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Abstract 

In a business context, writing negative messages such as refusals to requests is particularly 

challenging, as the act of refusal can damage the relationship between writer and reader. Generative 

artificial intelligence (AI) tools have shown the capacity to assist with various writing tasks, but do 

these tools remove the need for business writing training? This study analysed the genre moves and 

steps that typify business refusal texts generated by ChatGPT (n = 18) and Gemini (n = 18) alongside 

human-written texts (n = 18). To assess writing quality, experienced business communication 

instructors (N = 36) scored the texts on an established rubric for evaluating business written 

professional communication. Assessors also made authorship judgements as to whether each text 

was AI-generated or human-written and provided rationales for their decisions. The views of the 

instructors regarding the use of AI tools for writing in the workplace were also captured. 

The genre analysis showed that AI-generated texts were formulaic and largely followed the same 

moves and steps, regardless of text type or audience, whereas human-written texts were more 

nuanced and flexible in their adoption of genre conventions. On writing quality, human-written texts 

achieved the highest mean scores, followed by Gemini texts and finally ChatGPT. Inferential statistics 

revealed that Gemini texts did not differ significantly in the rubric evaluation scores compared to 

human-written texts, although Chat-GPT produced texts received significantly lower evaluations of 

writing quality. Participants were able to identify authorship of AI-generated texts with an accuracy 

rate of 68.1%, and human-written texts were correctly identified 86% of the time. Qualitative data 

revealed that assessors were most concerned with three broad characteristics of the texts: tone, 

relationship and formality; language choice and grammatical accuracy; content, detail and structure. 

Insights into key differences between AI-generated texts and human writing drawn from these 

results are used to inform five key areas of focus for teaching business writing in the AI age. 
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1 Introduction 

The ideas and aims for this study were conceived in a corporate training department within a global 

organisation well known for providing English language courses. This department focuses on helping 

professionals develop the communication skills needed for success in the workplace. Training on 

written communication skills is in high demand, as companies seek to help their employees improve 

the quality and effectiveness of their writing. Many business writing courses include a large 

component on the writing of negative messages, such as when a writer needs to say no to a reader’s 

request. These messages are a particularly challenging aspect of business correspondence, as 

considerable skill is required to ensure the act of refusal does not damage the relationship between 

writer and reader. 

The motivation for this study began with the desire to conduct detailed analysis of business refusals, 

in order to add to the scholarship on genre approaches to teaching writing in English for Specific 

Purposes (Bhatia, 1991; Paltridge, 2014; Swales, 1990 among others). This remains an aim, as genre 

awareness, being an understanding of typical patterns in texts written with a communicative goal in 

mind, is a very powerful tool for learners. While initial ideas and sources of text for this research 

were being considered, OpenAI released ChatGPT. The capabilities of the technology, especially its 

ability to generate natural-sounding text in response to a prompt, elicited both excitement and 

concern in this researcher’s context. The potential for generative artificial intelligence (AI) tools such 

as ChatGPT to be used for assisting in, or outright completing, writing tasks at work provoked 

concern among professional skills trainers: were we going to lose our jobs? How would we respond 

to client and learner questions on whether AI tools would make our writing workshops obsolete? 

What can human writers do that AI tools cannot? 

Given the very recent emergence of AI tools and the rapid changes that have occurred since, 

research has struggled to keep up. At time of writing, there were no published studies comparing 

human-written and AI-generated texts in a business context. To fill the gap, this exploratory study 

investigates business refusal texts from three writer groups: ChatGPT, Gemini and Human. First, 

genre analysis is employed to understand the typical moves and steps of texts from each writer 

group and the differences between each. Next, human assessors are asked to blind evaluate the 

texts by scoring them based on established business writing criteria, with the aim of finding out 

whether AI tools generate texts that are considered higher-quality than human writing. To gather 

information on whether there are identifiable and characteristic qualities of AI-generated versus 
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human-written texts, participants are asked to identify authorship of the texts and explain what 

influences their decisions. Finally, as developments in generative AI will continue to have effects on 

the work of business writing trainers, their views on using AI tools for writing in the workplace are 

captured.  

This exploratory study is designed with practical applications for business communication teachers in 

mind. Chapter 2 considers previous studies on business genres and generative AI in the business 

writing context, although these are limited. Research questions are presented at the end of the 

literature review. Chapter 3 outlines this study’s mixed-methods design, along with the processes for 

data collection and analysis. Chapter 4 presents results for each of the research questions, followed 

by detailed discussion of findings in Chapter 5. Finally, Chapter 6 uses insights drawn from the data 

to inform implications for teaching, with five key areas of focus for teachers of business writing in 

the AI age. The concluding chapter also considers the limitations of the current study, along with 

recommendations for future research.    
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2 Literature Review 

This chapter provides an overview of the concepts and previous research relevant to the topics 

under study. First, background on genre research and its aims is summarised, with a focus on move 

structure analysis. Second, genre research in the context of business communication is considered 

further, particularly studies done on strategies and structures for business refusals. The third section 

of the literature review considers generative AI within the business context. A brief overview of AI 

tools is provided, along with a summary of research into the application of these tools in business 

writing. Previous research into the ability of humans to distinguish between AI-generated and 

human-written texts is outlined. Finally, studies on the views of business communication instructors 

towards AI tools are introduced. After exploring the existing literature, gaps in the research are 

considered and the research questions for this study outlined. 

2.1 Overview of genre research 

2.1.1 Background 

Genre is an important construct in the study of discourse in general, particularly written discourse, 

and has gained much attention over the past four decades (Tardy & Swales, 2014). Genre studies can 

be broadly grouped under two approaches: rhetorical and linguistic (see Hyon, 1996 and Kong, 2014 

for detailed reviews). Rhetorical approaches are interested in the connections between genres and 

how they facilitate social action in institutions and society at large, often employing ethnographic 

research methods (Miller, 1984; Bazerman, 1988). Miller suggests that learning a genre is not simply 

about learning linguistic forms and conventions, but also about learning how to “participate in the 

actions of a community” (1984, p. 165).  

While also interested in the function of genres to carry out actions and purposes, linguistic 

approaches are known for their pedagogical focus. The English for Specific Purposes (ESP) 

framework uses descriptions of genres as discourse models for writing instructors to apply in their 

teaching (Bhatia, 1993; Flowerdew, 1993; Swales, 1990). This approach is interested in structures 

and how genres are employed in a discourse community, being a group of people sharing basic 

values and assumptions on how to use communication to achieve common goals. According to 

Swales (1990, p. 58):  



 

 

13 

A genre comprises a class of communicative events, the members of which share 

some set of communicative purposes. These purposes are recognised by the expert 

members of the parent discourse community and thereby constitute the rationale for 

the genre. This rationale shapes the schematic structure of the discourse and 

influences and constrains choice of content and style. 

Under this definition, participants share a common focus and preference for structure, style and 

content for their communicative activity to typify a genre. In addition to textual knowledge, this 

requires awareness and understanding of the shared practices of the discourse community and their 

choice of genres in order to perform their everyday tasks (Bhatia, 2004).  

Hyland (2003, 2007, 2015) has written extensively on genre-based pedagogy as a means of providing 

a contextual framework that offers an explicit understanding of how texts in target genres are 

structured to engage effectively with their readers. Hyland sees genre analysis as “probably the most 

important item in the ESP toolbox” (2022, p. 206), with few people having explicit knowledge of the 

rhetorical and formal features of everyday texts. This knowledge is important and genre awareness 

is an essential element of ESP’s core mission of preparing learners to use English in their target 

contexts: the situations in which they hope to study, work and live (Hyon, 2018). To develop genre 

awareness, ESP genre research identifies salient features of texts which allow writers to engage 

effectively with their readers and seeks to show how people accomplish tasks through language 

(Hyland, 2015). Genres are dynamic and open to change, reflecting norms and ideologies in 

discourse communities (Paltridge, 2000). Thus, while linguistic knowledge is necessary for effective 

communication, writers also need to understand the expectations of the context they are writing in.  

Zhai and Razali’s (2023) recent systematic review of studies into genre-based approaches to teaching 

writing since 2003 found that between 2014 to 2021, there was a flourishing of research in the ESP 

field. This was driven by the popularity of genre-based writing instruction aiming to raise awareness 

of the conventions of specific writing contexts. However, existing studies focus mostly on academic 

writing in science and social science-based disciplines, revealing a notable gap in genre-based studies 

within the business disciplines, with only two articles falling under this subject area out of a total of 

52 articles reviewed (Zhai & Razali, 2023). The present study argues that a genre-based approach is 

relevant for business writing training, as knowledge of the expectations, conventions and 

requirements of workplace communicative settings gives professionals the tools to achieve their 

communicative goals. More research into the business disciplines is thus needed and this study 

presents an analysis of an under-researched business genre and implications for teaching. 
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2.1.2 Move structure analysis 

Multiple methods of genre analysis exist, including text analysis, move structure analysis, 

comparative genre analysis and critical genre analysis (Dudley-Evans, 1994; Tardy & Swales, 

2014). Move structure analysis will be discussed in detail here, as this study makes use of the 

method to analyse texts of the same genre across three writer groups. Move analysis involves 

analysing a corpus of texts considered representative of the genre of interest to identify moves and 

steps. Moves are defined as carrying out distinct functions within the text, with steps being sub-

categories within each move. John Swales (1990, 2004) conducted pioneering work on academic 

writing genres and is best known for the Create A Research Space (CARS) model, which described 

the organisational pattern of research article introductions. Swales saw research article 

introductions as especially challenging for research article writers, in part because they involved 

decisions about how to get the attention of their readers (Hyon, 2018). By analysing a sample of 

article introductions in several science and social science fields, Swales identified three common 

moves, each containing three or four steps within. Table 1 shows the CARS model, updated in 2004 

to make it suitable to describe research article introductions of various disciplines.  

Table 1: CARS model for research article introductions (Swales, 2004, pp. 230-233) 

Move 1: Establishing a territory 
Step 1: Topic generalisations of increasing specificity 
 
Move 2: Establishing a niche 
Step 1A: Indicating a gap/or 
Step 1B: Adding to what is known 
Step 2* (optional): Presenting positive justification 
 
Move 3: Presenting the present work 
Step 1 (obligatory): Announcing present research descriptively and/or purposively 
Step 2* (optional): Presenting RQs or hypotheses 
Step 3* (optional): Definitional clarifications 
Step 4* (optional): Summarising methods 
Step 5 (PISF): Announcing principal outcomes 
Step 6 (PISF): Stating the value of the present research 
Step 7 (PISF): Outlining the structure of the paper  
*These steps are not only optional but less fixed in their order of occurrence than others 
PISF = probable in some fields, but unlikely in others 
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Swales defines the move as “a discoursal or rhetorical unit that performs a coherent communicative 

function in a written or spoken discourse” (2004, p. 228), which then serves the major 

communicative purpose of the genre. The linguistic realisation of the move can be as short as a 

clause or as long as a paragraph and sometimes repeated in cycles (Moreno & Swales, 2018). The 

function of the move is realised by steps, which can be regarded as sub-moves and have particular 

communicative purposes related to the move. Vergaro (2002) posits that analysing the move 

structure of a text thus means to assign a pragmatic function to a stretch of language, and to build 

the schematic structure through which its communicative purpose is achieved. Move analysis thus 

organises text boundaries to give insight into how writers achieve their purpose (Swales, 1990; 

Vergaro, 2004). In addition to consideration of whether moves are obligatory or optional, genre 

analysts have considered their importance by referring to the percentage of texts in which a move 

appears to inform discussion about how typical, predominant or conventional certain moves are in a 

genre (Biber et al., 2007; Henry & Roseberry, 2001). The information gained from move analysis can 

thus help writers make decisions on how they might structure their texts, taking into account the 

conventions of the discourse community in which their genre is situated.  

A large body of work follows the Swalesian tradition, focusing on the academic and research space 

(e.g., Alharbi, 2021; Cotos et al., 2015; Kwan, 2006; Muangsamai, 2018; Peacock, 2002). These 

follow-up studies adopting the CARS model found that each specified move often occurs in research 

article introductions regardless of discipline and language, but preferred steps for the realisation of 

each move vary. Swales (1990) mentions that within the overall generic structure, cultural variation 

is possible and writers can make specific rhetorical choices. While early genre analyses were mostly 

carried out in the academic domain, the concept has also been adopted in other ESP contexts. Bhatia 

(1991, 1993, 2008) extended genre analysis into professional domains and, along with other 

researchers (e.g., Evans, 2012; Zhang, 2013), sought to equip learners with the ability and skills to 

engage with genres most likely to be utilised in the business world. 

2.2 Genre research in business communication 

2.2.1 The “business letter” as a genre 

Taking Swales’ (1990) definition of genres presented above, the “business letter” as a broad term 

would not be classified as a genre. While a letter performs a communicative function, there are 

different indications of purpose depending on the writer’s intention (although it could be said that 



 

 

16 

an underlying purpose of all business writing is to initiate or maintain relationships). Nevertheless, 

Van Nus (1999) contends that a business letter constitutes a genre because of its recurrent 

schematic structure comprising a subject; an opening salutation; prepropositional, propositional, 

and postpropositional sections; and a closing salutation. This characterisation is overly simplistic as 

most genres incorporate what amounts to a beginning, a middle and an end. However, specific move 

structures and the order in which they are made would be expected to differ depending on the 

contents and aims of the business letter.  

Going some way to alleviate the debate, Swales (1990) identifies the concept of genre repertoire, or 

a group of genres, within a discourse community. Hence, within the genre of “business letter”, it is 

possible to distinguish genre repertoires such as applying for jobs (Bhatia, 1993; Henry & Roseberry, 

2001; López-Ferrero & Bach, 2016; Tongpoon-Patanasorn & Thumnong, 2020), requesting (Kong, 

1998; Nguyen & Miller, 2012; Park et al., 2021), negotiating (Pinto dos Santos, 2002; Townley, 2021), 

promoting sales (Bhatia, 1993; Lima-Lopes, 2006; Vergaro, 2004; Zhu, 2000), chasing money 

(Vergaro, 2002) and so on, all within the business discourse community. By analysing genre-specific 

corpora, researchers can investigate the different types of writing skills and strategies needed for 

specific professional writing tasks (Upton & Connor, 2001). To date, much of the ESP genre literature 

has focused on letters, faxes and memoranda. However, the emergence of email and its widespread 

use has seen emails explored in terms of textual features (Gains, 1999), register (Gimenez, 2000), 

pragmatics (Ho, 2011), communicative purpose (Alafnan, 2015) and the design of email tasks for the 

Business English classroom (Evans, 2012). A few studies have compared letters and emails, finding 

differences in terms of formality (Perez Sabater et al., 2008) and other linguistic features (Baron, 

1998). This review does not aim to compare letters and emails, but rather emphasises that the 

communicative purpose of each repertoire within the business letter genre remains the same, 

whether sent as a physical letter or electronically as an email. 

2.2.2 Refusals and politeness strategies 

There is a wide range of communicative purposes within the business letter genre repertoire, with 

requests featuring prominently in previous studies. A sensible next step would then be to consider 

the actions that follow after a request has been received. In general, there are two possible 

responses: the request is granted (good news), or the request is refused (bad news). Few studies in 

the professional writing literature have considered refusals, despite the importance of the genre in 

the business context. Writing “bad news” or negative messages such as refusing a request is difficult 
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and anxiety-inducing (Schryer, 2000), but a skill critical to interpersonal effectiveness in the 

workplace (de Rycker, 2014). The act of refusal can potentially damage the relationship between 

writer and reader and requires considerable thought and skill in constructing the message. Decock et 

al. (2020) define a refusal as: 

1. A speech act by which a speaker expresses his or her will not to engage in action proposed 

by the interlocutor 

2. A face-threatening act 

3. Characterised by linguistically softened, face-saving devices to maintain social harmony (e.g., 

apologies and explanations for the refusal) 

In their work on politeness, Brown and Levinson (1987) explained the notion of “face”, or public self-

image, which can be lost, maintained or enhanced and must be constantly attended to in 

interaction. Face is mutually vulnerable and as people can be expected to defend their faces if 

threatened, it is in each participant’s best interest to maintain each others’ face by employing 

“politeness” strategies for lessening the threat (Brown & Levinson, 1987). These strategies include 

the use of explanations to maintain goodwill when composing negative messages. Campbell (1990) 

theorised that citing reasons for denying a request is the most difficult strategy to employ, as it 

requires effective audience analysis and inventive effort on the part of the writer. Students should 

hence be offered instruction on how best to formulate explanations, with the particular situation of 

each request dictating the strategies available for refusal. Similarly, Creelman (2012) emphasises a 

need for process over product in pedagogical practice, as a specific formula or pattern should not be 

used for every message without considering the process of audience and context analysis. 

In addition to explanations, scholars of linguistic politeness have proposed that “you-attitude”, 

defined as viewing a situation from the other person’s point of view, should be included in the 

teaching of business and technical communication (Rodman, 2001). Shelby and Reinsch (1995) 

contrast you-attitude with I-attitude, arguing that you-attitude speaks directly to the reader in order 

to establish a connection between the author’s information and the reader’s wants, whereas I-

attitude focuses on the writer’s perspective. However, you-attitude does not simply imply the 

dominance of the second pronoun “you” rather than the first person pronoun “I” in a text. Indeed, in 

negative situations, advice from some textbooks is to avoid the word “you” and use passive verbs to 

protect the reader’s ego and avoid assigning blame (Rodman, 2001). Rather, you-attitude entails 

showing empathy, being sensitive to the reader’s perspective and addressing their concerns.  
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2.2.3 Structuring refusals 

Although Campbell (1990) and Creelman (2012) advocated a case-by-case approach to formulating 

refusal strategies, being able to see a broad structure of moves and steps is useful, particularly for 

learners who are new to the genre. This allows newcomers to the discourse community to 

familiarise themselves with typical performances of the genre, as well as observing differences that 

may occur in move frequency and step sequencing. Unfortunately, there is a scarcity of research on 

refusal messages in the workplace. Scholars attribute this to the difficulty of collecting data for 

analysis, given that organisations are often unwilling to share sensitive and negative communication 

with customers (Creelman, 2012; Limaye, 2001). This was also the case for this current study, which 

had planned to analyse a corpus of employee-written refusals to customers, before pivoting to AI-

generated texts when the target organisation ultimately did not give permission.  

Schryer’s (2000) study of negative letters is notable for having been conducted “from the inside”, as 

the researcher was granted access to the insurance company in which the correspondence was 

written. Schryer had been asked by the company to develop workshops on negative correspondence 

and requested the opportunity to first research the writing and production practices of refusal texts 

in the company. The study combined textual analysis of 26 insurance claim denial letters with 

writers’ accounts of producing these letters. It drew on the analytical frameworks of genre theory, 

discourse analysis and sociocultural theories to describe the perspectives of managers, writers and 

the researcher on what constituted an effective negative letter. Schryer identified the rhetorical 

organisation of the letters as following a traditional structure: a neutral buffer opening, the policy 

explanation, the medical explanation, the decision and a closing section.  

The existence of the explanation corresponds with Campbell’s (1990) work, and there is further 

support in the literature for including an explanation as a component designed to justify the writer’s 

decision and help persuade the reader to accept the refusal and its rationale (Creelman, 2012). 

Limaye (2001) notes that people can invent reasons for rejection that are worse and more damaging 

than they actually are, so organisations should seize the initiative to provide explicit explanation and 

shape reader perception. A little less clear is where the explanation should appear in the generic 

sequence, with debate on whether negative messages should (1) start with a buffer and an 

explanation before delivering bad news - an indirect approach; or (2) immediately begin with bad 

news, followed by an explanation - a direct approach (see Creelman, 2012 for a review). 
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Textbooks mostly recommend the indirect approach as a way to maintain the recipient’s face needs 

and goodwill, through a sequence of rhetorical moves typically involving an explanation and 

rationale before presenting the negative news (Creelman, 2012; De Rycker, 2014). Locker (1999) 

provided a summary of traditional textbook advice on negative messages, comprising six principles: 

1. Use a buffer (a neutral or positive sentence enabling the writer to delay the negative 

information). 

2. Explain why you are refusing. 

3. Place the reason before, not after, the refusal. 

4. Phrase the refusal itself as positively as possible. 

5. Offer an alternative or a compromise, if one is available. 

6. End on a positive, forward-looking note. 

However, rather than supporting this advice, Locker’s (1999) study questioned the effectiveness of 

the indirect organisational approach by investigating reader responses. Testing of simulated credit 

and graduate school refusal letters with college students revealed that the presence or absence of 

buffer statements or positive endings had no effect, but responses were least favourable when the 

rejection was unexpected and other options were limited. Based on the findings, Locker 

recommended that the refusal be given directly, but that reasons should follow, as well as 

alternatives and compromises (e.g., a counter-offer) if they exist.  

Other studies support the widely recommended indirect approach. Shelby and Reinsch (1995) 

studied reader reactions to business memoranda using factor analysis of message attributes. They 

found validation for the use of positive emphasis and concluded that recipients preferred the use of 

an indirect message organisation scheme in negative situations. In addition, the experiments of 

Jansen and Janssen tested the effects of adding and combining positive politeness strategies, finding 

that giving an explanation has a positive effect on the reader’s evaluation of the letter (2010a) and 

that the explanation-first, indirect order was superior (2010b, confirmed in 2013). In reality, the 

degree of (in)directness depends on context, including factors such as the type of audience, whether 

the negative news concerns a routine business matter, the writer’s anticipation of the reader’s 

response, the writer’s and the reader’s cultural and personality characteristics, and so on (De Rycker, 

2014). This supports the idea that while genre analysis can reveal useful insights into text patterning, 
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a specific formula should not be used for every message without considering the audience and 

context.  

Taken together, evidence on writing effective “bad news” messages suggests that it is context-

specific, difficult for even trained professionals, anxiety-inducing, and potentially damaging of 

professional relationships. Refusals in particular are a critical part of business communication and 

thus often form part of the content of many ESP courses on business writing. However, existing 

research on the business refusal genre is now dated and there appears to have been little recent 

interest in the topic. In addition, the introduction of artificial intelligence (AI) tools to workplace 

communication (discussed next) is a new area and research has not yet caught up. It remains to be 

seen how effectively AI can be used to generate negative messages that achieve their intended 

communicative purpose within the genre.  

2.3 Generative AI and the business context 

2.3.1 Overview of generative AI tools 

The term “artificial intelligence” (AI) was first coined in 1956, but has received renewed and feverish 

attention due to recent developments in natural language processing that have made it possible for 

users to generate new content using AI tools (Baron, 2023). The technology, known as generative AI, 

uses learning algorithms to generate human-like responses to text-based prompts. In November 

2022, OpenAI released ChatGPT, an AI model based on GPT-3 (Generative Pretrained Transformer) 

technology. GPT-3 was founded on a large language model (LLM) trained on hundreds of billions of 

words and images from diverse domains, genres and sources, including books, articles, websites, and 

other online content (see Fraiwan & Khasawneh, 2023 for further information on GPT and LLMs). 

The corpus of data that the LLM draws upon is continually updated and expanded and the latest 

update, GPT-4, was released in March 2023. As of May 2024, ChatGPT 4.0 is a paid subscription 

service, and the free version uses the GPT-3.5 model. 

The introduction of ChatGPT elicited a mix of enthusiastic and alarmist responses on the 

opportunities and threats presented by the technology (Rudolph et al., 2023). Users quickly found 

that, compared to other AI systems, ChatGPT was significantly better at understanding questions 

from people and responding in human-like language (Cardon et al., 2023a). It can answer questions 

in a comprehensive way; generate different types of text, such as but not limited to letters, poems, 

computer code or musical pieces; and translate languages. ChatGPT can mimic many aspects of 
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human writing, but commentators (e.g., Barrot, 2023) have found that some qualities of human 

writing, such as emotional depth, voice and identity, and rhetorical flexibility remain a challenge. 

Berber Sardinha (2024) investigated ChatGPT-generated texts across different registers including 

academic, conversation, L2 essay and news, finding that AI’s ability to capture the complex patterns 

of natural language remains limited. Despite the perceived shortcomings, ChatGPT set a record for 

the fastest growing user base of any consumer application in history (Hu, 2023). In response, 

competitor Google released Bard, based on the PaLM 2 LLM, to the wider public in May 2023. Unlike 

ChatGPT, Bard had real-time access to information from the web through Google Search. 

Comparisons of performance metrics between the two models have found ChatGPT outperforms 

Bard in terms of accuracy and relevance, but Bard has faster response time (Bhardwaz & Kumar, 

2023). Bard was replaced by Gemini in February 2024, with similar functionality, but powered by a 

new LLM also named Gemini (Hsiao, 2024). While there are many AI writing tools available on the 

market, the present study focuses on ChatGPT and Gemini as they are the most popular choices for 

workplace usage (Coles, 2024). There is currently no published research evaluating business writing 

generated by these two AI tools alongside human writing. 

2.3.2 Generative AI in business writing 

Research on generative AI is concentrated in the academic field, particularly around the applications 

and implications of ChatGPT in education (e.g., Bhullar et al., 2024; Gill et al., 2024; Okonkwo & Ade-

Ibijola, 2021; Rudolph et al., 2023). More research is emerging about AI use in the business context, 

but this is still a very new and rapidly-changing area. Only two published research articles were 

found that evaluate AI-generated business emails and these are reviewed below. 

AlAfnan et al. (2023) assessed AI-generated texts based on prompts from composition, business 

writing and communication university courses. 30 texts across the three disciplines were analysed 

for plagiarism and task accomplishment as evaluated by professors in the respective disciplines using 

established answer keys and rubrics. The experiment related to producing business writing 

prompted ChatGPT to generate a 150-word email in reply to an angry customer. The generated 

emails were found to be formulaic and templated (as evidenced by Turnitin similarity scores) rather 

than personalised. The rubric on which the evaluation was based was not published, but the 

business emails were reported to have received average grades, being penalised for aspects such as 

inappropriate salutation and tone and for lacking in detail. Detail was an important point for the 

evaluators, as students taking the business writing course were taught to provide details of what 
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went wrong and suggest follow-up mechanisms. Although an interesting initial study, several 

limitations are apparent. Firstly, a very small number of texts were analysed in each discipline, with 

only five texts generated for the same prompt in the business writing case. The researchers also did 

not disclose the wording of the prompt, which affects interpretation of the results as the quality of 

the prompt has an effect on the text that is generated (Giray, 2023; Lo, 2023; Teubner et al., 2023). 

Finally, the 150-word limit imposed runs counter to the provision of detail that was valued by the 

evaluators. 

Similar to AlAfnan et al. (2023), Jovic and Mnasri (2024) found that AI-generated emails fell short in 

providing sufficient supporting evidence, information and detail. They conducted a wider 

comparative study of the performance of four freely-available LLMs (Bard, Bing Chat, ChatGPT 3.5 

and Llama 2) in generating emails that are clear, concise, accurate and contextually relevant. Three 

email genres were chosen by the researchers: a routine complaint, a negative message (refusal) and 

a persuasive message. Prompts for each were relatively detailed in the instructions given. For 

example, the prompt for the refusal message gave specific directions to use an indirect approach in 

five paragraphs, including an expression of regret and offer of alternative solutions. ChatGPT 3.5 and 

Bing followed the prescribed format, whereas Llama 2 and Bard did not. The generated texts 

(presumably there were 12 texts, one for each prompt across the four LLMs) were analysed in terms 

of content, format, diction and tone and scored on a rubric created by the first author. In the overall 

analysis of all prompt types, Llama 2 achieved the highest performance score, followed by Bing, 

ChatGPT 3.5 and Bard. However, the robustness and generalisability of the scoring data are limited 

as the scoring was conducted by only one rater, the second author. Neither AlAfnan et al. nor Jovic 

and Mnasri evaluated texts generated by Gemini, as it had not yet been released at the time of their 

research.  

In addition to the small number of texts rated by very few assessors, a major limitation of the studies 

reviewed is the lack of comparison between AI-generated and human-written emails. It is 

undoubtedly valuable to study the features of AI-generated texts and make comparisons between 

different LLMs. However, it is a glaring omission not to compare these to texts written by humans, 

whose writing the AI tools were trained to emulate. This current study aims to fill this gap. 

2.3.3 Human and AI authorship 

There has been wide interest in evaluating software designed to detect AI-generated writing, 

particularly in the context of academic plagiarism (e.g., Elkhatat et al., 2023; Walters, 2023). Fewer 
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studies have explored the ability of humans to distinguish between AI and human writing, and at 

time of writing there were none in the business context. An early study by Gunser et al., (2021) 

investigated literary texts generated by GPT-2 (an earlier model preceding what now powers 

ChatGPT) and humans, with the human participants (N = 9) asked to evaluate which texts were AI-

generated versus human-written. They found that even though the participants had literature-

specific professional backgrounds, they experienced difficulty determining authorship, with over 

26% of all texts misclassified. Another study found that human participants were incapable of 

reliably detecting AI-generated poetry, with an average accuracy rate of 50.21%, or no deviance 

from chance (Köbis & Mossink, 2021).  

Moving to academic texts, Casal and Kessler (2023) investigated the extent to which reviewers from 

Applied Linguistics journals (N = 72) could distinguish between AI-generated and human-written 

research abstracts (eight texts in total). Findings suggested that the reviewers were not particularly 

effective in identifying AI versus human writing, with an overall positive identification rate of only 

38.9%. However, the reviewers were more effective at identifying human authors of research 

abstracts (44.1% accuracy rate) than AI authors of abstracts (33.7%). To gain insight into the 

reviewers’ rationales for their authorship decisions, semi-structured interviewers were conducted 

with seven of the participants. The top four rationales provided by seven reviewers in semi-

structured interviews concerned (1) continuity and coherence, (2) specificity or vagueness of 

details, (3) familiarity and voice and (4) writing quality at the sentence-level. According to these 

rationales, reviewers determined abstracts that were connected and coherent; contained specific 

information about different aspects of the study; were written in unique style and voice; and used 

well-constructed phrases or sentences to be human-written. Of these rationales, it was found that 

writing quality at the sentence-level was the most reliable criterion, leading reviewers to correctly 

identify authorship 60% of the time. Reviewers who based their decisions on one of the other three 

rationales achieved accuracy rates of between 20-29%.    

Still in the academic context, Yeadon et al.’s (2024) research into authorship decisions on 300 AI-

generated and human-written university physics essays by human evaluators (N = 5) found an 

average accuracy rate of 62.4%, which the authors reported as only marginally better than random 

chance. This was compared with the performance of AI-detection software, with ZeroGPT achieving 

a 98% success rate in differentiating authorship. The use of AI-detection software is beyond the 

scope of this current study, as the focus is on human evaluation.   
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The studies discussed in this section on authorship suffer from the limitations of either small 

numbers of human evaluators or of texts evaluated. They were also conducted in specific contexts 

which may not generalise to the business context. As a very large number of texts from the 

academic realm are available on the internet, it is possible that LLMs have wider access to this type 

of data to inform their training. It may also be the case that academic texts are more technical and 

rigid in their use of genre structures and language, making them more easily replicated by AI tools 

and hence more likely to be judged as human-written. At present, fewer professional texts are likely 

to be available in the public domain to train LLMs, and the relationship-building focus of business 

texts could make them more difficult for AI tools to reliably replicate. Finally, the majority of existing 

studies on authorship do not provide details into what factors influence human assessors when 

deciding whether a text is AI-generated or human-written. As described above, only Casal and 

Kessler (2023) collected qualitative data to gain insight into rationales for authorship decisions.  

No published studies have yet been conducted on authorship judgements of business writing. The 

current study is less concerned with accuracy rates, but hopes to understand the reasons behind 

authorship judgements. This may provide insights into the characteristics that lead humans to 

believe a business text is either human-written or AI-generated. 

2.3.4 Perceptions of business communication instructors 

Given the developments in generative AI, it is imperative for instructors to consider how these new 

technologies can change business communication and teach students about the uses, functions, and 

ethics of AI in the workplace (Getchell et al., 2022). Cardon et al. (2023b) surveyed 692 business 

practitioners and found that over 80 per cent have used generative AI for work purposes, with about 

41 per cent being weekly users. They outlined evolving skill and competency needs, recommending 

that business communication instructors teach AI-assisted writing with a focus on a writing-as-

learning approach. As instructors remain involved in the development of writing skills in the 

generative AI age, it is important to investigate their perceptions of the new technology. 

To this end, Cardon et al. (2023a) conducted the first known and large-scale study of how business 

communication instructors in higher education view the emergence of AI tools. A survey completed 

by 343 instructors explored concerns and anxieties about, perceived benefits of and perceived 

acceptance of AI-assisted writing in the workplace. The survey consisted of closed questions using a 

1 to 7 Likert scale and three open-ended questions for instructors to comment on perceived 

challenges and opportunities of AI-assisted writing. Overall, respondents believed that AI-assisted 
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writing would be widely adopted in the workplace and would require significant changes to 

instruction. From qualitative analysis of the open-ended items, the researchers recommended a 

framework for developing AI literacy in students, focusing on the four capabilities in the table below. 

Table 2: AI literacy framework (Cardon et al., 2023a) 

Capability Description 

Application Understanding how to use AI tools for the task 

Authenticity Focusing on genuine communication and the human element: developing a voice, 
analysing the audience, building trust with sincere and empathetic communication 

Accountability Taking responsibility for the accuracy and appropriateness of AI-generated content 
and using generative AI in a fair and equitable manner 

Agency Professionals retaining control to make their own choices 

 

Cardon et al. (2023a) captured attitudes at an early stage of generative AI, when it is still new to 

many users, and these attitudes may shift as use of AI tools becomes more widespread. While the 

sample size was large, all participants were instructors working in higher education teaching 

undergraduate and graduate students, who are presumably younger and have lower levels of 

professional experience. Hence, the concerns of university instructors may differ from those 

teaching adults and practitioners already working in professional contexts. The present study 

investigates the perceptions of the latter group: trainers working with professionals who are already 

grappling with the introduction of AI tools in their workplaces. 

2.4 Research questions 

A review of the literature has shown gaps in the research on the business refusal genre and on AI-

assisted writing in the business context. Research in these areas is important as business 

communications are undergoing rapid change with the increasing adoption of AI tools for workplace 

writing. This study aims to identify the genre structures and characteristics of human-written and AI-

generated business refusal texts and investigate how they are evaluated by human assessors. It also 

explores whether humans can identify authorship of the texts and what influences these decisions. 

These insights, alongside the perceptions of professional skills teachers and trainers, will be used to 

inform pedagogical suggestions in the conclusion. 
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The following research questions (RQs) were posed to focus the study: 

1 RQ1: What are the moves and steps that typify the business refusal genre? Are there differences 

between AI-generated and human-written texts? 

2 RQ2: How are AI-generated and human-written texts evaluated by human assessors using an 

established business writing rubric? 

3 RQ3: Can human assessors identify authorship of texts (AI-generated or human-written)? What 

influences their decisions? 

4 RQ4: How do business communication trainers view the use of AI tools for writing in the 

workplace? 
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3 Method 

This study adopted a mixed-method research design (Creswell and Plano Clark, 2018; Dörnyei, 2007), 

combining quantitative and qualitative approaches to answer the RQs. Texts collected from AI and 

human writer groups were used in the genre analysis to provide information on the move structures 

of business refusal texts (RQ1). Participants were recruited to perform an online task to provide 

quantitative and qualitative data to answer RQ2, RQ3 and RQ4.  

3.1 Collecting the texts 

The first step was to collect texts for both the genre analysis (RQ1) and evaluation by human 

assessors (RQ2 and RQ3). For this, two business scenarios were developed: 

(a) An internal communication, instructing the writer to refuse a colleague’s request to deliver a 

workshop on their behalf; and 

(b) An external communication, instructing the writer to refuse a client’s request to increase the 

number of participants on a workshop beyond the maximum class size. 

For each scenario, three prompts were created specifying different audiences, making a total of six 

prompts (Appendix A). There was no word limit for the output and writers were instructed to invent 

names and details. The same six prompts were presented to three writer groups to generate a 

corpus of 54 texts, as shown in Table 3 below. 

Table 3: Breakdown of writer groups and texts  

ChatGPT 3.5 (OpenAI) Gemini (Google) Human (n = 6) 

18 texts 
(3 versions per prompt) 

18 texts 
(3 versions per prompt) 

18 texts 
(3 versions per prompt) 

 

The six prompts were input into ChatGPT and Gemini one by one, with each tool generating three 

versions of texts for each prompt. For the six human writers, half were assigned to the internal 

scenario and half to the external scenario. Each writer wrote three emails: one for each prompt 

specifying a different audience for the same scenario. The six human writers were recruited from the 

researcher’s network of colleagues working as professional skills trainers in Singapore and Spain, 
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with between 7 to 30 years of experience in teaching business communication. In accordance with 

University of Oxford consent guidelines, the participants were provided with information on the 

study and gave written consent for their texts to be used for research purposes. Texts from the three 

writer groups were collected in March 2024. Samples of texts from each writer group and scenario 

type are provided in Appendix B. 

3.2 Scoring instrument 

A scoring instrument was needed by which human assessors would be able to evaluate the texts in 

answer to RQ2. Rubrics, which are tools that include criteria for rating important dimensions of 

performance, have been found to enhance reliable scoring by facilitating valid judgement of 

performance assessments (Jonsson & Svingby, 2007). In particular, analytic rubrics, in which texts 

are rated on several aspects of writing (“scales”) rather than given a single score as in a holistic 

rubric, are more useful as assessors can more easily understand and apply criteria in separate scales 

(Weigle, 2002).  

There are few existing rubrics for the assessment of business writing, and none that were suitable 

for this current study (although Fraser et al., 2005; Jovic & Msnari, 2024 provided inspiration). For 

the purposes of this study, a three-scale analytic scoring rubric (Appendix C) was created using the 

British Council’s established principles of effective business writing. These are known as the 3Cs 

(Clarity, Credibility and Connection) and are used in professional skills writing courses globally, 

having been developed through many years of working with clients from different industries. Four 

descriptors were formulated under each of the Clarity, Credibility and Connection scales to guide 

assessors on what to look for. Descriptors were referenced against existing business writing rubrics 

(Fraser et al., 2005; Jovic & Mnasri, 2024), with the current rubric deliberately kept simple for ease 

of use and to prevent assessor fatigue. For each text, the assessor was asked to give a score out of 5 

on each scale, to produce a total score out of 15. As with the researcher-created rubrics used in 

previous studies, there is an arbitrary aspect to the criteria and scoring mechanism in the 3Cs rubric. 

To check concurrent validity, an additional measure was introduced, with participants asked to also 

rate each text holistically by providing a score between 1 to 10 based on overall impression of the 

quality of the text. This would then be used to check whether raters were evaluating the texts on a 

holistic non-specific scale in a similar way as the analytic scale, adding evidence to whether the 

rubric could be considered a valid measure of the construct compared to alternative (concurrent) 

methods of scoring.  
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3.3 Participants 

Participants for the main data collection phase were recruited through convenience sampling, with 

teachers and trainers from the British Council global network invited to participate in the study 

through an email distributed by the teaching leads in each region. Potential participants needed to 

have experience in teaching professional skills or Business English, including a writing component. 

Snowball sampling of this niche population (Bryman, 2016) helped reach the target number of 

participants for this study. Complete data was collected from a total of 36 participants, whose 

Business English-related teaching experience ranged from 1 to 25 years, with a median of 12.5 years. 

The majority of participants were located in Singapore (n = 21), with the remainder from Bulgaria, 

France, Hong Kong, India, Jordan, Malaysia, Mexico, Saudi Arabia, Spain, Taiwan, Thailand and the 

United Kingdom. The table below shows the profile of the study participants. 

Table 4: Profile of study participants 

Continent/region Asia: 81% 

Europe: 11% 

Middle East: 6% 

South and Central America: 3% 

Gender Male: 36% 

Female: 64% 

Years of experience teaching Business 

English 

1-4 years: 17% 

5-9 years: 11% 

10-14 years: 31% 

15-19 years: 22% 

20-24 years: 17% 

25 or more years: 3% 

3.4 Data collection procedure 

Data collection was conducted online using JISC Online Surveys (Version 3) to create a data 

elicitation task (Appendix D). Before launch, the task was piloted with a colleague, a professional 

skills trainer with 25 years experience, to assess usability (Cohen et al., 2018). Refinements to the 
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wording and sequencing of questions were made based on his feedback. He was then excluded from 

the main data collection phase and was not part of the final sample of 36 participants. Participants 

who had consented to participating in the research were emailed a link to the task to complete at a 

time and location of their choosing. The task comprised three parts: 

 Part 1 was designed to elicit how human assessors evaluate texts from the three writer 

groups. Each participant was asked to score three texts from the total pool of 54, based on 

the scoring rubric provided (detailed in section 3.2 above). To reduce the influence of the 

“hawk-dove effect” (McManus et al., 2006), where individual assessors exhibit tendencies 

towards leniency or severity, one text each from the ChatGPT, Gemini and Human writer 

groups were presented in a randomised order. The researcher also acted as a third assessor 

and rated all 54 texts, in order to set a benchmark and reduce noise in the data due to 

potential differences between raters. While participants were aware that the research topic 

was human and AI-generated business texts, they were unaware of whether the texts they 

saw were written by humans or AI tools. In addition to scoring on the 3C rubric, participants 

were asked to give a score out of 10 to represent their overall impression of the quality of 

each text. In this way, each of the 54 texts was rated by two participants, in addition to the 

researcher's rating. Immediately after scoring each text, participants were asked to identify 

whether the text was written by a human or an AI tool. This was followed by an open-ended 

question asking participants to explain what influenced their decision.  

 Part 2 explored participants’ perceptions regarding the use of AI tools for business writing. 

Participants were asked three open-ended questions and encouraged to write freely about 

perceived concerns, benefits and challenges relating to the use of AI tools. 

 Part 3 collected demographic data (years of teaching experience and work location). In 

addition, participants were asked whether they had used AI tools to help with writing and to 

rate their familiarity with using AI tools on a scale of 1 to 5. 

3.5 Data analysis 

Data analysis for this study was carried out in three stages. First, a genre analysis was conducted on 

texts from the three writer groups. Next, quantitative analyses were performed on scoring data and 

authorship judgements. Finally, thematic analysis was conducted on qualitative data.  
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3.5.1 Genre analysis  

A genre analysis based on the full corpus of 54 texts was conducted based on Swales’ (1990, 2004) 

move-step approach. There is scant guidance in the literature on the process as researchers 

generally do not describe the specific processes used to identify moves and steps. The method used 

in this study draws on the work of Upton and Cohen (2009) and Hyon (2018), who offered a more 

systematic description of the process for identifying and describing moves. Table 5 below describes 

each step in the move structure analysis process and how it was done in this study. 

Table 5: The move structure analysis process (adapted from Hyon, 2018) 

Step Description How it was done in this study 

1 Get an initial sense of the texts, their 
genre and the genre’s purposes 

The researcher read all of the texts to confirm 
alignment with the refusal genre and its purposes 

2 Gather first impressions of the texts’ 
moves and steps 

A first pass was made at labelling moves (function) 
and steps (sub-parts of the moves) 

3 Establish a working set of moves and 
steps categories 

First impressions were refined, with categories 
combined or split as needed to develop the coding 
frame 

4 Pilot code the moves and refine the 
categories as needed 

A sample of the texts was coded using the coding 
frame developed in Step 3 and categories revised 
as necessary  

5 Code the moves/steps in the full set of 
texts 

The researcher carried out the coding for all texts 

6 Note patterns in move/step frequency 
and organisation/sequencing 

Frequencies were calculated to determine which 
moves/steps are obligatory and which are 
optional, as well as patterns in the order in which 
moves occur 

 

Following this procedure, a framework for moves and steps was produced. Move occurrence counts 

for each text were tabulated in a spreadsheet and frequencies calculated. Sequencing patterns were 

checked and deviations from the main framework analysed. 
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3.5.2 Quantitative data analysis 

Parts 1 and 3 of the online task produced numerical data that were analysed using IBM SPSS 

Statistics (Version 29). The statistical tests in the following table were conducted to help answer RQ2 

and RQ3.   

Table 6: Statistical tests for quantitative data analysis  

RQ Purpose Statistical test 

2 Establish reliability of rubric Cronbach’s alpha 
 

Establish concurrent validity Pearson product-moment correlation 
 

Establish normality of data Frequency statistics 
Shapiro-Wilk test 

 
Compare scores between writer groups One-way analysis of variance (ANOVA) 

Descriptive statistics by writer group 
Tukey HSD post-hoc test 

3 Compare judged versus actual authorship Crosstabulations 
Pearson Chi-Square 
Fleiss multirater kappa  

 

3.5.3 Qualitative data analysis 

Parts 1 and 2 of the online task invited participants to give detailed comments through open-ended 

questions. The data contributed to answers for RQ3 and RQ4. Responses were analysed using 

thematic analysis, a qualitative method for identifying recurring themes within the data (Neuendorf, 

2018). This approach was chosen to explore participants’ perceptions in an inductive manner, 

allowing themes to emerge from the data itself. Thematic analysis involved an iterative process. 

First, the open-ended responses were read and re-read to gain a comprehensive understanding of 

the content. Initial codes were then assigned to capture interesting phrases, ideas, and potential 

themes. These codes were subsequently refined and grouped into broader thematic categories 

related to the research questions. Finally, the revised coding framework was systematically applied 

to all data to ensure consistency. Analysis was done using NVivo (Version 14). 
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3.6 Research ethics 

This study received approval from the Central University Research Ethics Committee at the 

University of Oxford in November 2023 before data collection started (Appendix E). Written 

informed consent was obtained from participants following the University’s template information 

sheet for online research. All participants were over 18 years old. They were informed that 

participation was voluntary and that they would not be identifiable from their data. Information was 

provided on use and storage of their data, as well as the process for reporting concerns. Participants 

were required to confirm they had read the participant information and gave consent to take part in 

the research, by selecting “Yes, I agree to take part”, before being able to access the task. 
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4 Results 

4.1 RQ1: What are the moves and steps that typify the business refusal 

genre? Are there differences between AI-generated and human-written 

texts? 

4.1.1 Move and step framework 

Following Swales (1990) and Hyon (2018) as described in Method, the 54 texts were analysed to 

produce a framework containing four major moves and segmentation of their associated steps 

(Table 7). This builds upon typical moves identified in previous studies to provide a richer description 

of the business refusal genre. Frequency and sequencing will be discussed in following subsections. 

Table 7: Move and step framework for business refusals with examples 

Moves and steps Examples 

MOVE 1: Open the correspondence 

Step 1.1: Salutation* Dear, Hi, Hello 

Step 1.2: Polite remark “I hope this email finds you well”  
“How was your holiday?”  
“Nice to hear from you” 

Step 1.3: Express thanks “Thank you for your email”  
“Thanks for reaching out” 
“I appreciate your prompt response” 

Step 1.4: Refer to request “…about your request to increase the participant limit” 
“…regarding the upcoming Business Writing Skills 1 workshop”  
“You would like to…” 

Step 1.5: Empathy statement “I understand that unexpected engagements can arise”   
“I know this is important to you”  
“I understand this may not be the answer you were hoping for” 
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MOVE 2: Provide details 

Step 2.1: Explanation, reason* “My schedule is already full”  
“Here are some key reasons for this limit” 
“The trainer cannot give the individual attention each 
participant needs if the group is too large” 

Step 2.2: Additional information Context-dependent and may include information on personal 
circumstances (internal texts) or policies and procedures 
(external texts) 

Step 2.3: Explicit refusal “I regret to inform you that I am unable to…”  
“We have decided to maintain the maximum class size” 
“I can’t bail you out this time” 

MOVE 3: Call to action 

Step 3.1: Specific alternatives or 
advice 

“Another option would be to…”  
“I’d like to offer the following alternative solutions” 
“Have you tried checking with Karen or Julie…” 

Step 3.2: Next step “Please let me know which solution suits you best” 
“Let me know if you would like to have a chat about this” 
“Shall we schedule a meeting for next Tuesday at 10am” 

MOVE 4: Close the correspondence 

Step 4.1: Closing comment “I trust you will find a suitable arrangement”  
“We are looking forward to working with you” 
“Hope you manage to find someone” 

Step 4.2: Sign-off Sincerely, Regards, Best regards, Warm wishes, All my best 

*Obligatory step, occurring across all texts 

4.1.2 Frequency of move and step occurrence 

Move occurrence counts were tabulated by step and are shown as percentages in Table 8, separated 

by writer group and text type. ChatGPT and Gemini texts were largely consistent in performing all 

steps within the framework, whereas human-written texts were inconsistent and often omitted 

steps. Only Step 1.1 Salutation and Step 2.1 Explanation were obligatory steps that occurred across 

all texts.    
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Table 8: Frequency of step occurrence by writer group, text type and total corpus (percentage) 

 ChatGPT (n = 18) Gemini (n = 18) Human (n = 18) Total corpus 
(N = 54) Step Internal External Internal External Internal External 

1.1 100 100 100 100 100 100 100 
1.2 100 100 0 0 56 33 48 
1.3 189* 200* 133* 200* 11 56 131 
1.4 100 100 100 100 78 78 93 
1.5 178* 167* 122* 156* 44 11 113 
2.1 100 100 100 100 100 100 100 
2.2 0 100 100 100 44 100 74 
2.3 100 100 100 100 78 33 85 
3.1 100 100 100 100 100 78 96 
3.2 100 100 100 100 44 78 87 
4.1 100 100 100 100 78 78 93 
4.2 100 100 100 100 78 100 96 
*Percentage counts over 100 indicate that a move occurred more than once in a text  

Analysis of the length of each move and step was beyond the scope of this study. However, on the 

measure of overall average word count, the AI tools produced longer texts (ChatGPT = 240 words 

per text; Gemini = 288; Human = 173). Both ChatGPT and Gemini generated more content for the 

external text types, generally by giving more additional information (Step 2.2) and, in the case of 

Gemini, multiple detailed alternatives (3.1).  

4.1.3 Move sequencing 

While frequency counts provided insight into how often moves occurred, further analysis was 

needed to clarify the sequence in which moves and steps are made. In the majority of cases, moves 

and steps occurred in the order listed in the framework. One notable deviation from the framework 

is in Move 2 (Provide details), namely how ChatGPT and Gemini texts present the refusal (Step 2.3). 

Both AI tools almost consistently delivered the refusal as the first step in Move 2, before the 

explanation (with the sequence being Step 2.3  2.1  2.2). Only two exceptions (Texts 19 and 29, 

both Gemini) gave reasons before the refusal, but these appeared to be the anomalies among 36 AI-

generated texts. Conversely, all human-written texts that included an explicit refusal (2.3) followed 

the framework order and delivered the refusal as the final step of Move 2. This direct versus indirect 

structure will be addressed again later in the results for RQ3.  
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In addition to omitting steps, there was more variation in how human writers organised their texts. 

While most human-written texts followed the order listed in the framework, the examples in the 

table below are noted for deviation from the order. 

Table 9: Variations in move sequencing (human-written texts) 

Text Type and audience Sequence 

37 Internal, colleague at 
same level 

Step 1.1  1.4  2.1  2.2  2.3  1.5  3.1  
(7 of 12 steps occurred) 

38 Internal, colleague at 
same level 

Step 1.1  1.2  1.4  2.1  3.1  3.2  1.5  4.1  4.2  
(9 of 12 steps occurred) 

54 External, longstanding 
customer 

Step 1.1  1.3  1.4  2.1  2.2  3.1  4.1  3.2  4.2  
(9 of 12 steps occurred) 

 

Text 37 is notable for its omission of steps and variations in move sequencing, and a full example is 

presented in the next subsection. For Text 38, the empathy statement (1.5) occurs at the end of 

Move 3 Call to action, with the comment: “Always difficult when these things happen”. Text 54 is 

written to an external client and is the only external text to deliver the next step (3.2) after the 

closing comment (4.1), asking: “Shall we schedule a meeting for next Tuesday?” before signing off. 

This may reflect the writer’s desire to keep the conversation open and invite a response in a more 

explicit way. 

4.1.4 Examples 

Below are examples of the move and step analysis for one text from each writer group, according to 

the framework presented in Table 7. All three texts were written using the same prompt below, 

specifying an internal communication with a colleague in the same role: 

You are a professional skills trainer at a corporate training provider. Your colleague, 

another experienced trainer, is scheduled to deliver the Business Writing Skills 1 

workshop three days from now. They have just realised they have another 

engagement that day and have asked you to deliver the workshop on their behalf. 

Write an email refusing the request. You can invent names and details. 
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Figure 1 below shows Text 1, which was generated by ChatGPT. The email uses 11 of the 12 steps 

contained in the framework, omitting only Step 2.2 Additional information. Two steps are repeated: 

Express thanks (Step 1.3) and the Empathy statement (1.5). Another deviation from the framework is 

the sequencing of Move 2, in which the refusal statement (2.3) is delivered before the explanation 

and reason (2.1). This sequencing, with an explicit refusal delivered as the start of Move 2, was seen 

in all of the ChatGPT-generated texts.   

Figure 1: Move analysis example of Text 1 (ChatGPT) 

Text 1 (ChatGPT) Step sequence 

Dear [Colleague's Name], 

I hope this message finds you well. Thank you for reaching out to 

me regarding the Business Writing Skills 1 workshop scheduled for 

three days from now. I appreciate your transparency about your 

scheduling conflict and understand that unexpected engagements 

can arise. 

After careful consideration, I regret to inform you that I am unable 

to take on the responsibility of delivering the workshop on your 

behalf. Unfortunately, I already have prior commitments and would 

not be able to dedicate the time required for the effective delivery 

of the Business Writing Skills 1 workshop. 

I understand the importance of the workshop and the value it brings 

to our participants, and I sincerely apologize for any inconvenience 

this may cause. If there is any way I can assist you in finding an 

alternative solution or support you in preparing materials, please let 

me know. 

I trust that you will find a suitable arrangement for your conflicting 

engagement, and I wish you the best in delivering the workshop. 

Thank you for your understanding. 

Best regards, 

1.1 Salutation 

1.2 Polite remark 

1.3 Express thanks 

1.4 Refer to request 

1.5 Empathy statement 

 

2.3 Explicit refusal 

 

2.1 Explanation and reason 

 

 

1.5 Empathy statement 

3.1 Specific alternatives or 

advice 

3.2 Next step 

 

4.1 Closing comment 

 

1.3 Express thanks 

 

4.2 Sign-off 
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[Your Name] 

 

Figure 2 shows Text 21, generated by Gemini on the same internal communication prompt. It follows 

all moves in the framework, omitting only the polite comment (Step 1.2). Similar to the ChatGPT 

text, it delivers the refusal statement (2.3) at the beginning of Move 2, before giving the explanation 

and additional information.   

Figure 2: Move analysis example of Text 21 (Gemini) 

Text 21 (Gemini) Step sequence 

Hi [Colleague's Name], 

Thanks for reaching out and letting me know about your scheduling 

conflict for the Business Writing Skills 1 workshop on [Date]. I 

understand how frustrating it can be when commitments overlap, 

and I appreciate you considering me as a potential replacement. 

However, after careful consideration, I won't be able to deliver the 

workshop on your behalf. My current schedule is already quite 

packed, and taking on this additional training would require me to 

significantly adjust other commitments, which unfortunately isn't 

feasible right now. 

I wouldn't want to deliver the workshop without being fully 

prepared and confident in my ability to provide the participants 

with the best possible experience. Business writing is a nuanced 

topic, and it requires time for me to familiarize myself with the 

specific materials and tailor them to the audience. Given the short 

notice, I wouldn't be able to do this justice. 

Would you like me to help you explore other options? Perhaps we 

can reach out to other trainers within the company who might be 

available, or even look into external resources if needed. I'm happy 

to assist in any way I can to ensure the workshop runs smoothly. 

1.1 Salutation 

1.3 Express thanks 

1.4 Refer to request 

1.5 Empathy statement 

 

2.3 Explicit refusal 

2.1 Explanation and reason 

 

 

 

 

2.2 Additional information 

 

 

 

3.1 Specific alternatives or 

advice 
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I apologize for any inconvenience this causes, and I understand this 

is a tight spot. Please let me know how I can further support you in 

resolving this issue. 

Best regards, 

[Your Name] 

 

4.1 Closing comment 

3.2 Next step 

 

4.2 Sign-off 

 

Figure 3 shows the move analysis for Text 37, which was human-written. This text deviates from the 

framework considerably, performing only 7 of the full set of 12 steps. In terms of sequencing, the  

empathy statement (1.5) at the end of Move 2 rather than as part of Move 1. Notably, Move 4 is 

omitted, with no closing statement (4.1); it is also the only text in the corpus where there is no sign-

off (4.2) before the writer’s name. This, and the reduced number of steps applied overall, may signal 

an informal relationship between colleagues and less need for content when context-specific 

knowledge is already shared. 

Figure 3: Move analysis example of Text 37 (Human) 

Text 37 (Human) Step sequence 

Hi Selina 

I just saw your email about the BWS workshop this Thurs-Fri. 

I would have covered for you, but I have a workshop scheduled for 

Mon-Tues next week. This is the pilot run for the new client (XYZ) 

and I have to work on some contextualisation for the workshop. 

They are quite particular about what they are looking for and it does 

require some prep and thinking through. 

I am really sorry, I can’t bail you out this time. I have a lot to prep for 

the Mon-Tues workshop. But I do hope you find cover. 

Have you tried checking with Kane or Jessie if this could be 

rescheduled or allocated to another trainer who is available? 

1.1 Salutation 

1.4 Refer to request 

2.1 Explanation and reason 

2.2 Additional information 

 

 

2.3 Explicit refusal 

1.5 Empathy statement 

3.1 Specific alternatives or 

advice 
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Adriana 

 

4.2 RQ2: How are AI-generated and human-written texts evaluated by 

human assessors using an established business writing rubric? 

4.2.1 Reliability, correlation and normality 

As discussed in Section 3.2, a three-scale analytic rubric was created for assessors to evaluate the 

texts. Reliability statistics produced a Cronbach’s alpha of .819, indicating a high level of internal 

consistency for the scale items (Clarity, Credibility and Connection – hereafter referred to as the 

3Cs). This showed that the three items were measuring the same construct of writing quality and 

further analysis could be done on the total score for the 3Cs.  

In addition to scoring texts on the 3C rubric, participants were asked to express their overall 

impression of the quality of the text as a score out of 10 (1 = poor, 10 = excellent). This holistic 

measure was intended to strengthen the validity of the rubric by checking that scale items produced 

scores corresponding with another test of writing quality. A Pearson product-moment correlation 

was run to determine the relationship between the 3C total score and the overall impression score. 

There was a strong, positive correlation, which was statistically significant (r = .811, n = 162, p < 

.001). The high correlation suggests that concurrent validity is demonstrated between the two 

scoring methods and the 3C score can be used in further analyses as a reliable and valid measure of 

professional writing. 

Next, the 3C score data were subjected to normality tests. Frequency statistics for the total 3C score 

showed very slight negative skewness (-0.027) and negative kurtosis (-0.856), with both values being 

within the acceptable range for normal distribution (Roever & Phakiti, 2017). While the numerical 

Shapiro-Wilk test suggested non-normal patterns (p < .001), this could be due to the sensitivity of 

the test to minor deviations (Mishra et al., 2019). Visual inspection of the Q-Q plot and histograms 

showed normal distribution of the data (Figure 4). It was therefore decided that parametric tests 

could be applied to answer the research question. 
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Figure 4:  Graphical tests of normality - histogram and Q-Q plot for 3C total score 
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4.2.3 Comparison across writer groups and text types 

The 3C scores were submitted to a one-way analysis of variance (ANOVA) across the three writer 

groups. Table 10 shows there was a statistically significant difference between groups with a 

medium to large effect size (F(2,159) = 8.859, p <.001, η² = .100). This indicates that the writer group 

(ChatGPT, Gemini, Human) has a moderate influence on the variance in total writing scores.  

Table 10: One-way ANOVA on 3C total score 

 Sum of Squares df Mean Square F Sig. 
Between Groups 149.086 2 74.543 8.859 <.001 
Within Groups 1337.926 159 8.415   
Total 1487.012 161    
 

To identify which specific groups differed, descriptive statistics were conducted for the three writer 

groups (Table 11), along with a Tukey post-hoc test (Table 12). The results showed that participants 

rated human-written texts (M = 11.22, SD = 2.957, p <.001) significantly higher than ChatGPT-

generated texts (M = 8.89, SD = 3.007). There was also a significant difference in scores between 

ChatGPT-generated texts and Gemini-generated texts (p = .034). However, differences between 

Gemini-generated (M = 10.30, SD = 2.731) and human-written texts did not reach significance at the 

0.05 level (p = .224).  

Table 11: Descriptive statistics by writer group 

     95% Confidence Interval for 
Mean 

Groups N Mean Std. Deviation Std. Error Lower Bound Upper Bound 
ChatGPT 54 8.89 3.007 .409 8.07 9.71 
Gemini 54 10.30 2.731 .372 9.55 11.04 
Human 54 11.22 2.957 .402 10.42 12.03 
Total 162 10.14 3.039 .239 9.66 10.61 
 



 

 

44 

Table 12: Tukey HSD post-hoc test – multiple comparisons on 3C total score by writer group 

(I) Writer_Group (J) Writer_Group 
Mean 

Difference (I-J) Std. Error Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 
ChatGPT Gemini -1.407* .558 .034 -2.73 -.09 

Human -2.333* .558 <.001 -3.65 -1.01 
Gemini ChatGPT 1.407* .558 .034 .09 2.73 

Human -.926 .558 .224 -2.25 .39 
Human Gemini .926 .558 .224 -.39 2.25 

ChatGPT 2.333* .558 <.001 1.01 3.65 
*The mean difference is significant at the 0.05 level 
 

A means plot (Figure 5) confirmed that ChatGPT-generated texts had the lowest mean scores, while 

human-written texts scored the highest. Among the two AI tools investigated, raters preferred 

Gemini-generated texts over those generated by ChatGPT. Finally, to check for effects of text type 

(internal or external) on total 3C scores, a two-way ANOVA was conducted. No statistically 

significant interactions were found between writer group, text type and total 3C score (p = .448).  

Figure 5: Means plot – mean of 3C total score by writer group 
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4.3 RQ3: Can human assessors identify authorship of texts (AI-generated or 

human-written)? What influences their decisions? 

4.3.1 Quantitative results 

After completing scoring based on the rubric, participants were asked to judge the authorship of 

each text (whether it was written by a human or an AI tool). Table 13 shows crosstabulations for 

judged versus actual authorship. Overall accuracy of judgements was 74% (80 correct out of a total 

108 attempts). When analysing by writer group, participants were most easily able to identify 

human-written texts, with an 86.1% accuracy rate (only 5 instances out of 36 where a human-

written text was incorrectly identified as AI-generated). By contrast, there was more uncertainty 

around identifying the authorship of AI-generated texts, with a 68.1% accuracy rate. Within the AI 

writer groups, there was little difference between ChatGPT and Gemini, with accuracy rates of 66.6% 

and 69.4% respectively.  

Table 13: Crosstabulation - judged versus actual authorship 

 
Actual  

Total AI Human 
Judgement AI Count 49 5 54 

% within Judgement 90.7% 9.3% 100.0% 
% within Actual  68.1% 13.9% 50.0% 
% of Total 45.4% 4.6% 50.0% 

Human Count 23 31 54 
% within Judgement 42.6% 57.4% 100.0% 
% within Actual  31.9% 86.1% 50.0% 
% of Total 21.3% 28.7% 50.0% 

Total Count 72 36 108 
% within Judgement 66.7% 33.3% 100.0% 
% within Actual  100.0% 100.0% 100.0% 
% of Total 66.7% 33.3% 100.0% 

 

Results of a Pearson Chi-Square test show χ(1) = 28.167, p <.001, suggesting a statistically significant 

association between judged and actual authorship, with a moderate effect size (Cramer’s V = .511). 

Hence, participant judgements as to whether a text was written by a human or AI tool were not 

random. To further check that agreement between judged and actual authorship did not occur by 
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chance, Fleiss’ kappa was run. This test was chosen over Cohen’s kappa as there were non-unique 

raters for each text (Laerd Statistics, 2019), with 36 participants independently judging three texts 

out of a possible 54. Per Table 14, Fleiss’ kappa showed that there was moderate agreement 

between judged and actual authorship, κ=.467 (95% CI, .278 to .655), p <.001.  

Table 14: Fleiss multirater kappa – overall agreement between judged and actual authorship 

 Kappa 

Asymptotic 
Asymptotic 95% Confidence 

Interval 
Standard 

Error z Sig. Lower Bound Upper Bound 
Overall 
Agreementa 

.467 .096 4.850 <.001 .278 .655 

a. Sample data contains 108 effective subjects and 2 raters. 

4.3.2 Qualitative insights 

After judging the authorship of the text, participants were presented with an open-ended question 

asking them to explain what influenced their decision as to whether the text was AI or human-

written. Thematic analysis of the comments revealed that participants were most concerned with 

three broad characteristics of the texts: tone, relationship and formality; language choice and 

grammatical accuracy; content, detail and structure.  

Theme 1: Tone, relationship and formality 

Participant comments frequently referred to “tone” as a characteristic that influenced their 

assessment of text authorship. Tone can be defined as the writer’s attitude toward the reader and 

subject of the message and can be adjusted according to the context and audience (White, 1988). 

Despite general consensus on the importance of tone for effective workplace writing, it remains a 

challenging area as tone perception is subjective and co-created by the reader of the message 

(Coman & Cardon, 2024). The examples that follow show some of the ways that participants 

expressed opinions on tone:  

My decision was mostly influenced by the fact that there was an excellent use of tone 

throughout the email - it moved from being firm and clear to empathetic and sincere 

as required. 

The text strikes the right balance between personalised and professional. 
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Uses a warmer tone, that sounds more apologetic and concerned about helping out 

with finding an alternative solution. 

This text is constructed from so many business writing clichés so it comes across as 

incredibly mechanistic. 

It feels overly sincere, with too many words and too many explanations, which makes 

it feel unnecessary and impersonal rather than sincere. 

The email is wordy and the tone is mechanical. There are no grammar mistakes and 

it's coherent but it's lacking warmth and the human touch. 

Tone was commonly described using adjectives, categorised below according to attributed 

authorship (Table 15). 

Table 15: Descriptors of tone by attributed authorship 

AI-generated texts Both AI and human-written Human-written texts 

clear  
clinical  
cold  
disingenuous 
distant  
flowery  
formal 
impersonal, not personalised 
inappropriate 
not engaging 
not friendly 
lacks connection 
lacks empathy 
lacks sincerity 
mixed  
overly sincere 
rigid  

blunt  
casual  
mechanical, mechanistic 
polite 
 
 

apologetic  
concerned 
conversational 
courteous  
empathetic  
familiar  
firm 
friendly 
genuine  
human  
less formal  
matter of fact  
natural  
personal, personalised  
professional  
sincere 
supportive 
warm 

 

In general, adjectives with positive connotations were used to describe texts perceived as human-

written. AI-generated texts were generally seen as less empathetic and sincere. Although one 

human-written text in this study was described as mechanistic, this descriptor was overwhelmingly 
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applied to texts judged to be AI-generated. Emotion was cited as a factor affecting authorship 

assessment of texts by this participant:  

The only reason I can’t definitively say it’s a human is because of the consistent lack of 

emotion throughout. The text has somewhat of a monotone, which is typical of AI-

generated text. 

Participants also showed a tendency to prioritise interpersonal relationships, commenting on the 

(in)appropriateness of tone and formality depending on the reader-writer relationship. For example, 

one participant noted that one of the texts was “completely inappropriate as a response to a boss” 

and another was described as “too formal for people who have been working together for some 

time”. Further elements that contribute to tone are considered in the following themes.  

Theme 2: Language choice and grammatical accuracy 

Words and phrases found in the texts heavily influenced participants’ decisions on authorship. Texts 

identified as AI-generated were frequently described as containing “jargon”, “cliché phrases”, 

“business writing clichés”, “stock phrases”, “corporate speak” and “platitudes”. Language used in AI 

texts was also seen as “formal”, “inappropriate”, “too standardised”, “scripted”, “outdated”, 

“mechanical” or “strange”. Below are examples of such language, specifically cited by participants (in 

order of frequency of occurrence in the AI-generated texts): 

 reaching out (19 occurrences) 

 more than happy/willing (14) 

 apologize for any inconvenience caused (13) 

 regret to inform (13) 

 don’t hesitate (7) 

 at your earliest convenience (1) 

 fostering a culture of continuous learning (1) 

 I truly appreciate (1) 

 my reason is twofold (1) 
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 we look forward to continuing our successful collaboration (1) 

In addition to finding phrases “typical of AI”, participants also judged texts as AI-generated on 

account of their complexity, including long-winded sentences and unnecessary or exaggerated use of 

vocabulary. By contrast, texts judged to be human-written were described as using simpler, clearer 

and more accessible language (“Plain English”, “less jargony”). Overuse of the first-person singular 

pronoun “I” was identified as a feature of AI-generated texts, while human-written texts exhibited 

features such as subject pronoun drop (“Hope you are well”) showing informality and connection, as 

well as being noted for use of inclusive language (“We could explore options”). Rigorous statistical 

analysis of linguistic features was outside the scope of the present study, but a simple word 

frequency count showed that occurrences of the word “I” were far higher in the AI-generated texts 

(ChatGPT = 145 instances; Gemini = 126; Human = 86).  

Texts assessed as human-written also stood out for the use of friendly and colloquial language, such 

as:  

The style is very chatty and informal with phrases like ‘bail you out’.  

The phrase 'I wouldn't be able to do it justice' is too lively and idiosyncratic to be AI. 

It's also written using less formal language, it reads as though that is how the writer 

speaks in real life. 

Related to this are remarks on the imperfections that characterise human writing, such as mistakes 

in grammar and punctuation or not writing out words fully (e.g., using “Thurs” instead of Thursday). 

Such errors, or lack of errors, guided participants to make their authorship assessments as expressed 

below:  

Its flaws made it seem more human to me.  

It sounds a little too perfect to me for it to be written by a human.  

Theme 3: Content, detail and structure 

AI-generated texts were judged to be long and heavy on content. Participants commented that AI 

texts were “verbose”, “long-winded” and contained “too many words and too many explanations”. 

Content tended to be repetitive, sometimes not making sense, and needed editing for clarity and 

conciseness. These comments are consistent with the average word count per text for each writer 
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group (ChatGPT = 240; Gemini = 288; Human = 173). Human-written texts were described as 

“succinct”, “concise” and “to the point”. 

A lack of contextualisation contributed to observations that AI-generated texts were templated and 

generic, as expressed in the comments below:  

The fact that this is a template suggests to me that it is AI. 

The early opening section uses standard and logical text that comes across as 

‘template style’. 

The closing is very generic and impersonal, which makes it sound insincere. 

Sounds a bit generic and formulaic and potentially OTT in details. It's almost too 

consistent. 

Too many of the reasonings and offers to be helpful sound pre-scripted. This is 

something I would expect an AI engine to draft for me. 

Repetition (eg “regretfully” and “unfortunately” in the same paragraph) suggests a 

cut-and-paste approach. 

Personalisation was seen as a key factor in achieving tone and connection, as described by one 

participant: 

Opening, closing and details are personalised and not generic. This makes the piece of 

writing sound friendly and sincere, creating connection with the reader. 

In terms of structure, AI-generated texts were widely judged to be clearly organised and coherent. 

This is likely related to the observation that AI texts follow a template, with one participant 

commenting:  

AI is usually good at presenting information in a formulaic and structured way.  

This corresponds with the findings for RQ1, in which AI texts applied moves and steps with the same 

frequency and sequencing. Some participants remarked that AI texts tended towards being “too 

balanced”, resulting in overly long responses lacking connection with the reader. The use of bullet 

points was also mentioned by several participants, who correctly associated them with AI texts 

(Gemini tends to use bullet points). Where participants judged a text to be human-written, there 
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were comments about a “lack of structure”, particularly in relation to texts written for an internal 

audience. This could also be due to the relative informality of internal texts, which tend to be shorter 

and more direct in style. One participant noted:  

The issues with organisation and clarity indicates the lack of planning that often 

comes with human writing.  

Several participants mentioned message organisation, specifically the use of direct or indirect 

structures discussed in the literature review and the genre analysis for RQ1. Participants negatively 

evaluated the tendency of AI tools to use the direct structure. For example:  

Firstly it started with a refusal, rather than giving an explanation and then the refusal. 

This would create a negative impact on how the reader was feeling when reading 

through the explanation. They would be less likely to take on board the issues raised, 

or would do so in a negative frame of mind. 

There was also observation of the politeness strategy in implied rather than explicit refusals, as 

noted by a participant:  

The text omits the direction to refuse the request. This seems like a human decision 

made based on cultural norms, specifically a desire to avoid saying 'no' directly. 

Overall, the three broad themes that emerged from the qualitative data show a preference for texts 

that consider the relationship between writer and reader. While AI-generated texts were notable for 

their grammatical correctness, they were also assessed to be formulaic and lacking in contextual 

awareness. By contrast, less clichéd language choice, concise messaging, specific rather than general 

content, and attention to interpersonal relationships were cited as the main influences when 

identifying texts as human-written. 

4.3.3 Summary of text characteristics 

The table below summarises the characteristics of AI-generated and human-written texts as found 

through the move structure analysis and qualitative data from participants. 
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Table 16: Characteristics of AI-generated and human-written texts 

 AI-generated Human-written 

Genre structure Rigid and formulaic 

Some steps repeated 

Explicit refusals before reason 

Flexible (steps omitted or different 
sequencing depending on context) 

Refusal after reason (or implied) 

Tone, relationship, 
formality 

Mechanical and impersonal 

Very formal regardless of writer-
reader relationship 

Human, friendly, sincere 

Formality level adjusted for 
audience 

Language choice Jargon and clichés 

Overuse of personal pronoun “I” 

Plain style 

Subject pronoun drop 

More use of “we” 

Grammatical accuracy No errors Minor mistakes 

Short forms used 

Content and detail Long and repetitive 

Generic content 

Concise 

Specific details for writer/reader’s 
situation 

 

4.4 RQ4: How do business communication trainers view the use of AI tools 

for writing in the workplace? 

RQ4 aimed to address trainer perceptions of AI tool usage in the workplace, given that 

developments in generative AI have already begun to have effects on the work of business 

communication training. This study asked three open-ended questions: 

1. What are your concerns about using AI tools in business writing? 

2. What do you think are the benefits of using AI tools in business writing? 

3. What challenges does the emergence of AI tools present for the training of business writing 

skills? 
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Questions 1 and 2 are adapted from Cardon et al.’s (2023a) exploratory study, with Question 3 

added to try to elicit context-specific challenges. Questions were compulsory and were responded to 

by all participants. Percentages shown in Tables 17-19 below are based on the number of 

participants who mentioned the theme (total N = 36).  

4.4.1 Concerns 

Data analysis revealed six broad themes describing participants’ concerns about using AI tools in 

business writing, as shown in Table 17 below.  

Table 17: Thematic analysis of concerns 

Theme Count 
(%) 

Example comments 

Loss of the human 
element 

26 
(72) 

“Getting an AI to do your writing can also mean that you do not 
have the opportunity to show your personality in your 
correspondence and create a connection with the recipient” 

“[AI tools] seem to make written communication less of a 
connection between people” 

“I think for more nuanced, complex issues, human 
interpretation is required” 

“AI does not understand human complexities and emotions” 

Loss of writing and 
communication skills 

11 
(31) 

“I worry that people won't develop their writing skills and as a 
result their ability to communicate effectively will diminish” 

“Overreliance on AI to write business documents could limit 
development of writing skills in general” 

Loss of uniqueness and 
context-specificity 

9  
(25) 

“If everyone uses the same tools they may produce identical or 
similar content which diminishes individuality” 

“Inability to tailor a message specifically for a target audience” 

Concerns about accuracy 
and credibility 

6 
(17) 

“Could destroy your reputation without careful editing” 

“Might contain hallucinations or factual untruths” 
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Concerns about ethics, 
plagiarism, data security 

6 
(17) 

“AI is only as good as its creators and may replicate unconscious 
biases” 

“Potentially employees inputting confidential, copyrighted or 
sensitive workplace information into generative AI” 

Loss of jobs 4 
(11) 

“There's also the loss of jobs. Lots of people spend a good chunk 
of their working hours writing. If that’s cut, many of those jobs 
can be cut - and there doesn’t appear to be new jobs springing 
up in the wake of AI”  

“Another concern is the easy dismissal of teachers who help 
professionals with their business writing” 

 

4.4.2 Benefits 

Five themes emerged in the perceptions of the benefits of AI tools in business writing, presented in 

Table 18 below.  

Table 18: Thematic analysis of benefits 

Theme Count 
(%) 

Example comments 

Time savings and 
efficiency 

22  
(61) 

“Streamlining tasks and making it quicker to write” 

“They obviously save time and cost if used correctly” 

“Speed and convenience when the message isn't too specific 
or important” 

Idea and content 
generation 

21  
(58) 

“Can support creativity by generating/ brainstorming ideas” 

“It's an excellent way to get ideas and see models before 
starting to write” 

“AI provides ideas to get started which can then be refined by 
humans” 
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Helps with grammar 
and language 

10  
(28) 

“It can help rephrase sentences that don't sound quite right” 

“AI has better grammar and spelling than many humans!” 

Helps organise and 
structure ideas 

4  
(11) 

“AI generated documents are also useful to plan the structure 
and flow of a business document” 

“These could support with organising written information/ 
layout for writing longer documents” 

Standardises 
communication 

4  
(11) 

“Standardisation of content and tone” 

“AI tools might be good for generating 'template' emails” 

 

In addition to the above, one participant stated that there were no benefits, calling AI “extremely 

damaging”. A further two participants mentioned that AI tools reduce cognitive load and allow 

people to focus their energy on other things.  

4.4.3 Challenges 

Finally, data were analysed in terms of challenges associated with applications of AI for teaching 

professional writing. Some participants responded about challenges in general, while others more 

closely related AI tools to business writing training. Table 19 identifies four frequently mentioned 

themes in the comments. 

Table 19: Thematic analysis of challenges  

Theme Count 
(%) 

Example comments 

Difficulties for trainers 18  
(50) 

There was variation within this code, with comments about 
trainer lack of knowledge and confidence; needing to keep up-
to-date with new developments; managing diverse attitudes of 
learners towards AI tools; differences in organisational 
contexts and guidance on usage 

Justifying the need for 
trainers and training 

16 
(44) 

“Business writing skills is being increasingly seen as an 
obsolete skill” 

“Some organisations may feel that there is no need to train 
staff in business writing, if they can just rely on AI” 

“Participants may not see the necessity of learning these skills” 
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Overreliance on AI 12 
(33) 

“The ease of use and availability of AI tools have meant that 
participants use it often, even when they shouldn't” 

“Relying on AI means not relying on self to come up with 
content” 

“It's easy to use and trainees are tempted to resort to it” 

Integrating AI into 
training content 

7 
(19) 

“I think the challenge is how best to integrate AI in training so 
that it completes current human training models” 

“To make AI fit in the contents of workshops and re-think most 
of the activities to include it” 

“Training in writing skills should include AI and look at how to 
appropriately leverage AI” 

 

Five responses were coded as “other” and included comments on flaws in AI tools and costs 

involved, with one response stating there are no challenges, only opportunities.  
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5 Discussion 

Through the investigation of four research questions, this study used the business refusal genre as a 

starting point to investigate differences between AI-generated and human-written texts. In this 

section, results for each RQ are discussed and situated within the existing literature.  

5.1 Genre move structure 

RQ1 contributed a genre framework for business refusals that did not exist in previous literature. 

The move structure analysis showed there are typical moves and steps employed across writer 

groups for business refusals. The salutation (Step 1.1) and explanation (2.1) were obligatory steps, 

used across all texts and writer groups. Texts generated by ChatGPT and Gemini applied moves and 

steps in a largely consistent manner across text type (internal, external) and did not adjust their 

approaches, despite the prompts specifying different writer-reader relationships. Only two notable 

differences between the tools were observed: Gemini did not include polite opening remarks (1.2) 

for either text type, and ChatGPT omitted additional information (2.2) for internal communications. 

Some steps appeared more than once in the same text. There was a tendency for the AI tools to 

express thanks (1.3) twice: once in the opening move to thank the sender for their email and again in 

the closing, generally a generic comment such as “Thank you for your understanding”. Additionally, 

for the majority of AI-generated texts, the empathy statement (1.5) occurred as part of Move 1 and 

then again at the end of Move 2. Steps occurring on two different occasions within a single text 

(resulting in percentages of over 100 in Table 2) were seen only in AI-generated texts and likely 

contributed to their perceived repetitive nature. The consistency with which AI texts applied genre 

moves corresponds with the findings of AlAfnan et al. (2023) and Jovic and Mnasri (2024), who 

described AI-generated emails as formulaic and templated. 

On the other hand, the human-written texts varied in the moves they employed, with differences 

seen between internal and external texts. Human writers were much more likely to omit steps, 

depending on the context and writer-reader relationship specified in the prompt. For example, only 

one of nine (11%) human-written internal texts to colleagues included an expression of thanks (Step 

1.3), with this being the more informal comment: “Thanks for thinking of me”. Particularly for 

external texts written to clients, it was expected that overt signals of politeness would be more 

consistently included; however, only 33% and 11% of human-written texts included a polite remark 

(1.2) and empathy statement (1.5) respectively. Instead, politeness may be inferred from the fact 
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that only one-third of external texts included an explicit refusal statement (2.3). The remaining 

majority contained an implied refusal, which the reader would infer from the performance of other 

steps. For example, the writer would first offer an explanation to the customer before providing 

specific alternatives (in line with politeness strategies proposed by Campbell, 1990 and Locker, 1999) 

and attempting to persuade the customer to accept one of these. Implied refusals can be 

interpreted as an indicator of human writing skill and a desire to maintain face (Brown & Levinson, 

1987) not seen in the AI-generated texts, all of which delivered an explicit refusal statement, such as 

“I’m unable to approve your request”. Overall, human-written texts were more nuanced in their 

adoption of genre conventions and appeared to consider the text and audience type when choosing 

whether to include or omit moves, and how to sequence them.   

5.2 Scoring  

RQ2 was answered by collecting quantitative data on how the 54 texts were scored using a three-

scale rubric assessing Clarity, Credibility and Connection (3Cs). While further reliability and validity 

testing should be done before broader use, the 3Cs rubric and its descriptors were shown to be a 

viable instrument for assessing business writing. Based on the rubric, assessors showed a preference 

for human-written over AI-generated texts, with Human texts achieving the highest mean score, 

followed by Gemini and finally ChatGPT. The significant difference in scores between Gemini and 

ChatGPT texts suggests that Gemini may be the more effective AI tool for business writers. 

Interestingly, score differences between Gemini-generated and human-written texts did not reach 

significance. This may signal that Human and Gemini texts might be perceived similarly, but further 

research with a larger sample size would be needed to explore this aspect. Given the recent release 

of these AI tools, there were no previous studies comparing the applications of ChatGPT and Gemini 

in business writing, nor were there studies comparing human-written with AI-generated business 

texts.  

Another area of interest was whether scores were dependent on the scenario type. No statistically 

significant interactions were found, suggesting that perceived quality based on writer group was not 

dependent on whether texts were written for an internal or external audience. This is not surprising 

for the AI-generated texts, as the move analysis showed that ChatGPT and Gemini applied an almost 

identical approach to structuring all texts, and would therefore be evaluated in a similar manner. 

Score differences between internal and external texts might have been expected for human-written 

texts, as move structures varied greatly for the two text types. However, differences did not reach 
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significance in this study. Overall, human-written texts were judged to be of higher quality regardless 

of whether they were written for an internal or an external audience. It is difficult at present to 

situate these results within the literature, given that no previous studies have compared scoring of 

AI-generated and human-written business texts. As summarised in the literature review, AlAfnan et 

al. (2023) and Jovic and Mnasri (2024) found that assessors gave low scores to AI-generated business 

texts, but human-written texts were not part of either study. Complicating the comparability and 

generalisability of results between studies is that each study has used a different scoring instrument 

incorporating different criteria for assessment.  

Studies in academic domains have compared AI-generated and human-written texts. Yeadon et al.’s 

(2024) study observed no statistically significant differences in scores between physics essays 

authored by human students and those generated by ChatGPT (p = 0.107, α = 0.05). However, 

Herbold et al. (2023) found that ChatGPT-generated argumentative essays were rated higher in 

quality than human-written essays on seven categories of essay assessment covering content and 

language items. A complicating factor of Herbold et al.’s study is that although the human essays 

were written in English by German high school students, neither the students nor the raters were 

native speakers of English. Overall, the existing literature comparing AI-generated and human-

written texts is extremely limited and further studies need to be done in both academic and business 

domains. Although initial studies in the academic realm show that AI models may be as good or 

better than humans at writing scientific and argumentative essays, the current study shows they fall 

short in business writing. One explanation may be that business writing is heavily judged on the 

ability to build relationships with the reader, an area in which AI-generated texts do not perform as 

well compared to human-written ones. 

5.3 Authorship of texts and factors influencing decisions    

RQ3 asked whether humans could identify the authorship of texts and what influenced their 

decisions. Results showed that participants could correctly identify human or AI authorship of 

business refusal texts with a higher accuracy rate than by chance. These results diverge from the 

findings of Casal and Kessler (2023) and Yeadon et al. (2024), who found low accuracy rates in 

human raters’ ability to identify authorship. This may be attributable to the context in which these 

two previous studies were conducted: AI tools generate academic texts that can fool even 

experienced assessors, but fare less well in a business writing context which prioritises relationships 

and connection to the reader. Similar to the present study, Casal and Kessler’s participants were 
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more likely to correctly identify human-written texts as human. This suggests there are 

characteristics of human writing that make it readily identifiable as such and more positively 

perceived. These characteristics were probed with open-ended questioning on how authorship 

decisions were made.  

Qualitative data for RQ3 revealed four main themes that influenced decisions on authorship: tone, 

relationship and formality; language choice and grammatical accuracy; content, detail and structure. 

Findings on tone corresponded with research on AI-generated messages conducted by Coman and 

Cardon (2024), in which professionals rated ChatGPT-generated messages as less sincere and caring. 

Similar to participant comments in this study, Jovic and Mnasri (2024) found that the tone in LLM-

generated emails was emotionally neutral and overly formal, pointing to difficulty in expressing 

sentiments. In terms of language choice, Campbell et al. (2021) found that a plain style avoiding 

jargon and non-requisite words contributed positively to the perceived professionalism of business 

writers, and these perceptions may have influenced authorship judgements in this study. The 

tendency for AI-generated texts to be convoluted, verbose and jargonistic was an indicator of AI 

authorship for many participants. Human writers paid attention to the writer-reader relationship 

and wrote messages that were concise and specific in a plain style, avoiding the use of clichéd 

language. Several participants also commented on pronoun use, with AI-generated texts tending to 

overuse the first-person singular pronoun “I”, corroborating AlAfnan and MohdZuki’s (2023) study. 

While it was noted earlier in the literature review that you-attitude (Shelby & Reinsch, 1995) is not 

simply about replacing “I” with “you”, the much lower occurrence of “I” in the human-written texts 

indicates a more reader-focused and inclusive approach based on this rough metric.  

Grammatical accuracy was identified as a feature of AI-generated texts. However, despite observed 

inaccuracies in human-written texts, they achieved higher scores overall in this study (although it is 

not possible to parcel out the contribution of spelling and grammar). The existing literature 

continues to debate whether grammatical errors negatively affect perceptions of professionalism 

(Gubala et al., 2020 say yes; Campbell et al., 2021 say no). Further research could consider if such 

flaws characterise a humanness in writing that is in fact positively perceived. Regarding content, 

detail and structure, AI-generated texts were seen as formulaic and long-winded, corroborating 

what was found in RQ1 on the tendency for AI texts to follow all genre moves and steps in the same 

sequence (and sometimes repeat steps). In addition, participants noticed a lack of specific details in 

AI-generated texts, as they often did not contain dates, names, information on prior commitments 

or realistic alternative solutions. This was despite the fact that all writing prompts included the 



 

 

61 

direction to invent names and details. Ma et al. (2023) and Amirjalili et al. (2024) also found that AI-

generated texts, in scientific and academic contexts respectively, contain mainly generalities and are 

deficient in specificity and depth. In the present study, it was noted that human-written texts 

demonstrated context-specific knowledge and were tailored to the reader’s needs. They contained 

specific names, reference to prior activities, credible reasons for decisions, benefits of suggested 

solutions and personal touches (e.g., referring to the client’s holiday). Participants also commented 

that instead of a “harsh refusal”, human-written texts offered “a choice of options with benefits”. 

These comments signal a preference for the indirect structure recommended in previous literature 

(Creelman, 2012; Shelby & Reinsch, 1995; Jansen & Janssen, 2010a, 2010b, 2013). In summary, 

human assessors preferred an indirect refusal featuring concise, personalised writing in a plain style 

and sincere tone, containing details that show consideration for the reader’s specific situation.      

5.4 Views on the use of AI tools for writing in the workplace 

Finally, RQ4 revealed how business communication trainers perceive the use of AI tools for writing in 

the workplace: their concerns, the benefits of the tools and the challenges they face. By far the 

biggest concern was the human element. The majority of participants mentioned this theme and 

showed a preoccupation with personal relationships, empathy and connection. Cardon et al.’s 

(2023a) findings of concerns around ethics, loss of skills and loss of jobs were also echoed in this 

study. In terms of benefits, 61% of respondents mentioned efficiency as a benefit, which is well 

above the 22% in Cardon et al.’s (2023a) study. However, mentions of the benefit of using AI tools to 

save time and generate content often came with the caveat that humans would then need to refine 

the AI output. A majority of participants see AI tools as capable of assisting in the writing process, 

with specific roles at stages such as brainstorming and organising ideas, as well as editing for 

grammar and language. This openness suggests that changes to business communication curricula to 

accommodate AI-assisted writing would not be strongly opposed. The question on challenges invited 

a variety of answers, including justifying the continued need for business writing training to sceptical 

learners and organisations who are becoming reliant on AI tools, as well the need to adapt the 

training curriculum in the face of increased AI usage. These challenges, along with the concerns and 

benefits raised by the participants, will be revisited when considering implications for teaching in the 

final section. 
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6 Conclusion 

6.1 Implications for teaching 

The title of this study included a provocative question for the profession: “Is there still a case for 

business writing training?” The short answer is yes. Business writing training and the teachers and 

trainers who deliver it are still needed in the age of AI. Effective business writing, especially in 

difficult situations, requires a human touch, understanding of the reader’s needs and of the context 

itself. However, there will undoubtedly be changes to how professional writing is taught. Below are 

five key areas of focus for business writing in the AI age.  

Teachers should:  

 Raise awareness of the complex nature of genres. The broad and simplified genre 

framework presented here for business refusals is useful as a teaching tool for learners new 

to the business discourse community, as well as professionals looking to refine their skills. 

However, it should be seen as a flexible framework and understood as description rather 

than prescription (Pinto dos Santos, 2002) and process over product (Creelman, 2012). 

Learners still need to be guided on how they can use and adapt generic conventions to best 

achieve their goals. Rather than simply providing a writing “formula”, teachers need to 

emphasise that genres are flexible. Each writer-reader interaction should be handled in a 

context-specific manner, taking into account factors such as role relationships, tasks, 

industry-specific practices or concerns (Zhang, 2013). Analysis of AI-generated texts in this 

study showed they were structured but also formulaic, largely applying the same move and 

step patterns for every message. Contextualisation remains important and learners should 

be introduced to a genre’s conventions through analysis, critique, reflection, practice and 

feedback. 

 Focus on involvement in the writing process, with emphasis on discussion, practice and 

performance. AI tools cannot replace the experience of attending training workshops and 

interacting with other learners and a trainer. The discussion process is hugely important for 

helping writers develop knowledge in how to persuasively structure arguments, build 

relationships and embrace nuance (Ying, 2020). Business writing training should continue to 

focus on giving learners the opportunity to share authentic workplace experiences and 
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engage in collaborative planning, writing and editing. Practice is essential, as each 

performance of a genre is unique (Devitt, 2009) and involves consideration of how to 

perform rhetorical moves in ways to fulfil specific tasks in a specific discourse community. 

Learners then receive feedback on the textual performance from peers and their trainer, 

reflect on it before performing again. They might also compare their human-written texts 

with texts generated by different AI tools, with discussion focusing on where AI can be used 

effectively to help and where human judgement remains most important. Fostering a sense 

of involvement will help retain text ownership and satisfaction in the writing process (Dhillon 

et al., 2024), as learners also hone their thinking skills.  

 Consider where AI tools can play a role and re-evaluate business communication 

curriculum needs. Curricula should focus on leveraging the strengths of AI tools while 

compensating for its weaknesses. For example, the ability of AI tools to produce 

grammatically correct text reduces the need for intense grammar instruction in business 

writing courses, although learners should still be made aware of common errors. Instead, 

emphasis should be on using human judgement, creativity, empathy and contextual 

knowledge to evaluate AI output to ensure a text achieves its communicative purpose. AI 

tools can be used to support parts of the writing process, such as in finding relevant 

arguments, suggesting organisational structure and providing examples of styles that may be 

best suited to the writer’s audience and goals (DeJeu, 2024).  

 Develop AI literacy. As part of the curriculum redesign, guidance on AI literacy should be 

provided to all learners (Cardon et al., 2023a and Getchell et al., 2022 provide starting 

frameworks). This should include aspects such as understanding how to use AI tools for 

specific tasks and for what tasks they might be appropriate; considering authenticity and the 

human element in communication; taking responsibility for AI-generated content and using 

it fairly; and discussing issues around governance, ethics and safety. Learners must be able 

to negotiate what AI-human collaboration should look like. A discussion around the benefits, 

limitations and rules around use would be a good starting point in most courses. Analysis of 

the concerns and challenges mentioned in RQ4 also shows a need to upskill teachers and 

trainers in order to be able to deliver a new curriculum that incorporates AI.  

 Help learners develop aspects of human writing voice that feel human. Given that AI tools 

can produce grammatically correct writing, it becomes even more important to focus on 

what dimensions humans can contribute beyond the efficiency of machines (McKnight, 
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2021). The results of this exploratory study suggest that having a relationship-orientation, 

emotional understanding and contextual knowledge are main differentiating factors 

between human-written and AI-generated texts. Hence, business writing training should 

focus on developing the ability to analyse the purpose, audience and context so that 

communication can be adapted to the specific situation at hand. Genuine empathy for the 

reader’s needs and expectations, along with a human voice, personality and style (including 

non-standard and idiosyncratic language), is what sets human writing apart. It was also 

found in this study that the ability to write an implied refusal rather than an explicit one is a 

human skill not replicated by the AI tools. As the bulk of business writing converges on 

formulaic structures and clichéd phrases, which AI tools perpetuate, human writers should 

aim to engage and surprise their readers. 

6.2 Limitations and recommendations for future research 

Research on AI-generated writing is still in its early stages. This study is the first known investigation 

of both human-written and AI-generated business refusal texts by both humans and AI tools. It is 

hence exploratory and limited, with ample opportunities for continued study. In this final section, 

several limitations of this study will be discussed along with recommendations for future research. 

6.2.1 Genre analysis is “fuzzy-edged” and multi-layered  

Genre analysis is not an exact science. As moves and their boundaries may be “fuzzy-edged” 

(Paltridge, 1994) and difficult to delineate (Samraj, 2014), some researchers have recommended 

checking with a specialised informant acting as a second coder, to agree on classification with a 

sufficiently high level of agreement (Dudley-Evans, 1994; Hyland, 2015; Moreno & Swales, 2018). 

Second coding was considered for this study but could not be conducted because a specialist 

informant was not available within the required time period.  

Secondly, this study was limited to a move and step analysis. It established that ChatGPT, Gemini 

and human-written refusal texts all broadly followed the same structure and included typical steps. 

However, further linguistic analysis, including with computerised corpus techniques (Flowerdew, 

1998, 2005, 2012; Upton & Connor, 2001; Upton & Cohen, 2009), could elaborate on differences in 

lexicogrammatical features between texts. This would add a quantitative dimension to the 

perceptions around language choice reported by participants in RQ3. Future genre research would 

benefit from a combination of move and step analysis with corpus linguistic techniques. 
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6.2.2 Generative AI is constantly evolving and prompt strategies should be considered 

The ChatGPT and Gemini texts were generated in March 2024. AI technology is constantly evolving 

and as LLMs are trained on updated data, output generated from using the same prompt may 

change. For consistency in this study, each text was generated with a single prompt. Prompts were 

deliberately kept simple and open to allow each writer group to produce what was natural to them. 

However, the prompt process is usually iterative in general usage of AI tools, meaning that often 

more than one prompt is used to fine-tune the desired output. Changes to the prompts (and 

including more than one) may change the output and the findings of the study. 

Future studies on AI and writing in the business context should consider (1) using newer versions of 

the platforms; (2) evaluating AI models beyond the two studied here; and (3) testing different 

prompt strategies (Knoth et al., 2024). These steps are necessary to assess whether AI-generated 

texts are becoming more human-like and positively perceived over time. Continued comparative 

evaluation would also help users to assess which tool is most suitable for their intended writing task. 

6.2.3 A wider range of participants and human-written texts is needed 

In addition to evaluating texts generated by different AI models, future studies could consider 

broadening the representativeness of the participant sample. All participants in this study were 

teachers and trainers with a professional background in Business English. Resulting data hence 

reflects the opinions and perceptions of this particular group, but does not capture the views of 

learners or business practitioners. Future research should expand the diversity of the sample, such 

as including L2 English users to introduce a Business English as a Lingua Franca (BELF) perspective. 

This might also allow exploration of other pragmatic perspectives, such as the effectiveness of AI-

generated texts for intercultural communication. Additionally, in this study, data on participants’ 

self-reported familiarity with AI tools were collected, but this was ultimately not included in the 

analysis. There is scope in future studies for exploration into how reactions to texts and judgements 

of authorship may be influenced by the reader’s familiarity with AI tools. 

Finally, the contributors of the human-written texts in this study are specialists in professional skills 

training. They have knowledge of effective business writing practices and may not be representative 

of writers in all industries. Texts were written to a specific scenario for the purpose of this study and 

it is not clear whether writers would produce different texts under more authentic conditions. 
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6.2.4 Possibilities for hybrid AI-human collaboration 

This study investigated AI-generated and human-written texts side by side, in isolation of one 

another. However, actual use of the technology is more likely to involve a combination of AI 

technology and human judgement. Further study on how professionals are using AI tools in their 

writing would be helpful for understanding points in the writing process where technology can 

assist. This might be achieved through experimental or ethnographic research techniques to track 

when and where humans are choosing to use or not use AI, as well as decisions made on modifying 

AI-generated texts to suit a particular communicative purpose. Insights gained would help foster a 

clearer understanding of best practices in integrating AI tools in business writing. This may include 

guidelines for ethical use of AI technology, an area which is outside the scope of the current study.  

AI tools can enhance productivity and efficiency, and play a valuable role in supporting and 

augmenting human work. However, they cannot replace humans, who possess moral reasoning, 

ethical judgement and emotional intelligence. This study showed some of the human aspects of 

writing that AI-generated texts do not fully replicate. Further research will be needed as the 

technology continues to evolve, so that teachers can help learners make use of the strengths of AI 

tools to assist with writing, while knowing how to compensate for weaknesses in the technology.  
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Appendix A: Writing prompts 

Scenario type Prompt 

Internal A: You are a professional skills trainer at a corporate training provider. Your colleague, 
another experienced trainer, is scheduled to deliver the Business Writing Skills 1 
workshop three days from now. They have just realised they have another engagement 
that day and have asked you to deliver the workshop on their behalf. Write an email 
refusing the request. You can invent names and details. 

B: You are a professional skills trainer at a corporate training provider. Your line 
manager is scheduled to deliver the Business Writing Skills 1 workshop three days from 
now. They have just realised they have another engagement that day and have asked 
you to deliver the workshop on their behalf. Write an email refusing the request. You 
can invent names and details. 

C: You are a professional skills trainer at a corporate training provider. Your colleague, a 
trainer who has just joined the team, is scheduled to deliver the Business Writing Skills 1 
workshop three days from now. They have just realised they have another engagement 
that day and have asked you to deliver the workshop on their behalf. Write an email 
refusing the request. You can invent names and details. 

External D: You are a client manager for a corporate training provider. Your customer, who you 
have worked with for 5 years, has asked to increase the number of participants for an 
upcoming Business Writing Skills 1 workshop to a total of 30 people. Class sizes are 
usually a maximum of 20 people. Write an email refusing the request. You can invent 
names and details. 

E: You are a client manager for a corporate training provider. Your customer, who you 
have worked with for 10 years, has asked to increase the number of participants for an 
upcoming Business Writing Skills 1 workshop to a total of 30 people. Class sizes are 
usually a maximum of 20 people. Write an email refusing the request. You can invent 
names and details. 

F: You are a client manager for a corporate training provider. Your customer, who you 
have just started working with, has asked to increase the number of participants for an 
upcoming Business Writing Skills 1 workshop to a total of 30 people. Class sizes are 
usually a maximum of 20 people. Write an email refusing the request. You can invent 
names and details. 
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Appendix B: Samples of AI-generated and human-written texts 

Sample 1 – ChatGPT, internal, prompt A (Text 3) 

Dear [Colleague's Name], 

I hope this email finds you well. Thank you for reaching out to me regarding the Business Writing 
Skills 1 workshop scheduled for three days from now. I understand that you have another 
engagement on that day and are unable to deliver the workshop yourself. 

I appreciate your confidence in my abilities to step in and facilitate the session. However, I regret to 
inform you that I won't be able to take on this request. Unfortunately, I already have prior 
commitments and cannot rearrange my schedule at such short notice. 

I understand the importance of the workshop and the impact it can have on our participants. If 
there's any way I can support you in preparing materials or providing insights for your session, 
please let me know. Additionally, if you require assistance in finding an alternative solution, I'm 
more than happy to collaborate on identifying another qualified facilitator. 

I apologize for any inconvenience this may cause and appreciate your understanding in this matter. I 
trust you'll be able to find a suitable solution for the workshop. 

Thank you again for considering me, and I wish you the best for your other engagement. 

Best regards, 

[Your Name] 

 

Sample 2 – ChatGPT, external, prompt D (Text 11) 

Dear [Client's Name], 

I hope this message finds you well. Thank you for reaching out regarding the upcoming Business 
Writing Skills 1 workshop. 

I truly appreciate your enthusiasm for expanding the scope of the workshop to accommodate more 
participants. Over the past five years, it's been a pleasure working with you and witnessing the 
dedication you have toward enhancing the skills of your team. 

After careful consideration, however, we have decided to maintain the maximum class size at 20 
participants for the upcoming session. Our experience has shown that smaller class sizes allow for 
more personalized attention and deeper engagement, ensuring that each participant receives the 
full benefit of the training. 

While I understand the desire to include additional team members, I am confident that keeping the 
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class size limited will ultimately lead to a more effective learning experience for everyone involved. 

That said, I am more than happy to discuss alternative options to accommodate the needs of your 
team. Whether it's scheduling additional sessions or exploring customized training solutions, we are 
committed to finding the best approach to support your objectives. 

Thank you for your understanding and cooperation in this matter. Please don't hesitate to reach out 
if you have any further questions or if there's anything else I can assist you with. 

Warm regards, 

[Your Name] 

 

Sample 3 – Gemini, internal, prompt B (Text 24) 

Dear [Line Manager Name], 

Thank you for reaching out about the Business Writing Skills 1 workshop on [Date]. I understand you 
have another commitment that day and are looking for someone to deliver the training on your 
behalf. 

While I appreciate your trust in my abilities, I'm unable to take on this workshop at such short 
notice. Unfortunately, I haven't had the opportunity to fully familiarize myself with the workshop 
materials and wouldn't be confident in delivering it to the same high standard you've set. 

Additionally, [Explain your reason for being unavailable, e.g., existing commitments with other 
workshops, scheduled time off, or preparation for upcoming training]. 

I wouldn't want to compromise the quality of the training or the learning experience of the 
participants. However, I'm happy to help in other ways, depending on what you need. Perhaps I 
could: 

 Assist you in finding a suitable replacement trainer with the relevant expertise and 
experience. 

 Provide you with any additional resources or materials you might need to deliver the 
workshop yourself. 

 Offer to support you with the logistics or follow-up after the workshop. 

Please let me know if there's anything else I can do to help ensure the smooth delivery of the 
Business Writing Skills 1 workshop. 

Thank you for your understanding. 

Sincerely, 
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[Your Name] 

 

Sample 4 – Gemini, external, prompt E (Text 32) 

Dear Sarah, 

Thank you for your email regarding the upcoming Business Writing Skills 1 workshop. I appreciate 
your continued trust in Learning Solutions as your corporate training provider for the past ten years. 

I understand that you'd like to increase the number of participants to 30 for the upcoming session. 
However, after careful consideration, I'm unable to accommodate this request. Our Business Writing 
Skills 1 workshops are intentionally designed for a maximum of 20 participants to ensure optimal 
learning outcomes. 

Here are some key reasons for this limit: 

 Interactive Learning Environment: A smaller class size allows for personalized feedback, 
active participation, and individual attention, which are crucial for effective writing skill 
development. With 30 participants, facilitating meaningful discussions and ensuring 
individual progress becomes challenging. 

 Material Coverage: The workshop curriculum is carefully crafted for a specific group size. 
Exceeding this limit could lead to rushed content delivery and potentially incomplete 
learning for all participants. 

 Trainer Capacity: Our trainers are highly skilled and experienced, but their effectiveness 
depends on a manageable class size. Having 30 participants could negatively impact their 
ability to provide individual support and guidance. 

I understand this might not be the answer you were hoping for, but I truly believe that maintaining 
the current class size is in the best interest of your team's learning and development. 

However, I'm happy to discuss alternative solutions! We can: 

 Offer two additional workshops: Splitting the group into two separate sessions would allow 
for the desired participant number while maintaining the optimal learning environment. 

 Explore customized training options: We can tailor a writing program specifically designed 
for your team's needs and desired number of participants. 

 Consider alternative workshops: We offer a range of writing-related workshops with varying 
participant capacities. Perhaps another option could better suit your current requirements. 

I'm confident that together we can find a solution that meets your team's writing development goals 
while ensuring a positive and productive learning experience. 
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Please let me know your preferred course of action, and I'll be happy to discuss it further. 

Thank you for your understanding. 

Sincerely, 

[Your Name] 

 

Sample 5 – Human, internal, prompt A (Text 39) 

Hi Abeer, 

Nice to hear from you, hope all’s good with you too সহ঺঻ 

I’m ever so sorry, but I’m going to be on a training course all day on Friday, so I wouldn’t be able to 
cover the workshop. Have you tried Sheila? I think she was looking for some more hours.. 

I do hope you find someone, and sorry I can’t be of more help! 

Catch up soon! 

 

Sample 6 – Human, external, prompt E (Text 51) 

Hello Tran 

Thank you so much for your email. How was your recent holiday back home for Tet? 

It’s great to be offering Business Writing Skills 1 again for your colleagues. It is amazing to hear that 
the April run has been oversubscribed and demand is so high. This clearly reflects the course’s 
popularity and high feedback scores. 

Given the overwhelming interest in the April course, here are 3 solutions: 

1. Use the same trainer to deliver 2 courses during the same week (this can be at your 
premises again) 

2. Run 2 courses in parallel (we have extra training space here in Toa Payoh if your office 
meeting space is busy) 

3. Increase the scheduled Business Writing Skills 1 course to be quarterly 

As you know, the first solution offers continuity and uses the trainer’s knowledge of Vinfast and 
previous runs. The second solution reduces time out of the office and could even be presented as a 
fun team building activity. The final solution allows participants more flexibility each quarter to sign 
up for this popular course, while expanding your overall Learning and Development offerings. 

Please let me know which solution suits you and Vinfast best. All solutions allow you to increase 
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participants to a maximum of 20 on the course. As there is an additional and unplanned cost, I can 
give you a special 10% discount on the additional course. 

I look forward to confirming the dates and details with you in the next week. 

All my best 

Sarka 
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Appendix C: Scoring instrument (3Cs rubric) 

This was provided in Part 1 of the online data elicitation task for participants to rate each of their 
allocated texts. It was accessed by clicking on a link, which opened the rubric below as a PDF in a new 
window. 
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Appendix D: Data elicitation task (JISC Online Surveys) 

Screen 1 - Participant information and consent 
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Screen 2 - Task information 

Participants were randomly allocated one text from each writer group (ChatGPT, Gemini and 

Human), generated or written from one of the six prompts (Appendix A). The order in which texts 

appeared was randomised. Participants were not aware of the authorship of texts they were shown. 

As mentioned on this screen, salutations and sign-offs were removed from all texts for the scoring 

task, so that participants would not be biased in making their authorship decisions. 
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Screens 3, 4, 5 – Part 1  

The same questions appeared three times, with different texts inserted into the “Xx” field. 
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Screen 6 – Part 2  
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Screen 7 – Demographic data 

 

Screen 8 – Closing 
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Appendix E: Research ethics approval 

SOCIAL SCIENCES & HUMANITIES  
INTERDIVISIONAL RESEARCH ETHICS COMMITTEE  
DEPARTMENTAL RESEARCH ETHICS COMMITTEE 

Department of Education 
15 Norham Gardens, Oxford OX2 6PY 
student.curec@education.ox.ac.uk; staff.curec@education.ox.ac.uk    
 
Winny Wilson 
Department of Education, Social Sciences Division 
University of Oxford 

14 November 2023 

Dear Winny,  

Research ethics approval 

Research title: Genre and scoring analysis of business refusals written by humans and AI 
tools: Is there still a case for business writing training?  

Research ethics reference: EDUC_C1A_23_306 

The above application has been considered on behalf of the Education Departmental 
Research Ethics Committee (DREC) in accordance with the University’s procedures for 
ethical approval of all research involving human participants.  

I am pleased to confirm that, on the basis of the information provided to the DREC, ethics 
approval has now been granted for this study. 

Please note the following:  

Personal data: It is the responsibility of the PI to ensure that all personal data collected 
during the project is managed in accordance with the University's guidance and legal 
requirements. 

In-person activities: Any data collection involving in-person interactions with participants 
must have an up-to-date fieldwork risk assessment in place; further guidance is available 
from the Safety Office’s website.  

Amendments: Please notify the committee if you intend to make any amendments to the 
information in your ethics application as submitted at date of this approval, as all changes 
must receive ethical approval prior to implementation. The amendment form is available on 
the SSH IDREC webpage.  

We welcome feedback on your experience of the ethical review process and suggestions for 
improvement. Please email any comments to staff.curec@education.ox.ac.uk / 
student.curec@education.ox.ac.uk or ethics@socsci.ox.ac.uk.  

Yours sincerely 

DREC Dr Jenny A. Wynn 

cc: Professor Heath Rose 
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