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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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