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Taking a stance: AI generated vs student written argumentative essays

Abstract
The emergence of ChatGPT has created considerable anxiety among teachers concerned that students might turn to Artificial Intelligence programmes to write their assignments. This AI-powered language model is able to create grammatically accurate and coherent texts, thus potentially enabling cheating and undermining literacy and critical thinking skills. Comparisons between ChatGPT texts and human writing, however, remain underexplored and so we address this issue here by focusing on a central aspect of effective argument: the ability to convey an effective stance. We do this by comparing stance markers in A-level argumentative essays written by British students with those generated by ChatGPT on the same topics. Our findings show that ChatGPT uses significantly fewer epistemic and attitudinal stance markers and exhibits far less authorial presence in its essays. We also found that the students expressed stance using a wider range of lexical items which displayed more nuanced expressions to convey stronger emotions and more engaging argumentation. We attribute these distinct patterns in ChatGPT’s output to the language data used to train the model and its underlying statistical algorithms. The study suggests a number of pedagogical implications for incorporating ChatGPT in writing instruction.
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1. Introduction
Artificial intelligence (AI) technology, encompassing natural language processing, machine learning, and deep learning, has been a feature of language learning for several decades (Godwin-Jones, 2022; Ji et al., 2023). Recent advancements in machine learning, however, have exponentially increased the sophistication of such tools, so that programmes such as ChatGPT (Chat Generative Pre-trained Transformer), are capable of engaging in realistic conversational interactions and responding to user queries (OpenAI, 2023). This AI-powered chatbot utilizes natural language processing to generate human-like dialogues, answer questions, and create various forms of written content, including social media posts, newspaper articles, emails, and student essays.

As the capabilities of such AI programmes evolve, heated discussions have arisen concerning their role in language learning and text construction (Adeshola & Adepoju, 2023; Bin-Hady et al., 2023). On one side, researchers have pointed to the role of ChatGPT in correcting and explaining language use, providing example sentences and accurately translating texts (Kohnke et al., 2023). Others stress its ability to help scaffold students’ argumentative writing (Su et al., 2023) and assess their written assignments (Kasneci et al., 2023). On the other hand, arguments about the potential of AI models to write, edit and polish academic texts (Ingley & Pack, 2023; van Noorden & Perkel, 2023), have aroused concerns about the difficulties of distinguishing GPT-generated texts from human-authored works (Revell et al., 2023). As a result, tools such as GPTZero and AICheatCheck have been developed to detect AI involvement in writing, but these have been unable to unequivocally distinguish human and AI texts (Adeshola & Adepoju, 2023; Gao et al., 2023). To resolve this requires us to “analyse the language used in written work and to identify patterns or irregularities that might indicate that the work was produced by a chatbot” (Cotton et al., 2023, p. 5). 

This is the starting point of this paper. Here we examine the distribution, forms and functions of stance expressions in ChatGPT and human created texts for academic purposes. The analysis provides textual evidence of this feature to identify ChatGPT-generated texts, and to offer support for L2 students and teachers seeking to use ChatGPT in academic writing instruction. To do so, we prompted ChatGPT to produce argumentative essays of similar length and on the same topics as those created by British university students. Before describing the methods and results, we introduce ChatGPT, argumentative writing and stance expressions.

2. ChatGPT and writing assistance
Developed by OpenAI, ChatGPT utilizes machine-learning algorithms to learn from massive amounts of text data and produce human-like language on a wide range of topics. Using Natural Language Processing, it is able to analyze user input and generate relevant responses, enabling conversations that mimic the natural and intuitive flow of human interaction (Sarrion, 2023). Technically, the model operates by predicting the most likely subsequent word in a sentence, given the words that precede it, to find patterns within data sequences to respond to user prompts. This ability is not merely based on statistical probability but also on understanding context, nuances, and even the implied meaning in a dialogue (Wolfram, 2023). 

ChatGPT offers the potential to provide a range of applications in language learning: explaining the meaning of concepts in context, recommending educational products and websites customised to a learner’s needs, creating texts in various genres, analysing discourse, and providing translations (Bin-Hady et al., 2023; Kohnke et al., 2023; Pack & Maloney, 2023). Yet it is seen as most useful when assisting with writing (Ingley & Pack, 2023; van Noorden & Perkel, 2023). Here ChatGPT can serve as an initial sounding board for brainstorming ideas or as a tool for drafting and revising academic texts (Su et al., 2023). It can also provide corrective feedback on students’ writing assignments (Godwin-Jones, 2022). The potential to assist writing rests on its capacity to generate writing which is “typically coherent and grammatically correct” (Barrot, 2023, p. 2), and to refine the tone and style of a text (Ji et al., 2023). This renders ChatGPT particularly useful for non-native English speakers, who can use it to improve their academic writing skills.
However, despite these advantages, there are ongoing concerns about the difficulty of distinguishing “whether a text is machine- or human-generated, presenting an additional major challenge to teachers and educators” (Kasneci et al., 2023, p. 6). So, comparing scientific abstracts generated by ChatGPT to those written by humans, for example, Gao et al. (2023) found that human reviewers only identified 68% of the ChatGPT abstracts and considered them to be “vaguer and more formulaic” (p.1). Similarly, Jiang and Hyland (2024) showed that three-word bundles in essays generated by ChatGPT were more rigid and less personal and evaluative than those created by students. This can be attributed to the language understanding of the model which is built on leveraging statistical analysis, large data collection, and machine learning to determine the likelihood of text sequencing (Sarrion, 2023; Wolfram, 2023). 

Texts created by ChatGPT’s statistical algorithms therefore appear to be more rigid and formulaic, reinforcing a reductionist view of writing where it might be seen as a fixed structure following a system of grammatical rules (Hancock, 2009). It tends to objectivise academic writing and so “fails to take account of the beliefs and knowledge writers assume readers will draw on in reading their texts” (Hyland, 2022, p. 6). The critical analyses of ChatGPT generated texts can therefore be helpful in providing linguistic insights into the limitations of the programme in terms of how it understands textual interaction. This is particularly the case with argumentative writing, where writers seek to establish a coherent disciplinary context with background knowledge and logical reasoning, and attempt to persuade readers to accept their position (Guo et al., 2022). Success is therefore a rhetorical outcome of what authors include in the text and the stance they take towards it (Hyland, 2005; Aull & Lancaster, 2014; Wingate, 2012). 

Our study sets out to provide textual evidence for human-AI differences in this regard by exploring the extent to which ChatGPT can generate argumentative content with the same depth, variety and strength of positioning as skilled humans.

3. Stance and academic writing
Academic writing is essentially evaluative and persuasive. Contrary to earlier views of scholarly discourse which conceived it as a neutral, objective means of conveying real-world truths, it is now recognised to carry the perceptions, beliefs and interpretations of writers and attuned to the disciplinary expectations of readers. A key element of this rhetorical endeavour is the expression of stance. Thompson and Hunston (2000) see this as “the values ascribed to the entities and propositions” evaluated by the writer (p. 5), while Hyland (2005) and Biber (2006), following a corpus-based approach, refer to it as the ways writers project themselves into their texts to offer authorial views toward what and who is addressed.

[bookmark: _Hlk159073482]For Biber (2006), stance expresses a writer’s “personal feelings and assessments”, including “attitudes that a speaker has about information, how certain they are about its veracity, how they obtained access to the information, and what perspective they are taking” (p.99). Hyland (2005) takes a broader view encompassing all “writer-oriented features of interaction” which include three main components: evidentiality, affect and presence (p.178). These relate to three central questions that academic writers must ask themselves when making statements of evaluation: how certain do I want to be about this? what is my attitude towards it? do I want to make myself prominent here? (Hyland, 2016, p. 248).  Following Biber (2006) and Hyland (2005), we see stance as the writer’s expression of epistemic assessment, personal attitudes and self-presence by means of hedges and boosters, attitude markers and self-mentions.

Hedges are those linguistic devices which show a writer’s reluctance to be categorical about something, either due to uncertainty of its truth or the potential unwanted impact it may have on readers, “allowing information to be presented as an opinion rather than accredited fact” (Hyland, 2005, p. 178). In contrast, boosters work to increase epistemic commitment to propositions (Dong et al., 2021; Hyland, 2005), narrowing the options readers have for disagreement by expressing statements as facts and authoritatively steering the reader toward the writer’s views (Lancaster, 2016).  Attitude markers convey the writer’s emotional, rather than epistemic, attitude to propositions, particularly by marking surprise, interest or other affective responses, whereas self-mentions position the writer firmly in the discourse through the use of first person pronouns and possessive adjectives (Hyland, 2005).

These stance functions take various forms and are expressed in various ways through words, phrases and clauses (Biber et al., 1999) and differ according to topic, purpose and discourse community (Hyland, 2005; Hinkel, 2005). For example, epistemic adjectives, nouns and adverbs are more common in academic prose than in conversation (Biber et al., 1999). Stance features are also more frequent in texts written by experts rather than novices (Qiu and Ma, 2019; Dong et al., 2021), in the social rather than physical sciences (Hyland, 1998), and in more recent research articles than in the past (Hyland & Jiang, 2016).

Writers’ stance options, therefore, are not created from an infinite range of alternatives but draw on culturally available resources, expressing the writer’s position and aligning them with the convictions and expectations of their readers. Studies reveal the lexical and grammatical differences in stance expressions in academic genres such as argumentative essays (Aull & Lancaster, 2014), research articles (Hyland, 2005) and theses (X. Li et al., 2023). Moreover, conveying an appropriate stance also appears to be a strong marker of authorial status and text quality, conveying the author’s insider status with the right to be taken seriously. Thus Zhao (2013) found that the appropriateness of the authorial voice a student projects into a text correlates positively with the grade achieved. What is missing from these studies, however, is the question of whether ChatGPT can produce texts with the same degree of nuance and variability of stance.




4. Data and analysis
4.1 Data collection
As outlined above, we set out to compare the argumentative essays generated by ChatGPT with those written by British university students. For the latter extracted 145 argumentative essays by British students from the Louvain Corpus of Native English Essays (LOCNESS), a collection of texts written by British and American university students (Granger, 2013). The topics in our selection covered Britain’s relationship to the EU, transport, boxing, the parliamentary system, computers and life, eating beef, the lottery and fox hunting.

For the ChatGPT corpus we wrote a prompt for each topic, following the student prompts as closely as possible. We recognised the sensitivity of ChatGPT to phrasing and took advice from the literature on effective AI prompts (Sarrion, 2023; Skrabut, 2023). In particular, we ensured that ChatGPT was provided with a specific role, a realistic context and the rules and tone of the writing assignment. For the topic of transport, for example, we instructed the programme thus:
“You are an expert in academic writing. Write 16 argumentative essays with a persuasive writing style on the topic of transport. Each essay is about 500 words long.” 

We used ChatGPT 4.0 for the essay generation, which is a more advanced model than its predecessor, especially in terms of its enhanced understanding and contextualization abilities, its expanded knowledge base and its improved language skills (OpenAI, 2023). The details of the two corpora are shown in Table 1.
Table 1 Corpus characteristics
	Corpus
	No. of texts
	Tokens
	Types

	ChatGPT essays
	145
	72,819
	7,164

	British student essays
	145
	78,060
	6,975



GPT4 therefore has the claimed capability to produce text outputs that exhibit human-level performance in various professional and academic benchmarks, and our analyses set out to test these claims.

4.2 Data analysis
As mentioned above, we followed Hyland’s (2005) perspective of stance in academic writing which regards it as
writer-oriented features of interaction and refers to the ways academics annotate their texts to comment on the possible accuracy or credibility of a claim, the extent they want to commit themselves to it, or the attitude they want to convey to an entity, a proposition, or the reader (p.178).	

More specifically, the notion of stance represents a coherent concept and body of research which is worth discussing in its own right. This framework encompasses three main components: evidentiality, affect and presence. 
· [bookmark: _Hlk159395208]Evidentiality - the writer’s stated commitment to the reliability of the propositions he or she presents and their potential impact on the reader, expressed through hedges and boosters.
· Affect - a broad range of personal and professional attitudes towards what is said expressed through attitude markers.
· [bookmark: _Hlk159395292]Presence - concerns the extent to which the writer chooses to intrude into a text through the use of first person pronouns and possessive determiners.

Hyland’s model recognises the role that readers play in shaping a writer’s stance by understanding texts as a negation between peers, projecting imagined reader-positions which help establish “a virtual dialogue” (Hyland & Jiang, 2016, p. 256). Hyland’s original corpus yielded 140 different stance markers (Hyland, 2005) and we searched our two corpora for these features using the concordance software AntConc (Anthony, 2022). Both US and British spellings were examined, and we manually checked and counted each concordance to establish that the feature was performing a stance function (e.g. counting only cases of exclusive we for self-mention and avoiding permissive uses of may). Working independently, a 10% sample was coded by both authors to ensure reliability with 96% agreement. To compare the use of negation across the two corpora, we normalised all the results to 1000 words, and then applied the log-likelihood (LL) test using Rayson’s (2016) log-likelihood calculator to determine statistical significances. We followed the suggestion in that paper that an LL score of 3.8 or higher is significant at a cut-off p-value of 0.05. We also considered the effect size for log-likelihood tests (%DIFF), which indicates the percent of the difference between the two normalised frequencies (see Gabrielatos, 2018 for more information about %DIFF).

[bookmark: _Hlk159395233]5. Stance expressions by ChatGPT and British students
5.1 Overview
[bookmark: _Hlk159225893][bookmark: _Hlk159715100]We identified 37.55 cases of stance expressions per 1000 words. This was 893 cases in the ChatGPT essays, averaging 12.26 cases per 1000 words, and 2,931 cases in the student essays. In other words, there were statistically significantly fewer uses of stance markers in the ChatGPT texts (LL=1007.47, %DIFF=67.34, p<0.001). Similarly, Jiang and Hyland (2024) identified a much lower frequency of stance bundles (e.g., the possibility of, in my opinion) in the essay generated by ChatGPT than human writers. Although a higher number of stance markers does not necessarily imply better quality essays, Lancaster (2014) reported in an interview study that tutors’ assessments of critical reasoning and analytical rigour in economics students’ argumentative essays were influenced by the presence of stance configurations. 

Nevertheless, the rhetorical investment placed in stance markers contributes to the impression of authority in a text and helps establish an inclusive relationship with readers as in (1) and (2):
(1) Greater centralisation will inevitably result in contested decisions, and in both winners and losers among the member nations. Yet there are always winners and losers, even when a nation is supposedly sovereign over itself. Indeed, the whole concept of a nation’s being “sovereign” is rather misleading.                                    (student essay)
(2) The most evident implication of the single market is, in my view, the abolition of trade and customs barriers. This will apparently extend our free market economy...                           (student essay)

We also note that ChatGPT’s use of stance expressions is significantly less frequent than the levels reported by Hyland and Jiang (2016) in disciplinary research articles over time. This may suggest “a lack of detailed focus and critical analysis” in the AI-generated outputs, favouring “exposition over precise consideration” (Revell et al., 2023, p. 8). Conversely, these students used far more stance expressions than those found in the research articles. One reason for this is perhaps the more rhetorically compressed nature of the essays and the need to present and promote a clear viewpoint in a relatively limited space, often without the need for data or extensive empirical support. The students are required to get to the point quickly and make their case in significantly fewer words than the research writers. Equally, it may reflect the inexperience of these writers, over-egging the pudding by overloading their texts with stance markers. 

Table 2 shows the distribution of stance features in the two corpora and we can see here that ChatGPT aligns with the students in its preferred sequence of stance features. Hedges are the most frequent and self-mention is least in both text corpora. This distribution corresponds with that found by Lee and Deakin (2016) in the argumentative essays by L1 and L2 students, although in Hyland’s (2005) study of research articles, boosters were less frequent than attitude markers. This may reflect the distinctive character of this assessment where the writer needs to assert a strong commitment to create visibility and a strong sense of investment in his or her argument. Below, we will discuss a detailed distribution of stance categories one by one.


Table 2 Frequency of stance features in the two corpora (raw & normalised frequency)
	
	ChatGPT essays
	British student essays

	Stance features
	raw
	per 1000 words
	%
	raw
	per 1000 words
	%

	hedges
	543
	7.46
	60.81 
	1659
	21.25
	56.60 

	boosters
	222
	3.05
	24.86 
	771
	9.88
	26.31 

	attitude markers
	122
	1.68
	13.66 
	251
	3.22
	8.56 

	Self-mention
	6
	0.08
	0.67 
	250
	3.20
	8.53 

	Total
	893
	12.26
	100.00 
	2931
	37.55
	100.00 



5.1 Evidentiality: variations in epistemic stance 
Evidentiality refers to the writer’s attitude towards the reliability of the claims presented. It points to the degree of certainty the writer feels it is reasonable, or prudent, to express, conveying certainty, doubt, exactness, veracity, or limitation (Hyland, 2005). By using hedges and boosters, writers express reservation or assurance about their statements, and the extent to which they may need to entertain alternative views from readers, modulating the discursive space they create in the argument (Lee & Deakin, 2016). Both hedges and boosters therefore signal overt textual interaction that projects a writer’s stance. As we see in Table 2, they are significantly less frequent in the ChatGPT essays (LL=517.81, %DIFF=64.91, p<0.001; LL=284.31, %DIFF=69.13, p<0.001). 

As mentioned, hedges help soften the force of arguments and anticipate potential objections from readers, while at the same time assisting them to convey a more measured and less assertive pose. Numerous attempts have been made to classify types of hedges (e.g. Hyland, 1998; Prince, Frader & Bosk, 1982; Rounds (1982), but essentially, they concern exactitude and commitment, either hedging the veracity of the stated claim or as a prudent insurance limiting the damage that might result from the disproving of bald propositions. 
With hedges, then, these students sought to develop their positions in a way that clearly marks where “plausible reasoning” replaces “certain knowledge” (Hyland, 2016, p. 248):
(3) However it may be that, with the criticisms having been entirely justified, some redistribution may have to be effect.     (student essay)
[bookmark: 0](4) But also, we could perhaps see the end of the ugly events and discrimination that often arise because of an over-developed sense of nationalism and patriotism. It is probably true to say that British citizens are amongst the worst in Europe when it comes to being insular. 
(student essay)
This leads to texts that “display hesitation, uncertainty, indirectness, and/or politeness to reduce the imposition on the reader” (Hinkel, 2005, p. 30). As we see in Table 2, however, such nuances were often missing in the ChatGPT texts which employed far fewer hedges and made considerably more unequivocal assertions.

We present the most frequent forms in Table 3, where we can see that there are interesting differences in the choices of stance markers by ChatGPT and British students[footnoteRef:1]. We have observed that hedges can convey the writer’s stance either towards the content of the discussion, i.e. the likelihood that something is the case, including its reliability or accuracy; or its readers, i.e. the extent that they might find that the claims conflict with their own views. While both corpora cover a broad spectrum of hedging markers, those used by the students not only exhibit a greater range of expression, but contained significantly more terms which convey personal opinion (in my opinion, in my view), degrees of probability (probable, plausible), and generalization (on the whole, mostly, generally). [1:  Tables 3-6 show the most frequent forms performing each stance function. A full list of items can be found in the appendix.] 



Table 3: Most frequent hedges in ChatGPT vs Student essays
	ChatGPT Essays
	
	
	Student Essays
	
	

	Hedges
	Freq
	%
	Hedges
	Freq
	%

	often
	125
	23.02
	would
	599
	36.11

	could
	111
	20.44
	could
	225
	13.56

	may
	95
	17.50
	may
	196
	11.81

	argue
	50
	9.21
	possible
	62
	3.74

	might
	24
	4.42
	often
	49
	2.95

	sometimes
	19
	3.50
	argue
	44
	2.65

	would
	18
	3.31
	feel
	44
	2.65

	possible
	16
	2.95
	perhaps
	32
	1.93

	likely
	13
	2.39
	likely
	31
	1.87

	suggest
	9
	1.66
	almost
	28
	1.69

	frequently
	8
	1.47
	probably
	28
	1.69

	typically
	6
	1.10
	claim
	23
	1.39

	feel
	5
	0.92
	might
	23
	1.39

	claim
	4
	0.74
	quite
	22
	1.33

	largely
	4
	0.74
	in my opinion
	19
	1.15

	perhaps
	4
	0.74
	usually
	15
	0.90

	usually
	4
	0.74
	possibly
	14
	0.84

	almost
	3
	0.55
	about
	12
	0.72

	generally
	3
	0.55
	appear
	12
	0.72

	indicate
	3
	0.55
	in general
	12
	0.72

	uncertain
	3
	0.55
	maybe
	12
	0.72

	apparent
	2
	0.37
	sometimes
	12
	0.72

	around
	2
	0.37
	relatively
	10
	0.60

	from this perspective
	2
	0.37
	unlikely
	10
	0.60

	relatively
	2
	0.37
	wouldn’t
	9
	0.54

	tend
	2
	0.37
	apparent
	8
	0.48

	unlikely
	2
	0.37
	certain
	8
	0.48

	fairly
	1
	0.18
	suggest
	8
	0.48

	possibly
	1
	0.18
	mainly
	7
	0.42

	probably
	1
	0.18
	fairly
	6
	0.36

	somewhat
	1
	0.18
	largely
	6
	0.36

	
	
	
	somewhat
	6
	0.36


 
In addition, we find terms relating to approximation (approximately, roughly, estimated, about), exclusively in the student essays. These are used in one of two key circumstances. One is to avoid absolute precision by indicating that the provided figures are not exact and thus should be treated as such, suggesting that the numbers are sufficiently accurate for current practical purposes (5). The second indicate a discrepancy between actual results and either an expected state or the concept routinely available to explain it, allowing a better match with familiar descriptive terms (6). These are what Quirk et al (1972: 509) refer to as “downtoners”, which weaken the force of an attribute and can be graded as to their strength (e.g. partially, quiet, barely, nearly). Together they hedge precision to increase the accuracy of statements:
5  eg with about/roughly/almost et + number
6  e.g with nearly, partialy, etc + non number
These are common and can be particularly useful in academic and formal writing, where precision, nuance, and careful framing of uncertainty are valued, although they were not present in the ChatGPT essays.

Boosters, on the other hand, work to express certainty and mark the writer’s involvement with the topic and solidarity with the audience, emphasizing conviction, personal engagement and reducing space for possible alternative viewpoints:
(7) Obviously the traits of such people are not wholly genetic, but there must be some genetic influence in the way their minds work. (student essay)
[bookmark: _Hlk159683321](8) recent studies have shown that the vast majority of people speak reasonably of the lottery, certainly not above the amount they can afford on their income.                                     (student essay)
These examples point to the complementarity of epistemic devices in many languages, including English, to work in harmony in offer a coherent and corresponding level of exactness in a text (Hyland, 1998; Hinkel, 2005). Thus, we see a booster must combining with a hedge some in (7) and show and the vast majority of in (8).

[bookmark: _Hlk159715922]Moreover, Table 4 shows that the choices of the forms selected as boosters differ considerably. Those in the ChatGPT essays are dominated by certainty boosters (e.g., demonstrate, evident, prove) which indicate a strong emphasis on evidence and the process of establishing the factual basis of statements. The students, on the other hand, also favoured forms which conveyed the intensity of the writer’s commitment (really, surely, clearly) and those marking the extremity of a scale (never, absolutely, completely). So in addition to certainty, they were able to amplify the emotional depth of their position or emphasize the absoluteness of an entity on a possible cline. In the same way as the students showed both a broader range of functions and forms, we find a similar diversity in their use of boosters.

Table 4 Most frequent boosters in ChatGPT and Student texts
	ChatGPT texts
	
	Student Texts
	

	Boosters
	Freq
	%
	Boosters
	Freq
	%

	must
	83
	37.39
	must
	84
	10.89

	certain
	32
	14.41
	think
	74
	9.60

	establish
	16
	7.21
	believe
	68
	8.82

	known
	16
	7.21
	certain
	51
	6.61

	clear
	14
	6.31
	always
	42
	5.45

	always
	6
	2.70
	of course
	35
	4.54

	demonstrate
	6
	2.70
	never
	34
	4.41

	show
	6
	2.70
	show
	29
	3.76

	truly
	6
	2.70
	certainly
	26
	3.37

	evident
	5
	2.25
	really
	26
	3.37

	true
	5
	2.25
	known
	25
	3.24

	believe
	4
	1.80
	know
	24
	3.11

	undoubtedly
	4
	1.80
	obvious
	24
	3.11

	actually
	3
	1.35
	true
	21
	2.72

	indeed
	3
	1.35
	in fact
	20
	2.59

	undeniable
	3
	1.35
	indeed
	20
	2.59

	undeniably
	3
	1.35
	surely
	20
	2.59

	realize
	2
	0.90
	actually
	17
	2.20

	believe
	1
	0.45
	sure
	17
	2.20

	found
	1
	0.45
	clear
	15
	1.95

	in fact
	1
	0.45
	prove
	15
	1.95

	prove
	1
	0.45
	thought
	15
	1.95

	think
	1
	0.45
	clearly
	14
	1.82

	
	
	
	establish
	10
	1.30

	
	
	
	find
	8
	1.04

	
	
	
	no
	8
	1.04

	
	
	
	realise
	8
	1.04

	
	
	
	undoubtedly
	6
	0.78



Hedges and boosters are therefore crucial elements of constructing an appropriate authorial stance by allowing writers to convey precise degrees of certainty and caution, mitigating their claims for particular contexts, genres and readers (Hinkel, 2005; Hyland, 2005). The fact that we find fewer of these rhetorical devices in the AI generated texts can be attributed to the fact that ChatGPT is designed to model human language using Natural language processing (NLP) of Large Language Models (LLMs). It is built to leverage statistical analysis of large collections of text and learns by determining the likelihood of word sequencing. According to Wolfram (2023), the model combines probabilistic calculations with contextual understanding to produce meaningful language. So it predicts the next word in a sequence and does this repeatedly until the output is complete. As a result, the generated texts privilege the grammatical and semantic dimension of language over the pragmatic nuances and the contingencies of social interaction. 

5.3 Affect: Differences in attitudinal stance
[bookmark: _Hlk159716257]In contrast to epistemic stance, the writer’s affective attitude is expressed through personal assessments and evaluations of information, typically conveying surprise, obligation, agreement, importance and so on. (Aull & Lancaster, 2014; Hyland, 2005). Although attitude can be expressed through a broad range of linguistic and communicative devices it is most explicitly signalled by attitude verbs (e.g., agree, expect), sentence adverbs (e.g., unfortunately, interestingly), and adjectives (e.g., essential, unusual) (e.g. Hyland & Jiang, 2016). Table 2 above shows that, like hedges and boosters, attitude markers are also significantly less frequent in the ChatGPT generated essays (LL=37.03, %DIFF=47.90, p<0.001). We can also see in that Table, however, that despite a lower normed frequency of attitude markers, these account for a much higher percentage of stance features overall in the ChatGPT essays. Interestingly, this corresponds with Jiang and Hyland’s (2024) study of stance bundles, where ChatGPT essays had a higher percentage of those expressing attitude. 

It is not always possible for outsiders to read every instance of an author’s attitude as affect is often implicitly invoked rather than openly inscribed (Martin & White, 2005). They are conveyed in unobtrusive, often subtle ways which are opaque to all but disciplinary insiders by drawing on shared views of particular methods, perspectives or theorists. Attitude markers thus bring affect to the surface, representing a deliberate attempt to generate the a similar sentiment in readers and convey something of the writer’s authorial personality. Forms thus seek to draw readers into “a conspiracy of agreement” (Hyland, 2005, p. 180):
(7) Unfortunately it also contained other causes which were overlooked and which have now seriously affected the sovereignty of the United Kingdom.                                      (student essay)
(8) This influence can be positive, as when members of a royal family engage in charitable work or bring attention to important social causes. 
(ChatGPT essay)

Once again, there are not only differences in frequencies between the choices made by ChatGPT and these British students, but also in the forms selected and the meanings they carry (Table 5). Following Dueñas (2010), we can see attitude markers as expressing assessment (inconsistent, obvious, tremendous), significance (central, core, relevant) and emotion (intriguing, surprising, unfortunately), and we find examples of all three types in both corpora. The students, however, used a wider range and greater frequency of attitude markers that convey stronger emotions and evaluations (amazingly, astonishing, disappointed), and more adverbs and adjectives that modify statements with greater precision (importantly, unfortunately, surprisingly), indicating a richer set of tools for nuanced argumentation. Furthermore, students also included interjections such as exclamation marks to convey attitudes, providing for more direct, expressive and emotionally engaging argumentation.



Table 5: Most frequent attitude markers in ChaptGPT and student essays
	ChatGPT
	
	
	Student essays
	
	

	Attitude markers
	Freq
	%
	Attitude markers
	Freq
	%

	essential
	39
	31.97
	even
	99
	39.44

	even
	30
	24.59
	important
	40
	15.94

	important
	19
	15.57
	agree
	17
	6.77

	desirable
	4
	3.28
	unfortunately
	10
	3.98

	preferred
	4
	3.28
	preferred
	9
	3.59

	remarkable
	4
	3.28
	expected
	8
	3.19

	appropriate
	3
	2.46
	hopefully
	7
	2.79

	striking
	3
	2.46
	importantly
	7
	2.79

	agree
	2
	1.64
	admittedly
	5
	1.99

	dramatically
	2
	1.64
	essential
	5
	1.99

	expected
	2
	1.64
	interesting
	4
	1.59

	unexpected
	2
	1.64
	correctly
	3
	1.20

	correctly
	1
	0.82
	disagree
	3
	1.20

	disagree
	1
	0.82
	dramatically
	3
	1.20

	dramatic
	1
	0.82
	!
	2
	0.80

	fortunate
	1
	0.82
	amazing
	2
	0.80

	hopeful
	1
	0.82
	appropriate
	2
	0.80

	interesting
	1
	0.82
	dramatic
	2
	0.80

	unfortunate
	1
	0.82
	preferable
	2
	0.80

	usual
	1
	0.82
	shocked
	2
	0.80

	
	
	
	understandable
	2
	0.80

	
	
	
	unfortunate
	2
	0.80



5.4 Presence: Differences in self-mention
Apart from expressing epistemic and attitudinal stance, writers can consciously control the level of interaction with readers by the rhetorical use of self-mention pronouns and possessive adjectives (Hyland, 2005). By choosing to project a visible or detached authorial self, writers can convey more or less involvement with their topic and readers and display an adherence to appropriate disciplinary conventions. Self-mention thus signifies the degree to which writers intervene in their texts to present propositional, affective and interpersonal information (Hyland, 2005; Hyland & Jiang, 2016). Table 2 also shows ChatGPT makes significantly less use of self-mention than students in these argumentative essays (LL=281.34, %DIFF=97.43, p<0.001).

Authorial presence is expressed through either first-person pronouns or possessive adjectives to present propositional, affective or interpersonal information, as here:
(9) In my opinion if boxing were to be banned then, not only would many people lose their job but I think that boxing would go “back street”. 
(student essay)
(10) although I do not agree with some of the animal activists I am in this case of the strong opinion that fox hunting should be banned in the United Kingdom. My reasons for this are as follows.         (student essay)
In presenting a clear discoursal self in this way, writers foreground their personal role in the argument and identify themselves strongly with their viewpoint, thus perhaps gaining credit for an individual voice. As Hyland (2005) notes, this is “a clear indication of the perspective from which a statement should be interpreted” (p.181), enabling writers to stress their own contribution to the topic and gain agreement for it in the argumentative writing.

We can see from Table 6, however, that ChatGPT is reluctant to adopt such a personal voice, preferring to follow more traditional models of formal academic argumentation of impersonality and objectivity. 

2 examples of ChatGPT avoiding personal pronouns
Table 6 shows the extent of this difference with the student essays.
Table 6:  Forms of self-mention in ChatGPT and Student essays
	ChatGPT essays
	
	
	Student essays
	
	

	Self-mention
	Freq
	%
	Self-mention
	Freq
	%

	me
	4
	66.67
	I
	243
	97.2

	mine
	1
	16.67
	me
	7
	2.8

	I
	1
	16.67
	
	
	



The strikingly lower frequencies of self-mention in the ChatGPT essays presumably, and once again, has much to do with the specific engineering of the model. As Wolfram (2023) argues, ChatGPT is “merely” pulling out some “coherent thread of text” from the “statistics of conventional wisdom” that it is accumulated (p.96). Therefore, it works to produce a “reasonable continuation” of text based on what it has learned from billions of internet texts of various kinds, rather than seeking to stamp a personal position on the texts it generates (Gao et al., 2023). This focus on producing text that aligns with broad linguistic patterns and expectations, rather crafting an individual perspective, leads to a reduced use of self-mentions. There is also another possible influence here in the underlying artificial-neural-net structure and modelling of ChatGPT contributes to an idealized human which works without the need for explicit self-referencing (Cotton et al., 2023).

6. Conclusion
AI-powered large language models are here to stay, and ChatGPT is expected to revolutionize English language education. Institutions, academics, teachers and the media have all weighed into the dangers and advantages of this development with the risks of plagiarism and the loss of critical and literacy skills set against the potential for enhanced language proficiency, interactive language practice and personalized learning (e.g. Kuhail et al., 2023). In order to live with these new realities of student access to powerful AL tools for writing, it is important to find ways to differentiate machine generated texts from those written by students and provide guidance on how to use the tools appropriately. Our research here is a step in this direction, demonstrating how text generated by a popular and widely available artificial intelligence tool can be distinguished from those written by humans, particularly in terms of textual and pragmatic coherence (Cotton et al., 2023; Godwin-Jones, 2022). 

We show in this paper that, compared with essays written by British undergraduates, ChatGPT takes a far more invisible stance through significantly less use of epistemic and attitudinal markers and fewer indications of authorial presence. We also found that not only do hedges and boosters occur more often in the student essays than those created by ChatGPT, but that they exhibited a wider range of expression, creating more nuanced and specific meanings. Attitude markers were also less frequent in the ChatGPT texts, although occupied a greater proportion of stance markers overall. The students also used more forms and used them to convey stronger emotions and more engaging arguments. Finally, the more detached interactional stance in ChatGPT essays is also seen in its minimal use of self-mention. We attribute these source differences to the way in which ChatGPT functions, responding to probabilities calculated from the vast amounts of text data it is fed and the artificial-neural-net structure and modelling it utilizes. 

This is one of the first linguistic analyses comparing academic texts by ChatGPT and human writers. It therefore has limitations and one of these is our focus of interactive elements of academic argument at which the programme might be expected to be imperfect. It must be said, however,  that we were tremendously impressed by the ability of the large language model to generate a series of extended and coherent responses to the prompts we gave it, and by the statistical procedure it uses to organise and present points in a logical sequence. Nevertheless, our findings indicate that ChatGPT is less adept at injecting the text with a sense of personal investment. It still lacks the ability to adopt a strong perspective on a topic and to engage in persuasive interactions to carry it through, thus neglecting aspects of argument that are highly valued in academic writing. This takes nothing away from our positive assessment of the essays it generated nor are we undervaluing the obvious power and affordances of ChatGPT for writing assistance. 

However, we cannot overlook the possible impact of ChatGPT on the language use of novice and L2 writers (Adeshola & Adepoju, 2023). The ease and effectiveness that ChatGPT displays in generating texts to order in this way may encourage students to assume that argumentative writing simply involves setting out ideas in a coherent sequence. The fact that these texts display little of the writer’s attempts to project a credible authorial self or to engage with the perspectives of readers advances a rather disembodied and objective view of writing that lacks human involvement or investment. Language can be regarded as merely a means of encoding external meanings without the emotions, beliefs and tensions of human argumentation. They cannot see in these AI generated essays the ways that writers control the level of personality in a text and display an awareness of its readers by indicating the strength of their own views and acknowledging those of others. In other words, the reader-oriented perspective of writing which has emerged over the last 50 years is underplayed, if not lost altogether.

Obviously it is impossible now to hold back the tide and reject the use of AI-powered text-generating models by students. But perhaps their current limitations in incorporating an individual voice and nuanced argument indicates a role in teaching academic writing. ChatGPT texts offer important materials for consciousness-raising activities, enabling students to compare such outputs with the texts of expert human writers, noting points of contrast in stance and demonstrating the contribution these features make to effective argumentation. Recognizing the saliency and meaning of these features can help foster skills of critical analysis among students, enabling them to discern their impact on texts which are nuanced and reader responsive. In addition, students can be guided to recognize the limitations and strengths of AI in language production, helping to promote a balanced and informed approach to utilizing AI tools in their writing.

Finally, we realise that things are moving fast in this area. The development of LLMs proceeds at pace and, as ChatGPT continues to improve, we can anticipate models with an enhanced understanding of context, a reduction in biases towards particular kinds of texts, and more finely-tuned capabilities. Evolution underlines AI’s journey towards more refined and contextually aware language generation models, and, as a result, greater challenges for teachers, students and those involved in education and beyond.
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	[bookmark: _Hlk160990432][bookmark: _Hlk160991459]Hedges
	Freq
	%
	Boosters
	Freq
	%
	Attitude markers
	Freq
	%
	Self-mention
	Freq
	%

	often
	125
	23.02
	must
	83
	37.39
	essential
	39
	31.97
	me
	4
	66.67

	could
	111
	20.44
	certain
	32
	14.41
	even
	30
	24.59
	mine
	1
	16.67

	may
	95
	17.50
	establish
	16
	7.21
	important
	19
	15.57
	I
	1
	16.67

	argue
	50
	9.21
	known
	16
	7.21
	desirable
	4
	3.28
	
	
	

	might
	24
	4.42
	clear
	14
	6.31
	preferred
	4
	3.28
	
	
	

	sometimes
	19
	3.50
	always
	6
	2.70
	remarkable
	4
	3.28
	
	
	

	would
	18
	3.31
	demonstrate
	6
	2.70
	appropriate
	3
	2.46
	
	
	

	possible
	16
	2.95
	show
	6
	2.70
	striking
	3
	2.46
	
	
	

	likely
	13
	2.39
	truly
	6
	2.70
	agree
	2
	1.64
	
	
	

	suggest
	9
	1.66
	evident
	5
	2.25
	dramatically
	2
	1.64
	
	
	

	frequently
	8
	1.47
	true
	5
	2.25
	expected
	2
	1.64
	
	
	

	typically
	6
	1.10
	believe
	4
	1.80
	unexpected
	2
	1.64
	
	
	

	feel
	5
	0.92
	undoubtedly
	4
	1.80
	correctly
	1
	0.82
	
	
	

	claim
	4
	0.74
	actually
	3
	1.35
	disagree
	1
	0.82
	
	
	

	largely
	4
	0.74
	indeed
	3
	1.35
	dramatic
	1
	0.82
	
	
	

	perhaps
	4
	0.74
	undeniable
	3
	1.35
	fortunate
	1
	0.82
	
	
	

	usually
	4
	0.74
	undeniably
	3
	1.35
	hopeful
	1
	0.82
	
	
	

	almost
	3
	0.55
	realize
	2
	0.90
	interesting
	1
	0.82
	
	
	

	generally
	3
	0.55
	believe
	1
	0.45
	unfortunate
	1
	0.82
	
	
	

	indicate
	3
	0.55
	found
	1
	0.45
	usual
	1
	0.82
	
	
	

	uncertain
	3
	0.55
	in fact
	1
	0.45
	
	
	
	
	
	

	apparent
	2
	0.37
	prove
	1
	0.45
	
	
	
	
	
	

	around
	2
	0.37
	think
	1
	0.45
	
	
	
	
	
	

	from this perspective
	2
	0.37
	
	
	
	
	
	
	
	
	

	relatively
	2
	0.37
	
	
	
	
	
	
	
	
	

	tend
	2
	0.37
	
	
	
	
	
	
	
	
	

	unlikely
	2
	0.37
	
	
	
	
	
	
	
	
	

	fairly
	1
	0.18
	
	
	
	
	
	
	
	
	

	possibly
	1
	0.18
	
	
	
	
	
	
	
	
	

	probably
	1
	0.18
	
	
	
	
	
	
	
	
	

	somewhat
	1
	0.18
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	[bookmark: _Hlk160990198][bookmark: _Hlk160990061]Hedges
	Freq
	%
	Boosters
	Freq
	%
	Attitude markers
	Freq
	%
	Self-mention
	Freq
	%

	would
	599
	36.11
	must
	84
	10.89
	even
	99
	39.44
	I
	243
	97.2

	could
	225
	13.56
	think
	74
	9.60
	important
	40
	15.94
	me
	7
	2.8

	may
	196
	11.81
	believe
	68
	8.82
	agree
	17
	6.77
	
	
	

	possible
	62
	3.74
	certain
	51
	6.61
	unfortunately
	10
	3.98
	
	
	

	often
	49
	2.95
	always
	42
	5.45
	preferred
	9
	3.59
	
	
	

	argue
	44
	2.65
	of course
	35
	4.54
	expected
	8
	3.19
	
	
	

	feel
	44
	2.65
	never
	34
	4.41
	hopefully
	7
	2.79
	
	
	

	perhaps
	32
	1.93
	show
	29
	3.76
	importantly
	7
	2.79
	
	
	

	likely
	31
	1.87
	certainly
	26
	3.37
	admittedly
	5
	1.99
	
	
	

	almost
	28
	1.69
	really
	26
	3.37
	essential
	5
	1.99
	
	
	

	probably
	28
	1.69
	known
	25
	3.24
	interesting
	4
	1.59
	
	
	

	claim
	23
	1.39
	know
	24
	3.11
	correctly
	3
	1.20
	
	
	

	might
	23
	1.39
	obvious
	24
	3.11
	disagree
	3
	1.20
	
	
	

	quite
	22
	1.33
	true
	21
	2.72
	dramatically
	3
	1.20
	
	
	

	in my opinion
	19
	1.15
	in fact
	20
	2.59
	!
	2
	0.80
	
	
	

	usually
	15
	0.90
	indeed
	20
	2.59
	amazing
	2
	0.80
	
	
	

	possibly
	14
	0.84
	surely
	20
	2.59
	appropriate
	2
	0.80
	
	
	

	about
	12
	0.72
	actually
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