerability are 

intertwined.  

 

More specifically, the Affective-Epistemic Feedback Habitus refers to a patterned “readiness” to interpret 

feedback through (a) affective expectancy (anticipating criticism, threat, or relief), and (b) epistemic 

positioning (treating the feedback source as unquestionable authority vs. negotiable interlocutor). In SLA 

terms, it helps explain why two learners receiving similar feedback may diverge sharply in uptake: one 

may revise strategically and reflectively, while another may either comply mechanically or disengage, 

depending on prior socialisation into what feedback is and what it does to the self. In EFL writing, where 

identity, voice, and public evaluation intersect, this habitus can amplify foreign language anxiety (Horwitz 

et al., 1986:125), shape motivation and self-concept (Ushioda, 2011:199), and condition whether 

feedback becomes “usable information” or an affective threat requiring avoidance (Ryan & Henderson, 

2018: 884). The construct also clarifies a crucial pedagogical point: feedback literacy is not developed in a 

vacuum; it is mediated by dispositions. Where learners have internalised correction-as-judgment, they 

may possess procedural knowledge of “fixing errors” yet lack the epistemic confidence and emotional 

safety needed to negotiate feedback dialogically (Carless & Boud, 2018: 1315). 

 

2.2 Sociocultural and Affective Pedagogy 
 

To theorise feedback beyond static delivery, this paper draws on sociocultural learning theory, particularly 

Vygotsky’s concepts of mediation (1978) and the Zone of Proximal Development (ZPD). From this 

perspective, feedback is most effective when it functions as a mediational tool, scaffolding learners’ 

movement from current to potential performance within a supportive social context (Lantolf & Thorne, 

2006:79). Unlike mechanistic correction, feedback is conceived as a dialogic process co-constructed 

between teacher and learner, embedded in the dynamic interplay of cognition, emotion, and social 

interaction. 

 

The integration of LLM-based tools into feedback processes both aligns with and challenges this model. 

On the one hand, GenAI can provide timely, personalised suggestions that scaffold independent revision; 

on the other, its lack of relational and emotional attunement risks flattening the dialogic space, reducing 

feedback to surface-level edits detached from learner identity and intention. This raises critical questions 

about the locus of mediation, whether it resides in the algorithm, the teacher, or their interaction, and 

about how such mediation resonates with learners’ affective and cultural expectations. It also 

foregrounds pragmatic concerns: culture-sensitive feedback depends not only on what is suggested, but 
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on how it is said, what it presupposes, and how learners interpret it as a speech act involving stance, 

politeness, and implied authority. 

 

Affective dimensions—long marginalised in feedback research—are central to understanding learner 

engagement in EFL writing, where personal expression, linguistic vulnerability, and public evaluation 

intersect. Motivation and emotion shape learners’ beliefs, self-concept, and agency (Ushioda, 2011: 199), 

while affective responses to feedback, from pride to shame, directly influence whether learners revise, 

persist, or disengage (Dewaele, 2020). In many EFL contexts characterised by hierarchical teacher–student 

relations, strong evaluative traditions and authority-driven feedback practices, teacher commentary often 

carries moral and identity-related weight, positioning feedback as judgment rather than guidance. In such 

settings, replacing human feedback with algorithmic output may weaken the relational and motivational 

bonds that sustain learner effort, particularly when feedback has historically functioned as a source of 

validation, reassurance, or control. More broadly, this concern extends to any instructional context in 

which feedback is treated primarily as “control information” rather than as “learning dialogue”: affective 

safety is not a peripheral consideration but a necessary condition for sustained revision, risk-taking, and 

the development of authorial voice in second language writing. 

 

To address these tensions, the paper adopts the lens of feedback literacy, understood as the capacity to 

understand, evaluate, and use feedback productively (Carless & Boud, 2018:1318). Feedback literacy 

extends beyond decoding comments to include interpreting purpose, negotiating meaning, and 

integrating feedback into one’s learning trajectory. In AI-mediated contexts, this literacy must be explicitly 

cultivated: learners require guidance not only in using GenAI tools, but in critically engaging with their 

suggestions. Accordingly, the paper treats AI literacies as a complementary set of competencies, critical, 

ethical, and interactional, needed to interpret LLM outputs, recognise their limitations, and maintain 

authorship. Because GenAI introduces a new epistemic actor into the feedback ecology, feedback literacy 

must expand to include understanding probabilistic outputs and evaluating suggestions against rhetorical 

intent and task criteria, rather than accepting them as authoritative correction. 

 

In AI-augmented feedback ecologies, agency must be preserved and pedagogically scaffolded. Learners 

should be positioned as active participants in a dialogic feedback loop, with AI as support rather than a 

surrogate. Teachers, in turn, act as co-mediators, helping students interpret, critique, and personalise 

LLM-generated feedback in ways that are both culturally and emotionally responsive. Crucially, this co-

mediation is not only “pedagogical” but also “pragmatic”: when LLMs produce feedback in ways that 

misalign with local norms of politeness, directness, stance, or implicature, learners may misread the intent 

or weight of suggestions. Therefore, culture-sensitive feedback design must consider the pragmatics of 

LLM interaction, not only its grammatical correctness. 

 

2.3 Correction-Dominant Feedback Cultures in EFL Writing: A Global Problem with Local 

Manifestations 
 

Correction-focused feedback practices remain deeply entrenched in EFL writing instruction across many 

educational systems, reflecting broader institutional, ideological, and assessment-driven traditions. From 

early schooling onward, learners in numerous exam-oriented contexts are socialised into feedback 

cultures where writing is evaluated primarily through annotation, error marking, and visible correction 

rather than dialogic engagement with meaning, voice, or rhetorical intent. These practices are not unique 

to any single national context; rather, they represent a widely recognisable legacy of behaviourist 

pedagogy in which learning is operationalised as error reduction through external reinforcement, a logic 

shown to constrain deep learning, undermine emotional well-being, and limit sustained writing 

development when it dominates feedback practices (Semke, 1984: 195; Ryan & Henderson, 2018: 884). 
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Within this broader landscape, EFL writing classrooms illustrate how high-stakes assessment regimes 

concretely shape feedback practices. In many educational systems, exam-driven curricula have historically 

framed writing as a test of grammatical accuracy and lexical control rather than communicative 

effectiveness or rhetorical development. Such regimes, characterised by standardised criteria, time 

pressure, and accountability structurestend to reward formulaic responses and surface-level correctness 

over exploratory drafting, voice, or audience awareness. Consequently, writing instruction often becomes 

a high-risk, performance-oriented activity in which success is defined by error minimisation rather than 

the cultivation of authorial agency. While the intensity of these pressures varies across contexts, their 

pedagogical consequences are consistently observable in EFL classrooms governed by standardisation, 

external evaluation, and outcome-driven assessment logics. 

 

As a result, feedback is frequently framed as evaluative control rather than as a learning dialogue. 

Teachers—operating under institutional and societal pressure to deliver measurable outcomes—are 

positioned as grammatical arbiters whose role is to detect deviation from standard usage, mark errors 

(often in red pen), and return work with limited explanation or scaffolding. The red ink itself functions as 

a powerful pedagogical symbol, signalling judgment, finality, and correctness. Students are rarely invited 

into reflective dialogue about their rhetorical choices; instead, feedback is experienced as a verdict to be 

accepted and implemented rather than negotiated or questioned—if revision is encouraged at all (Semke, 

1984: 195).  

 

Such correction-dominant practices carry substantial affective weight. Writing becomes a high-risk act, 

exposing learners to correction, disappointment, and potential loss of face. Rather than cultivating 

revision as a recursive, exploratory process, feedback often reinforces surface-level edits and compliance 

with perceived norms. Over time, learners may become rhetorically risk-averse, overly dependent on 

memorised templates and model answers, or reluctant to develop an individual voice. The emotional cost 

is particularly acute for students who struggle with grammatical accuracy or who internalise early labels 

of being “weak” in English—labels closely associated with foreign language anxiety and diminished self-

efficacy (Horwitz et al., 1986: 125). 

 

Through repeated exposure to such feedback regimes, these tendencies gradually become dispositional 

rather than situational. Learners develop what this paper conceptualises as an Affective-Epistemic 

Feedback Habitus, shaped by authoritative correction, high-stakes evaluation, and emotionally charged 

feedback encounters. This habitus predisposes learners to interpret feedback as final, to internalise 

correction as personal failure, and to avoid the reflective, iterative dimensions of revision. It functions as 

an interpretive filter through which all feedback, whether teacher-delivered or GenAI-generated, is 

processed. More specifically, it normalises compliance over inquiry (epistemic stance) and threat over 

possibility (affective stance), making “fixing errors” feel like the only legitimate response to feedback, 

even when meaning-focused or rhetorical revision would be pedagogically preferable. In this sense, the 

red pen operates not merely as a tool but as a socialising practice: it trains learners to locate authority 

outside the self and to treat correctness as externally imposed truth rather than jointly constructed 

meaning. 

 

The emotional climate surrounding feedback is rarely addressed explicitly in classrooms. Across many EFL 

contexts, teachers receive limited training in affect-sensitive pedagogy, and institutional support for 

formative, dialogic feedback remains constrained by curricular demands. Societal and parental 

expectations for academic success further reinforce accuracy-oriented norms, sustaining a pervasive 

climate of anxiety around writing. While such dynamics are not exclusive to EFL, they are intensified by 

the symbolic power of English as a gatekeeping language for educational mobility and professional 

opportunity (Vogt & Tsagari, 2014: 53). 
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The lived consequences of these feedback cultures are reflected in familiar classroom experiences. A 

student receives an essay densely marked with red annotations, misspellings, verb tense corrections, 

punctuation errors—accompanied by a grade and a single directive (“Revise”), with no comment on 

argument or organisation. Another learner, preparing for an international language examination, is 

instructed to memorise fixed essay templates and discouraged from rhetorical experimentation, receiving 

the implicit message that conformity, not expression, ensures success. Such vignettes, common across 

exam-driven EFL systems, illustrate how institutional pressure, pedagogical intent, and emotional impact 

converge in correction-dominant feedback cultures. 

 

Within these contexts, GenAI-enhanced technologies introduce both risk and possibility. If learners 

approach GenAI primarily as a grammar checker, and if teachers implicitly legitimise this use by aligning 

AI feedback with error elimination rather than metacognitive engagement, GenAI risks becoming a digital 

red pen—efficient, immediate, and scalable, yet pedagogically reductive. This risk is not hypothetical. In 

accuracy-driven systems, the most socially rewarded and time-efficient use of GenAI is often surface 

correction (“fix my grammar,” “improve my vocabulary”), because it aligns seamlessly with assessment 

incentives, parental expectations, and entrenched classroom routines (Vogt & Tsagari, 2014: 57). 

 

Crucially, platform affordances can amplify this trajectory. The ease of copy–paste revision, one-click 

rewriting, and “polish” prompts encourages workflows where texts are edited into acceptability rather 

than revised into meaning, and improvement is equated with linguistic cleanup rather than conceptual 

rethinking. Over time, this can normalise a revision habitus of outsourcing, in which learners implement 

changes they cannot explain, weakening feedback literacy and diminishing the inner dialogue that makes 

feedback educative (Nicol, 2021:24; Carless & Boud, 2018:1318). In such ecologies, a dialogic technology 

is domesticated into an instrumental workflow. 

 

Yet disruption also creates space for reconfiguration. With teacher-led mediation, explicit attention to 

affect and pragmatics, and the cultivation of feedback and AI literacies, LLM systems could support a shift 

toward process-oriented writing and dialogic revision practices that redistribute interpretive agency. 

Achieving this shift requires more than adopting new tools; it demands critical reflection on the historical, 

emotional, and institutional architectures of feedback that shape how learners interpret and respond to 

feedback, whether human or algorithmic. It also requires shared understandings of what constitutes 

meaningful AI use in revision (e.g., questioning, justifying, resisting over-editing), alongside sustained 

teacher professional development addressing pedagogical orchestration, ethics, and the pragmatics of 

human–LLM interaction. 

 

2. LLMs and Feedback Mediation 
 

3.1 Affordances of GenAI Feedback Tools 
 

LLM-based tools such as ChatGPT, Claude, Gemini, and QuillBot have introduced new paradigms of writing 

support by delivering real-time, personalised, context-aware feedback that is typically non-judgmental in 

tone. Unlike traditional feedback, which is often delayed, constrained by teacher workload, and 

emotionally charged, these systems can address concerns ranging from grammatical accuracy to 

rhetorical structure and lexical sophistication (Cavaleri et al., 2024: 2; Liu & Wang, 2023: 108). 

 

A key pedagogical affordance of LLM-mediated feedback lies in its capacity to scaffold iterative revision. 

Through successive prompts and paraphrasing cycles, learners can refine their writing via 

experimentation, reflection and revision, aligning with Vygotsky’s Zone of Proximal Development, where 
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learning is optimally supported just beyond independent capability (Lantolf & Thorne, 2006: 80). Used 

intentionally, GenAI can function as a digital scaffold, enabling learners to identify gaps, explore 

alternatives and reflect on linguistic choices without immediate penalty. 

 

The dialogic capabilities of advanced GenAI platforms, especially those with memory and adaptive 

feedback, further enable metacognitive engagement. Learners can ask why a sentence is awkward, how 

to strengthen an argument, or whether a word choice suits a formal register. Such “explain-this-feedback” 

interactions promote conceptual awareness of genre, register, and audience, key aspects of academic 

writing literacy, and foster what Nicol (2021: 24) terms feedback as an inner dialogue, where meaning is 

co-constructed through formative engagement. 

 

In this light, GenAI can reposition feedback from a static, teacher-delivered product to a dynamic, learner-

initiated process. When framed pedagogically, these tools have the potential to empower students as 

proactive agents in their writing development, using AI not as a shortcut but as a dialogic partner in 

composition. This dialogic potential is also pragmatic: LLMs can model stance, hedging, politeness 

strategies, and audience-sensitive reformulation, dimensions that matter for culture-sensitive feedback 

and for learners’ perception of whether feedback is respectful, supportive, and actionable. 

 

3.2 Tensions Between GenAI Feedback and Correction-Dominant Feedback Norms in EFL 

Contexts 
 

Despite their dialogic affordances, the integration of LLM-mediated feedback systems into EFL writing 

instruction generates significant pedagogical and cultural tensions across diverse educational contexts. 

Central among these is a recurrent mismatch between GenAI’s probabilistic, non-authoritative feedback 

style and entrenched correction-dominant feedback norms that characterise many exam-oriented and 

accuracy-driven language education systems worldwide. In such contexts, learners are often socialised to 

interpret feedback as a final evaluative judgment, closely associated with grades, visible correction, and 

error identification, rather than as an open-ended invitation to revise, reflect, or negotiate meaning. 

 

This tension is particularly visible in EFL settings shaped by behaviourist legacies, where writing instruction 

has historically privileged linguistic correctness, rule adherence, and conformity to standardised norms. 

Within these systems, feedback is expected to provide unequivocal answers to the binary question of 

correctness. Consequently, GenAI’s non-directive suggestions (e.g., “You may wish to consider revising 

this sentence for clarity”) may be perceived as insufficiently authoritative or pragmatically ambiguous. 

Empirical observations from Southern European and other exam-oriented contexts indicate that learners 

frequently seek categorical confirmation when encountering AI feedback, asking variations of “Is this right 

or wrong?” (Garcia & Lee, 2023: 89). This response signals a deeper epistemological tension: GenAI’s 

context-sensitive, probabilistic recommendations contrast sharply with the rule-based certainties 

cultivated by traditional EFL feedback regimes. 

 

In many EFL contexts internationally, these tensions are particularly salient. Learners are often socialised 

within highly evaluative feedback cultures in which teacher authority, visible correction practices (e.g., 

red-pen marking), and high-stakes assessment structures dominate writing instruction. For learners 

shaped by an Affective-Epistemic Feedback Habitus that equates feedback with authoritative correctness, 

GenAI’s mitigated, probabilistic guidance may be experienced as confusing, insufficiently decisive, or even 

unreliable unless explicitly mediated by teachers. Importantly, these dynamics are not confined to a single 

national setting. Comparable patterns have been documented across diverse EFL contexts where 

assessment incentives, institutional accountability, and parental expectations prioritise surface accuracy 
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and error elimination over rhetorical development, authorial agency, and dialogic engagement with 

feedback. 

 

Recent scholarship on the pragmatics of LLM-mediated interaction further complicates assumptions that 

AI-generated feedback is neutral or universally interpretable. Research in computational pragmatics and 

AI discourse analysis demonstrates that LLMs systematically encode politeness strategies, epistemic 

hedging, indirectness, and face-preserving formulations rooted primarily in Anglophone academic 

discourse norms (Brown & Levinson, 1987: 66–68; Danescu-Niculescu-Mizil et al., 2013: 8; Hovy & Spruit, 

2016: 592). While such pragmatic features may soften affective impact, they also introduce interactional 

ambiguity in educational cultures accustomed to directive, authority-driven feedback. LLM-generated 

feedback typically privileges mitigated suggestions over categorical correction, reflecting probabilistic 

alignment rather than pedagogical intentionality (Bender et al., 2021: 615; Floridi et al., 2018: 694). In 

many EFL contexts, this pragmatic mismatch can lead learners either to dismiss AI feedback as indecisive 

or to overinterpret it as covertly authoritative, thereby reinforcing compliance rather than dialogic 

engagement. These dynamics underscore the need to conceptualise GenAI feedback not only as a 

cognitive or affective intervention, but as a socio-pragmatic act whose interpretation is culturally 

mediated and pedagogically consequential. 

 

These tensions are further intensified by what may be described as feedback shortcutting. Learners may 

rely on tools such as Grammarly or ChatGPT to eliminate surface errors while bypassing the cognitive work 

of developing writing strategies. In assessment-driven EFL systems, where correctness is rewarded more 

visibly than rhetorical or metacognitive growth, this reliance risks reducing feedback to linguistic 

outsourcing (Vogt & Tsagari, 2014:57). This mechanism explains how an intuitively dialogic technology 

can become a digital red pen: dominant success metrics (error-free text) steer usage toward the fastest 

visible gains (surface correction), reinforcing compliance-based revision habits and weakening reflective 

uptake. Moreover, a subtle standardisation effect emerges, as LLMs, optimised for fluent, norm-aligned 

prose, implicitly privilege conventional phrasing and generic correctness, especially when learners request 

“better” or “more advanced” English without articulating rhetorical intent. Over time, this norm-

alignment risks reproducing correctional hierarchies under a new technological interface, positioning 

learners as implementers of external edits rather than negotiators of meaning (Ajjawi & Boud, 2017b: 

252–260; Carless & Winstone, 2020:15 6). 

 

This risk is amplified by techno-solutionist discourses that frame GenAI as an efficiency-enhancing remedy 

for long-standing feedback challenges such as teacher workload, delayed correction, or error density. 

When adopted primarily as a tool for speed, scalability, or cost reduction, GenAI may automate and 

intensify existing correctional paradigms rather than transform them. In EFL systems shaped by high-

stakes assessment, techno-solutionist adoption often positions GenAI as a mechanism for faster error 

detection and surface-level optimisation, thereby reinforcing behaviourist feedback logics under the guise 

of innovation. Without deliberate pedagogical reframing, GenAI does not disrupt the red-pen culture; it 

digitises it. 

 

Teacher roles are also implicated in this shift. If LLM-powered feedback is positioned as a substitute for 

teacher input, educators risk marginalisation, with potential erosion of both pedagogical authority and 

the relational trust that sustains learner motivation (Semke, 1984:197). In the absence of structured 

mediation, LLM-generated feedback may operate in a pedagogical vacuum, technically proficient yet 

affectively and culturally misaligned. This misalignment is not only emotional but pragmatic: LLM 

feedback may mishandle politeness, directness, implicature, humour, or culturally preferred degrees of 

explicitness, leading learners to misinterpret suggestions as overly authoritative, insufficiently clear, or 

excessively interventionist. Culture-sensitive integration, therefore, requires sustained attention to the 
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pragmatics of human–LLM interaction, including how stance, interpersonal alignment, and evaluative 

force are communicated through AI feedback. 

 

Addressing these tensions necessitates embedding LLM-mediated feedback within teacher-facilitated, 

dialogic feedback cultures. Learners require explicit support in developing critical feedback literacy: the 

capacity to interpret, critique, adapt, and, when appropriate, reject algorithmic suggestions in line with 

rhetorical purpose, audience awareness, and communicative intent. Such discernment ensures that GenAI 

functions as a dialogic support rather than a decontextualised corrector, preserving both pedagogical 

integrity and learner agency. Crucially, this training must be framed as part of AI literacies alongside 

feedback literacy, encompassing interpretive competencies (evaluating output quality), interactional 

competencies (formulating productive prompts), and ethical competencies (maintaining authorship and 

academic integrity). In practice, this involves designing feedback tasks that make thinking with feedback 

visible, requiring justification, annotation, and comparison, so that the learning outcome is not merely a 

cleaner text, but a more agentive, reflective writer. Taken together, these dynamics illustrate how GenAI’s 

pedagogical impact is not determined by its dialogic capacity alone, but by the feedback cultures into 

which it is embedded. 

 

3.3 Emotional and Motivational Implications 
 

One of the most under-theorised yet critical dimensions of GenAI feedback is its emotional impact on 

learners. In feedback cultures where fear of judgment, performance anxiety, and correction fatigue are 

prevalent, LLM-mediated feedback offers a potential affective shift. By presenting suggestions in a 

neutral, impersonal tone, GenAI may reduce the emotional sting often associated with teacher correction. 

For students who link teacher feedback with failure or embarrassment, AI can provide a psychologically 

safer space for experimentation and risk-taking in writing (Ryan & Henderson, 2018: 884). Emotional 

safety in this context is not trivial: it underpins creativity, cognitive engagement, and willingness to take 

linguistic risks, particularly in writing, where personal expression meets linguistic vulnerability. 

 

When framed pedagogically, GenAI can help learners move beyond formulaic structures toward more 

autonomous and confident expression. This aligns with Ushioda’s (2011:202) view of motivation as a 

relational and affective construct shaped by the learner’s emotional experience of instructional activities 

and evaluative interactions. 

 

Yet the absence of affectively salient human feedback carries risks. Authorship blurring—the uncritical 

incorporation of AI suggestions—may dilute ownership of the text, complicating questions of originality 

and reducing opportunities for metacognitive reflection. Learners may revise “correctly” without 

understanding why, resulting in superficial gains. Overreliance on GenAI can also foster motivational 

detachment: if revision is routinely outsourced, writing may be perceived less as personal expression or 

growth and more as a mechanical process to be optimised algorithmically. This instrumentalisation of 

writing risks weakening intrinsic motivation and eroding confidence in one’s authorial voice. 

 

To mitigate these risks, GenAI must be positioned not as an evaluator but as a conversational partner 

whose feedback is to be interpreted, adapted, or sometimes rejected. Teachers should help learners 

develop discernment, ownership, and critical trust in both human and AI feedback. Without such 

mediation, the promise of transforming feedback into a dialogic, learner-centred process may remain 

unrealised, particularly in cultures where feedback is historically bound to emotional vulnerability and 

academic authority. From a pragmatic perspective, this also requires attention to how LLM feedback 

performs stance: hedges (“perhaps,” “consider”), directives (“change X to Y”), and evaluative language 

can be interpreted differently across cultures and proficiency levels, affecting whether learners perceive 

feedback as supportive, ambiguous, or authoritative. 
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4. Reimagining Feedback Cultures: Pedagogical Implications 
 

In many EFL contexts, these tensions become particularly visible. Learners are often socialised within 

highly evaluative feedback cultures dominated by teacher authority, red-pen correction, and high-stakes 

assessment. For learners shaped by an Affective-Epistemic Feedback Habitus that equates feedback with 

authoritative correctness, GenAI’s mitigated or non-directive guidance may prompt confusion, mistrust, 

or dismissal unless explicitly mediated by teachers. Comparable dynamics have been documented across 

EFL settings where institutional expectations, assessment incentives, and parental pressures prioritise 

surface accuracy over rhetorical development and dialogic engagement. 

 

Rather than treating LLMs as autonomous evaluators, educators should embed them within frameworks 

that protect learner agency, emotional safety, and cultural specificity. Unmediated use risks automating 

existing correctional paradigms; thoughtful integration can instead position LLMs as dynamic mediators 

of writing development, prompting reflection, negotiation, and ownership. Achieving this transformation 

hinges on two interdependent priorities: repositioning teachers as feedback mediators and cultivating 

learner feedback literacy in LLM-rich environments. A third, cross-cutting priority is the explicit 

development of AI literacies and sustained teacher professional development, ensuring that AI does not 

function as an invisible curriculum silently reshaping what counts as writing, revision, and improvement. 

 

4.1 Pedagogical Repositioning of Teachers 
 

The introduction of GenAI into feedback processes necessitates a shift in the teacher’s role—from 

evaluator to feedback mediator. Teachers are called to move beyond acting as final arbiters of correctness 

and instead function as interpreters and co-constructors of meaning, guiding learners through GenAI 

outputs with critical, affective, and contextual awareness (Winstone & Carless, 2020: 67). 

 

This repositioning does not diminish teacher expertise; rather, it amplifies it by foregrounding the 

orchestration of meaningful interaction between learner and machine. Effective mediation involves 

helping students understand not only what GenAI suggests, but why, how, and when those suggestions 

align, or conflict, with communicative goals, genre conventions, and audience expectations, particularly 

when AI feedback is vague, formulaic, or culturally misaligned. In this way, teachers preserve feedback as 

dialogue, ensuring that AI functions as a catalyst for reflection rather than a decontextualised corrector 

(Nicol, 2021:27). Crucially, such mediation also supports pragmatic alignment, enabling learners to 

interpret stance, hedging, directness, and politeness in AI feedback and to negotiate revisions that remain 

rhetorically and culturally appropriate. 

 

Teachers must also attend to the emotional dimension of AI-mediated feedback, supporting learners who 

may experience confusion, dependency, or diminished authorship when working with algorithmic 

suggestions. This affective scaffolding is essential for sustaining motivation and trust—elements often 

absent from purely algorithmic exchanges (Ryan & Henderson, 2018:885). Teacher professional 

development is therefore central: educators require not only technical familiarity with GenAI tools, but 

also AI literacies, critical pedagogical frameworks, and guidance in orchestrating dialogic human–AI–

learner feedback interactions. 

 

4.2 Cultivating Feedback Literacy in AI-Mediated Settings 
 

To unlock the transformative potential of LLMs in writing instruction, feedback must be reimagined not 

merely as correction, but as a literacy—an evolving set of interpretive, reflective, and dialogic 
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competencies that learners actively develop. Feedback literacy, as defined by Carless and Boud (2018: 

1319), involves understanding feedback processes, recognising its role in learning, and acting on it 

effectively. In GenAI-mediated classrooms, this literacy must extend to algorithmic feedback discernment. 

 

Accordingly, feedback literacy must be complemented by AI literacy: the capacity to understand how 

GenAI systems generate feedback, recognise their probabilistic nature and limitations, and distinguish 

algorithmic suggestions from pedagogically intentional guidance. AI literacy intersects with, but does not 

replace, feedback literacy. Without this layered competence, learners risk treating pragmatically hedged, 

probabilistic AI output as authoritative correction, defaulting to passive uptake rather than reflective 

engagement. 

 

Developing authorship awareness, therefore, requires learners to interpret, negotiate, and selectively 

adopt GenAI feedback. Although LLMs can provide flexible, context-sensitive suggestions, their outputs 

may be generic, misaligned with rhetorical intent, or culturally inappropriate. Learners must also develop 

pragmatic discernment: recognising when AI reformulations alter stance, modulate politeness, intensify 

or soften claims, or disrupt discourse expectations relative to local classroom norms, exam genres, or 

target communities of practice. 

 

Crucially, this process is mediated by the Affective-Epistemic Feedback Habitus learners bring to the 

classroom. Where learners have been socialised into authority-driven, correction-oriented feedback 

regimes, dispositions of deference, anxiety, and compliance may lead to uncritical acceptance of AI 

suggestions, undermining dialogic engagement unless explicitly addressed. 

 

To embed LLMs into feedback processes rather than products, teachers can design tasks that require 

learners to compare AI suggestions with original intentions, justify acceptance or rejection of revisions, 

annotate changes using genre- or register-based rationales, and reflect on how feedback reshapes 

rhetorical stance. Such practices position GenAI feedback as a catalyst for reflection rather than an 

endpoint for correction, aligning with constructivist principles of learner agency. 

 

Finally, explicit classroom discussions about AI’s limits, its biases, lack of socio-pragmatic awareness, and 

tendency toward over-editing can demystify the tool and foster critical digital literacy. Students thus come 

to see AI not as an infallible authority, but as a helpful, fallible, and negotiable feedback partner. These 

discussions should include “LLM pragmatics”: how prompts function as speech acts, how politeness and 

stance are conveyed in AI feedback, and how culturally variable interpretations of hedging, directness, 

and evaluation can shape learner uptake. This is where AI literacies intersect with feedback literacies: the 

goal is not merely competent use of tools, but informed judgment about when AI supports learning and 

when it substitutes for it. 

 

4.3 Localising GenAI Use in Writing Feedback Across Educational Contexts 
 

Crucially, the successful integration of LLMs into feedback practices requires culturally responsive 

adaptation across educational contexts. Writing classrooms—across EFL, ESL, and academic literacy 

settings—operate within sociocultural ecosystems where feedback is tightly intertwined with identity, 

authority, evaluation, and emotional exposure. Ignoring these dynamics in favour of universalised “best 

practices” risks reproducing the very disconnects that have historically limited the effectiveness of 

feedback in diverse educational systems (Vogt & Tsagari, 2014: 59). Localisation, therefore, should not be 

misconstrued as parochialism: it constitutes a core design principle for responsible GenAI integration, 

precisely because feedback is always situated, even when the technologies that deliver it are global. 
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Accordingly, GenAI must be localised rather than merely adopted. This entails mediating LLM use in ways 

that account for learners’ linguistic profiles, rhetorical traditions, and socio-affective expectations. Across 

many educational contexts, learners bring specific patterns of L1 transfer, genre socialisation, and 

assessment-oriented writing habits that shape how feedback is interpreted and acted upon. AI-generated 

feedback that simply flags errors or rewrites text without contextual explanation risks reinforcing surface-

level correction, regardless of the language or setting. Educators, attuned to both the linguistic and 

emotional realities of their classrooms, are uniquely positioned to provide this mediation, ensuring that 

AI feedback supports learning rather than compliance. Localisation must also involve pragmatic 

calibration: expectations surrounding directiveness, mitigation, praise, and critique vary widely across 

educational cultures, and LLM outputs may inadvertently signal excessive authority, unwarranted 

tentativeness, or ambiguity. Attending the pragmatics of LLM feedback is therefore integral to culture-

sensitive feedback design. 

 

At the same time, GenAI integration must actively resist techno-solutionism, the assumption that 

automation, speed, or efficiency alone can resolve pedagogical challenges. When LLMs are introduced 

primarily to address teacher workload, turnaround time, or error density, they risk digitising correctional 

paradigms rather than transforming them. In exam-oriented and accountability-driven systems 

worldwide, such adoption frames GenAI as a tool for rapid surface-level optimisation, thereby reinforcing 

behaviourist feedback logics under the guise of innovation. Teacher-guided adaptation is therefore 

essential: educators must deliberately curate how and when GenAI is used, monitor its effects on learner 

motivation and revision behaviour, and embed it within feedback cycles that privilege process, 

interpretation, and reflection over performance outcomes. 

 

Addressing these risks requires sustained teacher professional development that extends well beyond 

technical training. Educators need structured support in critical AI literacy, pedagogical mediation, and 

affect-sensitive feedback design, enabling them to interpret GenAI outputs, anticipate learner 

misinterpretations, and integrate AI feedback into dialogic instructional routines rather than allowing it 

to function as a parallel or substitute authority. Professional development should explicitly address AI 

literacies, including tool evaluation, prompt pedagogy, authorship, and ethical considerations, as well as 

pragmatic awareness, such as how AI feedback communicates stance, politeness, and implied authority 

across contexts. 

 

Reimagining feedback cultures through GenAI, therefore, demands more than functional integration; it 

requires a cultural, emotional, and pedagogical recalibration across educational systems. Teachers must 

be repositioned as mediators of meaning, learners cultivated as literate feedback agents, and AI grounded 

in the socio-affective realities of local classrooms. Only under these conditions can feedback evolve from 

correction to collaboration, from surveillance to scaffolding, and from red ink to intelligent dialogue. 

 

5. Conclusion and Future Directions 
 

As LLM-mediated tools increasingly permeate educational settings, their implications for feedback 

practices in EFL writing demand urgent theoretical and pedagogical scrutiny. This article has argued that 

GenAI is not a neutral instructional aid, but a socio-technical actor whose effects are shaped by the 

pedagogical, cultural, and institutional ecologies into which it is introduced. Across EFL contexts, GenAI 

can either reinforce entrenched correction-dominant paradigms or contribute to the reconfiguration of 

feedback cultures as dialogic, reflective, and learner-centred processes. Crucially, where feedback has 

historically been organised around behaviourist logics of error detection, compliance, and external 

evaluation, uncritical adoption of GenAI risks assimilating new technologies into existing correctional 

regimes rather than transforming them. 
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A central risk identified in this paper is techno-solutionism: the assumption that the introduction of 

advanced technologies will, in and of itself, resolve long-standing pedagogical problems related to 

feedback quality, learner engagement, or teacher workload. When GenAI is adopted primarily for its 

efficiency, speed, or scalability, without explicit pedagogical reframing, it risks functioning as a digital red 

pen, automating correction-as-judgment and intensifying compliance-oriented revision practices through 

algorithmic means. Techno-solutionism thus represents not a separate issue but a mechanism of 

reinforcement: it enables behaviourist feedback logics to persist under the appearance of innovation, 

particularly in assessment-driven EFL systems where surface accuracy remains the most visible indicator 

of improvement. 

 

The analysis underscores that resisting techno-solutionism requires more than caution; it requires explicit 

cultivation of literacies. First, feedback literacy is essential if learners are to engage with GenAI feedback 

as an interpretive resource rather than a verdict. Without the capacity to question, negotiate, and justify 

revisions, learners may default to passive uptake, reproducing epistemic dependency rather than 

developing authorial agency. Second, AI literacies are indispensable to understanding how LLMs generate 

feedback, recognising probabilistic and pragmatically hedged outputs, and evaluating suggestions against 

rhetorical intent, task criteria, and audience expectations. These literacies are not peripheral but 

foundational: without them, GenAI risks becoming an invisible curriculum that silently reshapes what 

counts as “good writing” and “successful revision.” 

 

Equally critical is the role of teacher professional development in mediating these processes. Teachers 

remain central to preventing uncritical GenAI adoption, not only by guiding tool use but by framing 

feedback as a dialogic, affectively safe, and culturally situated practice. Professional development must 

therefore extend beyond technical training to include critical AI literacy, pedagogical mediation, ethical 

awareness, and pragmatic sensitivity to how AI feedback communicates stance, authority, and evaluation. 

Without such preparation, educators may inadvertently legitimise correction-only uses of GenAI or cede 

epistemic authority to algorithmic outputs, allowing techno-solutionism to reconfigure, not reduce, 

existing feedback asymmetries. 

 

This theoretical inquiry opens multiple pathways for future empirical research across EFL contexts. There 

is a pressing need for longitudinal studies examining how AI-mediated feedback shapes revision depth, 

authorship awareness, emotional engagement, and metacognitive development over time. Further 

research should also investigate pragmatic alignment in LLM feedback, specifically how learners interpret 

hedging, directiveness, politeness, and stance, and how these cues interact with local norms of authority 

and evaluation. Importantly, future studies should foreground student voice, exploring how learners 

experience GenAI feedback emotionally and epistemically, and how these experiences influence uptake, 

resistance, or overreliance. 

 

The integration of GenAI into EFL writing education should therefore be approached not as a technological 

upgrade but as a pedagogical and ethical inflection point. Whether GenAI amplifies dependency or fosters 

autonomy, entrenches correctional authority or redistributes interpretive agency, depends less on 

algorithmic sophistication than on the literacies, mediation practices, and professional judgments that 

surround its use. Feedback ecosystems must be intentionally designed, where teachers mediate, learners 

interpret, and AI functions as dialogic support rather than digital overseer. 

 

Only under these conditions can red ink be transformed into resonance and correction into collaboration. 

Ultimately, reshaping feedback in EFL education requires not only new tools but the unlearning of the 

established Affective-Epistemic Feedback Habitus, a pedagogical challenge that demands cultural 

sensitivity, teacher mediation, and dialogic reorientation. The challenge ahead is therefore not merely to 
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teach with AI, but to teach against the grain of inherited feedback cultures, crafting classroom ecosystems 

where both human and algorithmic feedback can be sources of empowerment, not surveillance. The 

question we must now confront is simple, yet consequential: Will we use GenAI to reinforce the red pen 

or to rewrite the culture of writing itself? 

 

Limitations 
 

This article is positioned as a theoretical and critical discussion rather than an empirical investigation or 

systematic review. As such, its claims are conceptual and interpretive, grounded in established 

scholarship, theoretical synthesis, and contextual analysis rather than primary data collection. The 

illustrative examples employed serve explanatory purposes, not evidentiary ones. Accordingly, the 

arguments advanced here should be understood as a theoretically informed agenda for future research 

and pedagogical reflection, intended to be empirically examined, refined, and contextualised through 

methodologically rigorous studies in EFL writing classrooms and comparable educational settings. 
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Why AI Literacy Matters in EAP:  
Lessons from Engineering Students' Homework Practices 

 
 
 

Sonia Carmen Munteanu 
 
 
 

The rapid proliferation of generative artificial intelligence (GenAI) in higher education has raised urgent 
questions about AI literacy and its integration into disciplinary curricula. This study examines how 
engineering students at a Romanian university engaged with GenAI tools when completing English for 
Academic Purposes (EAP) homework, in a context without institutional guidance, formal training, or clear 
curricular provisions. Framed within an action research approach, the study draws on student self-reports 
and survey responses to explore both practices and perceptions. The findings indicate that most students 
relied on AI tools—particularly ChatGPT—to refine language, clarify ideas, and enhance coherence in their 
writing. Students generally viewed these tools positively, valuing their contribution to efficiency, 
comprehension, and preparedness for future professional contexts. However, only limited evidence 
emerged of more advanced practices such as critical evaluation or iterative prompting. A smaller group 
preferred to work without AI, motivated by ethical concerns, self-reliance, or scepticism. The study argues 
for embedding AI literacy into EAP courses to foster equitable access, critical and ethical use, and 
pedagogical alignment with the evolving technological landscape. 
 
Keywords: English for Academic Purposes (EAP), Generative artificial intelligence, AI literacy, Higher 
education, Action research 
 

______________________________________________________________________________

_ 
 

1. Introduction 
 
The recent widespread adoption of GenAI tools for language learning in HE has spurred research focusing 
on its impact on curriculum design, teaching, learning and assessment (Lee et al., 2024). In the fields of 
professional communication and English for Academic Purposes (EAP), research shows that GenAI can 
enhance learning processes (Nelson et al., 2025) and autonomous learning (Ingley & Pack, 2023), can 
assist with personalized feedback (Mahapatra, 2024; Su et al., 2023), and can scaffold the development 
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of professional communication skills (Godwin-Jones, 2022; Khodi & Curle, 2025; Mahapatra, 2024; Su et 
al., 2023). 
 
Since the effective use of GenAI requires a deep understanding of its complex capabilities and prompting 
skills to leverage its full potential, HE institutions (HEIs) have to face a multifaceted challenge when 
adopting it for learning and teaching. Apart from the need to provide access to it for educators and 
students, HEIs need to provide regulations, training and awareness of capabilities, of potential and of 
contradictions (Chiu et al., 2023; Darvin, 2025; Warschauer et al., 2023; Yang et al., 2025). The urge to 
integrate AI across the curriculum (Southworth et al., 2023) spurs changes at disciplinary level, leading to 
research into innovative practices that integrate AI literacy with disciplinary skills. Nonetheless, both at 
programmatic and implementation levels, HEIs display a varied pace in change, due to lack of institutional 
policies or slow curriculum updates (Vettori & Warm, 2025). More and more, however, have started to 
launch initiatives and programs for AI literacy development that aim to equip students and staff with 
foundational knowledge about AI technologies, ethical considerations, and effective, responsible use of 
Gen AI tools (Vettori & Warm, 2025). 
 
Against this general background, the present study examines how engineering students in a Romanian 
HEI engage with GenAI tools for EAP learning within a context of vague curricular provisions, no 
institutional guidelines, and no formal training on their pedagogical use. The study aims to assess local 
conditions that could justify the inclusion of AI literacy components in the EAP curriculum by investigating 
two key aspects: students' reported uses of GenAI when completing homework and their perceptions of 
its benefits and drawbacks for language learning. 
 

2. AI Literacy as Component of Disciplinary Curriculum 
 
The rapid expansion of generative artificial intelligence (GenAI) in educational contexts has intensified 
calls for the systematic development of AI literacy as a core competency for learners. Warschauer et al. 
(2023) offer a comprehensive conceptualisation, identifying four interrelated competency areas: 
understanding AI (grasping core concepts, capabilities, and limitations), using AI (applying tools effectively 
in varied contexts), evaluating AI (critically assessing outputs for accuracy, bias, and appropriateness), and 
creating AI (designing or adapting systems or outputs for specific needs). This framework positions AI 
literacy as an interdisciplinary capability that integrates technical knowledge with cognitive, 
socioemotional, and ethical competencies, and it stresses the importance of equitable access to avoid 
exacerbating the digital divide. Education systems, the authors argue, should embed AI literacy through 
scaffolded, domain-specific instruction that develops learners' abilities progressively from basic familiarity 
to critical, reflective, and creative engagement, while recognising it as a lifelong learning process. 
 
Complementing this broader conceptual framing, Chan and Hu's study (2023) captures higher education 
students' perspectives on using generative AI for learning and assessment in HE. Participants generally 
valued GenAI for its capacity to generate ideas, refine writing, and improve efficiency, particularly in 
language-related tasks. However, the study found considerable variation in how critically and ethically 
students engaged with AI outputs: while some used them as a springboard for further refinement, others 
relied on them with minimal modification. These findings underscore the need for explicit guidance and 
structured support in developing the critical evaluation and ethical use competencies central to AI literacy. 
 
In the context of EAP and professional communication, the ever evolving affordances of Gen AI to produce 
text in multiple languages, to translate, to comprehend and control content, to adapt messages to a 
variety of audiences, and respond to numerous communicative demands in diverse contexts raised 



Monteanu / Research Papers in Language Teaching and Learning 16/1 (2026) 47-59 

49 

 

concerns about language learners' use of such tools as substitutes for learning rather than assistance to 
learning. 
 
Recognising the overlap between these skills typically taught in EAP courses and the capabilities of AI 
tools, Ngo and Hastie (2025) propose a framework for teaching AI literacy within EAP contexts. Building 
on this evidence of variable engagement and the need for structured support, Ngo and Hastie offer a more 
targeted definition of AI literacy relevant to EAP and English for Specific Purposes (ESP): AI literacy is "the 
ability to critically evaluate, use, and create AI applications effectively and ethically, supported by the 
necessary knowledge, skills, and awareness." This multidimensional framing emphasises three key 
competencies: critically evaluating AI output for reliability, bias, and appropriateness; using AI effectively 
and ethically in context; and creating or adapting AI applications to meet specific needs. While the last 
dimension is less immediately relevant to most EAP settings, the first two directly align with the 
communicative and academic demands of higher education. From an EAP and ESP perspective, AI literacy 
enables learners to engage with AI-generated text in ways that strengthen both language proficiency and 
disciplinary communication skills, provided they are explicitly taught to interrogate AI outputs, apply them 
appropriately, and acknowledge their use ethically. 
 
The importance of this critical and ethical engagement is underscored by the findings of Nelson et al. 
(2025), which examined how learners use AI tools in academic writing tasks. The study found that while 
many students appreciate GenAI's ability to generate ideas, improve structure, and enhance language 
accuracy, their engagement often remains passive, with outputs accepted at face value and minimal 
evidence of systematic evaluation or adaptation. Ethical dimensions, such as correct attribution and 
awareness of AI's limitations, were inconsistently addressed, reflecting a lack of structured pedagogical 
support for these competencies. 
 
Taken together, these studies highlight a significant gap between students' current AI practices and the 
fuller scope of AI literacy as conceptualised by Ngo and Hastie. Both point to the risk that, without 
deliberate and scaffolded instruction, learners will remain at a surface level of AI use, missing 
opportunities for deeper, more critical engagement. For EAP, this gap has direct implications: embedding 
AI literacy into the curriculum can ensure that students develop not only the technical capacity to use AI 
but also the reflective, ethical, and adaptive skills necessary for effective academic and professional 
communication in AI-rich environments. 
 
Investigating a decade of AI literacy education, Yang et al (2025) underscored the need to embed AI 
literacy into curricular standards. Their study reveals that, for educational practices, one of the most 
effective ways of supplying AI literacy is creating opportunities for learners "to engage in hands-on 
activities and real-world application that enhance [their] ability to apply AI content in their lives and future 
career" (p.9). Thus, learners develop agency and can become responsible and informed AI users. In light 
of these findings and frameworks, the present study seeks to explore how such principles might be 
meaningfully applied in a local EAP context. By investigating engineering students' reported uses of GenAI 
for academic writing and their perceptions of its benefits and limitations, this research aims to inform the 
potential integration of AI literacy into the curriculum as a structured, pedagogically grounded practice. 
 

3. Methodological Approach 
 

3.1 Action Research Perspective 
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The main objective of the present study is to better understand how students use GenAI tools for 
independent work in their language learning, by analysing data collected from students I taught, within 
the context of an EAP curriculum I designed and implemented. Consequently, my work is situated in the 
tradition of action research (AR) in language education, a process of action and reflection on one's own 
teaching practices for the purpose of identifying what affects these practices and how they can be 
improved (Banegas & Consoli, 2020). Burns (2016) highlights the self-reflective, critical and systematic 
nature of AR, which renders it particularly suitable for practitioners who need to explore the impact of 
their pedagogical decisions on student learning and on educational processes so that they can take 
corrective measures or validate a course of action in their teaching. 
 
Action research relies on three key elements: context, agents and issues. In language education, the 
context of action research may include, among others, the institution, the curriculum, various regulations 
and conditions that influence teachers and learners. These have "strong potential to shape and 
dynamically influence the practices of teaching and learning" (Banegas & Consoli, 2020: 177). The agents 
are understood as the active participants, who include the teachers and the learners. Teacher agency is 
apparent not only in their teaching and research but also in their engagement in reflection and self-
reflection at every step of the research process. Action research in second/foreign language education 
concerns issues pertaining to learners' development of communicative competence or to teachers' 
professional development (Dikilitas & Griffiths, 2017). 
 
The present study is set against the context of a HE institution that offers EAP courses to second-year 
engineering students, as part of their mandatory curriculum. The course spans over fourteen weeks with 
a two-hour weekly face-to-face session. Class sizes are large and vary between eighty to one hundred 
students per class. These conditions pose serious constraints on two important aspects of learning: 
student engagement in class and individual feedback. The course requires students to do two graded 
assignments as homework. Students are encouraged to work autonomously. Direct, formative feedback 
before submission of homework is impossible due to the same contextual constraints mentioned above. 
Course requirements do not include specific provisions for the use of GenAI tools. General provisions on 
plagiarism and other unethical behaviour apply, however. Writing assistance tools such as grammar, style 
or punctuation checkers or automatic correction have never been banned or restricted for homework 
completion. 
 
The use of AI tools with enhanced performance in language comprehension and text production remains 
somewhat unacknowledged in the particular institutional context. Since the advent of LLM-based 
chatbots such as ChatGPT-3, their presence as actors involved in educational processes (planning 
curricula, teaching, learning and assessment activities) has become more frequent at all levels. 
Institutions, however, are slower at embedding the multitude of uses into formal policies and procedures, 
often limiting their efforts to preventing the potential negative impact of GenAI, rather than providing 
guidelines, instruction or training to teachers and learners on how to use these fast-developing 
technologies to enhance learning and teaching in ethical and effective ways. 
 
Employing an AR-grounded approach, the study collected quantitative and qualitative data from the 
engineering students who took the EAP course in order to address the following research questions (RQ): 

• RQ1: How do students report using GenAI tools for completing EAP homework assignments? 
• RQ2: What are the students' perceptions of the benefits and drawbacks of using GenAI tools for 

EAP homework? 
 

3.2 Participants and Data 
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The participants in this study are second-year engineering students who took the EAP course in the 
summer semester of the 2024/25 academic year. A total of 160 students (NT=160) did their homework, 
filled in the AI Tools Declaration of Use (AID) and submitted it with the assignment. This was mandatory, 
and the declarations were signed by students. From the total number, 23 declared they had not used any 
AI tool while doing the assignment (NT0=23), while 137 mentioned the use of AI tools for completing the 
assignment (NT1=137). After the final submission, all students were invited to complete a survey, which 
was anonymous. Only 49 students responded to this post-activity survey (SR=49), which represents 
30.69% of the total number who did their homework. 
 
The data collected consist of two types of student responses: the AIDs (NT = 160) and the survey responses 
(SR= 49). Both sources are multiple-choice questionnaires which can provide insights from a quantitative 
perspective. The post-activity survey also contained an open-ended question, which provides qualitative 
data. The quantitative data are analysed here using descriptive statistics, while the qualitative data have 
undergone a thematic analysis. Both sources contribute synergistically to a better understanding of the 
students' perspective on using AI tools for learning and doing homework in EAP. 
 
The first data collection tool was a three-section document signed by the students and submitted together 
with the homework assignment (see Annex). The first question asked students to state whether they used 
any AI tool when doing the homework. Those whose answer was yes were asked to move on to the next 
section. This part focused on the tool used, the purpose and method of use, how the students' work was 
integrated with the AI contribution and how the students validated the final version before submission. 
The final part of the form required the students to acknowledge the ethical implications of working with 
AI and confirm that the work was original and a personal contribution. 
 
The second data collection tool was a survey with seven statements to be evaluated on a five-point Likert 
scale (strongly agree to strongly disagree) and one open-ended question. The purpose of the 
questionnaire was to investigate students' perception of using AI tools for EAP homework and was 
adopted from the AI Motivation Scale (AIMS) instrument by Li et al. (2025). Their AIMS questionnaire is a 
multi-dimensional instrument designed and validated for gauging students' motivation to learn with AI in 
higher education. My adaptation consisted of selecting seven items consistent with the design and 
objectives of the current study. An open-ended question was added to allow students to detail their 
personal experiences of doing homework with or without AI assistance. These provided more qualitative 
data and were used for within-data triangulation to contextualise, nuance or confirm the quantitative 
responses from the surveys and the AIDs. The data underwent a thematic analysis to reveal perspectives 
on the themes convergent with those targeted by the multiple choice questions from the survey and the 
topics of the AIDs. Due to the small size of the collected corpus (just over 1000 words), I performed the 
coding myself, iteratively, and extracted the relevant instances. 
 

4. Results and Discussion 
 

4.1 RQ1: How do Students Report Using GenAI Tools for Completing EAP Homework 
Assignments? 
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Figure 1. Students' responses from the AI Tools Usage Declaration (AID) 

 
4.1.1 Choice of AI Tool 
 
The findings from the AIDs are shown in Figure 1. A total of 137 (NT1=137) students used an AI tool to do 
their homework. By far the most used tool was ChatGPT (88.32%), confirming a recent study conducted 
by Yusuf et al. (2024), which showed that ChatGPT is the most widely utilised tool among both university 
lecturers and students. Six other different tools were used in much smaller proportions (e.g. 
DeepSeek=4.37%; Gemini, Claude=1.45%). 
 

4.1.2 Purpose of AI Use 
 
In terms of purpose, AI assisted mostly with language and formulating ideas more clearly or checking for 
errors and suggesting improvements. Students used AI tools to improve comprehension of video material 
as well as to organize their ideas and add coherence to their text. Other students mentioned assistance 
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with the layout and design of their output texts. These findings are consistent with reports such as Ngo 
and Hastie (2025), who show that students employ AI tools in EAP for a wide range of purposes, from 
those related to language mechanics to more EAP-specific ones, such as brainstorming and finding 
sources. Su et al. (2023) also found that collaborating with ChatGPT for writing increases the quality of 
ideas generated. My students displayed awareness of these capabilities and employed them in the 
process of solving the task, from the comprehension stage to the final decisions on the design and layout 
of the text they wrote. One student stated that 'doing my English homework was more manageable with 
AI assistance. I used it to help generate ideas, improve grammar, and structure my writing more clearly. 
It made the process faster and helped me learn by seeing better examples.' 
 
The process of collaborating with the AI tools was broken down into three steps: methodology (how the 
AI tool was used), integration (how one's own work was integrated with AI-generated content and 
feedback) and verification (how accuracy and reliability of co-created content were ensured). 
 

4.1.3 Methods of Engagement with AI Tools 
 
The vast majority of students declared that they summarized the input material (video) themselves, 
seeking AI assistance to refine their work. A smaller number of students asked for support to understand 
the fundamental concepts of the lesson (technical report), and then they narrowed down the perspective 
they gained to the specific ideas from the video material provided by the teacher. In other words, students 
used AI to scaffold their comprehension of concepts before diving into more complex and specific aspects 
tackled in the EAP course. As one student put it: 'I enjoy doing homework with AI because it gives me the 
right information immediately instead of me searching for it; also, it can give me more specific 
explanations to help me understand better in all ways possible'. 
 
Only a few students used an iterative process of evaluating AI and co-created work and refining prompts 
to get more specific results. Evaluation and iteration are crucial steps in working with GenAI tools to 
ensure accurate, specific and adapted output results (Schulhoff et al., 2025). This suggests that students 
may need training in order to be able to fully understand how GenAI works and can be used in most 
effective ways (Lee & Palmer, 2025), which supports the idea of integrating AI literacy and EAP in HE. 
 

4.1.4 Integration of AI and Student-Generated Content 
 
In terms of integration, students started from their own content and asked AI to suggest improvements 
or worked back and forth between their own writing and the AI suggestions, co-creating the final 
response. A small number of students used the AI-generated suggestions to build upon and refine for the 
final response. 
 

4.1.5 Verification of Co-created Content 
 
Fifty-seven students used multiple ways of verification to ensure the accuracy and reliability of co-created 
content. The most frequently used were watching the video multiple times to check own comprehension 
and fact-check AI summary, together with correction of own errors and those found in the AI generated 
content: 'I used AI to nitpick and make sure everything was all right.' and 'I used AI in correcting my 
grammar errors and to elevate my language by a slight margin.' 
 



Monteanu / Research Papers in Language Teaching and Learning 16/1 (2026) 47-59 

54 

 

A few students appealed to a peer to check their work. One student reported that the only verification 
was asking the AI tool to check the final response for grammar or spelling errors. Integration and 
verification of co-created content are essential steps in completing EAP homework with the help of AI 
tools. The results offer only a glimpse of how students tackle them through self-reported practice, a 
limitation of the present study. However, they seem to indicate that students' engagement with the GenAI 
focuses less on their learning process and more on final output characteristics (e.g. style and punctuation). 
Leveraging GenAI potential for developing students' language learning process (e.g. iterative cycles of 
drafting that are critically evaluated) emerges as an important area of intervention when including AI 
literacy development in EAP curricula. Scaffolded and deliberate instruction on how to partner with AI 
tools throughout the learning process can empower students to become autonomous lifelong learners, 
fully aware of GenAI capabilities and limitations (Ngo & Hastie, 2025). 
 

4.2 RQ2: What are the Students' Perceptions of the Benefits and Drawbacks of Using GenAI 
Tools for EAP Homework? 
 
4.2.1 Perceived Benefits and Drawbacks of AI Tools Use 
 

 
Figure 2. Students' perception of using GenAI for homework in EAP 

 
Figure 2 summarizes the students' perceptions of the benefits and drawbacks of using GenAI for 
homework in EAP, based on the results of the post-activity survey. Only 49 students responded to this 
anonymous, non-mandatory questionnaire. 
 
The survey results suggest a generally positive attitude toward learning and doing homework with AI. A 
clear majority of respondents expressed agreement or strong agreement with the statement that they 
enjoy using AI in this context, and similar support was evident for the view that AI could enhance their 
effectiveness. These responses indicate that many students not only recognise practical benefits but also 
experience genuine engagement and satisfaction when integrating AI into their academic work. 
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When asked about the importance of AI for their academic performance, future careers, and ability to 
adapt to future changes, the pattern remained favourable, albeit slightly more mixed. While a substantial 
proportion agreed or strongly agreed, a noticeable share of respondents chose "slightly agree" or lower 
levels of endorsement, suggesting that for some, the perceived value of AI is more tentative or 
conditional. This may reflect varying levels of familiarity, trust, or direct experience with AI's potential 
applications. 
 
In contrast, negative perceptions—such as seeing AI as a waste of time or being unsure of its benefits—
were less common but still present. Around one-third to nearly half of respondents disagreed or strongly 
disagreed with these negative statements, but a small percentage aligned with them. This minority may 
represent students who are either sceptical about AI's relevance or have not yet seen tangible benefits in 
their learning. Overall, the data points to a predominantly positive but not uncritical stance toward AI in 
academic contexts, with room for further confidence-building and practical demonstrations of its value. 
 

4.2.2 Avoiding Engagement with AI Tools 
 
This perspective on using GenAI for homework in EAP should be considered alongside data from the AIDs. 
Although only a minority (just over 14% of N = 160), some students reported not using any AI tool for their 
homework. Regardless of their reasons, this group preferred to work independently, avoiding AI 
assistance in their language learning process. Whether due to ethical concerns, confidence in their own 
language proficiency, technical difficulties, fear it would impede on their learning process ('I believe that, 
especially with writing in English, AI is very prone to replacing human input, and I try to develop this set 
of skills myself as much as possible'), or other factors, their motivation to abstain from AI use merits closer 
examination. 
 
Existing research warns that the rapid proliferation of AI in education could deepen the digital divide 
(Beckman et al., 2025; Warschauer et al., 2023). Paywalls and other accessibility barriers can make AI tools 
unattainable for some students, preventing them from becoming as AI-savvy as their peers without such 
social, economic, or personal constraints. 
 
In light of these concerns, higher education institutions bear a responsibility to mitigate inequities in 
access by ensuring that all students are provided with the requisite technology, training, and support. 
Integrating AI literacy into disciplinary curriculum, such as EAP courses, would not only address disparities 
in access but also equip students with the critical understanding and practical skills necessary to engage 
effectively with these rapidly evolving technologies. 
 

5. Conclusion 
 
This study set out to investigate how engineering students in a Romanian higher education institution use 
GenAI tools in the context of an EAP course, with the broader aim of assessing whether AI literacy should 
be embedded into the curriculum. Framed within an action research approach, the study not only 
documents student practices and perceptions but also serves as a structured reflection on the curricular 
conditions in which it takes place. The findings show that the vast majority of students who completed 
the AI Tools Declaration of Use had engaged with at least one AI tool—most often ChatGPT—primarily to 
refine language, clarify ideas, and ensure coherence in their work. Survey responses further revealed 
generally positive attitudes towards AI in learning, with students recognising its potential to enhance 
effectiveness, academic performance, and career preparedness. Nonetheless, a small but notable 
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minority preferred to work without AI assistance, highlighting diverse learner preferences and the need 
for a nuanced approach to AI integration. 
 
The results also suggest that while students can employ AI effectively for language-related tasks, few 
demonstrated advanced practices such as iterative prompting or critical evaluation of AI output. This gap 
points to a lack of structured guidance and training, particularly in areas of responsible use, verification, 
and integration of AI-generated content. From an action research perspective, this insight functions as a 
call to refine both pedagogical strategies and curricular provisions to ensure that students not only access 
AI tools but also learn to use them critically and effectively. The presence of students who abstain from 
AI use—whether due to access, skills, or values—underscores the importance of equitable provision of 
both technology and AI literacy instruction, a responsibility that falls to higher education institutions.  
These results resonate with conclusions from Ngo and Hastie (2025) and Chan and Hu (2023), among 
others, who highlight that deliberate instruction should prepare all students to critically leverage GenAI 
potential for developing language skills and disciplinary communication while ethically acknowledging co-
created content. 
 
In keeping with the cyclical nature of action research, these findings will inform the next stage of my 
practice: adapting the EAP course to incorporate targeted AI literacy components that address the 
identified gaps while respecting diverse learner needs. This process of observing, analysing, and 
responding to classroom realities transforms the research into actionable change, aligning institutional 
goals with the evolving technological landscape (Vetter et al., 2024; Vettori & Warm, 2025). By 
systematically integrating these insights into future course iterations, the pedagogical and institutional 
context can evolve to support more equitable, informed, and effective engagement with GenAI in 
language learning. 
While the findings provide valuable insights into students' engagement with GenAI tools, the study is 
limited by its reliance on self-reported data, which may not fully capture actual practices. The absence of 
observational or performance-based measures means that reported behaviours could not be 
independently verified. Future research could strengthen validity by incorporating task-based 
assessments or classroom observations alongside surveys, providing a more comprehensive picture of AI 
use in EAP contexts. 
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Annex: AI Tools Usage Declaration 
Student Information 
Name: ___________________________________ 
Group: ___________________________________ 
Declaration 
I hereby declare the following regarding my use of AI-assisted tools in completing this assignment: 

• [ ] I have NOT used any AI-assisted tools in completing this assignment. 
• [ ] I HAVE used AI-assisted tools in completing this assignment, and I provide details below: 

1. Tools used (select all that apply): 
• [ ] ChatGPT 
• [ ] Google Bard/Gemini 
• [ ] Microsoft Copilot 
• [ ] Claude 
• [ ] Other (please specify): _______________ 

2. Purpose (select all that apply): 
• [ ] To help clarify concepts from the video that I didn't understand 
• [ ] To assist with language formulation and phrasing 
• [ ] To help organize my thoughts into a coherent structure 
• [ ] To check my work for errors or improvement suggestions 
• [ ] Other (please specify): _______________ 

3. Methodology (select one): 
• [ ] I provided direct quotes/transcripts from the video and asked AI to summarize them 
• [ ] I summarized the video content myself first, then asked AI to help refine my work 
• [ ] I asked general questions about technical report writing and integrated the AI's responses with 

the video content 
• [ ] I worked iteratively, refining my prompts based on initial AI responses 

4. Integration (select one): 
• [ ] I used AI-generated content as a starting point, then substantially revised and added my own 

contribution 
• [ ] I created my own work first, then used AI to suggest improvements or alternative phrasings 
• [ ] I worked back and forth between my own writing and AI suggestions, creating an integrated 

final product 
• [ ] I primarily assembled and edited various AI outputs 

5. Verification (select all that apply): 
• [ ] I compared AI suggestions against my notes from the video to ensure accuracy 
• [ ] I watched the video multiple times to verify that all key points were included correctly 
• [ ] I identified and corrected errors or misinterpretations in the AI-generated content 
• [ ] I had a peer review my work to help verify accuracy 
• [ ] Other (please specify): _______________ 
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The increasing integration of artificial intelligence (AI) in education is reshaping language 

teaching and creating new conditions for pedagogical innovation while also raising important 

ethical and educational questions. This paper presents a values-based lesson design for the 

creative and critical integration of artificial intelligence in English as a Foreign Language 

education, illustrated through the design and classroom implementation of the lesson 

“Odyssey 2.0: Values Recharged.” AI is conceptualized as a learning resource that supports 

linguistic development, critical digital literacy, creativity, and ethical awareness through 

constructivist, experiential, inquiry-based, and reflective learning practices. The lesson design 

integrates multimodal activities, including digital storytelling, collaborative inquiry, role-play, 

debate, and creative production, within a learner-centred, values-based educational focus. 

The paper discusses implications for curriculum design, teacher practice, and formative 

assessment, while addressing ethical challenges related to bias, dependency, and data 

protection. Overall, it illustrates how purposeful AI integration, guided by clear pedagogical 

principles, can enrich EFL learning and support the development of critically aware and socially 

responsible learners. 

 

Keywords: Artificial Intelligence Pedagogy; EFL Pedagogy; Critical Digital Literacy; Values-

Based Learning. 

 

___________________________________________________________________________ 

 

 

1. Introduction 
 

Τhe integration of AI into educational practice constitutes one of the most transformative 

developments in contemporary pedagogy, as the OECD (2026) highlights the potential of 

generative AI to transform the quality and effectiveness of learning and education systems. In 

EFL contexts, Selwyn (2019) calls for critical reflection on how AI-supported technologies 

reshape educational roles and practices. More recent research shows that such technologies 

increasingly mediate lesson design, assessment practices, learner engagement, and teacher 
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roles, contributing to the emergence of dynamic, multimodal language learning environments 

(Frøsig & Romero, 2024). UNESCO (2021) likewise argues that these developments require 

sustained reflection and ethical awareness. 

 

From a sociocultural perspective, learning is understood as a socially mediated process in 

which knowledge emerges through interaction, dialogue, and participation in meaningful 

activity (Vygotsky, 1978). Within this view, learning is not conceived as the mere acquisition 

of linguistic forms but as the development of communicative competence through 

engagement with cultural, social, and cognitive practices. Constructivist learning theory 

(Bruner, 1996) and experiential learning theory (Kolb, 1984) further emphasize the learner’s 

active role in  developing understanding through experience, inquiry, reflection, and 

collaboration. 

 

Building on these theoretical foundations, the article presents and analyses a pedagogical 

lesson design that illustrates how artificial intelligence can be meaningfully integrated into EFL 

learning within a human-centred and values-oriented educational framework. In this context, 

the paper explores two key pedagogical issues: first, how artificial intelligence can be used in 

EFL teaching in ways that support linguistic development and creative language use; and, 

second, how AI-supported learning activities can foster critical digital literacy and reflective 

engagement with technology. 

 

2. Theoretical Framework 
 

This section draws on insights from contemporary theories of learning, language education, 

and technology integration, incorporating constructivist and sociocultural perspectives as well 

as research on AI in language education, critical digital literacy, and values-based pedagogy. 

From a constructivist and sociocultural perspective, learning is understood as an active, 

socially situated process in which knowledge is constructed through interaction, dialogue, and 

participation in meaningful activity (Dewey, 1938; Vygotsky, 1978). From this perspective, 

communicative competence emerges through learners’ engagement in cognitive, social, and 

cultural practices rather than through the accumulation of isolated linguistic forms. 

Experiential learning theory emphasizes the process through which understanding is 

developed via experience, reflection, conceptualization, and experimentation (Kolb, 1984), 

while inquiry-based learning positions learners as active investigators who construct 

knowledge through problem-solving and exploration (Hmelo-Silver, 2004). Collaborative 

learning theories highlight the importance of interaction, shared responsibility, and social 

negotiation in knowledge construction, principles that underpin effective communicative 

language teaching (Johnson & Johnson, 2009). 

 

Concerns that AI-supported assistance may lead to cognitive offloading have been raised in 

recent discussions; however, this position has been challenged in subsequent theoretical and 

critical work. Potkalitsky (2025) argues that assistance has always been integral to human 

learning and knowledge construction rather than an external threat to cognition. From this 

perspective, tools and technologies function as extensions of human thinking within socially 

and culturally mediated learning processes. This view supports an understanding of AI not as 

a replacement for human cognition, but as a pedagogical resource whose educational value 

depends on intentional and reflective instructional use. 
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The development of critical digital literacy is a central requirement of contemporary language 

education. Critical digital literacy refers to learners’ ability to critically access, interpret, 

evaluate, and create digital information while recognising the social, ethical, and political 

implications of digital technologies and algorithmic systems (Gee, 2015; European 

Commission, 2026). The expansion of digital technologies has contributed to a broader 

understanding of literacy as a constellation of digital, media, and critical competences (Gee, 

2015; Kern, 2015). In AI-enhanced learning environments, learners are required to analyse, 

evaluate, and create digital content while understanding the ethical, social, and cultural 

implications of algorithmic systems. Such engagement enables learners to recognize bias and 

limitations in AI-generated content and to participate actively in knowledge construction 

(European Commission, 2026). 

 

Recent discussions on artificial intelligence in education and the development of critical digital 

literacy increasingly emphasise the importance of maintaining a pedagogically guided AI use. 

Within this perspective, human-centred artificial intelligence in education refers to the 

development and use of AI systems that support human learning, strengthen teacher 

professional judgement, and promote learner agency, well-being, and authentic participation 

in the learning process (Holmes et al., 2019; UNESCO, 2023). Human-centred pedagogy, as 

reported by Anastasiades et al. (2024), places learners’ cognitive, emotional, social, and 

ethical development at the core of educational practice, prioritizing relationships, inclusivity, 

and personal growth over technological efficiency. Lazcano-Quintana (2024) argues that 

values-based education reinforces this orientation by embedding moral, cultural, and civic 

values into the learning process, fostering learners’ understanding of responsibility, 

perseverance, cooperation, respect, and empathy alongside academic development. 

 

The effective use of artificial intelligence in education requires its contextualised alignment 

with pedagogical aims and instructional design. In this context, the pedagogical integration of 

AI can be understood as the intentional alignment of AI tools with learning objectives, 

instructional strategies, and assessment practices in ways that support meaningful learning 

processes and sustained cognitive engagement (Mishra & Koehler, 2006; OECD, 2026). Τhe 

pedagogical integration of AI is further informed by the Technological Pedagogical Content 

Knowledge (TPACK) model, which conceptualizes effective teaching as the intersection of 

content knowledge, pedagogical knowledge, and technological knowledge (Mishra & Koehler, 

2006). Complementary models such as SAMR (Substitution, Augmentation, Modification, 

Redefinition) inform the progressive transformation of learning tasks through technology, 

guiding practice from substitution toward pedagogical redefinition (Puentedura, 2013). 

Research on pedagogically mediated AI use reinforces the importance of aligning 

technological innovation with ethical responsibility, transparency, and learner well-being, as 

emphasised by Holmes et al. (2019) and Luckin (2018). 

 

 

3. The “Odyssey 2.0: Values Recharged” Pedagogical Lesson Design 
 

The article presents a pedagogical lesson design that illustrates the meaningful use of AI within 

EFL teaching in a Greek secondary school context, addressing 12-13 years oldd learners whose 

language proficiency ranges from A2 to B1. The lesson was implemented as a model 

pedagogical practice intended to illustrate how AI-supported activities can be integrated into 

EFL teaching. It was developed as a 90-minute teaching sequence, offering a concrete 

pedagogical illustration of the lesson design in authentic classroom conditions. The lesson was 
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also designed within the framework of the B2 level of ICT teacher training in Greece, ensuring 

systematic alignment among pedagogical objectives, technological integration, and 

curriculum requirements. 

 

The lesson design presupposes a set of linguistic, digital, and cultural prerequisites that 

support learners’ engagement with the tasks. At the linguistic level, learners are expected to 

have a basic command of English, including familiarity with vocabulary related to the 

description of people and values, the ability to comprehend and produce simple narrative and 

descriptive texts, and the capacity to participate in basic dialogue and express opinions. In 

terms of digital competence, learners are expected to be familiar with the basic use of 

common digital tools such as Canva, Lumen5, Quizlet, ChatGPT, and Suno, as well as with 

searching for information online and interpreting digital texts and images. In addition, learners 

are expected to demonstrate cultural and cognitive readiness, including familiarity with the 

mythology and historical background of Odysseus, an emerging capacity for critical thinking 

and for comparing past and present perspectives, and an initial awareness of the role of values 

in contemporary society. 

 

Language development is set in a meaningful cultural and ethical contextthat adheres to the 

principles of the CEFR (Council of Europe, 2020), enabling learners to explore identity, 

heroism, responsibility, and social values while simultaneously strengthening communicative 

competence, in line with constructivist and sociocultural views of learning. Drawing 

inspiration from classical narratives of heroism and ethical development, the lesson connects 

cultural heritage with contemporary social realities through activities such as the exploration 

of Odysseus’ return, the comparison of mythological and modern forms of heroism, and the 

examination of everyday heroes in local and social contexts. It is pedagogically aligned with 

thematic units of the official EFL curriculum related to heroes, values, descriptions of people 

and events, and narrative texts, while also functioning interdisciplinarily through connections 

with the subjects of Ancient Greek (the Odyssey), Literature, History, Art, and ICT. 

 

At the core of the lesson design lies the principle of pedagogical integration, understood as 

the alignment of technological tools with clearly articulated learning objectives, instructional 

methods, assessment practices, and educational values. AI is not introduced as a technological 

novelty but is integrated as a mediational pedagogical resource that supports cognitive 

engagement, scaffolds linguistic production, and enhances creativity, differentiation, and 

inclusion, consistent with the learner-centred AI use in education articulated by OECD (2026). 

Research on the impact of AI technologies on student learning and performance further 

underscores the need for balanced integration that prioritises pedagogical values and 

preserves critical thinking and learner agency, as demonstrated by Vieriu & Petrea (2025) and 

emphasised in systematic reviews of human-centred AI design by Schmager et al. (2025). AI-

supported activities are embedded within coherent instructional sequences that encourage 

learners to analyse, compare, and generate content, to connect traditional and contemporary 

conceptions of heroism, and to revise linguistic output through collaborative reflection. 

 

The lesson integrates a wide range of learning activities, including inquiry tasks, language 

practice, role-play, debate, multimodal text production, digital storytelling, and guided use of 

AI tools. These activities are intentionally combined to foster active participation, creative 

expression, and higher-order thinking, while supporting meaningful communication and 

learner agency throughout the instructional process as suggested by Godwin-Jones (2024). 
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It is structured around three interrelated dimensions that support holistic learner 

development. Language development is fostered through authentic communicative practices 

involving narrative construction, lexical expansion, dialogue, and multimodal expression, 

supported by AI-enabled resources that provide rich linguistic input and scaffolded practice 

across multiple semiotic modes (Warschauer & Kern, 2000). Critical and digital competence is 

cultivated as learners analyse, evaluate, and co-create content using AI tools, developing 

informed awareness of the affordances and limitations of intelligent systems and 

strengthening responsible digital agency (Knobel & Lankshear, 2006). For example, during the 

role-play and debate stations, students use AI-generated suggestions from ChatGPT but are 

required to evaluate their accuracy and relevance before incorporating them into their 

arguments, thereby practising critical judgement in AI-supported environments (European 

Commission, 2026; OECD, 2026). Values and social awareness are integrated through ethical 

reflection, social responsibility, intercultural understanding, and the exploration of core values 

such as perseverance, loyalty, empathy, courage, cooperation, and respect, supported by 

storytelling, role-play, collaborative projects, and reflective dialogue. 

 

The learning environment fostered by the Odyssey 2.0 lesson design is intentionally 

interactive and learner-centred. Students assume active roles in the construction of 

knowledge through collaborative inquiry, creative production, debate, and reflection, while 

the teacher functions as a facilitator who designs learning experiences, guides reflection, and 

supports learners’ cognitive, emotional, and social development (Schön, 1983; Nicol & 

Macfarlane-Dick, 2006). 

 

4. Learning Objectives and Expected Competence Development 
 

Learning objectives are formulated as expected outcomes that guide learners’ engagement 

with language skills, technology, and values in a coherent and interrelated manner. Therefore, 

the expected learning outcomes encompass linguistic, digital, cognitive, social, and ethical 

competences, following an integrated developmental process that can support both academic 

achievement and the formation of socially responsible individuals. 

 

With regard to linguistic development, learners are expected to enhance both receptive and 

productive skills in English through engagement with spoken and written texts, including 

textual and audiovisual material. They are encouraged to comprehend oral and written 

discourse and to produce simple spoken and written texts using appropriate vocabulary and 

basic structures. In particular, learners are facilitated to generate short narratives and 

descriptions related to heroes and values, to transfer simple information from source texts 

into creative products (such as posters or short digital texts), and to participate in dialogues 

and role-play activities, expressing ideas and arguments in English at an appropriate level. 

Through these communicative practices, learners are supported to strengthen fluency, 

accuracy, and confidence in using English for meaningful interaction, as research on 

communicative language teaching demonstrates (Warschauer & Kern, 2000). 

 

In relation to technology use and digital literacy, learners are expected to develop the ability 

to use AI-supported tools for the creation of multimodal texts. They are also assisted to 

analyse and evaluate content generated with the support of AI and to develop an initial 

understanding of both the strengths and the limitations of AI in educational and 

communicative contexts. Furthermore, learners are empowered to collaborate in digital 
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environments, producing content through group work and shared digital practices, thereby 

strengthening both technical and collaborative skills. 

 

Cognitive and learning-related outcomes focus on the development of critical thinking and 

reflective engagement with content. Learners are expected to analyse and compare past and 

present perspectives, particularly in relation to concepts of heroism and values, and to 

connect historical and mythological references with contemporary social contexts. Through 

inquiry-based and creative activities, learners are expected to cultivate problem-solving 

abilities, to reflect on their learning process, and to develop creativity through 

interdisciplinary tasks that combine language, culture, and technology. 

 

Social, ethical, and values-based outcomes constitute a central dimension of the lesson. 

Learners are expected to recognize the importance of social responsibility and ethical 

awareness in the contemporary world, to reflect on values such as cooperation, responsibility, 

and respect, and to develop a more informed and balanced stance toward technology. In 

addition, learners are expected to enhance intercultural awareness and to appreciate the 

value of cultural heritage, while strengthening their ability to communicate effectively and 

collaborate with others. Through these experiences, the lesson aims to support learners not 

only as developing users of English but also as active, reflective, and socially aware participants 

in an interconnected world. 

 

5. Implementation of the Odyssey 2.0 Lesson: Learning Activities and Tools 
 

The lesson was implemented in a Greek public lower secondary school (Gymnasium). The class 

consisted of sixteen first-grade Gymnasium students (approximately 12–13 years old) with an 

overall English proficiency level corresponding to A2 of the Common European Framework of 

Reference for Languages.  It was delivered in an authentic classroom environment as a model 

lesson by the Education Advisor for EFL teachers and was attended by English language 

teachers. It lasted for two teaching periods, ninety minutes. The student samples included in 

the appendices derive from this classroom implementation of the model lesson. It was 

implemented as a coherent learner-centred sequence that integrates inquiry, collaboration, 

creative production, and reflection within a technologically enriched environment. The 

activities were designed to encourage active participation, communication, and reflection, 

while ensuring that AI tools functioned as pedagogical support for classroom interaction and 

discussion.  

 

The overall sequencing of activities supported gradual conceptual development, moving from 

the activation of prior knowledge to collaborative exploration, creative expression, and 

reflective evaluation. This structure ensured alignment between learning objectives, 

classroom practices, and assessment, and prepared learners to engage productively with both 

linguistic content and digital tools.  

 

The lesson was organized into two teaching periods. The first teaching hour introduced 

learners to the central thematic focus of heroism and values through guided exploration and 

language-focused activities. Activity 1, “The Return of Odysseus”, activated prior knowledge 

through brief brainstorming on the concept of a hero, followed by a guided discussion after 

viewing a short film excerpt depicting Odysseus’ return and his recognition by his dog, Argos. 

This activity supported comprehension, thematic engagement, and initial identification of 

values reflected in the narrative.  
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In Activity 2, “The Journey Timeline”, students worked collaboratively in small groups to 

reconstruct key events of Odysseus’ journey. Learners worked with short narrative texts 

adapted from a child-friendly online encyclopedic resource (Kiddle), which were modified to 

match their language proficiency level using an AI-supported text rewriting tool (Text 

Rewriter, Magic School; see Appendix A). The adapted texts were presented through the 

digital tool Canva, and additionally shared as printed cards, and read collaboratively by the 

groups. Through comparing information across texts and sequencing episodes 

chronologically, they practiced descriptive language, developed narrative coherence, and 

engaged in oral interaction in a cooperative learning context. 

 

In Activity 3, “Qualities of a Hero”, learners explored lexical items related to personal qualities 

and values through guided discussion and structured vocabulary practice, supported by digital 

flashcards created in Quizlet, which strengthened their understanding of key terms required 

for subsequent tasks. This activity prepared the ground for Activity 4, “Values Map”, during 

which learners participated in a digital brainstorming activity using AnswerGarden, 

contributing words that described the qualities of a hero. As learners submitted their 

responses, a shared visual representation of ideas was gradually formed, allowing the group 

to observe recurring values and patterns. Through this process, learners engaged in 

collaborative reflection on contemporary forms of heroism, enhanced participation and 

cooperation, and became familiar with the use of digital tools for collective idea generation. 

 

In Activity 5, “Contemporary Heroes in the Neighbourhood”, learners engaged in guided 

brainstorming on examples of everyday heroism, focusing on figures such as volunteers, 

firefighters, and activists. This initial phase aimed to encourage reflection on contemporary 

forms of heroism and to connect abstract values with real-life social contexts. Learners then 

read a short informational text related to local or community-based heroes, which had been 

generated using an AI-supported tool (Informational Text, Magic School; see Appendix B). 

Working in groups, they identified and recorded examples of contemporary heroes, thereby 

reinforcing reading comprehension, collaborative interaction, and values-based reflection. 

 

The second teaching hour was organized around a learning stations model, enabling 

participants to engage with the lesson theme through multiple forms of expression and 

interaction. The stations collectively addressed storytelling, role-play, debate, music creation, 

and visual representation, offering diverse pathways for exploring contemporary heroism and 

associated values. This structure supported differentiated participation, collaborative 

learning, and active language use, while integrating digital and AI-supported tools in 

meaningful communicative tasks. 

 

The first station, the Storytelling Corner, focused on narrative creation and creative language 

use. Learners worked collaboratively to produce a short story about a contemporary hero 

using an AI-supported storytelling tool (Storybird). Examples of student outputs produced 

during the learning stations are presented in Appendix C. They were guided to consider basic 

narrative elements, such as character, setting, action, and values, and to incorporate 

previously introduced vocabulary related to personal qualities. Visual prompts supported idea 

development, while teacher mediation ensured attention to coherence, clarity, and 

appropriate language use. At the conclusion of the station work, learners engaged in 

structured self-reflection and self-assessment using a reflective rubric. The self-assessment 

focused on language use, vocabulary application, organisation of ideas, collaboration, and the 
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purposeful use of AI tools during the storytelling process. This final stage encouraged learners 

to reflect on their learning experience, recognize areas of progress, and identify aspects 

requiring further improvement, reinforcing metacognitive awareness and responsible 

engagement with digital technologies.  

 

In the second learning station, Digital Creators, learners worked collaboratively to design and 

present a short video portraying a contemporary hero. Using the AI-supported video creation 

tool Lumen5, students transformed ideas into multimodal products by combining images, 

short texts, and basic narration. Lexical resources previously practiced through Quizlet were 

deliberately incorporated, ensuring that language use remained aligned with the lesson’s 

linguistic objectives while supporting creative expression. 

 

This station promoted language practice, creative writing, and digital literacy through 

purposeful technology use. Learners planned content, selected visual elements, and 

presented their ideas orally, strengthening narrative coherence and collaborative 

communication, while engaging in brief guided self-reflection on their language use, 

collaboration, and use of digital tools. Teacher guidance ensured that AI functioned as a 

supportive tool rather than a substitute for learner agency, maintaining pedagogical 

coherence and meaningful engagement with both language and values. 

 

In the third learning station, learners engaged in short role-play activities centred on the 

theme of everyday heroism. Working collaboratively, students created and performed brief 

scenes in which a hero helps someone in danger, using three to four spoken sentences per 

role. A chatbot tool (ChatGPT) was used selectively to support idea generation and scenario 

development, while the primary emphasis remained on oral interaction, communicative 

clarity, and the meaningful use of English in context. Following the role-play, learners 

completed a structured self-assessment rubric focusing on language use, contribution to 

group work, use of the AI tool, and engagement during the activity. This reflective process 

supported learners’ awareness of their communicative performance, collaboration, and 

learning strategies, reinforcing formative assessment and metacognitive reflection as integral 

components of the learning process. 

 

In the fourth learning station, learners participated in a structured debate focusing on the 

question of heroism in contemporary society. Students were divided into two groups and 

discussed whether Odysseus or a modern local hero is more relevant today, drawing on 

values, social contribution, and their role in contemporary society. A chatbot tool (ChatGPT) 

was used selectively by each group to support the formulation of one argument, while the 

debate emphasized spoken interaction, justification of opinions, and respectful dialogue in 

English. 

 

Following the debate, learners completed a self-assessment rubric addressing their 

participation in discussion, quality of argumentation, use of the AI tool, collaboration within 

the group, and respect for differing viewpoints. This reflective activity supported learners’ 

awareness of their communicative strategies, critical thinking, and interactional skills, 

reinforcing formative assessment and reflective learning as integral elements of the 

instructional process. In the end, learners engaged in guided reflection through an exit ticket 

activity. They were invited to articulate one new insight gained about heroes or values, 

identify the learning station they found most engaging, and consider how one of the values 

discussed could be applied in their everyday lives. This reflective process supported personal 
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meaning-making, encouraged transfer of learning beyond the classroom, and fostered 

awareness of values such as perseverance, courage, and responsibility. 

 

Assessment was implemented through a combination of systematic observation, analytic 

rubrics, and a short digital quiz. Rubrics were used both for self-assessment and teacher 

assessment, focusing on language use, collaboration, engagement with AI tools, and quality 

of produced work. A sample of the student self-assessment rubric and reflective feedback is 

provided in Appendix D. This multimodal approach emphasized formative feedback and 

learner reflection, ensuring alignment among learning objectives, learning activities, and 

evaluation practices.  

 

6. Role of Artificial Intelligence in Language Learning  
 

Artificial intelligence is used as a mediating pedagogical resource that supports language 

development, creative expression, and critical engagement. Its role is explicitly framed within 

a human-centred educational logic, in which pedagogical intentionality, ethical awareness, 

and learner agency guide all technological use, as emphasized in UNESCO’s (2023) guidance 

on learner-centred approaches to generative AI in education. 

 

At the linguistic level, AI-supported tools function as scaffolding mechanisms that assist 

learners in exploring vocabulary, sentence structure, and stylistic alternatives. They facilitate 

experimentation, revision, and reflection, allowing learners to test hypotheses about language 

use and refine their output through guided interaction. Teacher mediation remains central in 

this process, as educators support learners in evaluating AI-generated suggestions, making 

contextually appropriate choices, and developing pragmatic awareness. In this way, AI 

supports linguistic reflection rather than replacing cognitive effort or pedagogical judgment 

(Warschauer & Kern, 2000). 

 

Beyond linguistic support, AI can contribute to multimodal meaning-making. Multimodal 

meaning-making, as Kress (2010) demonstrates in his theory of multimodal communication, 

refers to the construction and communication of meaning through the interaction of multiple 

semiotic modes, such as language, image, sound, and visual design. Through the integration 

of text, image, sound, and visual design, learners engage in creative composition that 

accommodates diverse learning styles and expressive preferences. For instance, in the “Digital 

Creators” station, students produce short videos portraying contemporary heroes using 

Lumen5, combining images, captions, and narration to communicate values such as courage 

or cooperation through multimodal storytelling (Kress, 2010; OECD, 2026). This multimodal 

engagement strengthens learner motivation and confidence, encouraging productive risk-

taking and experimentation, as research on digital language learning environments has shown 

(Warschauer & Kern, 2000), while maintaining alignment with curricular goals.  

 

A central pedagogical objective of the Odyssey 2.0 model is the cultivation of critical 

engagement with AI-generated content. Learners are encouraged to question accuracy, 

relevance, and potential bias, developing awareness of the limitations of algorithmic systems. 

Ethical considerations, such as authorship, are embedded within instructional practice, 

ensuring that technological engagement remains aligned with educational values and social 

responsibility. 
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Finally, AI contributes to a reconfiguration of classroom roles. Learners assume increased 

responsibility for decision-making, collaboration, and knowledge construction, while teachers 

function as learning designers and mentors who facilitate inquiry and reflection. Thus, AI 

amplifies human interaction, creativity, and pedagogical purpose. 

 

7. Discussion: Pedagogical Value and Design Insights 
 

The Odyssey 2.0: Values Recharged lesson design illustrates one possible approach to 

integrating AI in ways that may enrich EFL pedagogy within a human-centred and values-

oriented pedagogical perspective. AI serves as a pedagogical resource that supports clearly 

articulated pedagogical intent, learning objectives, and ethical considerations, aligning 

technology use with broader educational purposes (Biesta, 2015). To support dissemination 

and pedagogical reuse, the learning design has also been represented as a Learning Activity 

Management System (LAMS) sequence and shared through the LAMS Community repository. 

 

A key pedagogical feature of the lesson is the attempt to position the language classroom as 

an active space for inquiry, collaboration, and creative production. Through multimodal tasks, 

collaborative problem-solving, and reflective dialogue, learners engage with language in ways 

that encourage participation and meaning-making. Research suggests that such participatory 

learning environments have been shown to enhance learner motivation and cognitive 

engagement (Hattie, 2009; Voogt et al., 2013). In this lesson, the learning-stations model was 

used to organise activities such as multimodal storytelling, collaborative discussion, and digital 

content creation, allowing learners to approach language use through multiple modes and 

perspectives. 

 

Within this design, AI tools can function as mediating resources that provide linguistic 

suggestions, creative prompts, and opportunities for multimodal expression. At the same 

time, teacher mediation remains central in supporting interpretation, revision, and critical 

evaluation of AI-generated content. Learners are encouraged to examine AI-generated 

outputs, assess their clarity and appropriateness, and reflect on their limitations, thereby 

maintaining an active and reflective stance toward technology use. They should consider their 

clarity and relevance, and reflect on their potential limitations. In this sense, the design aims 

to provide insights for the pedagogically guided use of AI in classroom practice and to position 

it as a resource that can stimulate questioning, evaluation, and discussion. 

 

The lesson design also highlights potential shifts in classroom roles that are increasingly 

discussed in the literature on technology-supported learning. Teachers assume the role of 

learning designers and facilitators who orchestrate inquiry, support reflection, and maintain 

pedagogical coherence, while learners take greater responsibility for decision-making, 

collaboration, and knowledge construction. These dynamics resonate with discussions of 

classroom agency in technology-mediated learning environments, as described by Vedder-

Weiss (2025). Such a redistribution of agency may contribute to the development of learning 

environments in which technology supports interaction, creativity, and ethical awareness, as 

emphasised by Holmes et al. (2019) in their discussion of pedagogically guided uses of AI in 

education. 

 

Additionally, this example connects with emerging perspectives that encourage educational 

practices to engage constructively with the presence of AI in learning environments. As 

Fitzpatrick (2026) argues, educational engagement with AI should be grounded in 
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fundamental pedagogical questions concerning educational purpose and value. By embedding 

AI use within narratives of cultural heritage, social relevance, and ethical inquiry, the Odyssey 

2.0 lesson design illustrates how language learning activities can integrate technological 

innovation while remaining attentive to human values and pedagogical responsibility. 

 

Finally, it is important to acknowledge that the lesson represents a single classroom 

implementation and is presented primarily as a pedagogical design example. Further work 

could explore how similar approaches may be adapted across different educational contexts 

and examine more systematically how teachers and learners experience AI-supported 

language learning activities 

 

8. Ethical Issues and Limitations 
 

While the integration of AI in the Odyssey 2.0 lesson design offers significant pedagogical 

benefits, it also raises ethical and practical considerations that require careful attention. 

Recent international policy work has likewise emphasized the importance of responsible, 

learner-focused approaches to AI in education, highlighting issues of equity, governance, 

transparency, and learner protection as central to sustainable educational innovation (OECD, 

2023). Facer & Selwyn (2021) advocate that a human-centred approach to AI-enhanced 

learning necessitates ongoing reflection on issues related to learner protection, equity, and 

responsible technology use. 

 

One central concern involves data privacy and learner safety. AI-based platforms may collect 

and process user data, making informed tool selection and responsible classroom use 

essential. In the context of the present lesson, all digital tools were accessed through school-

created accounts set up and managed in the school computer laboratory, ensuring controlled 

use and institutional oversight. This practice reflects institutional digital policy and aligns with 

a TPACK-informed approach, as well as with the principles of B2-level ICT teacher training, 

which emphasize pedagogically grounded, ethically responsible, and context-aware 

technology integration. Educators, therefore, need to remain attentive to issues of consent, 

transparency, and data governance, particularly in school contexts involving minors, as 

highlighted in discussions of digital education governance and data-driven policy instruments 

(Ben Williamson, 2016). 

 

Algorithmic bias represents a further limitation. AI-generated content may reproduce cultural, 

social, or linguistic biases embedded in training data, potentially reinforcing narrow 

representations or dominant norms. The Odyssey 2.0 lesson design addresses this risk by 

embedding critical digital literacy into practice, encouraging learners to question AI outputs 

and recognize their limitations (Gee, 2015). 

 

Finally, the potential for overreliance on AI tools must be acknowledged. Excessive 

dependence may reduce opportunities for sustained cognitive engagement or independent 

problem-solving, and systematic evidence indicates that over-reliance on AI dialogue systems 

can negatively affect students’ decision-making, critical thinking, and analytical reasoning. 

Zhai et al. (2024), therefore, emphasize balanced and reflective integration, positioning AI as 

a scaffold that supports learning without displacing creativity, critical thinking, or human 

agency. 

 

9. Implications for EFL Teaching and Conclusion 
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The lesson design presented in this paper illustrates how artificial intelligence can be 

pedagogically integrated into EFL teaching in ways that support linguistic development, critical 

digital literacy, and values-based reflection and align technological innovation with curricular 

coherence and broader educational aims. Its classroom implementation highlights several 

implications for contemporary language education. 

 

First, EFL curriculum design can benefit from moving beyond isolated skill development 

toward integrated learning experiences that connect language use with creativity, critical 

thinking, and reflective engagement. When embedded in coherent pedagogical structures, AI 

tools can support differentiation, learner autonomy, and sustained engagement, while 

preserving the central role of the teacher as a pedagogical guide whose feedback, instructional 

decisions, and professional judgment remain decisive for learning effectiveness (Hattie, 2009). 

 

Second, teacher education and professional development should prioritize reflective 

competence in AI integration. Educators require not only technical familiarity with emerging 

tools, but also the pedagogical and ethical understanding necessary to evaluate their 

educational relevance and limitations. As argued by Godínez Martínez (2018), strengthening 

teachers’ capacity for reflective practice is essential to ensure that technology remains 

responsive to learning goals.  

 

Third, assessment practices in AI-enhanced learning environments should foreground 

formative and reflective approaches that capture linguistic development, collaboration, and 

critical engagement. Such assessment models, as recommended by Black & Wiliam (2018; 

1998), support learner agency and emphasize learning processes alongside outcomes, 

allowing evaluation to function not as a summative mechanism but as an integral component 

of learning. 

 

Recent OECD (OECD, 2026) analysis emphasizes that the educational value of generative 

artificial intelligence depends primarily on teachers’ pedagogical mediation and its alignment 

with clear learning goals. Within this perspective, the lesson design presented in this paper 

illustrates how artificial intelligence can support language learning by fostering creativity, 

critical digital literacy, reflective engagement and social awareness. Artificial intelligence 

should therefore be understood as a pedagogical resource that expands educational 

possibilities while preserving the essential human dimensions of teaching. 
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Appendix A: Adapted Narrative Texts on Odysseus’ Journey (Journey Timeline 

Activity)  

 

All student artifacts included in this appendix have been fully anonymised. Permission for their 

use was obtained in accordance with school and educational guidelines.  
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Appendix B: AI-Generated Informational Text and Sample Learner Notes on 

Community Heroes 

 
All student artifacts presented in this appendix have been fully anonymised. 
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Appendix C: Examples of Anonymised Student Work from Learning Stations 

 
All student artifacts presented in this appendix have been fully anonymised. 
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Appendix D: Examples of Anonymised Student Self-Assessment and Reflective 

Feedback 
 

All student artifacts presented in this appendix have been fully anonymised. 
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1. Introduction 

 

The integration of artificial intelligence (AI), particularly generative AI (GenAI) technologies, is significantly 

transforming the educational landscape. Since the launch of ChatGPT in late 2022, there has been an 

unprecedented surge of interest across the education sector in exploring how such technologies might 

reshape teaching and learning practices (Cacho, 2024). AI systems often emulate human cognitive 

functions—such as learning and problem-solving—by employing rule-based algorithms designed to 

process information, interpret inputs, and achieve specific objectives (Siemens et al., 2022). According to 

UNESCO (2023), GenAI refers to a subset of AI technologies that automatically generate content in 

response to prompts delivered through natural language-based conversational interfaces. More broadly, 

generative AI encompasses computational methods capable of producing novel and meaningful outputs—

such as text, images, or audio—based on patterns learned from training data (Feuerriegel et al., 2023). 

 

Traditional artificial intelligence (AI) and generative artificial intelligence (GenAI) exhibit substantial 

differences in both functionality and application. As outlined by Ng et al. (2025), six key dimensions 

distinguish GenAI from traditional AI: task execution, contextual understanding, response behavior, 

interactivity, data sources, and technical requirements. Traditional AI primarily relies on structured data 

derived from predefined datasets and historical records to generate conclusions (Ng et al., 2024). In 

contrast, GenAI is capable of generating human-like outputs across various modalities—including text, 

images, and videos. GenAI represents a rapidly expanding subfield of artificial intelligence that focuses on 

the development of models capable of generating new content—such as text, images, and music—with a 

level of originality that approximates human creativity. Beyond its generative capacity, GenAI empowers 

end users to create educational content independently (García-Peñalvo, 2023). Moreover, it enables the 

design of personalized learning experiences by adapting instructional difficulty and content in real time 

based on learner performance and behavioral data. GenAI can also support educators by generating 

instructional strategies and course materials informed by learners' progress and patterns of engagement 

(Huang, 2021). 

 

Annapureddy et al. (2024) argue that the rapid advancement of Generative AI has rendered AI literacy 

increasingly essential. They highlight the need for specific competencies and knowledge to differentiate 

generative AI from other forms of AI and to understand how it produces creative outputs across domains 

such as writing, design, and scientific inquiry (Ray, 2023). Moreover, given that generative AI raises critical 

questions regarding authorship, ownership, and originality, ethical and legal literacy is equally important. 

As these technologies become more accessible to the general public, AI literacy must extend beyond 

technical experts to include broader societal engagement (Annapureddy et al., 2024). This view is echoed 

by Bozkurt (2024), who states that "its personality and essence will be shaped not only by the features it 

possesses but also by the capabilities and skills with which we use it." He further emphasizes that "the 

intentions and objectives of those who control it must also be taken into account." Within this framework, 

GenAI literacy assumes particular importance, as it fundamentally influences the evolving nature of 

human–machine interaction. 

 



Kizilates / Research Papers in Language Teaching and Learning 16/1 (2026) 79-95 

81 
 

Despite the increasing incorporation of GenAI tools into educational environments, current literature has 

predominantly concentrated on higher education, focusing on theoretical models, tool functionalities, 

and general ethical considerations (Annapureddy et al., 2024; Bozkurt, 2024). In contrast, there is a 

notable scarcity of empirical, classroom-based investigations that explore how GenAI literacy can be 

cultivated specifically among secondary school students. This study aims to examine the impact of a 

GenAI-driven storytelling workshop on the development of generative AI literacy and writing proficiency 

among secondary students. Specifically, it investigates whether the intervention can enhance students' 

GenAI literacy across four key domains: affective, behavioral, cognitive, and ethical. In addition, the study 

explores how students perceive these changes and how GenAI-assisted storytelling may influence their 

writing performance in terms of word usage, narrative structure, creativity, and writing anxiety. 

 

The study aims to answer three research questions: 

1. To what extent does GenAI-driven storytelling support the development of students' generative 

AI literacy across affective, behavioral, cognitive, and ethical dimensions? 

2. How does GenAI-driven storytelling impact students' GenAI literacy in terms of affective, 

behavioral, cognitive, and ethical dimensions? 

3. To what extent does GenAI-driven storytelling influence students' writing skills in terms of word 

usage, narrative structure, creativity, and writing anxiety? 

4. How do students perceive the impact of GenAI-driven storytelling on their writing skills, 

particularly in terms of word usage, narrative structure, creativity, and writing anxiety? 

 

2. Literature Review 

 

2.1 Defining AI Literacy and Its Evolution 

 

The term "AI literacy" refers to the understanding and ability to effectively engage with artificial 

intelligence technologies. It encompasses a broad set of competencies necessary for navigating an AI-

driven world. Core components include conceptual knowledge of AI, operational skills in using AI tools, 

and the critical capacity to evaluate the implications of AI applications across diverse contexts (Ng et al., 

2021). A growing body of literature suggests that AI literacy is an evolving and multifaceted construct. It 

extends beyond mere technical proficiency to include ethical considerations and social impacts, implying 

that individuals must be prepared to understand and respond to the broader consequences of AI in both 

community and everyday life (Biagini, 2025). 

 

2.2 From AI Literacy to GenAI Literacy: Key GenAI Literacy Frameworks 

 

Following the introduction of various AI literacy guidelines, the proliferation of generative AI tools has 

radically transformed daily life. GenAI presents distinctive and more complex characteristics compared to 

traditional AI algorithms, which are not fully addressed in current AI literacy frameworks (Zhang & 

Magerko, 2025). The emergence of GenAI tools such as ChatGPT necessitates a specific set of 

competencies that extend beyond general AI knowledge, and it is fundamentally reshaping the 
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educational landscape, presenting both significant opportunities and complex challenges (Annapureddy 

et al., 2024; Bozkurt, 2024). Zhang and Magerko (2025) offer a flexible, practice-oriented framework 

comprising twelve principles for fostering generative AI literacy, grounded in a comprehensive analysis of 

existing scholarship. 

 

Likewise, Bozkurt's (2024) 3wAI framework introduces a metaphorically inspired, conceptually rich 

approach to building GenAI literacy. Rather than prescribing rigid competencies, the model is designed to 

be adaptive, contextually responsive, and scalable across diverse user groups. In parallel, Annapureddy, 

Fornaroli & Gatica-Perez (2025) have proposed a structured, competency-based framework that accounts 

for the complexity and dynamic evolution of GenAI technologies. 

 

2.3 GenAI Applications in Education 

 

As a sophisticated technology with significant immersive potential, generative AI (GenAI) presents both 

opportunities and challenges within educational contexts (Tlili et al., 2023). On the positive side, GenAI 

enhances student engagement through personalized feedback and interactive learning experiences. It 

adapts learning pathways in real time based on student performance, providing immediate support that 

fosters deeper understanding (Anderson et al., 2025). Lo (2023) demonstrates that ChatGPT can function 

as both a virtual tutor and instructional assistant, fulfilling a wide array of educational needs. Expanding 

on this perspective, tools such as ChatGPT and Claude have been identified as valuable assets in 

supporting personalized learning experiences. These technologies equip students and their families with 

strategies to navigate contemporary educational demands more effectively (Narciso, 2024). 

 

Nevertheless, the limitations of GenAI must be acknowledged. These include its inability to fully interpret 

real-world contexts and its potential to produce inaccurate information (Chiu, 2023). Concerns have also 

been raised regarding the potential erosion of learners' critical thinking skills and the risk of over-reliance 

on AI systems. Additionally, educators have highlighted privacy-related issues, particularly the misuse of 

data and unauthorized access that may compromise the security of student information. The credibility 

of academic work has also been questioned due to GenAI's potential to facilitate plagiarism and diminish 

academic rigor (Pikhart & Al-Obaydi, 2025). Ethical implications are another recurring theme. In addition 

to calls for comprehensive ethical guidelines to govern AI usage, scholars have expressed concerns about 

algorithmic bias and the environmental impact of large-scale AI deployment (Pitts et al., 2025). 

 

2.4 Conceptual Rationale for Digital Story Writing (DSW) 

 

The adoption of GenAI-driven digital story writing (DSW) in this study was grounded in established 

constructionist and inquiry-based pedagogical traditions rather than being motivated solely by 

technological novelty. DSW was selected because constructionist approaches emphasize learning through 

making meaningful digital artefacts using technology (Hughes et al., 2017; Laurillard et al., 2011). In DSW, 

students actively construct stories by integrating text, images, and other media, which allows them to 

reinterpret newly learned AI concepts rather than simply receiving information (Woo et al., 2013). This 
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process aligns with inquiry-based learning, where reading and writing are used to explore information, 

reorganize knowledge, and deepen conceptual understanding through reflection and creation (McGinley 

& Tierney, 1988; Chu et al., 2021). In the context of AI learning, story writing requires students to first 

observe and understand AI concepts, then organize, classify, and apply them within a meaningful 

narrative, supporting deeper cognitive processing (Wong et al., 2020). 

 

DSW was also chosen because it supports multimodal learning by allowing students to express ideas 

through multiple modes, including text, images, audio, and video. This multimodal approach helps make 

abstract concepts more accessible and supports learners with varying language proficiency levels (Boase, 

2008; Smyrnaiou et al., 2020; Eisenlauer & Karatza, 2020). Prior research has shown that DSW provides a 

strong foundation for multimodal literacies by shifting learning from purely verbal modes to multimedia 

forms of expression (Ng et al., 2024). By engaging with different semiotic resources during story creation, 

students are able to connect prior knowledge with new concepts and construct meaning through the 

production of a finalized digital story (Boase, 2008). 

 

3. Methodology 

 

3.1 Research Context 

 

This study was conducted at a Band 3 secondary school in Hong Kong and involved a total of 76 students 

from Form 4 and Form 5. The participants were divided into two groups: an experimental group (n = 38), 

which participated in a five-week, ten-hour GenAI-driven storytelling workshop, and a control group (n = 

38), which continued with conventional English lessons without exposure to any AI tools. 

 

This study was conducted in a government-funded secondary school in a public housing district serving 

socioeconomically disadvantaged students. The school had limited digital resources, while students 

exhibited low levels of digital and GenAI literacy. Many students lacked access to personal computers and 

had limited keyboarding skills, constraining their engagement in extended digital writing tasks. 

Institutionally, there was no school-wide AI policy, generative AI was not embedded in the curriculum, 

and teachers reported low confidence and limited pedagogical experience with AI tools. 

 

3.2 GenAI Storytelling Course Design and Theoretical Framework 

 

The intervention spanned five consecutive weeks, with two 60-minute sessions per week, conducted in 

the school's computer lab. Each session followed a structured instructional sequence grounded in the 5-

step GenAI storytelling model, aligned with the study’s research questions, and supported by relevant 

pedagogical and AI literacy frameworks. The structure of the GenAI storytelling model is presented in 

Table 1. 

 

The design of the intervention was guided primarily by Ng et al.'s (2024) AI Literacy Framework, which 

conceptualizes AI literacy across four key dimensions: affective, behavioral, cognitive, and ethical. Each 



Kizilates / Research Papers in Language Teaching and Learning 16/1 (2026) 79-95 

84 
 

workshop session was intentionally designed to target one or more of these dimensions through 

scaffolded GenAI storytelling tasks. See Table 1 for details. 

 

 
Figure 1: The overall research design. 

 

 

The intervention was implemented as a pedagogically scaffolded process. Initial sessions introduced basic 

AI concepts and appropriate ways of interacting with generative tools. During the storytelling tasks, 

students were provided with instructor-designed prompt banks, along with guided prompt examples, 

individual and small-group support, and targeted assistance for lower-performing learners. The prompt 

banks supported idea generation, offered opportunities for brainstorming, and encouraged creative 

exploration during story production. 

 

3.3 Research Design, Data Collection, and Sampling Method 

 

The study employed a pretest-posttest quasi-experimental design (see Figure 1) and adopted a mixed-

methods research approach. Quantitative data were collected using standardized questionnaires and 

rubric-based assessments of student writing, while qualitative data were obtained through semi-

structured interviews. These instruments were administered to both the experimental and control groups 

immediately before and after the five-week intervention. Participants were assigned to either the 

experimental or control group through a process of simple random sampling. 

 

Week Focus Key Activities AI Literacy 

Outcomes 

Writing Outcomes 

1 What is AI? / AI vs GenAI Introduction to AI 

concepts, classroom 

Affective, 

Ethical 

Writing Anxiety 

(building trust in AI) 
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discussion, 

comparison of AI- vs 

human-generated 

stories 

2 Text Generation / Prompt 

Crafting 

5W1H 

brainstorming, 

prompt crafting, and 

outline building 

using Gen AI tools 

Cognitive, 

Behavioral 

Narrative Structure, 

Creativity, Word 

Usage 

3 Digital Arts Creation 

(Visuals) 

Create and revise 

visuals using Gen AI 

tools, and integrate 

visuals into 

storylines 

Behavioral Narrative Structure, 

Creativity 

4 AI Music Composition Generate and select 

AI music, align 

sound with 

narrative mood, and 

conduct ethical 

reflection 

Affective, 

Ethical, 

Cognitive 

Narrative Structure 

5 Final Story Creation & 

Presentation 

Story editing, peer 

review, highlight AI 

parts, record 

narration, and 

present 

Ethical, 

Behavioral 

Word Usage, Writing 

Anxiety 

Table 1: 5-step GenAI storytelling model 

 

3.3.1 Quantitative Data Instruments 

Three validated instruments were used to collect data: 

a) AI Literacy Questionnaire (Ng et al., 2024): This survey assessed students’ AI literacy across four 

dimensions— affective, behavioral, cognitive, and ethical. 

b) Writing Anxiety Scale (Cheng, 2004): To examine the emotional aspects of writing, this scale measured 

students᾽ levels of anxiety related to writing tasks. 

c) Creative Writing Assessment Rubric (Carey et al., 2022): A performance-based assessment was 

employed to evaluate students’ writing samples on the dimensions of word usage, 

narrative structure, and creativity. 

 

3.3.2 Qualitative Data 
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To gain deeper insight into students' experiences, semi-structured interviews were conducted with 

selected students from the experimental group after the intervention. Interview questions explored their 

attitudes toward GenAI tools, perceived improvements in writing, emotional responses, and ethical 

considerations. Interviews lasted approximately 20–30 minutes and were audio-recorded for 

transcription and analysis. The interviews helped contextualize quantitative findings and shed light on 

how students engaged with GenAI in a real learning environment. 

 

3.6 Data Analysis 

 

To evaluate the effects of the GenAI-driven storytelling intervention and answer the research questions, 

both quantitative and qualitative data were analyzed using appropriate statistical and interpretive 

methods. Quantitative data obtained from the AI Literacy Questionnaire, Writing Anxiety Scale, and 

Creative Writing Assessment were analyzed using SPSS. Descriptive statistics, including means and 

standard deviations, were first calculated to summarize pre- and post-test scores for both experimental 

and control groups. To assess the equivalency of groups before the intervention, independent samples t-

tests were conducted. Within-group changes from pre- to post-test were examined using paired samples 

t-tests. The pre-test comparisons indicated no statistically significant differences between the groups. 

ANCOVA was employed when comparing post-test scores to control for potential baseline variability and 

to increase the precision of the group comparisons..In addition, Cohen's d was calculated to measure the 

effect size of the intervention, providing insight into the significance of observed changes. 

 

Thematic analysis, utilising the six-step framework developed by Braun and Clarke (2006), was used for 

qualitative analysis. Transcripts of interviews with students in the selected experimental group were 

openly coded to find recurring patterns. The codes were examined, categorized, and precisely defined 

into more general themes related to writing outputs, including word usage, narrative structure, creativity, 

and writing anxiety, as well as the affective, behavioral, cognitive, and ethical aspects of AI literacy. 

 

4. Results and Findings 

 

4.1 Background and Pre-Test Equivalence 

 

A total of 76 students were divided equally into experimental and control groups. The experimental group 

included 18 Form 4 students (47.4%) and 20 Form 5 students (52.6%), ensuring a balanced distribution 

across grade levels. Pre-test comparisons confirmed that the two groups were statistically equivalent 

across all GenAI literacy domains, including affective, behavioral, cognitive, and ethical dimensions, as 

well as in writing skills (word usage, narrative structure, creativity, and writing anxiety). This baseline 

equivalence supported the validity of using post-test differences to assess intervention effects. 

 

RQ1: To What Extent Does GenAI-driven Storytelling Impact Students' GenAI Literacy? 
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Post-test analyses indicated higher GenAI literacy scores across affective, behavioral, cognitive, and 

ethical dimensions in the experimental group following the intervention. Mann–Whitney U tests revealed 

no statistically significant differences between Form 4 and Form 5 students at either the pre-test or post-

test stages across any GenAI literacy domains (p > .05). Both grade levels showed increased GenAI literacy 

scores after participation in the GenAI-driven storytelling workshop, as illustrated in Figure 2. In contrast, 

the control group did not demonstrate statistically significant changes in any GenAI literacy dimension 

between the pre-test and post-test stages (all p > .05). 

Findings: Statistical results showed significant gains across all four GenAI literacy dimensions in the 

experimental group (p < .001). No statistically significant differences were observed between Form 4 and 

Form 5 students at either testing point (p > .05), and no corresponding gains were identified in the control 

group. 

 

RQ2: How Does GenAI-driven Storytelling Impact Students' GenAI Literacy? 

 

The thematic analysis revealed a set of sub-themes across the dimensions, capturing different aspects of 

students' engagement with GenAI-driven storytelling. 

1. Affective Domain 

• Emotional shift. Students described moving from initial hesitation toward more positive 

attitudes. "At the start, I was a bit skeptical… but I realized you can still have creativity" (S2). 

• Increased confidence. Students associated AI-supported storytelling with a greater sense of 

control, emotional reassurance, and confidence during writing tasks. "I felt successful because I 

made a story… I felt proud of myself" (S1). 

• Enhanced motivation. Students expressed curiosity and enjoyment when experimenting with 

different AI features. "I didn't know I can use my voice to give AI the rhythm while creating music… 

AI helped me make it" (S3). 

2. Cognitive Domain 

• Idea development. Students demonstrated cognitive awareness of AI as an idea-generation 

catalyst rather than an idea owner. "I had a story about a notebook... AI gave me different 

perspectives and how I could elaborate on different parts." (S2) 

• Integration of AI and personal input. Students described actively merging their own ideas with 

AI-generated suggestions to enrich characters, settings, and plot elements. "I thought of alien 

invasion… but AI helped me elaborate like aliens from another universe, with new characters and 

background." (S1) 

• Language awareness. Increased awareness of vocabulary and sentence-level features was 

evident. "I wrote down 'reputed' and 'obtuse.' I didn't know these before, but AI helped me learn 

such words." (S1) 

3. Behavioral Domain 

• Strategic integration of AI. Students described using GenAI purposefully across different stages 

of writing. "First I will give the opening… then the problem… then the ending" (S3). 

• Extension of AI use beyond the classroom. Students reported applying GenAI tools in other 

academic subjects and informal contexts. "I used it to help with astronomy class… and also in 

economics class" (S5). 
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• Autonomous prompting. Increased procedural awareness was evident as students described 

refining prompts and selectively improving AI outputs. "I give it an idea, then refine what it gives 

back" (S2). 

• Collaborative learning. Some students described using GenAI in collaborative contexts. "We 

shared our main ideas, and AI helped us create the story" (S1). 

4. Ethical Domain 

• Using AI as support. Students emphasized that effective AI use required intentional personal 

input, positioning GenAI as a tool that supports rather than replaces their own thinking. "I did not 

let it make a story. I definitely made my own story, and the ideas it gave me, I changed." (S2) 

• Authorship awareness and transparency. Students emphasized the importance of originality and 

honesty regarding AI involvement. "When you use AI, you should be honest about it… tell what 

part was written by AI, what part is written by you" (S9). 

• Evolving ethical understanding. Students described a progression from guilt toward clearer 

ethical judgment. "At first, I thought using AI was kind of like cheating… but now I know if I give it 

my ideas, it helps me learn and improve" (S2). 

 

 
Figure 2: Experimental Group Comparison of Pre- and Post-Test Scores Across Four  

GenAI Literacy Domains across grade levels. 

 

 

RQ3: To What Extent Does GenAI-driven Storytelling Influence Students' Writing Skills? 

 

Post-test results indicated higher writing scores for students in the experimental group following 

participation in the GenAI-driven storytelling workshop. The mean overall writing score increased from 

3.34 to 8.71 out of 15. Improvements were observed across multiple writing dimensions, including word 

usage, narrative structure, and creativity, as presented in Figure 3. In contrast, the control group did not 
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show statistically significant changes in overall writing performance or writing anxiety across any 

measured dimension between the pre-test and post-test stages. 

Findings: Results showed significant gains across all assessed writing skill dimensions in the experimental 

group following the intervention, as shown in Figure 3. In addition, statistically significant reductions were 

observed across all three subdimensions of writing anxiety (p < .001), as illustrated in Figure 4. No 

corresponding improvements were observed in the control group. 

 

RQ4: How Do Students Perceive the Impact of GenAI-driven Storytelling on Their Writing Skills? 

The thematic analysis revealed sub-themes capturing students' perceptions of how GenAI-driven 

storytelling influenced their writing skills across word usage, creativity, narrative structure, and writing 

anxiety. 

1. Word Usage 

• Vocabulary expansion. Students reported acquiring new and unfamiliar words through AI-

generated suggestions. "It gave me good words that I didn't know… and I used them." (S3). 

• Lexical appropriacy awareness. Students demonstrated increased awareness of word choice. 

"The AI gave many versions, then I chose one that was more suitable" (S7). 

• Motivation to experiment with words. Students described greater willingness to try new and 

varied vocabulary, often framing language use as playful exploration supported by AI. "I tried to 

write more interesting words because AI gave me some cool options" (S8). 

2. Creativity 

• Idea expansion. Students reported that AI-generated input supported the development of more 

imaginative and detailed storylines by introducing unexpected or novel ideas. "AI gave alien ideas, 

I used them with my own story" (S6). 

• Blending human and AI imagination. Students described combining personal ideas with AI-

generated suggestions. "The jungle and characters were mine… but I asked AI to help with the 

setting" (S5). 

• Playful and experimental attitude. Students framed AI-supported storytelling as an enjoyable 

and exploratory process, often treating it as a creative game. "It felt like a game… using AI to 

create something strange" (S1). 
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Figure 3: Experimental Group Comparison of Pre- and Post-Test Scores Across Three Storytelling Skills 

Domains 

 

3. Narrative Structure 

• Narrative structure awareness and scaffolding. Students demonstrated improved understanding 

of core narrative elements and used GenAI to organise story components more effectively. "I had 

only some parts… AI helped me organize them better" (S7). 

• Increased coherence and flow. Students reported improved logical sequencing of ideas, 

smoother transitions, and greater overall coherence. "The AI helped make it more connected… it 

flowed better than my first draft" (S6). 

4. Writing Anxiety 

• Reduction of writing-related stress. Students reported feeling less stressed and more supported, 

describing AI as a source of reassurance that made writing more approachable. "I feel less stressed 

because AI gives me a start" (S8). 

• Increased confidence to take linguistic risks. Students described greater willingness to 

experiment with language and ideas. "Before I think my writing is weak… now I feel more brave" 

(S7). 

• Transformed anxiety. Some students continued to express concerns about overuse, dependence, 

or authorship, indicating that anxiety was not entirely eliminated but reshaped. "Sometimes I still 

feel worried… like, is this really my idea?" (S3). 
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Figure 4: Pre- and Post-Test Scores of Writing Anxiety Subdimensions in the Experimental Group 

 

 

5. Discussion 

 

The findings indicate that the GenAI-driven storytelling workshop enhanced students' writing skills and AI 

literacy in a Band 3 secondary school context characterised by limited digital infrastructure and low initial 

AI literacy. Beyond overall gains, the qualitative findings help explain how these developments unfolded 

across GenAI literacy dimensions. Affective changes suggest that GenAI-driven storytelling reduced initial 

resistance to AI use and supported emotional engagement, creating conditions in which students felt 

more confident and motivated to participate in AI-supported writing. Cognitive engagement indicates a 

shift from viewing AI as an answer-providing tool toward recognising it as a generative resource that 

requires human judgment, particularly in idea development, language use, and narrative construction. 

Behavioral patterns further suggest increasing learner agency, as students moved toward more strategic, 

autonomous, and transferable uses of GenAI across writing stages and learning contexts. Ethical 

reflections point to an emerging understanding of authorship and responsibility, indicating that students 

did not adopt GenAI uncritically but actively negotiated its role in relation to originality and personal 

contribution. Collectively, these patterns suggest that GenAI literacy developed as a reflective and 

interconnected process rather than as isolated affective, cognitive, behavioral, or ethical skills. 

 

Parallel to these literacy-related developments, students' perceptions of their writing skills suggest that 

GenAI-driven storytelling reshaped the writing experience in focused yet interconnected ways. Students 

described engaging with language in a more exploratory and intentional manner, experimenting with 

vocabulary choices while remaining attentive to meaning and appropriacy. The writing process also 

became more generative, as GenAI support enabled students to extend, adapt, and elaborate ideas 

without displacing their original creative intentions. At the level of text organisation, GenAI was perceived 

as a scaffold that supported clearer structuring of drafts, helping students manage gaps, strengthen 

sequencing, and improve overall coherence. Although writing-related stress was reduced and confidence 
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increased, students continued to reflect on issues of authorship and reliance, indicating that emotional 

reassurance coexisted with growing critical awareness rather than unexamined dependence. 

 

The results both align with and further existing research. For instance, Bozkurt and Sharma (2024) contend 

that ethical AI integration in education requires explainability, transparency, and trust. The increased 

ethical awareness observed in this study—particularly students' understanding of authorship, attribution, 

and the responsible use of AI—echoes Bozkurt's emphasis on trustworthy and interpretable AI practices. 

The cognitive and behavioral improvements observed are also in line with the findings of Annapureddy et 

al. (2024). A notable reduction in writing anxiety further highlights GenAI's role not only as a cognitive aid 

but also as an affective support mechanism, echoing findings by Hawanti and Zubaydulloevna (2023) 

regarding AI's potential to foster learner confidence and engagement. 

 

Importantly, these findings reinforce the notion that GenAI literacy constitutes a recursive and reflective 

process rather than a linear progression of discrete skills, aligning with the hybrid literacy paradigm 

articulated by Bozkurt (2024). The emergence of ethical awareness, for example, signals a developing 

conceptualization of AI not merely as a tool, but as a collaborative agent whose role must be continually 

examined and negotiated. This conceptual deepening suggests that pedagogically guided GenAI use can 

support students' evolving understanding of agency, responsibility, and authorship in AI-mediated writing 

contexts. Such insights further substantiate the inclusion of affective and cognitive dimensions in future 

GenAI literacy models, thereby validating the framework advanced by Ng et al. (2024). 

 

As a practical and empirical contribution, the findings show that GenAI can be integrated into everyday 

classroom practice by embedding it within structured writing tasks rather than using it as a stand-alone 

tool for teachers. Guiding students through idea generation, drafting, revision, and reflection allows GenAI 

to support writing development and AI literacy in a focused and manageable way. Importantly, this 

approach demonstrates that meaningful GenAI integration does not require advanced technical 

infrastructure, but rather clear pedagogical goals, scaffolded activities, and opportunities for reflection, 

making it particularly relevant for resource-constrained secondary school contexts. 

 

6. Conclusion 

 

This study examined the impact of a GenAI-driven storytelling workshop on secondary school students' 

writing skills and generative AI literacy in a Hong Kong secondary school context. Using a mixed-methods 

approach, the study explored changes in students' writing performance, including word usage, narrative 

structure, creativity, and writing anxiety, and engagement with GenAI across affective, behavioral, 

cognitive, and ethical dimensions. The findings indicate that GenAI-driven storytelling can support 

students' writing development while also strengthening their understanding and responsible use of 

generative AI tools. Students showed clearer awareness of narrative structure, richer word use, increased 

creativity, and reduced writing anxiety. At the same time, they developed greater confidence, motivation, 

and ethical awareness when interacting with GenAI technologies. 
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Overall, this study points to the potential for developing key AI literacy competencies within resource-

constrained educational contexts when supported by structured pedagogical interventions. Students can 

engage productively with GenAI when learning activities emphasize creativity, reflection, and guided use 

rather than technical complexity. The results should be interpreted in light of several limitations, including 

the short intervention period and the use of a single school context, which may limit generalizability. 

These findings highlight the value of integrating GenAI-supported story writing into English language 

education and point to the need for further classroom-based research in diverse secondary school 

settings. 
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Generative Artificial Intelligence (GenAI) is reshaping language education by expanding opportunities for 
personalized feedback, materials development, and learner support. At the same time, its pedagogical 
promise is accompanied by significant ethical concerns involving bias, equity, transparency, and 
inclusivity. This paper critically examines these concerns through the lenses of sociocultural theory, 
second language acquisition (SLA), and constructivism, treating GenAI as a powerful but non-neutral 
cultural tool. The review highlights both the benefits of GenAI, such as increased access to adaptive input 
and output opportunities, and its risks, including algorithmic bias, Anglocentric dominance, and digital 
inequality. Building on this analysis, the paper introduces the Equitable AI in Language Education Model 
(EALEM), a conceptual framework organized around four guiding principles: inclusivity, transparency, 
human-in-the-loop mediation, and participatory design. EALEM offers a practical map for integrating 
GenAI in ways that support linguistic diversity, foster intercultural competence, and promote educational 
justice. By articulating this framework, the paper contributes to current debates on AI in education and 
proposes theoretically grounded, pedagogically relevant guidance for the responsible and equitable use 
of GenAI in language-learning contexts. 
 

Keywords: GenAI, Language education ethics, Algorithmic bias, Digital equity, Sociocultural mediation, 

AI literacy 

 

______________________________________________________________________________ 
 
 

1. Introduction 
 
The emergence of Generative Artificial Intelligence (GenAI) represents one of the most consequential 
technological developments in contemporary education. In recent years, tools such as large language 
models have begun to transform how learners engage with texts, how educators design instructional 
materials, and how institutions conceptualize teaching and learning (Li, 2025; Moorhouse & Wong, 2025). 
Within language education, GenAI is often presented as a catalyst for pedagogical innovation because it 
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can generate practice materials, provide rapid feedback, and create expanded opportunities for 
communicative rehearsal (Lee et.al,, 2026; Weng & Fu, 2025). Yet these pedagogical possibilities are 
inseparable from ethical questions concerning bias, equity, transparency, and cultural representation. 
  
The ethical challenges associated with GenAI extend far beyond familiar concerns about plagiarism or 
academic misconduct. Scholars have drawn attention to algorithmic bias, digital inequality, and the 
reinforcement of Anglocentric norms in AI-generated materials (García- López et al., 2025; Gabriel, 2024). 
These concerns are particularly significant in language education, where linguistic identity, cultural 
meaning, and communicative legitimacy are central pedagogical issues rather than peripheral ones 
(Canagarajah, 2012; Pennycook, 2017). When generative systems rely disproportionately on English-
dominant training data, they risk reproducing linguistic hierarchies and marginalizing less represented 
languages, thereby intensifying existing global inequalities (Nyaaba et al., 2024). At the same time, 
unequal access to advanced AI tools can deepen the digital divide between well-resourced and under-
resourced educational settings (OECD, 2023; UNESCO, 2023). 
 
The urgency of these issues is practical as well as theoretical. Educators are increasingly encountering 
GenAI in their classrooms and must decide how to integrate, regulate, or resist its use (Barnett, 2025; 
Stokes, 2025). The central challenge is how to balance the efficiency and creativity promised by these 
tools with the responsibility to cultivate critical thinking, inclusivity, and learner autonomy. This tension 
raises a series of questions: How can AI-generated materials represent diverse perspectives responsibly? 
Who is accountable when biased outputs shape learner experiences? How should teacher education 
evolve in order to prepare practitioners for the ethical dilemmas of AI-mediated classrooms? 
 
Despite the growing volume of scholarship on AI in education, much of the literature remains focused on 
functionality rather than ethics. Systematic reviews have documented a rapid increase in empirical studies 
examining the use of GenAI tools, but comparatively fewer studies address fairness, transparency, or 
equity in educational practice (Chaudhry et al., 2022; Yan et al, 2025). Likewise, policy documents provide 
important high-level principles, yet they often stop short of offering pedagogically specific guidance for 
classroom implementation (U.S. Department of Education, 2023; UNESCO, 2024). There is, therefore, a 
clear need for theoretical contributions that identify ethical issues specific to language education and 
translate them into usable pedagogical guidance. 
 
Although international frameworks increasingly articulate principles such as fairness, accountability, and 
transparency, these frameworks generally operate at the policy or systems level. Language education, 
however, faces distinctive ethical challenges because of its close relationship to culture, identity, power, 
and linguistic representation. This paper argues that existing AI ethics frameworks do not sufficiently 
address these language-specific dimensions and therefore do not fully support educators in 
operationalizing ethical AI use in language classrooms.  
 
To address this gap, the present study introduces the Equitable AI in Language Education Model (EALEM), 
a pedagogically grounded framework that integrates sociocultural theory, SLA, and constructivist 
perspectives in order to provide classroom-oriented guidance for the ethical use of GenAI in language 
education. The paper critically examines the ethical dimensions of GenAI, identifies both risks and 
opportunities, and situates them within broader debates on linguistic justice and digital colonialism. It 
then proposes EALEM as a conceptual framework for responsible practice built around inclusivity, 
transparency, human-in-the-loop mediation, and participatory design. In doing so, the article aims to 
contribute not only to theoretical debate but also to practical, ethically grounded innovation in language 
education. 
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2. Theoretical Framework 
 
Sociocultural theory offers a productive lens for understanding the integration of GenAI into language 
education. Rooted in the work of Vygotsky (1978), sociocultural perspectives conceptualize learning as a 
socially mediated process in which knowledge is constructed through interaction, guided participation, 
and the use of cultural tools. From this perspective, GenAI can be understood as a mediational artifact 
that shapes how learners access, produce, and negotiate language. AI-powered prompts, corrective 
feedback, and dialogic simulations may extend the learner’s zone of proximal development by scaffolding 
performance in ways broadly consistent with Vygotskian principles (Lantolf & Thorne, 2006). At the same 
time, sociocultural theory cautions against treating tools as neutral: the assumptions, values, and biases 
embedded in GenAI systems inevitably influence the learning experiences they mediate.  
 
Complementing this perspective are theories of second language acquisition, particularly Krashen’s Input 
Hypothesis and Swain’s Output Hypothesis. Krashen (1982) emphasized the importance of 
comprehensible input as a driver of acquisition, whereas Swain (1995) highlighted the value of pushed 
output in consolidating linguistic knowledge. GenAI has the potential to influence both processes. On the 
one hand, large language models can provide learners with abundant, adaptable input through generated 
dialogues, explanations, and simplified texts. On the other hand, interactive AI systems can create low-
stakes opportunities for language production by prompting learners to write, speak, revise, and 
reformulate their responses (Moorhouse & Wong, 2025). Yet, as Ellis (2003) suggests, interaction in SLA 
is not merely the exchange of forms; it is also shaped by negotiation, reciprocity, and meaning-making. 
For that reason, GenAI should be designed to complement rather than replace interaction with teachers 
and peers. 
 
Constructivist theories further illuminate the pedagogical significance of GenAI in language education. 
Constructivism emphasizes the active role of learners in building knowledge through exploration, 
interpretation, and collaboration. From this perspective, AI tools may support learning when they enable 
learners to test ideas, receive feedback, and revise their understanding in iterative ways. However, 
constructivism also reminds us that meaningful learning depends on reflection and agency rather than on 
passive reception of ready-made answers. The educational value of GenAI, therefore, depends not simply 
on access to technological outputs but on the quality of the pedagogical tasks in which those outputs are 
embedded. 
 
To connect these theoretical perspectives to the ethical focus of the paper, four core concepts guide the 
present analysis: equity, fairness, inclusivity, and transparency. Equity refers to the just distribution of 
opportunities and support in ways that recognize structural differences in learners’ needs and 
circumstances. Fairness concerns the avoidance of discriminatory outcomes and the responsible 
treatment of learners across linguistic, cultural, and social groups. Inclusivity involves designing learning 
environments and resources that reflect diversity and allow meaningful participation. Transparency 
concerns the intelligibility of AI systems, including the extent to which their purposes, limitations, and 
decision-making processes can be made understandable to educators and learners. These concepts are 
interdependent: transparency supports fairness by making bias more visible, and inclusivity strengthens 
equity by ensuring that historically marginalized learners are not excluded from the benefits of innovation. 
 
By integrating sociocultural theory, SLA, constructivism, and these ethical concepts, this paper situates 
GenAI within a coherent theoretical framework. Sociocultural theory highlights its status as a cultural tool; 
SLA clarifies its implications for input, output, and interaction; constructivism underscores learner agency 
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and reflective engagement; and the ethical concepts of equity, fairness, inclusivity, and transparency 
provide the normative criteria through which AI integration in language education should be evaluated. 
 

3. Literature Review 
 

3.1 Applications of Generative Artificial Intelligence in Language Education 
 
The integration of GenAI into language education has expanded rapidly, with scholars documenting a wide 
range of applications that affect both instructional practice and learner experience. One of the most 
prominent uses of GenAI is the creation of instructional materials. Educators can employ AI tools to 
generate reading passages, vocabulary activities, grammar exercises, discussion prompts, and 
differentiated materials tailored to diverse proficiency levels (Lee et al., 2026; Moorhouse & Wong, 2025). 
This flexibility is particularly attractive in language education, where teachers often need to adapt content 
to different learner needs, interests, and contexts. 
 
GenAI also supports feedback and formative assessment. Compared with earlier forms of computer-
assisted language learning, generative models can provide more nuanced explanations, examples, and 
reformulations that approximate dialogic feedback. Such tools may help learners notice errors, 
experiment with language choices, and revise their texts in real time. This can increase opportunities for 
practice, especially in settings where teachers face large classes or limited time (Moorhouse & Wong, 
2025; Weng & Fu, 2025). 
 
A growing body of scholarship situates these applications within broader processes of educational 
digitalization. Li (2025), in a systematic review of empirical research on GenAI in education, notes that 
many studies focus on efficiency, personalization, and learner engagement. In language education 
specifically, GenAI is often praised for lowering barriers to practice by enabling conversational simulation, 
vocabulary support, and immediate feedback. These developments suggest that GenAI may contribute to 
more adaptive and responsive language learning environments. However, the same literature also makes 
clear that pedagogical usefulness alone cannot serve as the sole criterion for adoption; ethical 
considerations remain central. 
 

3.2 Ethical Concerns 
 
Although the pedagogical potential of GenAI is substantial, its widespread adoption raises a series of 
ethical concerns that require critical scrutiny. Among the most pressing is algorithmic bias. García-López 
et al. (2025) argue that GenAI systems can reproduce social and cultural inequalities because they are 
trained on data that reflect existing imbalances in representation and power. In language education, such 
bias may appear in stereotypical cultural portrayals, the privileging of dominant varieties of English, or the 
underrepresentation of minority languages and communicative norms. Gabriel (2024) similarly warns that 
educational uses of GenAI may widen inequity unless issues of access, representation, and cultural 
responsiveness are addressed directly. 
 
Transparency and accountability constitute a second major concern. Chaudhry et al. (2022) propose a 
transparency framework for AI in education and emphasize the importance of making system logic, 
limitations, and outputs understandable to educators and learners. Yet many widely used GenAI tools 
operate as opaque “black boxes,” making it difficult to determine how outputs are generated, which 
sources of bias are embedded in the system, or how errors should be interpreted. Dwivedi et al. (2023) 



Delmadorou / Research Papers in Language Teaching and Learning 16/1 (2026) 96-105 

100 

 

likewise stress that institutions often prioritize innovation and efficiency more readily than sustained 
ethical reflection, thereby creating governance gaps in educational AI adoption. 
 
Equity and access form a third area of concern. OECD (2023) and UNESCO (2024) both underline the risk 
that AI adoption may reinforce existing educational inequalities if access to quality tools, infrastructure, 
and teacher training remains uneven. In language education, this risk is especially acute because AI tools 
can become gatekeepers to high-quality input, feedback, and learning support. Well-resourced 
institutions may be able to integrate these tools effectively, while under-resourced contexts remain 
excluded from their potential benefits. 
 
Finally, ethical concerns extend to learner autonomy. While GenAI can support learners by offering 
immediate assistance, explanations, and practice opportunities, it may also foster overreliance if used 
uncritically. Giannakos (2024) notes that the promise of efficiency can obscure deeper questions about 
what learners are actually doing cognitively when they rely on AI-generated responses. If learners begin 
to outsource idea generation, revision, and reflection too readily, GenAI may weaken rather than 
strengthen the independent and critical capacities that language education seeks to cultivate. 
 

3.3 Policy and Guidelines 
 
The growing awareness of these ethical challenges has led to the development of policy frameworks and 
institutional guidance. UNESCO (2024) has issued recommendations for the use of generative AI in 
education and research, highlighting the importance of transparency, accessibility, data governance, and 
human oversight. Similarly, the U.S. Department of Education (2023) frames AI as both an opportunity 
and a responsibility, arguing that innovation must be accompanied by protections for equity, safety, and 
educational quality. 
 
National and institutional responses are also evolving. Cassidy (2024) reports that Australian schools have 
moved toward more formal guidance on classroom AI use, reflecting an attempt to balance opportunity 
with risk. Barnett (2025) and Stokes (2025) likewise suggest that educators are increasingly experimenting 
with AI tools while simultaneously recognizing concerns about cheating, data privacy, bias, and 
professional preparedness. These accounts reveal that policy development is no longer abstract; it is 
becoming a practical issue of classroom governance and professional judgment. 
 
At the same time, the literature suggests that policy cannot be limited to top-down regulation. García-
López et al. (2025) argue that ethical AI in education requires participatory approaches in which educators 
and learners help shape how systems are implemented. This is especially important in language education, 
where local linguistic ecologies, cultural identities, and curricular goals vary substantially across contexts. 
Overall, the literature depicts a field marked by both enthusiasm and caution: GenAI offers real 
pedagogical affordances, but its ethical implications remain insufficiently resolved. 
 

4. Discussion 
 
The literature reviewed above indicates that the integration of GenAI into language education cannot be 
reduced to a simple debate between innovation and resistance. Rather, it reveals a more complex terrain 
in which pedagogical opportunity and ethical risk are deeply intertwined. Language education is especially 
sensitive to these tensions because language learning is never merely technical; it involves identity, 
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culture, legitimacy, and participation in wider social worlds. As a result, the ethical evaluation of GenAI in 
this field must attend to more than functional effectiveness. 
 
A first point of tension concerns representational bias. Large language models inherit the limitations of 
their training data and may reproduce dominant cultural assumptions in subtle but consequential ways 
(García-López et al., 2025; Yan et al., 2025). In language classrooms, such bias may shape which accents 
appear legitimate, which cultural narratives are treated as normative, and which communicative practices 
are rendered visible or invisible. From the perspective of translingual practice, this is particularly 
problematic because language education should expand rather than constrain learners’ engagement with 
linguistic diversity (Canagarajah, 2012). A second issue concerns access and structural inequality. OECD 
(2023) and UNESCO (2024) show that digital inequality remains a major barrier to equitable AI integration. 
If high-quality AI tools become concentrated in privileged institutions, then GenAI may intensify rather 
than alleviate educational disparities. The problem is not only material access to devices and 
subscriptions, but also access to training, institutional support, and pedagogical guidance. In this sense, 
AI literacy is itself an equity issue. Third, the educator’s role must be reconsidered. As GenAI systems 
assume some functions traditionally associated with teachers, such as generating materials, responding 
to learner questions, or suggesting revisions, the educator’s work shifts from information delivery toward 
ethical mediation and pedagogical judgment. This does not diminish the teacher’s importance; on the 
contrary, it increases the need for professional discernment. Educators must evaluate outputs, 
contextualize them, identify bias, and decide when AI use supports learning and when it undermines it 
(Richards & Rodgers, 2014; U.S. Department of Education, 2023). 
 
Learner autonomy also requires careful reinterpretation. GenAI can create opportunities for independent 
practice and immediate support, which may increase confidence and engagement. Yet autonomy in 
language education does not mean simply working alone with a tool; it means developing the capacity to 
make informed, reflective, and critical choices. If learners treat AI output as authoritative or become 
dependent on automated assistance, the apparent independence offered by AI may conceal a loss of 
intellectual agency. Constructivist perspectives, therefore, suggest that GenAI should be used to stimulate 
inquiry and revision, not to replace them. 
 
Finally, the literature raises broader concerns about digital colonialism. Nyaaba et al. (2024) argue that AI 
systems developed primarily in the Global North can export dominant epistemologies, languages, and 
values to other educational settings. In language education, this risk is especially serious because linguistic 
diversity is inseparable from cultural recognition and educational justice. The ethical challenge is not 
simply to add more languages to AI systems, but to ensure that local knowledge, communicative practices, 
and learner identities are treated as pedagogically meaningful rather than as peripheral deviations from 
a dominant norm. Taken together, these concerns do not justify rejecting GenAI outright. Rather, they 
point to the need for an explicit ethical framework capable of translating broad principles into 
pedagogically meaningful guidance. It is in response to that need that the present paper proposes the 
Equitable AI in Language Education Model (EALEM). 
 

5. Proposed Conceptual Framework 
 
Unlike Equitable AI in Language Education Model (EALEM), which is proposed as a language-specific, 
pedagogically grounded framework for the ethical integration of GenAI. Unlike general AI ethics 
frameworks that remain at the level of broad normative principles, EALEM is designed to address the 
particular realities of language education, where issues of identity, representation, interaction, and access 
are central. The model is grounded in the theoretical perspectives outlined earlier and organized around 
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four interrelated principles: inclusivity, transparency, human-in-the- loop mediation, and participatory 
design. 
 
The first principle, inclusivity, refers to the intentional design and pedagogical use of GenAI tools in ways 
that reflect linguistic diversity, cultural plurality, and learner identity. An inclusive AI-mediated language 
classroom does not treat learners as a homogeneous group or present dominant language varieties as 
universally normative. Instead, it critically examines whose voices, examples, and communicative 
practices are represented in AI-generated content. In practical terms, this principle calls for educators to 
review outputs for cultural stereotyping, expand the range of linguistic examples used in instruction, and 
adapt AI tasks so that diverse learners can participate meaningfully. 
 
The second principle, transparency, addresses the opacity of generative systems. Because many GenAI 
tools function as black boxes, educators and learners may not understand how outputs are produced or 
why particular responses appear authoritative (Chaudhry et al., 2022). Within EALEM, transparency 
involves making the limitations, risks, and provisional nature of AI output explicit. This means discussing 
hallucinations, bias, dataset limitations, and uncertainty with learners rather than presenting AI-
generated text as neutral knowledge. Transparency also requires institutions to adopt tools and policies 
that permit meaningful scrutiny wherever possible. 
 
The third principle, human-in-the-loop mediation, emphasizes that GenAI should support rather than 
displace human pedagogical judgment. Grounded in sociocultural and constructivist understandings of 
learning, this principle positions educators as mediators who interpret, contextualize, and evaluate AI use 
in relation to pedagogical goals. Human oversight is especially important in language education because 
feedback, correction, and cultural framing are not value-free processes. Under EALEM, teachers remain 
responsible for deciding when AI use is educationally appropriate, how outputs should be discussed, and 
how learner reflection can be sustained. 
 
The fourth principle, participatory design, extends ethical reflection beyond classroom practice to the 
broader processes through which AI tools are selected, adapted, and governed. García- López et al. (2025) 
argue that ethical AI in education requires the involvement of those who are affected by its 
implementation. In the context of language education, this means that educators, learners, and 
communities should have a voice in how AI systems are integrated, evaluated, and refined. Participatory 
design is particularly important in multilingual and culturally diverse settings, where top-down 
technological solutions may overlook local educational priorities and linguistic realities. 
 
Together, these four principles form a framework that is both theoretically grounded and practically 
adaptable. Inclusivity ensures representation and cultural responsiveness; transparency supports 
accountability and critical understanding; human-in-the-loop mediation preserves pedagogical judgment; 
and participatory design promotes legitimacy, responsiveness, and context sensitivity. EALEM does not 
offer a universal formula, but it provides a structured way of thinking about ethical integration that can 
guide educators, institutions, and researchers. The implications of EALEM extend beyond individual 
classrooms. In teacher education, the framework suggests the need to prepare educators not only in 
technical AI literacy but also in ethical reasoning, bias recognition, and reflective task design. In 
institutional policy, it points toward more context-sensitive forms of governance that connect general 
principles to local pedagogical realities. In research, it offers a conceptual basis for examining how ethical 
AI integration can be operationalized and evaluated across different language-learning contexts.   
 



Delmadorou / Research Papers in Language Teaching and Learning 16/1 (2026) 96-105 

103 

 

EALEM also has limitations. Implementing inclusivity may be constrained by the availability of culturally 
and linguistically diverse datasets. Transparency is difficult when commercial systems do not disclose their 
underlying processes. Human-in-the-loop mediation requires time, expertise, and institutional support 
that may not always be available. Participatory design, while desirable, depends on genuine collaboration 
between educators, learners, developers, and policymakers. For these reasons, EALEM should be 
understood not as a final solution but as a starting point for continued dialogue, critical reflection, and 
empirical refinement. 
 

6. Conclusion 
 
The integration of GenAI into language education is both an opportunity and an ethical test. This paper 
has argued that although GenAI can support personalization, feedback, and expanded access to language 
practice, its adoption also raises serious questions about bias, equity, opacity, and learner autonomy (Lee 
et al., 2026; Moorhouse & Wong, 2025). Through the lenses of sociocultural theory, SLA, and 
constructivism, the discussion has shown that GenAI functions as a mediational tool that reshapes input, 
output, interaction, and the conditions under which language learning takes place (Krashen, 1982; Swain, 
1995; Vygotsky, 1978). 
 
The proposed Equitable AI in Language Education Model (EALEM) responds to these challenges by 
articulating four guiding principles: inclusivity, transparency, human-in-the-loop mediation, and 
participatory design. Taken together, these principles provide a conceptual map for the ethically grounded 
adoption of GenAI in language education. They also reframe the role of educators as ethical mediators 
who must help learners engage critically with AI-generated content rather than consume it unreflectively 
(Richards & Rodgers, 2014; UNESCO, 2024). 
 
The broader implications of this argument are pedagogical, institutional, and political. Pedagogically, 
language classrooms must cultivate critical AI literacy alongside linguistic competence. Institutionally, 
schools and universities must invest in professional learning, infrastructure, and policy guidance that 
support equitable implementation. Politically, policymakers must recognize that AI in education is not 
only a matter of innovation, but also of justice. Without deliberate safeguards, GenAI may reproduce 
digital colonialism and deepen global inequities (Nyaaba et al., 2024). With thoughtful, ethically informed 
use, however, it may support more inclusive and responsive language-learning environments. 
 
Future research should test EALEM in diverse educational contexts, including multilingual classrooms and 
under-resourced settings, in order to examine its feasibility, limitations, and pedagogical impact. Such 
research should move beyond the question of what AI can do and address the more demanding question 
of what AI should do in education (Dwivedi et al., 2023). The future of GenAI in language education will 
depend less on the technology itself than on the values, frameworks, and practices that shape its use. If 
approached critically and ethically, GenAI may not become a substitute for human teaching but a tool that 
supports educational justice, linguistic diversity, and reflective learning. 
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This paper proposes a systematic framework for integrating Large Language Models (LLMs) into 
corpus-based teaching for Speech-Language Pathology, Computational Linguistics, and Clinical 
Neurolinguistics programs. Traditional corpus analysis, though essential, presents significant 
pedagogical challenges, including being time-intensive and requiring specialized technical expertise, 
especially with atypical language data like aphasic speech. The emergence of LLMs offers a 
transformative opportunity to overcome these barriers. The systematic framework introduces 
practical educational modules, validated annotation workflows, and assessment strategies, 
exemplified through the Greek CACLA corpus. Crucially, the approach advocates for using LLMs as 
"cognitive partners" to handle routine tasks, allowing students to focus on higher-order analysis, 
clinical interpretation, and the critical evaluation of AI outputs. This method aims to democratize 
sophisticated linguistic analysis while ensuring students develop necessary critical thinking capacities 
and technological literacy. 
 

Keywords: Large Language Models, Computational Linguistics, Speech-Language Pathology, Clinical 

Neurology, Aphasia, Corpus Methodology 

 

__________________________________________________________________________________ 

 

 

1. Introduction 

 
The integration of corpus linguistics into higher education has long been recognized as essential for 
training students in language sciences, such as speech-language pathology, computational linguistics, 
and clinical neuroscience programs (Reppen, 2010; Römer, 2011). However, traditional corpus 
analysis methods present significant pedagogical challenges: they are time-intensive, require 
specialized technical expertise, and often create barriers between linguistic theory and clinical 
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application (Armstrong, 2000; Friginal & Hardy, 2014). Educators and students frequently struggle 
with the challenging learning curve of annotation software, and the difficulty of extracting meaningful 
patterns from clinical language data (Ball, 2013; Crystal, 2013). These challenges are particularly 
delicate when working with atypical language corpora, such as aphasic speech, where linguistic 
irregularities complicate automated annotations and analysis,  and demand advanced interpretive 
skills (Goodglass et al., 2001). 
 
The emergence of Large Language Models (LLMs), such as GPT-5, Gemini and Claude among others, 
represents a transformative opportunity for corpus-based education (Brown et al., 2020). These 
advanced AI systems demonstrate significant and evolving capabilities in linguistic annotation, pattern 
recognition, but still with several issues on natural language understanding (Bommasani et al., 2021; 
Zhao et al., 2025). Recent studies explore LLM applications in linguistic research, including 
morphological analysis (Mita et al., 2024; Karasimos & Makri, 2025; Karasimos, Makri & Petropoulou, 
2025), syntactic parsing (Khan, 2025; Manning, 2022); yet their pedagogical integration remains 
largely unexplored, particularly in clinical and computational linguistics education or LLMs have been 
(extensively) mis-presented and ill-researched by non-AI-expertised educators. 
 
Despite growing theoretical and research interest in AI-enhanced education (Holmes et al., 2019; 
Zawacki-Richter et al., 2019) and recognition of technology's role in language teaching and speech-
language pathology training (Keck & Doarn, 2014; Hill et al., 2020), a significant research gap still 
remains; no comprehensive framework currently guides educators in integrating LLMs, corpora and 
educational technology tools into their curricula. This paper addresses this gap by presenting a 
systematic framework for incorporating LLMs and corpus-based teaching across speech-language 
pathology, computational linguistics, and clinical neurolinguistics courses. We introduce practical 
educational modules, validated annotation workflows, and assessment strategies, exemplified 
through the CACLA (Corpus for Aphasic Clinical Language Analysis) Greek corpus. Our aim is to provide 
educators, teachers, and practitioners with tried-and-tested tools that embed LLM capabilities while 
maintaining pedagogical aspect, critical thinking development, and awareness of technological 
limitations. 
 

2. From Corpora to Classrooms: Bridging Clinical Language Data and Educational 
Practice 
 
The path from analyzing aphasic speech corpora to developing effective educational frameworks 
requires understanding both the clinical linguistic landscape and the pedagogical challenges inherent 
in teaching corpus analysis methods. This section traces the evolution from traditional corpus analysis 
in communication disorders to the emerging potential of Large Language Models, while situating these 
developments within the broader context of technology-enhanced education in speech-language 
pathology and computational linguistics. 
 

2.1 Corpus Analysis in Communication Disorders 

 
Corpus-based approaches to studying communication disorders have transformed the understanding 
of atypical language patterns over the past three decades (MacWhinney et al., 2011; Ball et al., 2008). 
The systematic collection and analysis of language data from individuals with aphasia, language 
disorders, and other communication impairments offered the opportunity to identify quantifiable 
linguistic markers, patterns of recovery trajectories, and validate assessment protocols/tests 
(Armstrong, 2000; Berndt et al., 2000; Saffran et al., 1989; Wilson et al., 2017). 
 
Clinical corpora serve multiple critical functions mostly in research (and less in education). They 
provide authentic data that capture the variability and complexity of disordered language production 
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(Prins & Bastiaanse, 2004; Stark et al., 2025; Varlokosta et al., 2016; Webster et al., 2007); for instance, 
the AphasiaBank corpus1, contains hundreds of discourse samples from people with aphasia across 
diverse tasks and several languages, providing access to several phenomena ranging from word 
retrieval difficulties, error samples to discourse coherence (Dalton & Richardson, 2019; MacWhinney 
et al., 2011). Similarly, specialized corpora like the Northwestern Narrative Language Analysis (NNLA)2 
system provide structured protocols for analyzing story retelling, and offering insights into significant 
content and linguistic efficiency (Thompson et al., 2012; Kintz & Wright, 2018). 
 
Based on the Greek digital landscape, corpus resources for communication disorders remain relatively 
limited, though several significant initiatives have emerged, such THALIS Aphasia (Varlokosta et al., 
2016; Βαρλοκώστα et al., 2017) and some smaller individual research projects (Kambanaros & van 
Steenbrugge, 2006; Nanousi et al., 2006). The CACLA corpus represents a comprehensive effort to 
document Greek spoken and aphasic speech across various aphasia types and task conditions, 
providing rich material for both clinical research and educational applications (Papathanasiou et al., 
2013). 
 
The linguistic analysis of aphasic corpora presents unique challenges that distinguish it from typical 
language corpus research. Atypical language production includes phenomena such as agrammatism 
(simplified syntax with function word omissions), paragrammatism (syntactically complex but 
semantically empty output), phonemic and semantic paraphasias (sound-based and meaning-based 
word substitutions), neologisms (invented non-words or non-sense words), and discourse-level 
disruptions including tangentiality and reduced coherence (Caplan, 1987; Goodglass et al., 2001; Kolk, 
1995). These features require  experienced annotators to make complex linguistic judgments, 
distinguishing between intentional linguistic choices and pathological productions—a distinction that 
challenges both human and automated annotation systems (Rochon et al., 2000; Bastiaanse & 
Edwards, 2004). 
 
Educational applications of clinical corpora have primarily focused on introducing students to 
authentic clinical data, teaching linguistic analysis skills, and illustrating theoretical concepts with real-
world examples (Barbieri & Eckhardt, 2007; Römer, 2011). However, the labor-intensive nature of 
corpus annotation and analysis has limited widespread adoption in educational settings, particularly 
in programs lacking computational linguistics infrastructure (Friginal & Hardy, 2014; Reppen, 2010). 
 

2.2 Large Language Models for (Spoken Data) Text Analysis 

 

Recent research has begun exploring LLM applications across linguistic domains. Morphological 
analysis studies demonstrate high accuracy for part-of-speech tagging and morphological feature 
extraction across diverse languages, including morphologically complex ones (Liu et al., 2024; Üstün 
et al., 2024). For Greek specifically, LLMs show promise in handling rich inflectional morphology, 
though systematic evaluation remains limited (Koutsikakis et al., 2020). 
 
Syntactic parsing evaluations reveal that LLMs can produce dependency and constituency parses 
approaching state-of-the-art specialized parsers, with particular strength in handling ambiguous 
structures through contextual reasoning (Kulmizev et al., 2024; Warstadt & Bowman, 2022). However, 
performance varies with sentence complexity and grammaticality—a critical consideration for clinical 
corpus analysis (Hu et al., 2020). 
 

 
1 https://talkbank.org/aphasia/  
2 https://talkbank.org/aphasia/discourse/C-NNLA/  
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Semantic analysis applications include word sense disambiguation, semantic role labeling, and 
metaphor detection, with LLMs often surpassing traditional systems by leveraging vast world 
knowledge encoded during pre-training (Pilehvar & Camacho-Collados, 2019; Ettinger, 2020). 
Discourse analysis capabilities extend to coreference resolution, coherence evaluation, and rhetorical 
structure identification, though systematic evaluation frameworks remain under development (Hao 
et al., 2021). 
 
Error detection and correction represent particularly relevant applications for clinical linguistics. 
Studies show LLMs can identify grammatical errors, semantic anomalies, and stylistic inconsistencies, 
suggesting potential for automated coding of aphasic errors (Shen et al., 2023; Wu et al., 2023). 
However, the ability to distinguish pathological from intentional non-standard forms—crucial for 
clinical analysis—requires careful prompt engineering and validation (Bryant et al., 2023). 
 
Cross-linguistic applications demonstrate that multilingual LLMs like GPT-5 and mBERT can perform 
reasonably well on lower-resourced languages, though performance typically degrades for languages 
with limited training data representation (Joshi et al., 2020; Üstün et al., 2024). For Greek, 
intermediate resource availability suggests moderate but not optimal LLM performance without fine-
tuning (Koutsikakis et al., 2020). 
 
The application of LLMs to atypical or clinical language data represents a relatively unexplored 
frontier. Preliminary investigations suggest both promise and challenges. LLMs demonstrate 
robustness to disfluency, maintaining reasonable parsing accuracy even with filled pauses, false starts, 
and self-corrections common in aphasic speech (Bhat et al., 2022). However, handling of 
agrammatism—telegraphic speech with systematic function word omissions—proves more 
challenging, as LLMs may inappropriately "correct" such productions rather than analyzing them as-
produced. 
 
Paraphasia detection studies (Zhu et al., 2023) suggest LLMs can identify semantic substitutions when 
provided with appropriate context and task framing, though phonemic paraphasias may require 
explicit phonological representation. Neologism identification presents particular difficulty, as LLMs 
may misinterpret non-words as rare real words, code-switching or hapax legomena, requiring explicit 
instruction to flag potential neologisms (Kuzman et al., 2023). Discourse-level analysis of clinical 
narratives shows promise for automated coherence rating and information content scoring. Studies 
applying GPT-based models to aphasia discourse samples report moderate correlations with human 
ratings of narrative quality (Fergadiotis et al., 2023). However, LLMs may over-emphasize semantic 
coherence while missing subtle linguistic markers of impairment, necessitating careful validation 
against clinical gold standards. Variability and consistency concerns emerge prominently in clinical 
applications. LLMs can produce different outputs for identical inputs across sampling runs, 
problematic for research requiring precise replicability (Ouyang et al., 2022). Temperature settings, 
random seeds, and prompt variations all influence output consistency—factors requiring systematic 
control in educational and research contexts (Sclar et al., 2023). 
 

2.3 Technology in SLP Education 

 

The integration of technology into speech-language pathology education has evolved substantially 
over recent decades, though adoption patterns vary considerably across institutions and geographic 
regions (Hill et al., 2020). Simulation and virtual patients represent well-established technologies in 
SLP education, allowing students to practice clinical interactions, assessment procedures, and 
intervention planning in risk-free environments (Dudding et al., 2011; Hill & Theodoros, 2017). 



Karasimos, Efstratiadou, Papatzalas & Ilias Papathanasiou / Research Papers in Language Teaching and 

Learning 16/1 (2026) 106-140 

110 
 

Platforms like SimuCase3 provide standardized virtual cases covering diverse communication 
disorders, enabling repetitive practice and immediate feedback. However, these systems typically 
present scripted scenarios rather than authentic language samples, limiting exposure to real-world 
linguistic variability. 
 
Video analysis tools enable students to review authentic clinical interactions, annotate communicative 
behaviors, and analyze language samples from recorded sessions. Software like ELAN4 allows time-
aligned transcription and annotation, though the labor-intensive nature limits typical use to small 
sample sizes (Sloetjes & Wittenburg, 2008). Computer-assisted learning modules deliver instructional 
content on anatomical structures, phonetic transcription, and assessment procedures through 
interactive multimedia (Brackenbury et al., 2008). While valuable for knowledge transmission, these 
typically lack integration with authentic clinical data analysis. Telepractice platforms facilitate remote 
clinical supervision, enabling students to observe real therapy sessions and receive feedback from 
clinical educators regardless of geographic location (Grogan-Johnson et al., 2013; Tucker, 2012). The 
COVID-19 pandemic accelerated adoption of telehealth modalities, demonstrating feasibility while 
highlighting technological barriers and training needs. 
 
Specialized software for language analysis, including systematic analysis of language transcripts (SALT) 
and CLAN, provides quantitative analysis capabilities for clinical language samples (MacWhinney, 
2000; Miller & Iglesias, 2020). However, educational surveys indicate limited integration into graduate 
curricula, attributed to perceived complexity, time investment, and insufficient instructor familiarity 
(Brackenbury et al., 2008). Broader healthcare education has increasingly incorporated artificial 
intelligence applications, providing relevant models for SLP education. Medical image analysis using 
deep learning algorithms helps radiology students develop diagnostic skills through immediate 
feedback on interpretation accuracy (Hosny et al., 2018; Shen et al., 2017). Clinical decision support 
systems powered by machine learning assist medical students in differential diagnosis, treatment 
planning, and predicting patient outcomes (Beam & Kohane, 2018; Rajkomar et al., 2019). Natural 
language processing applications in medical education include automated analysis of clinical notes, 
extraction of relevant information from electronic health records, and evaluation of documentation 
quality (Koleck et al., 2019; Wang et al., 2018). These applications demonstrate feasibility of 
integrating sophisticated AI tools into clinical training while maintaining pedagogical rigor. Intelligent 
tutoring systems adapt instructional content and feedback based on individual student performance, 
demonstrating learning gains compared to traditional instruction across medical disciplines (Kulik & 
Fletcher, 2016; Woolf et al., 2013). However, concerns regarding over-reliance on automation, 
reduced critical thinking, and "black box" decision-making have prompted calls for careful pedagogical 
design emphasizing human oversight and transparent reasoning (Holmes et al., 2019; Zawacki-Richter 
et al., 2019). 
 

3. The educational prism of AI, LLMs and corpora in the tertiary system  

 
The integration of artificial intelligence, Large Language Models, and corpus linguistics into tertiary 
education represents a convergence of technological innovation and pedagogical necessity. This 
section examines the theoretical foundations that underpin effective educational implementation, 
drawing from established learning frameworks, technology integration models, and corpus-based 
pedagogical research. We focus specifically on how these theoretical perspectives apply to 
computational linguistics, neurolinguistics, and speech-language pathology education—disciplines 
where authentic language data, analytical rigor, and clinical competence intersect. 
 

 
3 https://www.simucase.com/  
4 https://archive.mpi.nl/tla/elan  
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3.1 Educational Framework: Learning Objectives and Cognitive Development 

 

The development of effective learning objectives for LLM-based corpus analysis requires careful 
alignment with program-specific competencies while addressing the unique cognitive demands of 
working with both clinical language data and artificial intelligence tools. Learning objectives must 
balance technical skill acquisition with critical evaluation capabilities, recognizing that students need 
not only to operate AI systems but also to understand their limitations and validate their outputs 
(Anderson & Krathwohl, 2001; Bloom et al., 1956; Fink, 2013). 
 
For computational linguistics programs, learning objectives emphasize algorithmic understanding, 
evaluation methodology, and the ability to critically assess automated linguistic analysis. Students 
should be able to design annotation schemes, implement validation procedures, calculate inter-
annotator agreement metrics, and compare LLM performance against traditional NLP approaches 
(Liddy, 2001; Jurafsky & Martin, 2023). These objectives align with computational thinking frameworks 
that emphasize decomposition of complex problems, pattern recognition, abstraction, and algorithmic 
design (Weintrop et al., 2016; Wing, 2006). 
 
For speech-language pathology programs, learning objectives center on clinical application: 
identifying linguistically-based assessment measures, interpreting quantitative indices of language 
impairment, connecting corpus patterns to theoretical models of aphasia, and making evidence-based 
clinical decisions informed by linguistic analysis (American Speech-Language-Hearing Association 
[ASHA], 2016). The integration of corpus analysis with clinical reasoning represents what Fink (2013) 
terms "integration learning"—the ability to connect ideas, perspectives, and realms of life, essential 
for translating linguistic research into clinical practice. 
 
For neurolinguistics and clinical neuroscience programs, objectives emphasize understanding brain-
language relationships through systematic analysis of language breakdown patterns. Students must 
develop competencies in identifying neuroanatomical correlates of linguistic deficits, recognizing 
dissociations between preserved and impaired language functions, and critically evaluating 
neurolinguistic theories based on corpus evidence (Hillis, 2007; Papathanasiou et al., 2017).  
 

3.2 Technology Integration in Teaching and Learning: Frameworks and Models TPACK 

Framework for AI-Enhanced Corpus Linguistics Education 

 
The TPACK framework (Mishra & Koehler, 2006) guides integration of LLM-based corpus analysis into 
linguistics education, recognizing that effective technology use requires interplay between 
Technological (TK), Pedagogical (PK), and Content Knowledge (CK). TK encompasses LLM capabilities, 
prompt engineering, and computational principles underlying language models. PK involves 
scaffolding, assessment, and fostering critical thinking, while CK includes linguistic theory, clinical 
frameworks, and corpus methodology. The intersections are crucial,  since TCK means understanding 
how AI tools address specific linguistic phenomena; PCK involves effective teaching strategies for 
complex concepts; TPK recognizes how LLMs enable students to analyze larger datasets, revealing 
patterns previously accessible only to researchers. Full TPACK integration—e.g., teaching 
agrammatism through collaborative LLM-assisted annotation that students validate—transforms not 
just what students learn but how (Koehler & Mishra, 2009). 
 
The SAMR model (Puentedura, 2006) evaluates transformative potential across four levels: 
Substitution (LLMs replace manual annotation with no pedagogical change), Augmentation (students 
annotate larger datasets with immediate feedback), Modification (students compare LLM 
performance across aphasia types, integrating linguistic and computational thinking), and Redefinition 
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(real-time analysis of large clinical corpora to test neurolinguistic hypotheses). Effective integration 
should target at least Modification level. From a constructivist perspective, LLM-based corpus analysis 
supports authentic learning through real clinical data, scaffolded learning via LLM-generated 
annotations students refine, and collaborative learning through group discussion of AI outputs. 
Communities of practice theory (Lave & Wenger, 1991) frames this as legitimate peripheral 
participation in professional linguistics communities. 
 

3.3 Corpus Linguistics in Language-Related Education: Pedagogical Foundations and 

Innovations 

 
Corpus linguistics has established significant pedagogical value across language-related disciplines, 
with data-driven learning (DDL) positioning students as researchers who discover linguistic patterns 
through direct corpus investigation rather than receiving pre-digested descriptions. This approach 
promotes inductive reasoning, pattern recognition, and empirical validation—cognitive skills essential 
for linguistic research and clinical practice (Boulton, 2012; Johns, 1991; 1998). Large language models 
enhance DDL by rapidly generating corpus patterns that students can examine, enabling focus on 
interpretation rather than data extraction. 
 
Central to corpus-based education is the development of frequency and typicality awareness, as 
corpus analysis reveals which linguistic forms are common versus rare, typical versus marked. For 
clinical populations, corpus-based frequency norms inform assessment interpretation by determining 
whether a particular production pattern falls within or outside typical ranges for specific aphasia types 
(Berndt et al., 2000; Thompson et al., 2012). Students develop empirical grounding for clinical 
judgments through sustained corpus exposure. 
 
Authentic language exposure distinguishes corpus-based education from constructed examples or 
idealized grammatical descriptions. Authentic clinical corpora reveal the complexity of real language 
production including disfluencies, self-corrections, and false starts, thereby preparing students for 
clinical realities (Gilquin & Granger, 2010). Exposure to variability within and across speakers develops 
realistic expectations and flexible analytical skills essential for professional practice. The investigative 
nature of corpus pedagogy encourages hands-on exploration where students actively query corpora, 
formulate hypotheses, test predictions, and refine analyses based on evidence. This investigative 
approach develops research literacy alongside linguistic knowledge, fostering skills transferable to 
professional contexts (Charles, 2015; Römer, 2011). 
 
AI integration addresses many traditional barriers while creating new pedagogical possibilities. 
Reduced technical barriers emerge as natural language prompts replace complex query languages, 
making corpus analysis accessible to students without programming backgrounds. This accessibility 
enables accelerated analysis where students can examine multiple samples, compare across speakers 
or conditions, and iterate rapidly, transforming corpus analysis from isolated demonstration to 
integrated investigative method. Enhanced focus on interpretation occurs when annotation 
automation shifts student cognitive resources from mechanical coding to linguistic analysis and clinical 
reasoning. Students spend more time asking what patterns reveal about language processing rather 
than how to code particular constructions, aligning with constructivist principles emphasizing deep 
understanding over procedural execution. Integrated validation activities become pedagogically 
central as students compare LLM outputs against gold standards, identify systematic errors, and 
investigate why particular phenomena challenge automation. These metacognitive activities develop 
critical evaluation skills generalizable beyond corpus linguistics to any AI-enhanced professional 
context, while multilingual accessibility potentially expands through LLMs that handle diverse 
languages more flexibly than language-specific tools. 
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4. Design and Implementation Context 

 
This paper presents a design-based framework developed and piloted across two Greek university 
programs during 2024–2025. The following sections describe the implementation context, corpus 
materials, and pedagogical design rationale. Full empirical evaluation of learning outcomes is ongoing 
and will be reported in subsequent work. 
 

4.1 Research questions and aim 

 

The overarching aim is to produce an evidence-based framework for LLM integration that balances 
technological innovation with pedagogical soundness while addressing discipline-specific needs. 
RQ1: To what extent can Large Language Models accurately perform multi-level linguistic annotation 
of Greek aphasic speech to support teaching scenarios and materials?  
RQ2: Does integration of LLM-based corpus analysis enhance student learning outcomes compared to 
traditional corpus methods or no corpus instruction? 
RQ3: What technical, pedagogical, and institutional barriers emerge during implementation, and what 
solutions prove effective? 
RQ4: How do students perceive LLM-enhanced corpus analysis in terms of usability, learning value, and 
preparation for professional practice?  
 

4.2 Corpora Selection 

 
The Greek CACLA (Corpus for Aphasic Clinical Language Analysis) serves as the primary corpus, 
comprising approximately 200 speech samples from Greek-speaking individuals with aphasia 
representing diverse types and severity levels (Papathanasiou et al., 2017). We curated a pedagogical 
subset of 36 transcripts (12 for demonstrations, 24 for student projects) selected for: (1) appropriate 
length (150-400 words); (2) linguistic representativeness of different aphasia types; (3) transcription 
quality following CHAT conventions; (4) task diversity; and (5) complexity gradient enabling 
differentiated instruction. 
 
Gold standard annotations were developed through multi-stage expert consensus, with two linguists 
independently annotating each transcript following Universal Dependencies guidelines for Greek 
(Prokopidis & Papageorgiou, 2017) and clinical error coding systems (Schwartz et al., 2009). 
Disagreements (approximately 12%) were resolved through adjudication. 
 
To accommodate different pedagogical objectives across programs, we incorporated comparison 
datasets enabling contrastive analysis. For English/Linguistics students, we included a parallel corpus 
of 10 transcripts from neurologically intact Greek speakers performing identical elicitation tasks 
(picture description, narrative retelling, procedural discourse). This typical language corpus enables 
students to systematically compare linguistic patterns between aphasic and normal speech—
identifying which features represent pathological deviation versus normal variability, examining 
quantitative differences in productivity and complexity measures, and developing empirically-
grounded understanding of linguistic breakdown patterns (Armstrong, 2000; Goodglass et al., 2001). 
This contrastive approach aligns with computational linguistics pedagogy emphasizing comparative 
analysis and data-driven pattern recognition (Römer, 2011). Additionally, we incorporated 
AphasiaBank English samples for cross-linguistic comparison (MacWhinney et al., 2011), and outputs 
from traditional NLP tools (Greek spaCy, Stanza) for comparative evaluation of LLM versus rule-
based/statistical annotation approaches—particularly relevant for students focusing on 
computational methods. 
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4.3 Study design behind teaching procedures 

 
The study employs a quasi-experimental pre-post design with comparison groups implemented across 
two Greek university departments during 2024-2025. The first group (n ≈ 55) receives a full LLM-
enhanced curriculum including prompt engineering, validation methodology, and collaborative 
analysis projects. The second group (n ≈ 67) receives AI-modified clinical training with systematic 
corpus analysis and aphasic speech data in two different modules. 
 
All groups complete identical pre/post tests assessing corpus linguistics knowledge, clinical language 
understanding, and analytical skills. Data collection employs convergent mixed-methods design 
(Creswell & Plano Clark, 2017): quantitative measures (knowledge tests, annotation accuracy, Likert-
scale surveys) and qualitative data (focus groups, observation checklists). Statistical analysis includes 
mixed-model ANOVAs examining pre-post gains across groups, t-tests comparing practical 
competency, and regression models predicting outcomes from background variables. Qualitative data 
undergoes thematic analysis following Braun and Clarke (2006). 
 

4.4 Participants 

 

Participants comprise 122 third- and fourth-year undergraduate students across two programs: School 
of English (n = 55) and Speech-Language Pathology (n = 67). The sample is predominantly female 
(85%), aged 20-26 years (M = 21.8), consistent with linguistics and SLP program demographics 
internationally. All are native Greek speakers or have advanced proficiency (C1/C2; 9 bilinguals with 
Russian, Albanian, Ukrainian and Turkish). Prior coursework includes foundational linguistics, though 
only 23% report corpus linguistics exposure and 12% have programming experience. Technology 
experience is mixed: 67% have used ChatGPT (or any other LLM) for general purposes, but only 15% 
for academic analytical tasks. This profile suggests students can navigate AI interfaces but lack critical 
evaluation skills for linguistic applications—a key learning objective. 
 

5. Educational Applications 

 

5.1 Curriculum Integration 

 
The LLM-based corpus analysis framework integrates across three distinct but complementary 
curricular modules, each addressing specific disciplinary competencies while leveraging shared 
technological infrastructure. The Theoretical Module (Aphasia and Related Disorders) emphasizes 
neurocognitive models of language breakdown, classification and symptomatology of acquired 
aphasia and related disorders, and evidence-based principles of language assessment and 
rehabilitation—developing foundational theoretical competence in adult neurogenic communication 
disorders. The Digital Module (Computational Linguistics and Natural Language Processing) 
emphasizes annotation methodology, prompt engineering for linguistic tasks, and systematic 
evaluation of automated analysis tools—developing technical competencies in NLP applications. The 
Clinical Module (Clinical Practice III) emphasizes supervised application of assessment, differential 
diagnosis, intervention planning, and professional documentation in real clinical settings—developing 
advanced clinical reasoning, ethical decision-making, and entry-level professional competence in adult 
speech-language pathology. This module enables students to consolidate theoretical knowledge and 
digital competencies into advanced, context-sensitive clinical decision-making. This three-pronged 
approach ensures students develop theoretical understanding, technical proficiency, and clinical 
reasoning—essential competencies for contemporary speech-language pathology and computational 
linguistics professionals (ASHA, 2016; Jurafsky & Martin, 2023). 
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5.2 Specific Educational Modules 
 

5.2.1 Theoretical Module: Aphasia and Related Disorders 

 
The Theoretical Module Aphasia and Related Disorders provides the conceptual and neurocognitive 
foundation for the integrated curriculum and is implemented as a structured lecture sequence (9 
instructional hours; for more details see Appendix A) designed to develop theoretical coherence, 
analytic depth, and preparedness for advanced clinical application. The module addresses a 
longstanding challenge in speech-language pathology education: enabling students to move beyond 
surface-level classification toward principled understanding of how neurological damage disrupts 
language systems across modalities and levels of linguistic organization (Goodglass & Wingfield, 1997; 
Caplan & Marshall,1992). In Session 1, Foundations of Aphasia and Neurogenic Language Breakdown, 
students are introduced to historical and contemporary definitions of aphasia, etiological factors, and 
neuroanatomical correlates of language processing. Classical aphasia syndromes are presented 
alongside modern neurocognitive and functional models, highlighting both their heuristic value and 
their limitations in capturing real-world communicative functioning (Bastiaanse & Prins, 2013; 
Dronkers et al., 2017). Through analysis of authentic aphasic language samples, students begin to 
recognize inter- and intra-speaker variability and to critically evaluate the adequacy of syndromic 
labels. This session supports a shift from taxonomic memorization to explanatory, model-based 
reasoning about language breakdown. Session 2, Language Assessment and Breakdown Patterns, 
focuses on systematic evaluation of spoken and written language across comprehension, expression, 
naming, repetition, reading, writing, and discourse. Students examine standardized and non-
standardized assessment approaches and learn to interpret error patterns in relation to underlying 
linguistic and cognitive processes, such as lexical access, morphosyntactic encoding, and discourse 
planning (Chapey, 2001). Particular emphasis is placed on distinguishing aphasia from co-occurring 
motor speech and cognitive-communication disorders, reinforcing diagnostic precision and reducing 
misclassification in clinical contexts. In Session 3, Aphasia, Related Disorders, and Functional 
Communication, the focus expands to acquired language disorders associated with traumatic brain 
injury and dementia. Students explore how diffuse versus focal neuropathology affects language, 
cognition, and communicative participation, and how progressive versus non-progressive conditions 
shape assessment and intervention priorities (Chapey, 2001; Bayles & Tomoeda, 2014). The session 
cites aphasia within the WHO–ICF framework, emphasizing activity limitations and participation 
restrictions alongside impairment-level analysis (WHO, 2001). Conceptual principles of intervention 
are introduced, highlighting evidence-based practice, functional goal setting, and the role of 
communication partners (Simmons-Mackie et al., 2010). Pedagogically, this module prioritizes 
conceptual integration and theoretical grounding over procedural skill acquisition. By developing 
explanatory models of language breakdown, it provides the cognitive scaffolding required for both 
computational analysis in the Digital Module and applied clinical reasoning in Clinical Practice III, 
supporting deep learning and transfer across contexts (National Research Council,, 2000). 

 

5.2.2 Digital Module: Computational Linguistics and Natural Language Processing 

 

The Digital Module represents the core computational linguistics application of LLM-based corpus 
analysis, implemented as a four-session sequence (5 instructional hours; for more details see 
Appendix A) designed to develop both technical proficiency and critical evaluation skills. This module 
addresses a critical gap in linguistics education: making sophisticated corpus annotation accessible to 
students without programming backgrounds while maintaining methodological straightforwardness. 
In session 1, Foundations and Initial Exploration introduces students to the CACLA corpus structure, 
Greek morphosyntactic complexity, and traditional annotation challenges. Students conduct manual 
annotation of a brief sample (15-20 words), documenting time investment and difficulties 
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encountered. This experiential foundation establishes appreciation for automation benefits while 
grounding students in linguistic fundamentals—preventing what Pea (2004) terms "cognitive 
offloading" where technology bypasses essential conceptual development. The session concludes with 
a live demonstration of Claude performing identical annotation tasks in seconds, creating productive 
cognitive dissonance that motivates deeper investigation of how LLMs accomplish linguistic analysis.   
 
During session 2, Prompt Engineering and Annotation Generation shifts to hands-on LLM interaction. 
Working in small groups, students design prompts for morphological annotation (POS tagging, 
lemmatization, feature extraction) using provided templates as starting points. The iterative prompt 
refinement process—testing, evaluating output quality, modifying instructions, retesting—develops 
metacognitive awareness about linguistic specification and computational interpretation (White et al., 
2023). Students discover that effective prompts require explicit articulation of annotation 
conventions, output formats, and edge case handling—essentially requiring them to formalize their 
linguistic knowledge computationally. This "teaching the machine" process deepens linguistic 
understanding while developing prompt engineering as an emerging professional skill (Kasneci et al., 
2023). 
 
In the 3rd session, Validation and Critical Evaluation represents the pedagogically crucial component 
distinguishing our approach from uncritical AI adoption. Students systematically compare their LLM-
generated annotations against expert gold standards, calculating precision, recall, and F1-scores for 
different annotation types. Error analysis reveals systematic patterns: LLMs excel at standard 
morphological forms but struggle with neologisms, phonemic paraphasias, and agrammatic structures 
lacking function words (Kuzman et al., 2023). Students categorize errors, hypothesize about 
computational causes (training data bias, context limitations, lack of clinical linguistic knowledge), and 
discuss implications for research applications. This critical engagement prevents "automation bias"—
the tendency to over-trust automated outputs—while developing an understanding of AI capabilities 
and constraints (Goddard et al., 2012). 
 
Finally, during session 4, Comparative Analysis and Synthesis culminates in contrastive examination of 
aphasic versus typical language corpora. Students use their validated LLM workflows to analyze 
multiple samples, extracting quantitative measures (MLU, TTR, grammatical accuracy rates) and 
identifying qualitative patterns. The larger dataset sizes enabled by automation allow observation of 
cross-speaker generalizations impossible with manual methods within course timeframes. Final 
presentations synthesize technical findings with linguistic interpretation: What do corpus patterns 
reveal about Greek morphological processing? How do computational analysis results align with or 
challenge theoretical models of agrammatism? This integration of technical and theoretical 
dimensions exemplifies Bloom's highest taxonomic levels—synthesis and evaluation (Anderson & 
Krathwohl, 2001). Pedagogical significance lies in balancing automation efficiency with analytical 
depth, technical skill development with critical thinking, and computational methods with linguistic 
insight—preparing students for futures where AI tools are ubiquitous but human expertise remains 
essential. 
 

5.2.3 Clinical Module: Clinical Practice III 

 
The Clinical Module Clinical Practice III represents the culminating application of theoretical and 
analytical competencies within supervised real-world clinical environments. Implemented as a 
semester-long clinical placement with supporting lectures (10 ECTS), the module is designed to 
support students’ transition from guided learning to entry-level professional practice. Its central 
pedagogical objective is the development of integrated clinical reasoning, ethical judgment, and 
professional autonomy under supervision, consistent with international standards for clinical 
education in speech-language pathology (ASHA, 2016; RCSLT, 2017). In Session 1, Advanced Clinical 
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Assessment and Case Formulation, students engage in comprehensive evaluation of adults with 
acquired communication disorders, including structured case history intake, orofacial and cranial 
nerve examination, cognitive screening, and detailed language assessment. Drawing on theoretical 
knowledge from the Aphasia and Related Disorders module, students synthesize linguistic, cognitive, 
and neurological data into coherent clinical hypotheses. Emphasis is placed on differential diagnosis 
in complex cases involving overlapping aphasic, cognitive-communication, and motor speech features, 
reflecting best practices in adult neurogenic assessment (Papathanasiou, Coppens, & Potagas, 2017). 
Session 2, Clinical Decision-Making and Intervention Planning, focuses on translating assessment 
findings into evidence-based therapy goals and intervention plans. Students are trained to prioritize 
functional communication outcomes, align goals with patient needs and contextual factors, and justify 
clinical decisions using empirical evidence and theoretical rationale (Chapey, 2001). Supporting 
lectures on acquired language disorders in traumatic brain injury and dementia reinforce the 
importance of flexible clinical reasoning and longitudinal planning in progressive and non-progressive 
conditions. In Session 3, Documentation, Outcome Monitoring, and Professional Practice, students 
develop advanced skills in clinical documentation, including evaluation reports, therapy plans, 
progress notes, and SOAP documentation. Cognitive and quality-of-life questionnaires are 
incorporated into outcome monitoring, reinforcing a holistic and patient-centered approach to clinical 
effectiveness (Hilari & Byng, 2009). Ethical considerations—including informed consent, 
confidentiality, professional accountability, and interdisciplinary collaboration—are embedded 
throughout clinical practice, aligning with professional codes of ethics and legal frameworks (ASHA, 
2016). Pedagogically, Clinical Practice III exemplifies experiential learning at the highest level, 
integrating theoretical knowledge, analytical competence, and procedural skill within authentic 
clinical contexts. By the end of the module, students demonstrate readiness for professional practice, 
characterized by evidence-based clinical reasoning, ethical awareness, reflective capacity, and 
adaptability to complex real-world communication disorders. 
 

5.3 Towards a common educational scenario template 
 
The proposed educational scenario template provides a flexible, adaptable framework for integrating 
LLMs and corpus analysis across diverse linguistic and clinical contexts beyond the specific CACLA 
implementation. This modular template follows a four-phase pedagogical progression that can be 
customized for different languages, corpora, and target competencies: Phase 1 (Foundation and 
Manual/Traditional Exploration) establishes baseline understanding through hands-on engagement 
with the chosen corpus and traditional annotation methods; Phase 2 (AI-Enhanced Pipeline 
Development) introduces LLM integration through systematic prompt engineering and automation 
workflows; Phase 3 (Validation and Critical Analysis) develops evaluation competencies through 
systematic comparison with gold standards and error analysis; and Phase 4 (Synthesis and Application) 
culminates in comprehensive analysis and presentation of findings. The template's strength lies in its 
adaptability—instructors can substitute alternative corpora (clinical, literary, social media, 
multilingual), modify linguistic annotation levels (phonological, morphological, syntactic, discourse), 
adjust technical complexity for different student populations, and customize assessment criteria for 
specific learning objectives. Essential template components include prerequisite specification, 
resource requirements, step-by-step process documentation, variation suggestions for different 
contexts, and assessment rubrics, enabling educators to create robust LLM-enhanced corpus 
linguistics curricula tailored to their institutional needs and student populations while maintaining 
pedagogical rigor and critical thinking development. 
 

6. Discussion 
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6.1 Pedagogical Rationale and Anticipated Outcomes 

 
The Theoretical Module was designed to foster foundational competencies that transformed their 
understanding of neurological language disorders from superficial classification to principled 
theoretical reasoning. Through systematic engagement with Session 1 (Foundations of Aphasia and 
Neurogenic Language Breakdown), students will learn to critically evaluate classical aphasia 
syndromes alongside modern neurocognitive models, recognizing both their heuristic value and 
limitations in capturing real-world communicative functioning. The analysis of authentic aphasic 
language samples will enable students to appreciate inter- and intra-speaker variability while moving 
beyond taxonomic memorization toward explanatory, model-based reasoning about language 
breakdown. Session 2 (Language Assessment and Breakdown Patterns) will equip students with 
systematic evaluation skills across comprehension, expression, and discourse modalities, teaching 
them to interpret error patterns in relation to underlying linguistic and cognitive processes such as 
lexical access and morphosyntactic encoding. Most significantly, Session 3 (Aphasia, Related 
Disorders, and Functional Communication) will broaden students' clinical perspective to encompass 
acquired language disorders in traumatic brain injury and dementia, while situating aphasia within the 
WHO-ICF framework to emphasize activity limitations and participation restrictions alongside 
impairment-level analysis. 
 
The Digital Module will  successfully bridge the gap between theoretical linguistic knowledge and 
practical computational application, enabling students to develop both technical proficiency and 
critical evaluation expertise. Through Session 1 (Foundations and Initial Exploration), students will gain 
experiential understanding of annotation challenges by manually processing brief samples before 
witnessing LLM capabilities, creating productive cognitive dissonance that will motivate deeper 
investigation of computational linguistic analysis. Session 2 (Prompt Engineering and Annotation 
Generation) will teach students to articulate their linguistic knowledge computationally through 
iterative prompt refinement, discovering that effective prompts require explicit specification of 
annotation conventions, output formats, and edge case handling—essentially formalizing their 
linguistic understanding for computational interpretation. The pedagogically crucial Session 3 
(Validation and Critical Evaluation) will develop systematic comparison skills as students calculated 
precision, recall, and F1-scores while conducting error analysis that will reveal LLM strengths in 
standard morphological forms and limitations with neologisms, phonemic paraphasias, and 
agrammatic structures. Session 4 (Comparative Analysis and Synthesis) will enable students to 
leverage automation for examining larger datasets, extracting quantitative measures like MLU and 
TTR while synthesizing technical findings with linguistic interpretation to address questions about 
Greek morphological processing and theoretical models of agrammatism. 
 
Students in Clinical Practice III will achieve the critical transition from guided academic learning to 
entry-level professional practice through integration of theoretical knowledge, analytical 
competencies, and supervised clinical experience. Session 1 (Advanced Clinical Assessment and Case 
Formulation) will teach students to synthesize linguistic, cognitive, and neurological data into 
coherent clinical hypotheses while engaging in comprehensive evaluation including case history 
intake, orofacial examination, and detailed language assessment. The emphasis on differential 
diagnosis in complex cases involving overlapping aphasic, cognitive-communication, and motor 
speech features will prepare students for real-world clinical complexity. Session 2 (Clinical Decision-
Making and Intervention Planning) developed evidence-based clinical reasoning as students will learn 
to translate assessment findings into functional therapy goals, prioritize communication outcomes, 
and justify clinical decisions using empirical evidence and theoretical rationale. Session 3 
(Documentation, Outcome Monitoring, and Professional Practice) will equip students with advanced 
clinical documentation skills including evaluation reports and SOAP documentation, while embedding 
ethical considerations throughout clinical practice. By module completion, students will demonstrate 
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readiness for professional practice characterized by evidence-based clinical reasoning, ethical 
awareness, reflective capacity, and adaptability to complex real-world communication disorders. 
 

6.2 Educational Effectiveness 

 
The advantages outlined in section 6.3 demonstrate LLMs' transformative potential for corpus-based 
education in linguistics and speech-language pathology. Primary benefits include democratized 
accessibility through elimination of programming prerequisites and natural language prompting that 
replaces complex query languages, enabling sophisticated corpus analysis across diverse technical 
backgrounds. Time efficiency gains facilitate qualitative pedagogical shifts from analyzing 2-3 brief 
samples to examining dozens of transcripts, revealing cross-speaker patterns essential for clinical 
competence while redirecting cognitive resources from mechanical coding toward higher-order 
linguistic analysis and clinical reasoning. For clinical applications, LLMs provide rapid extraction of 
quantitative language measures that inform evidence-based assessment and intervention outcomes, 
with particular value for under-resourced languages like Greek where specialized NLP tools remain 
limited. The pedagogical flexibility allows instructors to customize difficulty and scaffold complexity 
progressively, making LLM integration essential for interdisciplinary contexts spanning computational 
linguistics to clinical practice. 
 

6.3 LLMs for Corpus Analysis, Language and Speech Therapy: Advantages 

 
Large Language Models offer transformative advantages for corpus-based education in linguistics and 
speech-language pathology that address longstanding pedagogical barriers. Accessibility and 
democratization represent primary benefits: LLMs eliminate programming prerequisites, making 
sophisticated corpus analysis available to students across diverse technical backgrounds (Kasneci et 
al., 2023). Natural language prompting replaces complex query languages, lowering entry barriers that 
historically limited corpus linguistics to computationally-trained specialists (Reppen, 2010). 
 
Time efficiency gains enable qualitative pedagogical shifts. Where manual annotation constrained 
students to analyzing 2-3 brief samples, LLM-assisted workflows permit examination of dozens of 
transcripts, revealing cross-speaker patterns and population-level generalizations essential for clinical 
and research competence (Boulton & Cobb, 2017). This scalability transforms corpus analysis from 
isolated demonstration to integrated investigative method. Enhanced focus on interpretation 
emerges as automation handles mechanical coding, redirecting cognitive resources toward linguistic 
analysis, clinical reasoning, and theoretical synthesis—higher-order thinking central to professional 
education (Anderson & Krathwohl, 2001; Fink, 2013). 
 
For clinical applications, LLMs provide rapid extraction of quantitative language measures 
(productivity, complexity, accuracy indices) that inform evidence-based assessment, benchmark 
intervention outcomes, and support clinical documentation requirements increasingly demanded in 
healthcare contexts (ASHA, 2016; Thompson et al., 2012). Multilingual capabilities particularly benefit 
under-resourced languages like Greek, where specialized NLP tools remain limited; multilingual LLMs 
offer reasonable performance without extensive language-specific development (Joshi et al., 2020). 
Finally, pedagogical flexibility allows instructors to customize difficulty, scaffold complexity 
progressively, and adapt activities to diverse learning objectives—essential for interdisciplinary 
contexts spanning computational linguistics to clinical practice. 
 

6.4 Limitations and Challenges 
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Despite significant advantages, LLM integration presents substantial limitations requiring careful 
pedagogical management. Technical limitations constrain reliability for critical applications. 
Annotation accuracy varies considerably by linguistic level and phenomenon: while morphological 
tagging achieves 85-92% accuracy for standard Greek forms, performance degrades substantially for 
clinical language features including neologisms (62% accuracy), phonemic paraphasias (71%), and 
agrammatic structures with systematic omissions (68%) (cf. Kuzman et al., 2023; Liu et al., 2024). 
Context understanding remains shallow; LLMs lack genuine comprehension of clinical presentations, 
neuroanatomical substrates, or theoretical frameworks guiding interpretation. Hallucination risks—
confident generation of plausible but incorrect analyses—pose serious concerns when students lack 
expertise to recognize errors (Alkaissi & McFarlane, 2023). 
 
Educational considerations demand vigilant attention. Over-reliance on automation without 
developing foundational skills represents the primary pedagogical risk; students may generate 
sophisticated-appearing analyses without grasping underlying linguistic principles—what Salomon et 
al. (1991) term "intelligence in the system rather than intelligence with the system." Critical thinking 
development requires deliberate scaffolding; validation exercises, error analysis, and comparative 
evaluation must be integrated systematically rather than optional supplements. Technical literacy 
requirements extend beyond operational skills to conceptual understanding of LLM capabilities, 
limitations, and appropriate use cases—a new form of literacy not yet systematically addressed in 
linguistics curricula (Cardon et al., 2023). 
 
Practical barriers complicate implementation. Cost considerations vary: while free LLM tiers enable 
basic exploration, intensive educational use may require institutional subscriptions ($20-
30/student/month), substantial in resource-constrained contexts. Privacy and data security concerns 
arise with clinical corpora containing sensitive information, even when de-identified; institutional 
policies may restrict uploading patient-derived data to commercial AI platforms. Instructor expertise 
gaps emerge as most linguistics faculty lack experience with prompt engineering, AI evaluation 
methodology, or pedagogical strategies for critical technology engagement—necessitating substantial 
professional development investment (Mishra & Koehler, 2006; Zawacki-Richter et al., 2019). 
 

6.5 Best Practices for Implementation 

 
Evidence from our implementation suggests several critical practices for successful LLM integration. 
Foundational skills first: Students must develop basic linguistic analysis competencies through manual 
annotation before automation introduction, ensuring conceptual understanding precedes 
technological efficiency (Pea, 2004). Explicit prompt engineering requries students to record, version, 
and justify all prompts develops metacognitive awareness about linguistic specification and creates 
reproducible workflows aligned with research integrity standards (White et al., 2023). Scaffolded 
complexity progression is eminent by beginning with straightforward annotation tasks (POS tagging) 
before advancing to challenging phenomena (discourse coherence, clinical error detection) builds 
confidence while revealing AI limitations organically. Finally, interdisciplinary collaboration will rise by 
pairing computational linguistics and clinical students leverages complementary expertise, models 
professional teamwork, and enriches learning through diverse perspectives.  
 

6.6 Future Directions 

 

Future development should address several critical directions. Longitudinal evaluation tracking 
whether corpus analysis skills and critical AI literacy persist beyond course completion and transfer to 
professional practice remains essential for validating educational impact (Kirkpatrick & Kirkpatrick, 
2006). Cross-linguistic expansion to additional under-resourced languages could democratize corpus 
linguistics globally, though requiring systematic validation of LLM performance across diverse 
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linguistic typologies (Joshi et al., 2020). Hybrid approaches integrating LLMs with specialized clinical 
NLP tools may optimize accuracy-efficiency trade-offs by using LLMs for initial annotation and 
traditional tools for validation, or vice versa (Bryant et al., 2023). Custom fine-tuning of open-source 
models on clinical language corpora could enhance performance on atypical language while 
addressing privacy concerns through local deployment, though requiring institutional computational 
infrastructure (Üstün et al., 2024). 
 
To achieve curriculum standardization, it is needed to develop consensus guidelines for AI literacy 
competencies in linguistics and SLP programs would ensure systematic preparation for technology-
integrated professional futures. Ethical framework development specifically addressing AI use with 
vulnerable populations, clinical data, and healthcare applications remains urgent as technology 
outpaces regulatory guidance (Mittelstadt et al., 2016). Finally, authentic clinical integration can be 
achieved by moving beyond educational simulation to implementing LLM-assisted corpus analysis in 
actual clinical assessment, treatment planning, and outcome documentation would demonstrate real-
world value while identifying practical implementation barriers. Collaborative research between 
educational institutions, healthcare facilities, and AI developers could accelerate responsible clinical 
translation benefiting both professional training and patient care. 
 

7. Conclusions 

 

The three-module structure — Theoretical, Computational, and Clinical — provides a principled 
progression from foundational neurolinguistic knowledge through computational methodology to 
supervised clinical application, while the four-phase scenario template gives instructors in diverse 
institutional contexts a reusable structure adaptable to other languages, corpora, and learning 
objectives. Throughout, the framework positions LLMs as “digital co-educators” rather than 
authoritative tools: by requiring students to validate automated outputs against gold standards and 
to analyse systematic errors, it builds critical evaluation skills and technological literacy alongside 
disciplinary knowledge, counteracting the automation bias that uncritical AI adoption risks. 
 
Several limitations should be acknowledged; full empirical evaluation of learning outcomes is ongoing, 
and the current implementation is confined to two Greek university programs; generalisability to 
other national and linguistic contexts remains to be established. Reliance on commercial LLM 
platforms also raises sustainability and data-privacy concerns when working with patient-derived 
clinical material, and successful implementation presupposes instructors with competence in both 
prompt engineering and clinical linguistics — expertise not yet widely available in linguistics faculties. 
 
For educators, the framework offers a concrete, theoretically grounded entry point for curriculum 
development that requires no programming background in instructors or students. For the field more 
broadly, it models responsible AI integration in clinical professional education — treating 
technological literacy as inseparable from disciplinary expertise and ethical awareness. Priorities for 
future work include longitudinal evaluation of skill transfer to professional practice, cross-linguistic 
validation, and the development of open-source or locally deployable alternatives to commercial LLMs 
for use with sensitive clinical corpora. 
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Appendix Α: Educational Materials 

Automated and Manual Linguistic Annotation: LLM-Powered Corpus Analysis with CACLA 

Athanasios Karasimos 

Level of English 
Proficiency 

This activity is for students at C1-C2 CEFR level of English proficiency 
(advanced undergraduate or graduate students in linguistics, computational 
linguistics, or NLP programs) 

Course Area This activity is designed for courses in Introduction to Computational 
Linguistics,Natural Language Processing and Computational Techniques,  
and Corpus Linguistics and Language Teaching. 

Target Skill(s) Corpus linguistics methodology, computational annotation techniques, 
morphosyntactic analysis, prompt engineering for NLP tasks, critical 
evaluation of LLM capabilities, collaborative computational research 

Time Frame The estimated timeframe for this activity is approximately two 150-minute 
lectures (5 hours total instruction time plus homework assignments) 

Apps/Software 
needed 

- LLM Software (Claude, GPT, Gemini, DeepSeek, Grok) 
- Web browser (Chrome, Firefox, Safari) 
- ELAN software (for comparison with traditional annotation tools) 
- Google Colab or Jupyter Notebook (optional, for advanced students) 
- Text editor with UTF-8 support (e.g., NotePad++, Sublime Text) 
- Spreadsheet software (Microsoft Excel, Google Sheets) for data 

compilation and statistical analysis 
- (Optional) Python environment with NLTK, spaCy, or similar NLP 

libraries for comparative analysis     

Materials - Selected transcripts from CACLA Corpora  in plain text format 
- Linguistic annotation scheme reference guide (morphological, 

syntactic, lexical levels - parts of annotation schema template) 
- LLM prompt templates for computational annotation tasks 
- Gold standard annotated corpus samples for validation 
- Comparative analysis worksheet for LLM vs. rule-based/statistical 

methods 
- Assessment rubric for computational linguistics report 
- Research articles on corpus annotation methods and LLM evaluation 
- Greek linguistic reference materials (morphology, syntax overview, 

aphasia) 

Overview This lesson plan introduces Computational linguistics students to modern 
LLM-based approaches for linguistic corpus annotation and analysis. Using 
the CACLA corpora of aphasic speech as a case study, students will explore 
how Large Language Models can be leveraged for automated morphological, 
lexical, and syntactic annotation tasks. Through systematic prompt 
engineering, validation against gold standards, and comparative analysis 
with traditional computational methods, students develop critical skills in 
evaluating AI-driven NLP tools while understanding both their 
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transformative potential and inherent limitations. The activity emphasizes 
the computational linguistics perspective: accuracy metrics, annotation 
consistency, linguistic feature extraction, and the methodological rigor 
required when deploying LLMs for serious linguistic research. 

Aims of the 
Activities 

At the end of this lesson plan/lecture, students will be able to: 
- Design and implement LLM-based pipelines for multi-level linguistic 
annotation- Apply prompt engineering principles to optimize linguistic 
analysis tasks 
- Extract quantitative linguistic measures from annotated corpora (TTR, 
MLU, morphological complexity, syntactic diversity) 
- Validate automated annotations systematically using gold standard 
comparisons 
- Calculate and interpret standard evaluation metrics (precision, recall, F1-
score, inter-annotator agreement) 
- Compare LLM performance with traditional rule-based and statistical NLP 
methods 
- Identify linguistic phenomena that challenge current LLM architectures- 
Document computational workflows with reproducible methodologies 
- Critically evaluate the suitability of LLMs for different annotation tasks 
- Understand the special challenges of analyzing atypical (aphasic) language 
data 
- Collaborate effectively on computational linguistics research projects 

Prerequisites - Basic knowledge of linguistic analysis (morphology, syntax, semantics) 
- Completion of introductory corpus linguistics course or equivalent 
- Familiarity with Greek language structure 
- Basic understanding of NLP concepts (tokenization, POS tagging, parsing) 
- Familiarity with statistical concepts (mean, standard deviation, correlation) 
- Creating a free LLM account  
- Ability to read and understand linguistic research papers in English 
- (Recommended) Prior exposure to annotation tools like ELAN, UAM 
CorpusTool, or similar 
- (Optional) Experience with at least one programming language (Python 
preferred) at basic level 

Lecture Structure (all the stages) 

Preparation The lecturer prepared: 
- Curated selection of CACLA transcripts (8-12 samples, 200-400 words each, 
representing varied linguistic complexity  - mainly from Greek TV Series 
scripts) 
- Gold standard annotations at three levels: morphological, lexical, syntactic 
(extracted human annotations from ELAN) 
- Comprehensive prompt template library organized by linguistic annotation 
task 
- PowerPoint presentation on: 

- CACLA corpus structure and annotation scheme 
- LLM capabilities and limitations for linguistic analysis 
- Evaluation metrics for NLP systems 

- Video demonstration/tutorial (10-12 minutes) showing complete LLM 
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annotation workflow 
- Detailed annotation guidelines document with linguistic examples 
- Comparative analysis worksheet templates 
- Assessment rubric for computational linguistics report 
- Research paper reading list on corpus annotation and LLM evaluation 
(Zotero, Mendeley) 
- Shared computational workspace (Google Drive, Microsoft One Drive) for 
code and data sharing 
- (Optional) Baseline annotation outputs from traditional NLP tools (spaCy) 
for comparison 
- Statistical analysis template spreadsheet for calculating evaluation metrics 

Process Step 1 (Lecture 1): Introduction to Corpus Linguistics Foundations and 
CACLA Project (90 minutes) 
 
- Overview presentation of corpus linguistics methodology: corpus design 
principles, annotation schemes, representativeness, and research 
applications 
- Introduce the CACLA corpora as a computational linguistics case study: 

- Corpus composition and structure 
- Transcription conventions and metadata 
- Linguistic characteristics of atypical language data 
- Annotation challenges specific to clinical corpora 

- Present the linguistic annotation task framework: 
- Morphological annotation: lemmatization, POS tagging, 
morphological features (case, number, gender, tense, aspect, mood 
for Greek) 
- Lexical annotation: word frequency, lexical diversity measures, 
lexical categories 
- Syntactic annotation: phrase structure, dependency relations, 
grammaticality judgments 

- Discuss traditional computational approaches to these tasks (recap): 
- Rule-based systems (advantages and limitations) 
- Statistical models (CRF, HMM for sequence tagging) 
- Neural approaches (BiLSTM, transformer-based models) 

- Divide students into groups of 3-4. Each group receives: 
- Two CACLA transcripts (one simpler, one more complex 
linguistically) 
- Digital and printed versions 
- Annotation guidelines document 

- Groups conduct manual linguistic analysis of the simpler transcript (30 
minutes-  ideally they use ELAN and an annotation template): 

- Identify and annotate 15-20 words with full morphological analysis 
- Note interesting linguistic phenomena (errors, unusual structures, 
ambiguities) that are included in the hierarchal annotation schema 
- Discuss annotation challenges and ambiguous cases 

- Brief group presentations (3-4 minutes each): What linguistic patterns did 
you observe? What annotation challenges and issues arose? How consistent 
were your annotations within the group? 
- Class discussion: Introduce the concept of inter-annotator agreement and 
why consistency matters in computational linguistics (see Varlokosta et al., 
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2016). 
 
Step 2  (Lecture 1): LLM-Based Annotation Pipeline Development (75 
minutes) 
 
- Present comprehensive overview of Large Language Models for linguistic 
analysis: 

- LLM architecture basics (transformer models, attention 
mechanisms at appropriate level) 
- How LLMs process and generate language 
- Documented linguistic capabilities and limitations 
- Comparison with traditional NLP models 

- Live demonstration of LLM annotation workflow using Claude/GPT: 
- Uploading corpus transcript 
- Designing effective prompts for morphological annotation 
- Requesting structured output formats (JSON, TSV, tables) 
- Iterative prompt refinement based on output quality 
- Extracting and processing results 

- Present principles of prompt engineering for linguistic tasks: 
- Clarity and specificity in linguistic terminology 
- Providing examples (from zero-shot to few-shot prompting) 
- Specifying output format and structure 
- Handling ambiguity and requesting confidence indicators 
- Chaining prompts for complex multi-step analyses 
- Prompt templates vs. dynamic prompt generation 

- Introduce the prompt template library with examples for: 
- Morphological annotation (lemmatization, POS tagging, feature 
extraction) 
- Lexical analysis (frequency, diversity, semantic fields) 
- Syntactic annotation (constituency parsing, dependency relations) 

- Quantitative measure extraction (MLU, TTR, complexity metrics) 
- Error detection and linguistic anomaly identification 
- Groups begin computational annotation project: 

- Each group works with both assigned transcripts 
- Divide annotation responsibilities among group members (each 
takes one linguistic level) 
- Access LLM and upload transcripts 
- Use and adapt provided prompt templates 
- Document all prompts used and modifications made 
- Generate initial automated annotations 
- Compile outputs in structured format (spreadsheet or JSON) 

- Groups share preliminary findings: What worked? What failed? How did 
you refine prompts? 
- (optional) Troubleshooting session: Addressing common issues (encoding 
problems, inconsistent output formats, Greek language handling) 
 
Step 3 (Lecture 2): Validation, Evaluation Metrics, and Comparative 
Analysis (90 minutes) 
 
- Present rigorous evaluation methodology for NLP systems: 

- Gold standard creation and its importance 
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- Evaluation metrics: precision, recall, F1-score, accuracy 
- Confusion matrices for error analysis 
- Statistical significance testing 
- Error categorization and analysis 

- Distribute gold standard annotations for the transcripts students have 
been analyzing 
- Systematic validation exercise (60 minutes): 

- Quantitative evaluation: 
- Groups compare their LLM-generated annotations with 
gold standards 
- Calculate precision, recall, and F1-score for some 
annotation types 
- Create confusion matrices for POS tagging 
- Identify systematic error patterns 
- Use provided spreadsheet templates for metric calculation 

- Qualitative error analysis: 
- Categorize errors by type (linguistic level, error source) 
- Identify which linguistic phenomena the LLM handles 
well/poorly 
- Analyze whether errors correlate with specific Greek 
morphological features 
- Note whether atypical language characteristics affect 
accuracy 
- Examine false positives vs. false negatives 

- Comparative analysis: 
- Compare LLM performance across different annotation 
tasks 
- Compare simple vs. complex transcripts 
- Analyze time efficiency: manual vs. automated annotation 
- Consider accuracy-speed trade-offs 
- Introduce advanced measurement extraction: 
- Design prompts for calculating linguistic complexity 
metrics: 
- Mean Length of Utterance (MLU) 
- Type-Token Ratio (TTR) and variants (MTLD, MATTR) 
- Morphological complexity indices 
- Syntactic complexity measures (subordination index, 
dependency distance) 

- Groups extract these measures from their annotated corpora 
- Compile results in shared spreadsheet for cross-group comparison 
- Groups complete comprehensive comparative analysis worksheets: 

- Strengths of LLM approach for each annotation type 
- Specific limitations discovered with examples 
- Computational efficiency analysis 
- Recommendations for optimal use cases 
- Suggestions for hybrid approaches (LLM + rule-based/statistical 
methods) 

 
Step 4 (Lecture 2): Advanced Applications, Reproducibility, and Research 
Presentations (75 minutes) 
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- Brief teacher presentation on advanced computational linguistics 
applications: 

- Batch processing multiple corpus files efficiently 
- Using Claude's API for programmatic access (Python examples) 
- Building custom annotation artifacts with visualization 
- Developing hybrid pipelines (LLM + traditional NLP tools) 
- Reproducibility best practices in computational linguistics research 
- Version control for corpus annotation projects 

- Optional advanced exercise for interested students: 
- Use LLM  to generate Python code for batch annotation processing 
- Create data visualization scripts for linguistic feature distributions 

- Groups finalize comprehensive computational linguistics research reports 
focusing on: 

- Methodology section: Clear description of corpus, annotation 
scheme, LLM configuration, prompts used, evaluation procedures 
- Results section: Quantitative evaluation metrics with tables and 
figures, error analysis with examples, linguistic measure extraction 
results 
- Comparative analysis: LLM vs. traditional methods, accuracy-
efficiency trade-offs, task-specific performance differences 
- Discussion: Linguistic phenomena that challenge LLMs, 
implications for computational linguistics research, 
recommendations for future work 
- Reproducibility: All prompts documented, workflow clearly 
described, data and code availability stated 

- Each group member presents their specialized section 
- Class discussion synthesizing findings across all groups: 

- Which annotation tasks are most suitable for LLM automation? 
- What linguistic features consistently challenge LLMs? 
- How does atypical language affect LLM performance? 
- What role should LLMs play in computational linguistics research? 

- Reflection on computational linguistics methodology: 
- Balancing automation with linguistic rigor 
- Importance of validation and transparency 
- Future directions for LLM applications in corpus linguistics 
- Ethical considerations in computational analysis of clinical data 

Variations For different computational backgrounds: 
- Advanced Computer Science students: Emphasize algorithmic aspects, 
include API usage, develop Python scripts for batch processing, implement 
statistical significance testing, compare with transformer models like 
BERT/GPT 
- Linguistics students: Focus on linguistic analysis quality, reduce 
programming components, emphasize qualitative error analysis, connect to 
theoretical linguistics 
 
For different linguistic focus: 
- Morphology-focus: Deep dive into Greek morphological complexity, 
morpheme segmentation, allomorphy, paradigm analysis 
- Syntax-focus: Focus on parsing accuracy, dependency relations, 
constituency structures, grammaticality judgments 



Karasimos, Efstratiadou, Papatzalas & Ilias Papathanasiou / Research Papers in Language Teaching and 

Learning 16/1 (2026) 106-140 

137 
 

- Semantics-focus: Lexical semantics annotation, semantic role labeling, 
meaning representations 
 
Alternative corpora and applications: 
- Replace CACLA with other corpora: child language acquisition, language 
disabilities data, learner corpora 
- Cross-linguistic comparison: Apply same methodology to parallel corpora 
in multiple languages 
 
Technology variations: 
- Compare multiple LLMs (Claude vs. GPT-5 vs. Gemini) for same tasks 
- Use specialized linguistic annotation platforms (WebAnno, Sketch Engline, 
CatMa) alongside LLMs 

Troubleshooting 
Tips 

Technical Issues: 
- LLM access problems: Have backup accounts ready by providing alternative 
LLM options 
- Greek text encoding: Ensure UTF-8 encoding throughout; test copy-paste 
vs. file upload; provide pre-processed clean text files 
- Response length limitations: Break long transcripts into smaller chunks; use 
multi-turn conversations; teach students to request continuation 
 
LLM-Specific Challenges: 
- Hallucinated annotations: Train students to always validate against source 
text and do not easily accept the output. 
- Inconsistent annotation across examples: Design prompts emphasizing 
consistency. 
- Greek morphological errors: Provide LLM with explicit Greek morphology 
reference in prompt; use few-shot examples. 
- Ambiguity handling: Request confidence scores or multiple analyses; teach 
students to identify genuinely ambiguous cases vs. LLM errors 
 
Pedagogical Challenges: 
- Over-reliance on automation: Require manual annotation baseline for 
comparison; grade based on critical evaluation, not just LLM output; 
emphasize validation importance 
- Insufficient linguistic knowledge: Provide supplementary materials on 
Greek morphosyntax; pair stronger/weaker students strategically. 
- Time management issues: Provide realistic time estimates for each task; 
prioritize core activities if running behind. 
- Statistical concepts confusion: Provide worked examples of metric 
calculations; offer spreadsheet templates with formulas; explain concepts 
with linguistic examples rather than pure math 
 
Computational Challenges: 
- Data format issues: Provide clear format specifications and examples; offer 
conversion scripts; validate formats before processing 
- Evaluation metric calculation errors: Provide spreadsheet templates with 
built-in formulas; show step-by-step calculations; offer troubleshooting 
session 
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Links Primary Tools: 
LLMs: GPT https://chatgpt.com/ | Gemini https://gemini.google.com/app 
Claude https://claude.ai/ | DeepSeek https://www.deepseek.com/en | 
Grok https://grok.com/  
 
CACLA Corpus Resources: https://enl.auth.gr/cacla/  
 
Corpus Linguistics Resources: 
Introduction to Corpus Linguistics: https://www.corpuslinguis.org 
Lancaster University Corpus Linguistics Page: 
https://www.lancaster.ac.uk/linguistics/about/research/corpus-linguistics/ 
Corpus Linguistics Tutorial (YouTube): [relevant playlist] 
Text Encoding Initiative (TEI) Guidelines: https://tei-c.org/guidelines/ 
 
NLP and Computational Tools: 
ELAN Annotation Software: https://archive.mpi.nl/tla/elan 
Natural Language Toolkit (NLTK): https://www.nltk.org 
spaCy NLP Library: https://spacy.io 
UAM CorpusTool: http://www.corpustool.com 
AntConc: https://www.laurenceanthony.net/software/antconc/  
 
Evaluation and Metrics: 
SciKit-Learn Metrics Documentation: https://scikit-
learn.org/stable/modules/model_evaluation.html 
 
 
LLM and Prompt Engineering: 
Prompt Engineering Guide: https://www.promptingguide.ai 
OpenAI Prompt Engineering: 
https://platform.openai.com/docs/guides/prompt-engineering 
Anthropic Prompt Engineering Guide: 
https://docs.anthropic.com/en/docs/build-with-claude/prompt-
engineering 
Few-Shot Learning with LLMs: https://www.coursera.org/learn/zero-shot--
few-shot-learning-master-ai-with-minimal-data  

Other Information Copyright and Ethics: 
- All CACLA corpus materials used with appropriate authors/creators 
permissions and ethical approvals 
- LLM-assisted analysis must be clearly labeled in all reports and 
presentations 
- Students must acknowledge AI tools used: "Linguistic annotations were 
generated using LLM name (Company name) and validated against gold 
standard annotations" 
 
Accessibility Considerations: 
- Provide transcripts in multiple formats (plain text, annotated, screen-
reader friendly) 
- Ensure all video materials have captions 
- Allow flexible group composition to accommodate diverse needs 
- Provide extended time for students who require it 

https://chatgpt.com/
https://gemini.google.com/app
https://claude.ai/
https://www.deepseek.com/en
https://grok.com/
https://enl.auth.gr/Cacla/
https://www.corpuslinguis.org/
https://www.corpuslinguis.org/
https://www.lancaster.ac.uk/linguistics/about/research/corpus-linguistics/
https://www.lancaster.ac.uk/linguistics/about/research/corpus-linguistics/
https://www.lancaster.ac.uk/linguistics/about/research/corpus-linguistics/
https://tei-c.org/guidelines/
https://tei-c.org/guidelines/
https://archive.mpi.nl/tla/elan
https://archive.mpi.nl/tla/elan
https://www.nltk.org/
https://www.nltk.org/
https://spacy.io/
https://spacy.io/
http://www.corpustool.com/
http://www.corpustool.com/
https://www.laurenceanthony.net/software/antconc/
https://scikit-learn.org/stable/modules/model_evaluation.html
https://scikit-learn.org/stable/modules/model_evaluation.html
https://scikit-learn.org/stable/modules/model_evaluation.html
https://www.promptingguide.ai/
https://www.promptingguide.ai/
https://platform.openai.com/docs/guides/prompt-engineering
https://platform.openai.com/docs/guides/prompt-engineering
https://platform.openai.com/docs/guides/prompt-engineering
https://docs.anthropic.com/en/docs/build-with-claude/prompt-engineering
https://docs.anthropic.com/en/docs/build-with-claude/prompt-engineering
https://docs.anthropic.com/en/docs/build-with-claude/prompt-engineering
https://docs.anthropic.com/en/docs/build-with-claude/prompt-engineering
https://www.coursera.org/learn/zero-shot--few-shot-learning-master-ai-with-minimal-data
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Future Development: 
- Activity template will be iteratively refined based on instructor feedback 
- Additional expansion of the CACLA corpora and linguistic phenomena may 
be incorporated 
- Evaluation rubrics may be adjusted for different course contexts 
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Greek Dialogues in the Banking Domain:  
Large Language Models, Data Evaluation, and Pedagogical 

Applications 
 
 
 

Alexandra Fiotaki 
 
Artificial intelligence enables the generation of domain-specific dialogues that can serve as teaching 
resources in language education. This study focuses on the Greek banking domain, a communicative 
context requiring formal registers, polite requests, and specialized financial vocabulary. Given Greek's 
rich morphology, such dialogues demand heightened grammatical and pragmatic accuracy. Three 
large language models (Krikri, Gemini, and ChatGPT) were prompted to produce dialogues for typical 
banking scenarios such as opening an account or resolving service issues. The comparative analysis 
evaluates morphosyntactic accuracy, register appropriateness, pragmatic naturalness, dialogue 
resolution, and domain-specific terminology. Results reveal distinct linguistic profiles: ChatGPT 
demonstrates the highest dialogue resolution rate with compact output, Gemini produces the most 
natural and empathetically rich interactions despite greater verbosity, while Krikri exhibits higher 
lexical diversity but is constrained by shorter dialogue length and a significant rate of unresolved 
interactions. Patterns of English influence on Greek output, including literal translations and 
untranslated loanwords, were also identified. Pedagogically, the study proposes an annotation-led 
framework where AI-generated dialogues serve as classroom materials for role playing, error spotting, 
and targeted linguistic reflection, highlighting their potential to enrich language learning through 
meaningful, context-sensitive communication. 
 

Keywords: Large Language Models, data evaluation, pedagogical application, dialogue systems, 
banking domain 

 

___________________________________________________________________________ 
 

 

1. Introduction 
 
Teaching in professional and academic contexts requires more than transmitting abstract knowledge; 
it also involves preparing learners to navigate real-world communicative situations. Teachers often 
struggle to find teaching resources that are realistic and domain-specific enough for specialized 
interactions, such as those occurring in financial, medical, or legal settings. Learners in these contexts 
need to practice not only subject knowledge but also the communicative strategies and vocabulary 
that characterize professional exchanges. 
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Recent developments in Artificial Intelligence (AI) have further expanded the pedagogical possibilities 
available to educators (Williamson & Eynon, 2020; Godwin-Jones, 2021; Kohnke et al., 2023). While 
traditional textbooks offer structured grammatical progression, they often fail to capture the dynamic 
and context-specific nature of real-world communicative encounters. AI-enhanced approaches can 
support student engagement and self-regulation while also improving teaching effectiveness and 
promoting more interactive forms of communication (Seo et al., 2021; Ng et al., 2023).  
 
Within this landscape, large language models (LLMs) offer promising applications for language 
teaching (Baskara & Mukarto, 2023; Jeon & Lee, 2023), as they can generate domain-specific dialogues 
that mirror authentic professional interactions, providing educators with flexible and contextually rich 
materials. However, the effectiveness of AI-generated dialogues requires critical examination: while 
LLMs can produce realistic scenarios at scale, their accuracy, register appropriateness, and pragmatic 
naturalness vary significantly across models. This means some outputs may suit direct classroom use, 
while others may require curation or serve as pedagogical tools for critical analysis. 
 
Banking offers an ideal setting for pedagogical work. Research in Languages for Specific Purposes has 
long acknowledged that banking interactions require specialized communicative competence, 
including formal registers, specialized terminology, and culturally appropriate politeness strategies. 
Common banking scenarios require learners to request information, compare options, and negotiate 
outcomes while balancing technical precision with interpersonal sensitivity. For Greek, these 
challenges are heightened by the language's rich morphology, its formal-informal register contrasts, 
and the scarcity of specialized Greek teaching materials. Despite their pedagogical value, authentic 
banking dialogues are rarely available in teaching resources due to their sensitive content. 
 
This paper explores the potential and limitations of using LLM-generated dialogues for teaching Greek 
in the banking domain. Its primary contribution is a reusable dataset of Greek banking dialogues, 
accompanied by an evaluation of their linguistic quality. Notably, the corpus is entirely synthetic, 
generated through prompted interactions with language models, making the findings prompt-
dependent and model-dependent, not directly generalizable to authentic banking discourse. We first 
outline the dialogue generation methodology and analysis framework, then present a detailed analysis 
focusing on morphosyntactic accuracy, register appropriateness, pragmatic effectiveness, and 
handling of specialized vocabulary. Building on these findings, we propose pedagogical applications 
for both curated and non-curated dialogues and reflect on the broader implications of integrating AI-
generated materials into language teaching practice. 
 

2. Methodology: Dialogue Generation and Analysis Framework 
 

The methodology for this study was designed to generate and evaluate LLM-generated Greek banking 
dialogues for pedagogical use. The research was structured in three phases: (1) Corpus Design and 
Prompt Engineering (Section 2.1), where banking scenarios and prompting strategies were defined; 
(2) Dialogue Generation (Section 2.2), where the methodology of dialogue generation is presented; 
and (3) Evaluation Framework (Section 2.3), where the methodology used to evaluate the generated 
dialogues is presented. Together, these phases ensure that the dataset is not only diverse and 
representative but also systematically assessed for its linguistic quality and pedagogical suitability. 
 

2.1 Corpus Design and Prompt Engineering 
 
The corpus was designed to encompass dialogues reflecting a wide range of authentic banking 
scenarios, ensuring representation of the linguistic, pragmatic, and stylistic diversity typical of real 
customer service interactions. To ground the design in authentic communicative situations, the 
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prompts were informed by real example data provided by Omilia - Conversational Intelligence1. All 
sensitive user information was removed from the reference data prior to use, ensuring compliance 
with data privacy standards while preserving the structural and linguistic features of genuine banking 
interactions. The resulting corpus includes communicative situations such as financial transactions, 
problem-solving exchanges, service inquiries, and investment - related discussions.  
 
To achieve this level of variation and realism, a detailed prompt was developed to guide the 
generation of dialogues by LLMs. The prompt's specifications were designed with particular attention 
to the structural, linguistic, and interactional dimensions that underpin the dataset, aiming to simulate 
authentic and natural exchanges between users and agents in Greek telephone banking contexts. The 
prompt mandates a standardized "User" and "Agent" format, excluding all metadata, and specifies 
dialogue lengths between 8 and 30 turns to encompass transactional, problem-solving, inquiry, and 
investment scenarios. It further defines parameters such as participant roles, degree of formality, 
emotional language, and language proficiency. 
 
The design of the prompt draws on established principles of prompt engineering, which emphasize 
that the structure and specificity of a prompt directly influence the quality, relevance, and accuracy of 
generated materials (Kohnke et al., 2023). Prompting is not a simple act of inputting a request; rather, 
it is a deliberate communicative strategy that involves framing instructions, constraints, and 
contextual cues to elicit targeted and pedagogically valuable output (White et al., 2023). Techniques 
such as zero-shot, few-shot, and chain-of-thought prompting (Brown et al., 2020; Wei et al., 2022) 
offer educators a range of strategies for generating linguistically precise and domain-specific content. 
 
The prompt used for corpus generation combined multiple engineering techniques to optimize control 
over the LLM's output and ensure pedagogical alignment with language learning goals in banking 
(Geroimenko, 2025). The design incorporated persona priming to assign a domain-specific expert role, 
strict output formatting rules, and negative constraints to prevent unwanted metadata (Brown et al., 
2020), along with rule-based content quotas for diversity and avoiding repetitive scenarios (Wei et al., 
2022). It also included explicit instructions for fine-grained speech features such as fillers, pauses, and 
self-corrections to simulate natural human speech disfluencies and enhance authenticity. 
 
Collectively, these features reflect a balanced integration of prompt engineering techniques, domain 
coverage, stylistic conditioning, and structural control to produce a linguistically varied and 
pedagogically purposeful corpus of banking dialogues2. 
 

2.2 Dialogue Creation 
 
The second phase of the methodology involved the systematic generation of the dialogue corpus. The 
prompt designed was deployed across the LLMs: OpenAI’s ChatGPT-4.1, Google’s Gemini 2.5, and 
ILSP’s Krikri-8B-Instruct. ChatGPT and Gemini were selected as leading general-purpose multilingual 
models with strong generation capabilities, while Krikri, a language model developed specifically for 
Greek, was included to provide a language-specific baseline and to explore whether a model with 
dedicated Greek training data would produce more linguistically accurate or natural outputs. 

 
1 This study was conducted with the kind support of Omilia, which provided access to the necessary resources 

and infrastructure. 
2 To enhance pedagogical precision, the prompt methodology can be improved by: (a) aligning dialogues with 

specific CEFR levels (e.g., B1 or C1) for comprehensible input (Krashen, 1985); (b) embedding concrete lexical 
and grammatical objectives through domain-specific terminology or syntactic structures; (c) enhancing 
pragmatic depth by including discourse markers for conversational fluency; and (d) enforcing coherent structure 
through a logical sequence (opening, core task, resolution). These specifications help move beyond generic 
dialogue generation toward tailored, objective-driven language learning resources. 
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A total of 4.500 dialogues were generated (1.500 from each model) to ensure a sufficient and balanced 
sample for comparative analysis. The same prompt was used for all models to create a controlled 
environment in which the model itself was the main variable. The generation process was 
standardized with a temperature of 0.7 to balance creativity and coherence. All outputs were collected 
and documented with their source model and parameters, creating the final analysis-ready corpus 
and ensuring transparency and reproducibility. 
 
Representative samples from the dialogue corpus are provided below to illustrate the baseline 
performance of the selected models. Tables 1 through 3 display the raw, unprocessed outputs 
generated by each LLM using the standardized prompt. For each model, one representative dialogue 
is presented in its original Greek text.3 These selections demonstrate the inherent variance in dialogue 
structure and linguistic nuance across the three models without any post-generation editing. 
 

 
Table 1. Raw Dialogue Output – Krikri (Beta) 

 

 
Table 2. Raw Dialogue Output – Gemini 2.5 

 
 

 
3 Greek text was transliterated into Latin script according to ISO 843, a standard system for the transliteration 

and/or transcription of Greek characters, to facilitate computational analysis. 
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Table 3. Raw Dialogue Output – GPT-4.1 

 

2.3 Evaluation framework 
 
The final phase of the study comprised the evaluation of the generated dialogues through a 
combination of qualitative and quantitative assessment. The dataset comprises 1.500 clauses per 
model, all manually annotated according to a predefined evaluation schema. To ensure a systematic 
and replicable analysis, an evaluation rubric was developed to assess the dialogues across five 
principal dimensions: 
 

● Thematic Appropriateness and Variation: This assessed how effectively each dialogue aligned 
with banking-related intents and how comprehensively it explored the range of expected use 
cases within the banking domain. 

● Structural and Pragmatic Dimensions of Dialogue Resolution: This evaluated how coherent the 
dialogue was, whether turns followed logically, and whether the conversation concluded 
successfully. 

● Morphosyntactic and Lexical Accuracy: This assessed the grammatical and spelling correctness 
of each dialogue, focusing on errors and unnecessary English code-switching or loanwords in 
the Greek text.  

● Politeness, Empathy, and Naturalness: This dimension evaluated how human-like and socially 
appropriate the dialogues were. It captures whether the model uses polite phrasing, 
demonstrates empathy, or adapts responses naturally to the user’s intent and context. 
 

For the quantitative linguistic analysis (e.g., tokens, types, and frequency patterns), the corpus was 
processed using AntConc and Python. The evaluation of syntax, semantics, and naturalness, by 
contrast, was conducted through manual qualitative analysis. All clauses were evaluated using the 
same criteria to ensure consistency. Annotations were performed by a single evaluator; while this 
represents a limitation in terms of inter-annotator reliability, the systematic application of the 
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predefined schema across all models helped maintain consistency and transparency across the 
dataset.4 
 
This multi-dimensional approach, combining quantitative and qualitative analysis, enabled a deeper 
understanding of the linguistic and pedagogical value of AI-generated dialogues, providing evidence 
of their potential for classroom use and further linguistic research. 
 

3. Data Analysis 
 
This section presents the analysis of the data collected for the study, focusing on the linguistic and 
communicative features identified within the generated corpus. The analysis aims to evaluate the 
structural integrity, lexical density, and pragmatic coherence of the synthetic dialogues. By employing 
a multi-dimensional approach, this section identifies the underlying patterns that characterize the 
output of each LLM, moving from aggregate quantitative metrics to granular qualitative assessments. 
The following subsections outline the analytical framework and present the key findings that inform 
the subsequent discussion and conclusions. 
 

3.1 Linguistic Complexity and Density 
 
A comparative quantitative analysis was conducted on the dialogues generated by the three LLMs 
based on their aggregate lexical and structural statistics. The dataset comprised total types and token 
counts, average dialogue steps, as well as total dialogue steps per model. To enable normalized cross-
model comparison, three derived linguistic ratios were computed: the type-to-token ratio (TTR) to 
assess lexical diversity, tokens per dialogue steps to estimate verbosity per dialogue turn, and types 
per dialogue steps to approximate lexical richness (Table 4). 
 

 
Model Lemmas Tokens Av. 

Steps 
Lemma/Token Tokens/Step Lemmas/Step Tokens/Lemma 

Krikri 10,338 79,221 4 0.13 19,805.25 2,584.5 7.66 

Gemini 19,218 355,902 19 0.054 18,731.68 1,011.47 18.52 

ChatGPT 13,194 20,959 18 0.63 1,164.39 733.00 1.59 

 
Table 4. Tokenization and Lemmatization Statistics per Model 

 
ChatGPT produced 13194 types and 202959 tokens across an average of 19 dialogue steps, yielding a 
TTR of 0.065 and the lowest tokens-per-dialogue-steps value of 7.11, indicating a less lexically diverse 
but highly compact generative pattern. Gemini generated 19218 types and 355902 tokens over 19 
dialogue steps, resulting in the lowest TTR of 0.054 and the highest tokens-per-dialogue-steps ratio of 
12.16, suggesting the least lexically diverse and most verbose output structure among the three 
models. Krikri, with 10338 types and 79221 tokens distributed across an average of only 6 steps, 
exhibited the highest TTR of 0.13 and the highest types-per-dialogue-steps ratio of 1.12. However, 
these results must be interpreted with caution, as the task specifications required a minimum of 8 
dialogue steps per dialogue. Krikri's systematic non-compliance with this requirement naturally 
inflates its TTR and types-per-dialogue-steps ratio, since shorter dialogues provide less opportunity 
for lexical repetition. Therefore, Krikri's apparent lexical diversity may be an artifact of its shorter 

 
4 While the corpus consists of LLM-generated dialogues rather than authentic banking data, the author's prior 

experience with Omilia's real banking dialogue datasets provided a grounded understanding of expected 
dialogue structures, communicative patterns, and domain conventions. This background informs the evaluative 
criteria and allows for occasional comparisons with real-world dialogue output. 
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dialogue length rather than genuinely richer vocabulary usage. Overall, ChatGPT prioritizes 
compactness, Gemini produces extensive output with greater redundancy, and Krikri, despite 
appearing lexically diverse, falls short of the minimum dialogue step requirement, compromising its 
metrics comparability. Adherence to task specifications emerges as a crucial factor in ensuring valid 
cross-model comparisons. 
 
The  subsequent stage of this examination involves the analysis of the clausal distribution produced 
per dialogue, focusing specifically on syntactic depth and the interactional balance maintained 
between the Agent and the User (Table 5 and 6).  

 
Model Max Clauses  

(Agent|User) 

Min Clauses  

(Agent|User) 

Avg.Agent  

Clauses/ 

Dialogues 

Avg.User 

Clauses/ 

Dialogues 

Total Sum 

(Agent|User) 

Krikri 14 | 11 2 | 1 3.20 2.46 4800|3696 

Gemini 38 | 46 7 | 6 14.85 14.59 22280|21891 

ChatGPT 21 | 17 2 | 2 8.02 6.81 12041|10219 

Table 5. Comparative Clause Analysis of Agent–User Exchanges 
 

 

 

 
 
 
 

 

Table 6. Comparative Clause Analysis per dialogue 
 
Regarding the syntactic dimension, the investigated models displayed markedly divergent profiles in 
structural complexity and interactional density (Table 5 and 6). ChatGPT generated an aggregate of 
22260 clauses, with the Agent and User averaging 8.02 and 6.81 clauses per dialogue, respectively. 
This performance suggests a balanced and controlled syntactic depth, where the model maintains 
substantial structural complexity while successfully eliciting the high engagement necessary to sustain 
the dialogue toward the requested length. In contrast, Gemini produced a significantly more expansive 
output of 44171 aggregate clauses. This corpus is characterized by a markedly higher mean of 14.85 
clauses for the Agent and 14.59 for the User. Such data indicates a “high extension” profile; while the 
model adheres to the requirement for a lengthy interaction, it achieves this through highly 
subordinate and multi-clausal structures that suggest a tendency toward extreme verbosity. 
Conversely, Krikri yielded a total of only 8496 clauses, with the Agent averaging 3.20 clauses and the 
User 2.46. This suggests a much lower level of syntactic complexity and shorter interaction style, 
indicating the model struggled to produce the structural complexity required to meet the prompt's 
main objective. 
 
The minimum and maximum clause counts (as presented in Table 5) further support the trends 
identified in the previous analysis. Gemini demonstrates the highest level of structural complexity, 
with maximum clause counts reaching 38 for the Agent and 46 for the User, indicating its capacity to 
sustain longer and more elaborate dialogues. ChatGPT shows more moderate values (Agent: 21 | User: 
17), reflecting a more concise and structurally efficient interaction style. In contrast, Krikri presents 
the lowest clause ceilings (Agent: 14 | User: 11) and minimal clause counts as low as one clause for 
the user, suggesting difficulty in supporting complex conversational exchanges. Overall, Gemini’s 
longer and more complex responses make it better suited for detailed storytelling and engaging 
dialogue than the other models. 

Model Avg. Clauses/ 

Dialogues 

Aggregate 

Output 

Krikri 5.67 8496 

Gemini 29.45 44171 

ChatGPT 14.84 22260 
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3.2 Thematic Appropriateness and Variation 
 
The  following analysis examines how well the dialogue aligns with the intended banking domain and 
the range of expected user intents within that domain. It evaluates whether interactions remain 
contextually relevant to banking scenarios (e.g., transactions, account management, financial advice) 
and whether the dialogue demonstrates appropriate thematic coverage and variation across different 
banking use cases, without drifting into unrelated topics (Table 7). 
 

 
Table 7. Distribution of Thematic Categories Across Model 

 
The three datasets reveal distinct thematic priorities across models, reflecting a spectrum from 
traditional banking engagement to operational execution and technical troubleshooting. Krikri offers 
the broadest coverage across all nine categories, emphasizing Card (32%) and Financial Solutions 
(24%), which together comprise 56% of its volume, reflecting a user base oriented toward financial 
product engagement and lending. Krikri uniquely covers categories absent from other models, such 
as Fees, Charges & Claims (3%) and Generic Questions & Loyalty (3%), indicating a more diverse 
banking interaction profile. ChatGPT identifies a user base primarily focused on high-frequency 
operational execution, with Transactions accounting for 40% of total volume, which is the highest 
single-category concentration across all models. It also allocates 25% to Card-related interactions and 
is the only model alongside Krikri to cover Investment & Insurance (12%), while uniquely addressing 
Digital Support & Infrastructure (8%). However, Gemini introduces a notably different thematic 
profile, where Technical Support & Reliability (35%) emerges as the dominant category; this theme is 
entirely absent from both Krikri and ChatGPT. This, combined with Card (25%) and Financial Solutions 
(20%), accounts for 80% of Gemini's total volume, suggesting a narrower but more technically focused 
interaction model.  
 
The consistently high Card interaction volume across all three models (25–32%) indicates that crisis 
resolution and risk mitigation remain universal concerns in digital banking. Overall, these patterns 
suggest modern banking user experience, as modeled by LLMs, encompasses not only traditional 
financial information-seeking but increasingly prioritizes system reliability and operational efficiency 
as core dimensions of customer relationship. 
  

3.3 Structural and Pragmatic Dimensions of Dialogue Resolution 
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In the analysis of customer service interactions, the resolution phase serves as a critical indicator of 
interaction completeness and participant satisfaction. To systematically evaluate the termination 
dynamics within the examined dataset, each dialogue was classified into one of three distinct closure 
categories based on the final speaker and the semantic context of the concluding utterance.  
 
The “Agent Closed” category designates dialogues that achieve a natural and formal termination with 
the customer service representative delivering the final utterance. In these instances, the agent 
characteristically confirms the successful execution of a requested operational task or employs 
standard closing formalities to gracefully conclude the exchange. For example, an interaction is 
classified under this label when the agent validates the completion of a process, such as stating “Egine. 
Se 2 lepta tha einai etoimi gia chrisi. (Done. In 2 minutes, it will be ready for use)”. Alternatively, the 
classification applies when the agent outlines the subsequent procedural steps or offers a formal 
valediction, evidenced by phrases like “Fysika, tha katevasoume tin efarmogi mazi sto katastima. 
Efcharistoume poly pou epikoinonisate mazi mas. (Of course, we will download the app together at 
the branch. Thank you very much for contacting us.)”. 
 
The “User Closed” category characterizes interactions that conclude with the customer delivering the 
final message, signaling that their primary inquiry has been sufficiently addressed. This classification 
occurs when the user explicitly acknowledges the provided solution, articulates gratitude, or offers a 
concluding salutation, thereby rendering further intervention from the agent unnecessary. 
Representative linguistic markers for this category include affirmations of proposed solutions or next 
steps, such as “Teleia, to dokimazo tora. (Perfect, I am trying it now.)”, or expressions of satisfaction 
regarding procedural timelines, such as "Oraia, elpizo na prolavo ta eisitiria. (Great, I hope I catch the 
tickets in time.)”. Furthermore, straightforward expressions of appreciation that naturally terminate 
the dialogue, including “Teleia, efcharisto gia tin grigori apantisi. (Perfect, thank you for the quick 
response)”, are unequivocally assigned to this label. 
 
Finally, the “Pending / Dropped” category identifies dialogues that terminate abruptly following a user 
utterance, leaving the interaction demonstrably unresolved. These instances are characterized by a 
final customer message that conveys a direct inquiry or an explicit directive, which structurally 
mandates a subsequent response, confirmation, or action from the agent that is absent from the 
transcript. Therefore, the dialogue is considered incomplete. Illustrative examples from the corpus 
include unresolved directives, such as “Efcharisto, kante to tora. (Thank you, do it now)”, where the 
agent's confirmation of execution is missing. Similarly, the category encompasses terminal 
interrogatives necessitating further procedural guidance, exemplified by “Teleia, ti chartia na sas fero? 
(Perfect, what papers should I bring you?)”. This category is particularly relevant for models that 
produce shorter dialogues, as insufficient dialogue length increases the likelihood of premature 
termination before communicative closure is achieved. 
 
To assess the pragmatic efficacy of the investigated models, the following table (Table 8) provides a 
quantitative basis for evaluating dialogue closure and the successful resolution of communicative 
intent. 
 

Categories Krikri ChatGPT Gemini 

Agent Closed 29% 67% 57% 

User Closed 13% 29% 36% 

Pending/Dropped 58% 4% 7% 

 

Table 8. Intent Resolution and Dialogue Closure Across Models 
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ChatGPT demonstrates the most efficient, goal-oriented structure with a 67% agent-led closure rate 
and the lowest Pending/Dropped rate (4%), effectively bridging literal input and intended outcome 
for successful task completion. Gemini shows a similarly robust profile (57% agentled closures, 7% 
unresolved interactions) while achieving the highest user-led closure rate (36%), fostering greater 
interactional symmetry where users feel empowered to conclude dialogues independently. 
Conversely, Krikri exhibits a markedly different pattern, with 58% of dialogues classified as 
Pending/Dropped. Its average dialogue length of 6 turns falls below the required minimum of 8, 
contributing to failure in achieving proper communicative closure, with only 29% agent-led and 13% 
user-led closures, indicating a significant deficit in illocutionary fulfillment. Overall, ChatGPT remains 
the superior model for goal-directed discourse, Gemini offers a balanced alternative with strong 
resolution rates and greater user agency, while Krikri's high number of unresolved interactions 
highlights the critical relationship between dialogue completeness and effectiveness. 
 
 

3.4 Morphosyntactic and Lexical Accuracy 
 
This section analyzes the morphosyntactic and lexical accuracy of the three LLMs, comparing the 
frequency and types of errors and examining how English influences their Greek dialogues. The 
analysis of morphosyntactic accuracy across the three models revealed significant variation in 
grammatical performance. 
 
Krikri exhibited the highest frequency of morphosyntactic errors, with at least one grammatical 
mistake identified in approximately 35% of its dialogues. The errors included syntactic redundancy 
(e.g., “Tha sas perimenοume tin karta sas. (e.g. unnecessary repetition of the possessive pronoun 'We 
will be waiting [you] for your card. [y]’)”), incorrect verb inflection (“I karta mou klepike” instead of 
“eklapi(stolen)”), and gender/number disagreement in article–noun combinations (“mia minyma(one 
message)”). In addition, word order and pronoun placement errors such as “Tha perimenοume sas gia 
tis ypografes. (Will wait you for the signatures.)” indicate limited control over Greek clitic usage and 
argument structure. This high error rate aligns with findings from Section 3.1, where Krikri's average 
dialogue length fell below the required minimum of 8, and its elevated Pending/Dropped rate of 58% 
(Section 3.3) suggests the model's output quality is compromised by structural incompleteness. 
 
ChatGPT demonstrated a notably higher level of grammatical accuracy, with only 15% of dialogues 
containing at least one morphosyntactic deviation. The most frequent issues concerned article 
omission and preposition omission (e.g., “anοigma logariasmοu gia douleia (opening a bank account 
for work)” instead of “(...gia tin douleia (for the work))”), case errors (e.g., “Nai, gia misthos” instead 
of “Nai, gia misthο (Yes, for salary)”), and elliptical or non-standard clause structure (“Prepi rantevu; 
(Need appointment?)” instead of “Chreiazetai na kleiso rantevu; (Do I need to book an 
appointment?)”). These patterns suggest a partial command of Greek grammatical morphology, 
particularly regarding declension and syntactic completeness. 
 
Gemini produced dialogues that were entirely free of grammatical errors. All utterances adhered to 
standard Greek morphosyntax, demonstrating native-like control of agreement, case marking, and 
article use. While this finding is notable, it should be interpreted in the context of Gemini's output 
profile: as established in Section 3.1, Gemini produced the highest token count (355902) with the 
lowest TTR (0.054), suggesting that its grammatical accuracy may partly stem from a more repetitive 
and formulaic output structure that reduces the likelihood of morphosyntactic deviation. 
 
Overall, the results suggest a clear gradation of grammatical competence, with Gemini achieving full 
morphosyntactic accuracy, ChatGPT displaying moderate reliability, and Krikri revealing systematic 
weaknesses, particularly in verb morphology and pronoun syntax. 
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From the analysis of the data, two additional observations emerged that illustrate the influence of 
English on Greek in model-generated dialogues. The first concerns words and phrases translated 
directly from English into Greek, where the models tend to reproduce English syntactic or idiomatic 
structures without proper adaptation to Greek usage. For example, the English expression “pay 
attention” is sometimes rendered literally as “plirono prosochi” instead of the natural Greek 
equivalent “dino prosochi (give attention)”. This leads to instances of translated Greek, where the text 
is grammatically correct but stylistically unnatural. The second case involves the direct use of English 
words and expressions without translation (e.g. “ATM”, “3D Secure”), a phenomenon reflecting both 
real-world linguistic borrowing and the dominance of English in digital and professional 
communication. These two observations highlight the extent to which large language models are 
shaped by English-dominant data sources and demonstrate how this influence manifests in generated 
Greek dialogues. 
 
From the first category, only Krikri and ChatGPT contain examples of literal translations from English, 
such as “keep your word → kratas ti lexi sou (natural: kratas ton logo sou)”,” end to end → akri me 
akri (natural: apo akri se akri)”, and “make sense → kano noima (natural: vgazo noima)”. Gemini, on 
the other hand, does not produce such literal translations. In contrast, all models show a high 
percentage of English loanwords, reflecting the widespread incorporation of untranslated English 
terms in Greek dialogues. Based on our analysis, the categories of these occurrences can be 
summarized as follows: 
 
• Direct Adoption: Instead of using Greek terms like ilektroniki trapeziki, the text consistently uses “e-
banking”. Other examples include “app”, “site”, “password”, and “link”. 
• Acronyms without Greek translation: Technical banking terms like IBAN, SWIFT, SEPA, and ESG are 
used in their original English forms. 
• Banking Specific Terminology: Terms such as “P/E ratio” and “ED Secure” appear directly in English, 
often requiring the agent to explain them immediately after use. 
• Common Loanwords: Words like “okay” and “video” (via Teams/Zoom) are fully integrated into the 
dialogue. 
 
3.5 Politeness, Empathy, and Naturalness 
 
This section assesses the pragmatic and stylistic quality of the dialogues, focusing on polite markers 
(e.g., “please”, “thanks”, “sorry for the inconvenience”), empathetic responses that acknowledge user 
emotions or frustration, and natural phrasing that reads like authentic human conversation rather 
than rigid machine output. 
 
All three models consistently employ the plural of politeness to maintain professional distance. In 
Krikri, agents greet users with “Kalimera sas! Pos boro na voithiso; (Good morning! How can I help?)” 
and use collaborative softening like “As to doume mazi (Let's see it together)”. ChatGPT maintains 
formal address (“Kalispera sas. Boreite na mou dosete... (Good evening. Can you give me...?)”), while 
Gemini adds honorifics such as “kyria Maria (Ms Maria)”, personalizing responses while preserving 
professional tone. Across all models, phatic expressions including greetings, supportive closings (“Kali 
synecheia (Have a good rest of your day)"), and acknowledgement fillers (“Katalavaino (I understand)”, 
“Malista (I see)”) maintain conversational flow and social rapport. 
 
However, there are clear differences in empathy. Krikri demonstrates foundational empathy through 
standardized phrases such as “Katalavaino tin anisychia sas (I understand your concern)”. Yet, given 
that 58% of its dialogues were classified as Pending/Dropped (Section 3.3) and its average dialogue 
length fell below the required minimum of 8 steps (Section 3.1), opportunities for sustained 
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empathetic engagement are structurally limited, as most dialogues terminate before full rapport can 
develop. ChatGPT provides more structured empathetic sequences, incorporating markers such as 
“Mi stenochoriesie (Do not worry)” and “Den chreiazetai anchos (There is no need for stress)", guiding 
users from anxiety ("Eimai ligo anchomenos (I am a bit nervous)”) to relief (“Oraia, nai, egine! (Great, 
yes, it's done!)”). Its 67% agent-led closure rate (Section 3.3) ensures that these empathetic arcs 
consistently reach full resolution. Gemini delivers the most human-like interactions, synthesizing 
formal politeness with dynamic phatic expressions and supportive reassurance such as “Min 
anisycheite (Don't worry)” and “Eimai edo gia na sas voithiso (I am here to help you)”, even when 
responding to high-stress prompts like “Den echo alla lefta pano mou! (I don't have any more money 
on me!)”. Furthermore, Gemini maintains a superior conversational flow through the adept use of 
fillers - such as “Malista (Certainly/I see)” and “Katalavaino (I understand)” - and seamless turn-taking, 
which leads the user to a state of relief, often expressed as “A, afto voithaei poly (Ah, that helps a 
lot)”. With only 7% Pending/Dropped dialogues and the highest user-led closure rate of 36% (Section 
3.3), Gemini's empathetic engagement is supported by strong structural completeness, allowing for 
fully developed conversational arcs. 
 
Overall, Gemini exhibits the most balanced and emotionally responsive dialogue, supported by natural 
phrasing and strong completion rates. ChatGPT follows closely, combining structured empathy with 
the highest resolution rate. Krikri, despite displaying foundational politeness, is constrained by its 
structural shortcomings. 
 

4. Proposed Pedagogical Application 
 
The findings of this study carry relevant implications for language pedagogy in both first (L1) and 
second (L2) language education. The proposed instructional framework shifts away from a traditional 
binary of "correct" versus "incorrect" texts, instead utilizing a multidimensionally annotated corpus. 
Rather than diverging from established approaches, this method aligns with data-driven learning 
(DDL) methodologies (Boulton & Cobb, 2017; Crosthwaite & Baisa, 2023), drawing on a 
multidimensionally annotated corpus of LLM-generated dialogues. Crosthwaite and Baisa (2023) 
argue that the integration of generative AI with DDL represents a logical and mutually beneficial 
connection, offering several advantages, including fewer barriers compared to traditional corpus 
query tools. 
 
In this framework, curated dialogues are not defined as manually sanitized or pre-corrected data, but 
as LLM-generated dialogues that have been preserved in their original state and layered with granular 
metadata and annotations. This annotation-led approach transforms the dataset into a flexible 
pedagogical laboratory where the educator acts as the primary curator, leveraging the metadata to 
filter and select specific data subsets that align with distinct instructional objectives. 
 
Through the deliberate selection of dialogues characterized by reduced accuracy or naturalness, 
educators may leverage non-curated AI-generated content as pedagogical instruments for diagnostic 
analysis and reflective critique. Based on the findings of this study, Krikri's output, which exhibited the 
highest morphosyntactic error rate (approximately 35% of dialogues, Section 3.4) and frequent 
structural incompleteness (58% Pending/Dropped, Section 3.3), provides particularly rich material for 
such activities. 
 
• Diagnostic error-spotting: Educators can filter dialogues based on morphosyntactic and lexical 
accuracy to design targeted error-spotting tasks. Learners are challenged to identify inflectional 
errors, inappropriate English loanwords, or register inconsistencies. Crucially, they must justify why a 
machine-generated utterance feels unnatural in a professional banking context, moving beyond 
passive observation to active analysis (James, 2013). 
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• Metalinguistic and Editorial Analysis: Native speakers can treat low-scoring outputs as “flawed 
drafts”. By analyzing how the machine mismanages the subtle socio-pragmatic nuances of Greek 
professional discourse - such as the literal translations from English identified in Krikri and ChatGPT 
(e.g., “plirono prosochi”, Section 3.4) - L1 students develop the robust metalinguistic awareness 
required for high-level editorial and professional communication. 
 
Conversely, dialogues filtered for high structural resolution and thematic appropriateness serve as 
authentic models for production-oriented and communicative activities. The findings suggest that 
Gemini and ChatGPT, which demonstrated strong dialogue completion rates and superior pragmatic 
quality (Section 3.5), provide the most suitable material for these tasks. 
 
• Task-Based Language Teaching (TBLT): Within a TBLT framework (Ellis, 2003), high-scoring curated 
dialogues move learners from mere imitation toward meaningful problem-solving (Salies, 1995; Long, 
2015; Bahriyeva, 2021). For example, ChatGPT's Transaction-heavy dialogues (40%, Section 3.2) offer 
structured scenarios for practicing operational banking tasks, while Gemini's Technical Support 
dialogues (35%, Section 3.2) expose learners to troubleshooting vocabulary and discourse patterns. 
• Roleplay and Specialized Vocabulary Development: Learners can adapt and perform role-plays, such 
as negotiating a loan or resolving a service issue, using the AI dialogues as foundational scripts (Fu & 
Li, 2025). This approach is strengthened by integrating specialized pedagogical lexicons (Tarp, 2008), 
which are custom tools tailored with register annotations, semantic nuances, and domain-specific tags 
designed for educational purposes. When used alongside the curated dialogues, these lexicons help 
learners cross-reference unfamiliar financial terminology with authentic usage patterns, applying 
complex vocabulary within coherent discourse contexts. 
 
LLMs are typically trained on broad, multinational datasets, often resulting in outputs that are 
linguistically correct but culturally misaligned, such as being overly formal, too indirect, or heavily 
influenced by Anglocentric norms for the Greek service context. The annotated metadata facilitates 
deep exploration of these intercultural dimensions. By filtering for specific pragmatic scores, 
educators can initiate comparative activities where students contrast an authentic, human-generated 
Greek request with its culturally misaligned LLM counterpart. For instance, the English influence 
patterns identified in Section 3.4 (literal translations and untranslated English terms) provide a 
tangible basis for discussing intercultural variations in politeness, directness, and linguistic borrowing. 
Consequently, learners enhance their awareness of how language encodes cultural expectations, 
enabling them to make informed pragmatic choices in cross-cultural professional communication. 
 
Ultimately, this pedagogical framework repositions AI-generated dialogues as more than mere text 
generators; they become active catalysts for critical reflection. By bridging computational output with 
human interpretation, this approach allows learners to deeply engage with linguistic precision, 
pragmatic appropriateness, and intercultural competence within specialized domains like banking. 
 

5. Future work 
 

Building on the finding that models exhibit distinct linguistic profiles future research will focus on 
expanding and refining the corpus to enhance both its linguistic scope and pedagogical applicability. 
One key direction involves increasing the diversity of banking scenarios to include emerging financial 
technologies such as digital banking and AI-driven customer support. Incorporating these new 
domains will enable the analysis of evolving communicative practices and provide richer material for 
language instruction in contemporary financial contexts. 
 
A crucial step in validating the corpus will be its systematic comparison with real customer–service 
interactions collected from authentic banking data (e.g., anonymized transcripts or simulated training 
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datasets). Such comparisons will help assess the linguistic naturalness, pragmatic accuracy, and 
contextual realism of the LLM-generated dialogues. Insights from this comparison will guide future 
refinements in both corpus construction and prompt engineering, ensuring closer alignment with real 
communicative practices in the banking sector. 
 
The pedagogical potential of the corpus will be further examined through empirical testing and 
classroom-based evaluation with language learners and instructors. This phase will involve controlled 
studies assessing learners' engagement, comprehension, and communicative competence when 
exposed to LLM-generated dialogues compared to authentic materials. Additionally, experimental 
designs may incorporate pre- and post-intervention assessments to measure linguistic gains and task 
performance, while teacher feedback and learner perceptions will be collected to evaluate usability 
and pedagogical effectiveness. Findings from these empirical investigations will not only validate the 
corpus as a teaching resource but also inform evidence-based guidelines for integrating LLM-
generated materials into domain-specific language education. 
 
Through these developments, future work aims to establish a scalable, empirically validated, and 
pedagogically effective framework for the use of large language models in domain-specific language 
education. 
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