Richard Watson Todd,

Applied Janguage Sciences

Applied Language Sciences, 2026, 2, 260108 Page 1 of 15
https://doi.org/10.65553/ALS.260108

Using generative Al to revise articles: How

much is too much?

Richard Watson Todd'™

"Correspondence:

richard.tod@kmutt.ac.th

' School of Liberal Arts, King
Mongkut's University of
Technology Thonburi, Thailand

’.) Check for updates

{ GloDAL

Global Digital Applied
Linguistics Association

-

Abstract

The use of generative Al (GenAl) to aid in the writing of research articles is potentially
highly beneficial, yet the practice runs the risk of producing texts that are not the author’s
original contribution. Based on distributed cognition, this research focuses on using
GenAl prompts of different strengths to revise an article. Eight extracts of early drafts of
human-written articles were revised using four prompts ranging from light editing to heavy
editing. The resulting texts were evaluated on five criteria. Three criteria showed similar
patterns (tagging by an Al detector, proportion of original wording retained, and use of
rare words) with the lightest edited texts being around 90% original contribution, and the
heaviest edited texts around 20% original contribution. Offloading the processes of
revising articles to GenAl can result in loss of authorial ownership. The implications of the

findings for journals and for GenAl training for researchers are discussed.
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1. Introduction

A key principle of research integrity is that authors must take full responsibility for the
content of their publications (Krumholz, 2025). For writing up research, traditionally a
major concern was plagiarism where authors would engage in imposture with a potential
risk of being found out. Since the advent of generative Al (GenAl) and its massive
explosion in use, imposture is more likely to involve representing GenAl text, rather than
the text of other authors, as one’s own. There are now numerous grey areas in what is
acceptable practice. Can Al-generated text be included in an article as long as the author
has curated it? How much GenAl editing of a text is acceptable? Does GenAl content
generation imply a lack of author responsibility? At the same time the extent to which
GenAl is used in writing an article is very difficult to discover.

The changes brought about by the rise of GenAl have impacts on the training of
research writing. Increasingly, courses in English for research publication purposes (ERPP)
are addressing the potential roles of GenAl in the writing process and attempting to balance
the benefits and dangers. For example, the course on the use of GenAl in research writing
by Nature Masterclasses (https://www.nature.com/masterclasses/generative-ai-in-
publishing/51470194) highlights the supposed improvements in productivity while
emphasising the need for research integrity and responsibility. The use of GenAl in research
writing is complex, context- and discipline-specific, and in constant flux as new tools and
new versions become available. Consequently, most GenAl in ERPP courses rely on
interacting with GenAl tools and reflecting on these experiences (e.g., Gabriel, 2024; Ou
etal., 2024). Yet, studies into Al literacy for researchers (e.g., Parker & Becker, 2026) show
that researchers consistently ask for guidance in areas such as evaluating GenAl output for
bias, ensuring accountability and maintaining authorial voice.

The issue of authorial voice is particularly important as GenAl revisions to a text, when
extensive, can result in substantial stylistic and argumentative changes, leading to a loss of
authorial voice with a consequent impact on feelings of authorial ownership (Altalib, 2026).
Despite such potential consequences, using GenAl to edit or revise texts is the most widely
used application of GenAl in the research process (Andersen et al., 2025) and is also
broadly accepted. In a survey, nearly 80% of PhD students viewed light editing, akin to
proofreading, as appropriate (Wu et al., 2026). For authors whose first language is not
English (and even for English native speakers with little experience in academic writing,
Lei & Yang, 2020), being able to use GenAl to edit their drafts to meet the expected
standards is empowering, which, to some extent, reduces the inequalities inherent in an
English-dominated environment (Mohebbi, 2026). However, 70% of the PhD students
rated extensive revisions as inappropriate (Wu et al., 2026), presumably because allowing
GenAl free rein in revising a text “inevitably results in a complete rewrite that leaves little
trace of the author’s original style” (Baron, 2024, p. 80). Indeed, text editing can blur into
text generation, and “the content generated by NLP systems [i.e., GenAl] is not the author’s
original content” (Tang, 2024, p. 1242). With light editing or supportive GenAl use, writers
can feel that their voice has, at least partially, been retained and so feel some sense of
ownership, perceptions which do not necessarily hold for heavy editing (Altalib, 2026).
While there is fairly wide agreement on the appropriacy of light editing and the
inappropriacy of heavy editing (Cheng et al., 2025), there is surprisingly little research into
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how the wording of prompts affects the level of editing. There is, therefore, a need for
research investigating how different GenAl prompts change texts and affect authorial voice
and ownership.

The use of GenAl as a tool to revise writing can be viewed from the perspective of
distributed cognition, which argues that cognitive processes are not isolated in an individual
but are distributed in an ecology. There are two main types of distributed cognition
(Hutchins, 2000; Salomon, 1997). Shared cognition is where interaction with other people
is key to the cognitive processes; cognitive offloading is where external structures, such as
materials and tools, become part of the cognition. For writing, traditionally some cognitive
processes would be offloaded to pen and paper. For example, when planning, writers would
not try to organise all of their thinking in their brain, but would offload aspects of memory
to written notes. GenAl is a powerful tool for offloading cognitive processes, such as
structuring an argument, checking for inconsistencies, and revising texts. In using GenAl
in these ways, it becomes a collaborator where human-GenAl interaction is viewed as a
coupled cognitive system (Zhao & Han, 2026). In any collaboration, the collaborators take
on different roles and have different levels of input into the final product. From a distributed
cognition perspective, human-GenAl interaction falls on a continuum of human agency
with different proportions of human and GenAl contributions to the final product. As
greater proportions of cognitive processes are offloaded to GenAl, issues of authorial
ownership, a concern in research integrity, become apparent. This paper views human-
GenAl interaction as distributed cognition, where editing or revising a draft of a research
article is offloaded to GenAl. The study investigates how prompts of different strengths
affect the extent to which the revised version can be considered the author’s original
contribution.

1.1 GenAl use to support writing
Nearly all journals now require declarations concerning how Al was used in the research,
and often these include guides for how GenAl can and cannot be used to help in writing
the article. From recent surveys (Charbonneau & Zhang, 2026; Ganjavi et al., 2024), only
1% of journals explicitly prohibited the use of GenAl in any form, and the majority
permitted the use of GenAl to improve the language of the manuscript. These guidelines
are policed through self-regulation and self-disclosure (Zhaksylyk et al., 2023). Examples
include:

Authors preparing a manuscript for this journal can use Al Tools to support

them ... Ultimately, authors are responsible and accountable for the contents

of their work. This includes accountability for: ... Editing and adapting all

material thoroughly to ensure the manuscript represents the author’s authentic

and original contribution and reflects their own analysis, interpretation,

insights and ideas. (Elsevier, 2026, https://www.elsevier.com/about/policies-

and-standards/generative-ai-policies-for-journals)

We distinguish various uses for Al and related technologies as: assistive (and
no longer requiring disclosure), generative (requiring disclosure), and
prohibitive ... Al tools that make suggestions to improve or enhance your own
work, such as tools to improve language, grammar, or structure, are considered
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assistive Al tools and do not require disclosure by authors or reviewers ...
Inappropriate use of GenAl includes: Generation of incorrect text or content.
(Sage Publications, 2026, https://www.sagepub.com/journals/publication-
ethics-policies/artificial-intelligence-policy)

Under the Elsevier guidelines, cases where GenAl has been used to either generate or
heavily revise text without the product being curated by the author(s) would be prohibited.
Supposedly, such cases can be found by searching for phrases such as “As an Al language
model” (Gulumbe, 2024). There are 1,860 instances of this phrase returned in Google
Scholar but none of the top 100 returns show uncurated GenAl output (nearly all concern
interacting with GenAl). Other phrases, such as “If you want, I can also” (the standard
opening to the final paragraph in a ChatGPT response), while rarer, provide clearer
evidence of a lack of curation of GenAl output. Of the 118 returns in Google Scholar, 108
appear to be blatant copying from GenAl. For example:

Accordingly, the projection is used to motivate discussion of design
safeguards (e.g., risk-based pricing, portfolio caps, and monitoring discipline)
under conditions of potential scheme expansion. If you want, I can also
produce a 2.3. Variable Definitions and Measurement subsection (top-journal
standard) that defines “default”, “growth”, and “coverage” precisely and
makes the paper more “reviewer-proof”. (Xhafa, 2025, p. 189)

Most researchers, however, are not so careless, but authors who generate whole
sections through GenAl are unlikely to pay much attention to the journal guidelines and
would probably not self-declare such use of GenAl.

The publishers appear to be aiming at authors with at least some integrity, for example,
those who write a rough first draft before turning to GenAl for writing support, and these
authors are also the target group for GenAl in ERPP courses. This language mediation is
one of the three main uses of GenAl to aid writing by university students (Khanh-Quynh
& Cong-Lem, 2026). Using GenAl as an assistive tool for light editing of text is clearly
beneficial for academia, and is supported in the Sage guidelines by not requiring disclosure.
However, GenAl can also be used to revise text to such an extent that the finished product
does not represent the author’s authentic and original contribution.

In using GenAl to edit texts, the wording of the prompt affects the extent to which the
revised text is either lightly edited (retaining authorial ownership) or Al-generated. This
research uses five criteria to measure the effects of the prompts on the revised texts:

1.The extent to which the revised text is tagged as human-authored or Al-generated by
an Al detector.

2.The length of the revised text.

3.The percentage of original wording retained in the revised text.

4.The use of rare words in the revised text.

5.The presence of noun + preposition phrases in the revised text.

Using these criteria, the study aims to answer the research question: How do editing
prompts of different strengths affect the authorial ownership of a text? Conducting such an
analysis should allow us to make suggestions about the borderline between acceptable text
editing and unacceptable text generation with implications for the design of GenAl in ERPP
courses.
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2. Research methodology
2.1 The data

Starting with eight human-authored texts, each text was revised using four different
GenAl prompts to produce 40 texts for analysis (8 original and 32 revised). Each of the 40
texts was analyzed for the five criteria to provide evidence of the extent to which the text
could be considered the author’s original contribution.

2.1.1 The original texts
The eight original texts consisted of extracts several paragraphs long taken from the
literature reviews of early drafts of research articles. All were written by PhD students
studying applied linguistics at a Thai university whose first language was not English. The
research reported generally falls within the areas of corpus linguistics and discourse
analysis. All drafts were written before 2022 and so could be guaranteed to be human-
authored. The texts all fall under broad consent allowing work completed as part of study
to be used for research. The texts range from 299 to 449 words in length.

2.1.2 The revised texts
Assuming that authors using GenAl to revise their articles are not Al specialists, the free
version of ChatGPT (GPT 5.3 in March 2026), the most widely used GenAl application,
was used in this study. Each of the eight texts was entered into ChatGPT four times to be
revised following four prompts. Each use was started as a new conversation.

The first two prompts assume a low level of Al literacy and are the most basic prompts
possible. To see if the directions edit and revise produce different responses, these prompts
are:

1.Please edit the following text:

2.Please revise the following text:

These are termed ‘Plain Edit’ and ‘Plain Revise’ respectively. Intuitively, and based on
advice for student writers (e.g. https:/slc.berkeley.edu/writing-worksheets-and-other-
writing-resources/editing-vs-revision), editing focuses on the surface features of text at the
sentence level, whereas revising involves more holistic features such as argumentation. We
may therefore expect Plain Revise texts to have made more changes to the original text than
Plain Edit.

The third prompt reflects both the spirit and the wording of the journal Al use
guidelines, aiming to limit changes to surface features and retain as much of the original
author-written text as possible. This prompt mirrors the human written, light Al editing
condition of Cheng et al. (2025) with little processing offloaded to GenAl. Termed ‘Full
Edit’, the prompt is:

3.Please edit the following text retaining as much of the original content and wording
as possible with the only changes being those related to infelicitous phrasing.

The fourth prompt may follow the wording of the journal Al use guidelines but does
not manifest the spirit. Termed ‘Full Revise’, the prompt aims to maximise the likelihood
of the article being accepted while paying lip-service to research integrity. This prompt
mirrors the human written, heavy Al editing condition of Cheng et al. (2025) where large
proportions of processing have been offloaded to GenAl with potential implications for
authorial ownership. The prompt is:

4.Please revise the following text to make it seem as if it were written by a leading
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researcher for a high-level academic journal.

To illustrate how these prompts change the text, a short paragraph from one of the
original texts is provided together with the four revised texts. Using the side-by-side text
comparison tool, https://www.diffchecker.com/, words changed in the revised texts are
highlighted in bold.

Original text

ESP genre analysis appears to involve two broad approaches: first, a genre-based
approach involving the identification of a genre by investigating the operation of texts
within a context in terms of communicative purposes, and second, identification of
linguistic features which commonly occur within texts sharing communicative purposes
(Bruce, 2008). Among ESP researchers and theorists, communicative purpose is the
primary criterion for the identification of genres. This view of genre analysis is based on
the principle that several texts can be categorised into a single genre by their shared
communicative purpose.

1. Plain Edit text

ESP genre analysis generally encompasses two broad approaches. The first is a genre-
based approach, which involves identifying a genre by examining how texts operate within
a context, particularly in terms of their communicative purposes. The second approach
focuses on identifying linguistic features that commonly occur in texts sharing similar
communicative purposes (Bruce, 2008). Among ESP researchers and theorists,
communicative purpose is regarded as the primary criterion for genre identification. This
perspective is grounded in the principle that multiple texts can be categorised within a
single genre based on their shared communicative purpose.

2. Plain Revise text

ESP genre analysis is generally understood to encompass two broad approaches. The
first is a genre-based approach, which involves identifying a genre by examining how texts
operate within a particular context, especially in terms of their communicative purposes.
The second focuses on identifying the linguistic features that commonly occur in texts
sharing similar communicative purposes (Bruce, 2008). Within ESP research,
communicative purpose is widely regarded as the primary criterion for genre identification.
This perspective is grounded in the principle that texts can be grouped into a single genre
based on their shared communicative purposes.

3. Full Edit text

ESP genre analysis appears to involve two broad approaches: first, a genre-based
approach involving the identification of a genre by investigating how texts operate within
a context in terms of communicative purposes; and second, the identification of linguistic
features that commonly occur within texts sharing communicative purposes (Bruce, 2008).
Among ESP researchers and theorists, communicative purpose is the primary criterion for
the identification of genres. This view of genre analysis is based on the principle that several
texts can be categorised into a single genre based on their shared communicative purpose.

4. Full Revise text

ESP genre analysis has conventionally been conceptualised in terms of two
complementary, though analytically distinct, orientations. The first adopts a genre-based
perspective, in which genres are identified through the examination of how texts function
within specific socio-rhetorical contexts, particularly with respect to their communicative
purposes. The second foregrounds the recurrent linguistic features that typify texts sharing
such purposes (Bruce, 2008). Within ESP scholarship, communicative purpose is widely
regarded as the primary criterion for genre identification, reflecting the assumption that
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texts may be grouped into a genre insofar as they realise a shared set of communicative
intentions.

2.2 Data analysis
The 40 texts (5 versions of 8 texts) were evaluated based on 5 criteria. The results show
the findings for the 8 texts combined.

Criterion 1: Proportion of Al-generated text

The increased use of GenAl to aid writing has led to the development of numerous
online Al detection tools. While their reliability varies, high-quality Al detectors generally
perform better at distinguishing between human-authored and Al-generated text than
human informants (Cheng et al., 2025; Elkhatat et al., 2023). Seven online detectors were
piloted using 4 original texts and 4 Full Revise texts. Only one of the detectors consistently
identified the original texts as 100% human-written and the Full Revise texts as at least 50%
Al-generated.

The Quillbot Al detector v7.1.0 (https://quillbot.com/ai-content-detector) calculates three
values for any inputted text: % of Al-generated text, % of human-written and Al-refined
text, and % of human-written text. After inputting all 40 texts, only two returned values for
human-written and Al-refined text; these percentages were therefore added to the human-
written percentages for those two texts.

Criterion 2: Length of text

The length of each of the 40 texts was calculated using the Word Count function in
Microsoft Word.

Criterion 3: Proportion of original wording retained

Using the diffchecker side-by-side comparison tool (https://www.diffchecker.com/), each
of the 32 revised texts were compared against their respective original text. The number of
words retained from the original text in the revised text (normal font in the examples above)
and the number of changed words (bold font in the examples) were counted and calculated
as percentages of the total number of words in the revised text.

Criterion 4: Use of rare words

GenAl output has a reputation for including a higher than usual frequency of certain
relatively rare words, such as delve and underscore (Hirosawa et al., 2025; Juzek & Ward,
2025). These are well-known examples of a tendency for GenAl output to include a
relatively high proportion of words outside the top 5,000 most frequent words in English
(Watson Todd, 2024), which, in turn, is a symptom of the formal nature of GenAl-
generated texts (Rodrigues et al., 2026). To see if the revised texts included a higher
frequency of rare words than the original texts, all 40 texts were analyzed using the
Vocabulary Profiler at https://www.eapfoundation.com/vocab/profiler/. BNC/COCA was used as
the comparative database since this generates the frequencies of the number of words in a
text at each of the top 1,000 word ranges up to 26,000. The most frequent 1,000 words are
termed 1K words; the next most frequent 1,000 words (i.e., words ranked 1,001 to 2,000)
are termed 2K words, and so on. The frequencies of word types for the ranges 3-5K (to
account for formal language, such as the replacement of phrasal verbs with Latinate verbs),
6-10K (which includes delve and underscore), and 11-25K (for rarer words) were
calculated and represented as percentages of the number of words in each text.

Criterion 5: Frequency of noun + preposition phrases

One characteristic of academic writing is frequent use of modified noun phrases, such
as those post-modified by prepositional phrases (Parkinson & Musgrave, 2014). When
writing academic texts, GenAl may overuse features distinguishing the register from other
uses of language. Jiang and Hyland (2025) investigated the frequency of types of 3-word
bundles in human-authored and Al-generated academic texts, finding that the type most



https://quillbot.com/ai-content-detector
https://www.diffchecker.com/
https://www.eapfoundation.com/vocab/profiler/

Richard Watson Todd, Applied Language Sciences, 2026 Page 8 of 15

associated with GenAl texts was noun + preposition bundles (e.g. the potential for). To
examine this, corpora were compiled for each of the 5 types of text and these were tagged
for parts of speech using the Multidimensional Analysis Tagger at
https:/sites.google.com/site/multidimensionaltagger (Nini, 2019). Using AntConc 3.5.9
(Anthony, 2022), the frequencies of first, noun + of phrases, and, second, noun +
preposition phrases were counted for each corpus and the strength of collocation measured
using T-scores (where higher scores indicate stronger associations).

3. Results
To present the findings, the results from the 8 texts are collated allowing the different
versions of the texts to be compared using the five criteria.

3.1 Proportion of Al-generated text
Table 1 presents the average percentages assigned to humans and GenAl in the texts using
the Quillbot Al detector, together with minimum and maximum values.

Table 1. Proportions of human and Al text in the five versions

Human-written Al-generated

Text version Average SD Max Min Average SD Max Min
Original 100.0 0.0 100.0 100.0 0.0 0.0 0.0 0.0
Plain Edit 674 16.7 91.0 43.0 32.6 16.7 57.0 9.0
Plain Revise 50.9 11.8 67.0 31.0 49.1 11.8 69.0 33.0
Full Edit 94.5 12.3 100.0 65.0 5.5 12.3 35.0 0.0
Full Revise 233 214 57.0 0.0 76.8 214 100.0 43.0

Table 1 shows that the Full Edit texts are very similar to the original text in the level
of human-written content, while the Full Revise texts are difficult to distinguish from fully
Al-generated texts. In other words, the Full Edit texts appear to retain authorial voice and
ownership, whereas, in the Full revise texts, cognitive control over the text has been
relinquished to GenAl. The use of ‘Edit’ in the prompt retains more of the human-written
elements than using ‘Revise’, but the difference is not clear.

3.2 Length of texts
Table 2 shows the average lengths of the five versions of the texts.

Table 2. Lengths of the five versions of the texts

Text version Average SD Max Min
Original 384 49.6 449 299
Plain Edit 354 28.5 400 317
Plain Revise 359 34.5 404 319
Full Edit 377 45.5 436 295
Full Revise 437 73.7 555 356

The Full Revise texts are on average roughly 50 words longer than the original texts
suggesting that GenAl may have added additional content to the original. In this case,
offloading processes to GenAl has impacted authorial ownership of the finished product.
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Such additions can be seen in the first sentence of the example paragraphs where the Full
Revise text adds information that the two approaches are “complementary, though
analytically distinct”. The other versions are generally, but not markedly, shorter than the
original texts.

3.3 Proportion of original wording retained

Table 3 shows the percentages of the wording in the original text which are retained in the
revised texts.

Table 3. Proportions of original wording retained in the revised texts

Text version Average SD Max Min
Plain Edit 56.7 6.0 65.0 47.9
Plain Revise 473 8.7 60.0 322
Full Edit 83.6 5.3 94.1 77.1
Full Revise 17.7 5.8 28.9 11.5

From Table 3, the majority of the Full Edit texts are the same as the original texts
suggesting that they reflect the author’s authentic and original contribution and maintain
authorial voice. Both the Plain Edit and the Plain Revise texts retain around half of the
original texts with the Plain Edit texts retaining slightly, but not markedly, more than the
Plain Revise texts. These can probably be considered borderline cases in terms of the extent
to which they reflect the original contribution. The Full Revise texts retain very little of the
original with GenAl contributing the majority of the final text. It is difficult to see how an
author with integrity could claim authorial ownership and self-report such texts as being
their authentic contribution.

3.4 Use of rare words
Table 4 shows the percentages of word types in the 3-5K, 6-10 K and 11-25K ranges for

the five versions of the texts.

Table 4. Percentages of rare words in the five versions of the texts

3-5K words 6-10K words 11-25K words
Version Av SD Max Min Av SD Max Min Av SD Max Min
Original 186 34 260 157 3.0 1.3 4.5 1.0 0.7 0.9 2.5 0.0
P Edit 227 37 290 179 28 1.2 4.7 1.0 0.8 0.7 2.1 0.0
P Revise 226 4.5 314 18.1 2.9 1.0 3.8 1.2 0.8 0.7 2.1 0.0
F Edit 195 32 261 152 29 1.3 4.5 0.9 0.7 0.9 2.5 0.0

F Revise 30.0 3.1 334 239 47 1.3 7.4 3.3 1.4 0.9 2.9 0.4

To illustrate what these numbers mean, for the original text from which the paragraph
used as an example was extracted, there are 36 word types in the 3-5K range representing
19% of all word types (e.g., academic, analysis, classification, genre) 2 word types (1%) in
the 6-10K range (grammatical, lexical), and none in the 11-25K range.
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The differences between the original text and the first three revised texts are negligible
with a small rise in the proportions of 3-5K word types suggesting a slight increase in the
level of formality (e.g., generates in the original is replaced by activates, and in terms of is
replaced by in the domain of). The 6-25K word types in the original texts are mostly
technical terms which are retained in the first three revised texts with no additional rare
words. The Full Revise texts are noticeably different to the others with sharp increases in
the use of less frequent words across all levels. The increase in the use of 3-5K word types
indicates a sharp rise in the level of formality. The rarer word types in the Full Revise texts
include some technical terms (e.g., anaphoric, psycholinguistic, semiotic), some words
broadly associated with academic writing (e.g., discursive, longitudinal, operationalize),
and some infrequent replacements of common concepts (e.g. elucidate, pertains, recasting).
Taken together, these additions mean that the Full Revise texts are written in a style very
different to that of the author’ s original texts resulting in a loss of authorial voice.

3.5 Frequency of noun + preposition phrases
Table 5 shows the frequencies and strengths of collocation of two forms of postmodified

noun phrases.

Table 5. Frequency of postmodified noun phrases

Noun + of Noun + preposition
Text version Frequency T-score Frequency T-score
Original 77 7.7 180 10.9
Plain Edit 49 6.0 125 8.7
Plain Revise 56 6.5 139 9.3
Full Edit 63 6.8 165 10.3
Full Revise 78 7.7 183 10.8

From Table 5, the original texts and the Full Revise texts make similar use of
postmodified noun phrases, while these noun phrases are less common in the other three
types of text. These findings suggest that, contrary to Jiang and Hyland (2025), for the data
in this study postmodified noun phrases are not indicators of GenAl-written texts.

4. Discussion

Of the five criteria used to analyze texts in this study, three show a similar pattern across
types of text, while two do not clearly distinguish between the texts. Given the minor
differences in length of text and frequency of noun + preposition phrases, these criteria will
not be considered further, and the discussion will focus on proportion of Al-generated text,
proportion of original wording retained, and use of rare words.

The five types of text can be positioned on a continuum from human-written to Al-
generated as shown in Figure 1 with similar placements on three criteria (proportion of AI-
generated text, proportion of original wording retained, and proportion of 11-25K words).
Generally, on these criteria, Full Edit texts are very similar to the original human-written
texts, while Full Revise texts are close to Al-generated texts. The Plain Edit and Plain
Revise fall in the middle.
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Full Plain Plain Full

Original ¢ Edit  Revise Revise

Human-written < -%-generated

Figure 1 Levels of humanness in five types of text

Figure 1 supports the idea of a continuum of levels of collaboration between authors
and GenAl as posited by distributed cognition theory. From left to right, cognitive processes
are increasingly offloaded to GenAl, the extent to which the final text represents GenAl
contributions increases, and the levels of human agency and control fall. This continuum is
similar to a categorisation of GenAl users proposed by Poquet et al. (2026). Analysing
GenAl use by students completing a reading synthesis task in an experimental setting, they
found five types of GenAl users: no-offloading, clarifying, strategic offloading,
comprehension offloading, and full offloading. These types differed in the extent to which
comprehension and synthesis processes were offloaded to GenAl. Clarifying and strategic
offloading primarily asked for GenAl support at the local level, whereas comprehension
and full offloading applied to whole texts (such as asking for an easy-to-read summary)
with little or no evaluation of the GenAl output. There are parallels between Poquet et al.’s
(2026) user types and the continuum in Figure 1. The original human-written text is
equivalent to no-offloading; Full Edit is similar to clarifying; Plain Edit and Plain Revise
mirror strategic offloading; and Full Revise is akin to comprehension offloading. A fully
GenAl-generated text would be full offloading. Based on these close parallels, from a
distributed cognition perspective, the use of GenAl should not be seen as a dichotomy
(whether to use GenAl or not), but as a continuum of human agency, proportions of
contributions, and authorial ownership.

5. Implications
5.1 Study Contributions

Tang (2024) argues for the need for journals to develop policies about how much
GenAl-generated content is acceptable, since “there remains a lack of clarity about the
limits of permissible use” (Mohebbi, 2026, p. 225). Some journals already use Al detection
tools as a matter of course. For example, the Journal of Population and Social Studies states:

JPSS employs Al detection tools to assess the presence of Al-generated
content ... If an Al detection report suggests substantial Al involvement
beyond what has been disclosed, authors may be required to provide further
clarification (https://s003.tci-thaijo.org/index.php/jpss/Al_Use Policy)

In such cases, it is unclear what tool is being used, how it works, how reliable it is, and
what cutoff is viewed as sufficient for editorial concern.

Choice of tool is crucial, since a couple of the detectors piloted in this study produced
seemingly random results. Even for more reliable detectors, some Al detection tools use
probabilistic models (e.g., Miralles-Gonzdlez et al., 2025), while others are based on text
features, including lexical diversity (e.g., Yamashita & Meier, 2025), yet none of the
providers of readily available tools document how they work. The technology is being
continuously updated, and there is an arms race with tools available for humanising Al-
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generated texts to beat Al detectors (Zhou et al., 2024), some of which may remove the rare
words favoured by GenAl. While the more reliable Al detection tools can provide input for
human decision making, it is very difficult to see how they can be relied on as the
technology shifts.

If Al detection tools cannot be used, journals will have to rely on author self-disclosure,
which comes with its own problems. First, it is easy to envisage cases where an author
might submit a Full Revise text to a journal and, following the Sage journal guidelines, not
declare use of GenAl since editing supposedly falls under assistive GenAl use. Yet the
submitted article is far closer to an Al-generated text than it is to the original article.
Claiming that a Full Revise text is still the author’s authentic and original contribution is
highly dubious. Second, despite many journals requiring Al use statements, disclosure rates
are very low as only 4.2% of articles include any Al disclosure statement, with a third of
these explicitly reporting non-use (Moorhouse et al., 2026). The remaining 2.8% include
any form of Al use, including light editing, yet an analysis of conference papers showed
that 7-15% of texts were “substantially modified by Al beyond a simple grammar check”
(Liang et al., 2024, p. 10), in other words, changed at the level of at least Plain Edit in this
study. Even more worryingly, any GenAl revisions to a text might not be curated by the
author. Albeit in an inauthentic experimental setting, Noy and Zhang (2023) found that 33%
of authors accepted Al output without any checking, while another 53% conducted minimal
checks. The overall picture, then, is that self-disclosure does not appear to be working with
very low disclosure rates and, even when GenAl use is reported, the extent of human
oversight is unclear.

In contrast to the Al detection tools, the proportion of original wording retained in the
revised text cannot be gamed and is unaffected by technological developments. This
criterion has not been widely used in previous research even though it provides a reliable
measure. While it is impractical for journals to ask authors to report how much of their text
is their own original work, using a side-by-side text comparison tool provides a clear picture
for authors to see the extent to which their text is affected by GenAl revisions.

The problems in identifying and reporting GenAl use in research writing risk leading
to declines in academic integrity and reinforce calls for greater researcher training in the
use of GenAl (Drechsler, 2026). While this study does not directly address GenAl ERPP
training, the three criteria (proportion of Al-generated text, proportion of original wording
retained, and proportion of rare words) which can be used to identify the extent of GenAl
revisions to a text may prove to be useful in GenAl ERPP courses. A key goal in many of
these courses is to raise authors’ awareness of how the use of GenAl impacts their writing
(Ou et al., 2024), and the three criteria provide easily comprehensible evidence for such
impacts. In addition, all three use easily accessible and usable free online applications
facilitating their incorporation into courses. While the reliability problems of Al detection
tools need to be highlighted, they provide a straightforward intuitive summary of the extent
of GenAl influence on a text. Being able to identify and change rare words added by GenAl
to a text allows authors to partially regain their authorial voice. Comparing pre- and post-
GenAl revision versions of a text highlights, in many cases, how little of the author’s
original contribution remains after GenAl changes, and, depending on the context, trainers
may even suggest certain proportions of retained text as a rule of thumb to guide author




Richard Watson Todd, Applied Language Sciences, 2026 Page 13 of 15

decision making. Applying the easily implemented methods used in this study in GenAl
ERPP training may help authors gain clear understandings of how the use of GenAl as a
revision tool can result in texts which are not the author’s authentic original contribution.

6. Conclusion

The benefits of using GenAl for light editing of human-written texts are tangible, yet
the research community runs the risk of drowning in a mass of relatively worthless Al-
generated research studies (Hu, 2026). The ideal is for authors, especially those without
English as a first language, to write original articles and use GenAl lightly to increase
readability (as with the Full Edit texts). Doing this retains human agency and authorial
ownership while collaborating beneficially with GenAl. However, without careful prompt
design when using GenAl as a revision tool, a substantial proportion of cognitive
processing can be offloaded to GenAl running the risk of generating texts that are not the
author’s own work.
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