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Abstract

Rhetorical move analysis has gained popularity in research aimed at describing the rhetorical
structure of academic genres, but traditional methods involving humans are sometimes subjective,
time-intensive, and inconsistent. This study explores the viability of using ChatGPT for move
analysis of grant proposal abstracts (GPAs). It aims to evaluate the accuracy and reliability of
ChatGPT in identifying rhetorical moves in grant proposal abstracts compared to human annotation.
To achieve this purpose, the research seeks answers to the questions how ChatGPT can be instructed
to assist in identifying and annotating rhetorical moves in grant proposal abstracts, what types of
rhetorical moves are more accurately identified by ChatGPT, and which types present challenges
for it, and to what extent ChatGPT’s annotation differs from that of a human annotator. Using a
corpus of Russian-language GPAs submitted to the Russian Scientific Fund, the study developed a
prompt intended to guide ChatGPT in identifying rhetorical moves typical of this genre. The
accuracy of Al identification was assessed in comparison with the annotation performed by a human.
The results show that a carefully created prompt with detailed examples and clear definitions yields
high levels of agreement with a human annotator. However, the study showed that while ChatGPT
demonstrated good performance in identifying rhetorical moves, its annotations differed from the
annotations performed by a human. The human annotator frequently outperformed ChatGPT,
particularly in recall (the completeness of detecting all instances of a given move) for certain
categories. Nevertheless, the study showed that ChatGPT can be a useful tool not just for applied
linguistics researchers, but also for improving pedagogical approaches to grant writing teaching.
The Al-based identification of rhetorical moves can be used to provide EAP students with examples
of efficient rhetorical methods in successful grant applications, allowing them to get a better
understanding of genre conventions and improve their grant writing skills.
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Ucnonb3oBanune ChatGPT gna ananusa putopuyeckon
CTPYKTYPbl aHHOTaLi1 3aABOK Ha rPaHT

Oabra AnekcanapoHa BOTMHCKASA ='D<

Hpxymcxkuii HayuonanbHulil ucciedosamenybCekull mexnudeckul ynugepcumem, Uprymck,
Poccuiickaa @edepayusa
D<lolgaa_boginskaya@mail.ru

AHHOTAIIMA

AHanu3 pUTOPUYECKUX XOAOB SIBISICTCS aKTyaJIbHBIM HaIlpaBJICHUEM HCCIEA0BAHUN PUTOPUUECKOM
CTPYKTYpPbI aKaJeMUUECKUX >KaHPOB, OJHAKO TPAIULIUOHHbBIE METOAbl aHAJIN3a C yYaCTHEM YeJo-
BeKa CyOBEKTHBHEI, TPYJIOEMKH U HE BCErla JAaf0T TOYHBIC Pe3yIbTaThl. B TaHHOM HCClleTOBaHUH
n3ydaeTrcss BO3MOXKHOCTh mnpuMeHeHwmss Moaenu ChatGPT mis anHanmsza pUTOPHYECKHX XOJIOB
B aHHOTAIMAX 3asBOK Ha TpaHT. Llens nccinenoBaHus — ONPEaeNuTh CTEIeHbh TOYHOCTH aHHOTHPO-
BaHUsI PUTOPUUCCKUX XOJIOB, BBHIMOJHEHHOTO ¢ momoIipio ChatGPT, B comocTaBieHu: ¢ IKCIEpT-
HOW pa3MeTKoH. [ JOCTIKEHHS TIOCTaBICHHOM IeNTH OCYIIECTBIIsIETCS pa3paboTKa HHCTPYKIHH
(npommnra) as1st HanboJee TOUHON UACHTU(UKAIIMY PUTOPUIECKUX XOJI0B; BBISIBIISIFOTCS THITBI PUTO-
pPHYECKHX XOJIOB, KOTOpPBIE BBI3BIBAIOT HamOousbiine TpyaHoctn y ChatGPT; conocrammstorcs
pe3yJbTaThl pUTOPHYECKOro aHanu3a, noxydennsie ChatGPT u skcrieproM B o0sacTu akajgeMuye-
CKOT0 NuchMa. B uccnenoBanuy ucnosip30Baics KOPIycC aHHOTALMH 3asIBOK HA TPAHT, O/IaHHBIX B
Poccwiickuit HayuHbIl (oHA. B mpomecce uccienoBanus ObIT pa3paboTaH MPOMIT, IPETHA3HAYCH-
Hei st oMoty ChatGPT B mporecce uneHTH(GUKAITIH THITMIHBIX IS JAHHOTO aKaJIeMHUYeCKOTO
JKaHpa PUTOPUUYECKUX XOJI0B. TOUHOCTh aHHOTALUH, BbIOJHEHHOU M, olieHrBanack B CpaBHEHUH
C pa3MeTKOM, CACITAaHHOU SKCTIEPTOM. BBIsSIBIIEHO, YTO IPOMIT, COAECPKAIIUNA IPUMEDPHI U OTIpeIeIie-
HUS XOJIOB, ITO3BOJISIET TOCTUYb BEICOKOW CTETIEHH COOTBETCTBHSI MEXKy aBTOMATHIECKON aHHOTAa-
IMel U DKCIepTHO pazmerkoii. Hapsiiy ¢ 9TiuM ObUIM 0OHApY)KEHBI U HEKOTOPBIE HECOBIAICHHS:
JKCIEpTHAs aHHOTALMs TIOKa3ayia 0oJiee BBICOKYIO TOUHOCTh 110 KPUTEPHIO TOJHOTHI. Pe3ynbrarhl
MCCJIEIOBAHMsSI CBUIIETEIBCTBYIOT O TOM, uTo ChatGPT MOKHO MCIIONBb30BaTh Kak B JIMHTBUCTHYE-
CKHX HMCCJICJIOBAHUSIX, TAK M MIPHU HANIMCAHUHM IPAHTOBBIX 3asBOK: aBTOMATH3MPOBAaHHAS HIICHTU(DU-
Kalus PUTOPUYECKUX XOJIOB JaéT BO3MOXKHOCTh AHAJIM3UPOBATh YCIEHIHbIE PUTOPUUYECKUE
MPUEMBI, YIITyOJIsisl IOHMMAHUC JKaHPOBBIX OCOOCHHOCTEH TEKCTa U TOBBIIIAsl HABBIKU aKaJicMHYC-
CKOI'0 ITUChMa.

KaroueBsie cnoBa: ChatGPT, npomnm, pumopuuecKkuil wiae, aHHOMAyus, 30dA6KA HA 2paum,
ABMOMAMUSUPOBAHHBILL AHAIU3 PUMOPUYECKUX XOO08

J1si IUTHPOBAHUS
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1. Introduction

The rapid development of Artificial Intelligence (AI), particularly Large
Language Models (LLMs), is transforming research practices across disciplines. In
applied linguistics and discourse studies, LLMs are employed to automate the
analysis of written texts, including the identification of rhetorical structures.
However, despite their growing potential, Al tools remain imperfect, producing
inconsistent and inaccurate annotations and struggling with context-dependent
rhetorical functions. As Ozyumenko and Larina (2025) argue in their analysis of Al
in translation, while Al offers significant advantages in processing linguistic data,
it also exhibits clear limitations related to contextual understanding, cultural
nuance, and the interpretation of implicit meaning. This raises a question: to what
extent can we trust Al to perform complex rhetorical tasks previously carried out
by human experts?

One area where this issue is crucial ismove analysis, which
involves identifying rhetorical moves that fulfil specific communicative purposes.
However, traditional manual move analysis is time-consuming, labour-intensive,
and can be subjective. These limitations have encouraged researchers to explore the
potential of LLMs such as ChatGPT or DeepSeek for automating move
identification.

Recent studies have demonstrated that LLMs can accurately annotate
rhetorical moves in certain academic genres. For instance, Yu et al. (2024) used
ChatGPT to identify moves in research article abstracts. Kim and Lu (2024) showed
that fine-tuning ChatGPT significantly improves its performance in analysing
research article introductions. These findings suggest that LLMs may offer an
alternative to manual annotation, at least for genres with established move schemes.

However, one high-stakes genre has remained unexplored in this body of
research: the grant proposal abstract. It is crucial for securing funding and
advancing research careers, yet its rhetorical structure is less standardised than that
of research articles. It remains unknown whether ChatGPT can accurately identify
rhetorical moves in this complex genre, and which types of moves pose particular
challenges for it.

To address this gap, the present study aims to evaluate the accuracy of the LLM
GPT-40 developed by OpenAl (accessed via its web interface, 2024-05-13) in
identifying rhetorical moves in grant proposal abstracts compared to human
annotation. To achieve this purpose, the research seeks answers to the following
questions:

1) How can ChatGPT be instructed to assist in identifying and annotating
rhetorical moves in grant proposal abstracts?

2) What types of rhetorical moves are more accurately identified by ChatGPT?

3) Which types of moves present challenges for ChatGPT, and to what extent
its annotation differs from that of a human annotator?

The results of investigating the rhetorical structure of successful grant proposal
abstracts can be useful for novice academic writers, taking into account the role of
this genre in securing funding and advancing research initiatives.
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2. Theoretical framework
2.1. Move analysis

Move analysis, first developed by Swales (1981, 1990) and regarded as a
crucial component of genre analysis, has been applied not only to academic genres,
such as argumentative essays (Liu et al. 2024), research articles (Boginskaya 2025a,
Alyousef 2021, Basturkmen 2012, Cotos et al. 2017), book reviews (Guangyuan &
Zhaoxia 2025), grant proposals (Boginskaya 2025), and three-minute thesis
presentations (Hu & Liu 2018) but also to the examination of grant recommendation
letters (Afful et al. 2022), business emails (van Herck et al. 2022), legal cases
(Bhatia 1993), sales promotion letters and advertisements (Khedri et al. 2022,
Vergaro 2004), annual reports (de Groot 2008), corporate social responsibility
reports (Yu & Bondi 2017, Yu 2025), and CEO statements (Wu 2020).

Swales (2004) defined ‘move’ as a discoursal unit that performs a
communicative function, shaping a writer’s or speaker’s rhetorical choices to align
with the expectations of a discourse community. Moves thus represent strategic
rhetorical actions in achieving specific communicative goals typical of a specific
discourse community and serve both individual purposes such as introducing a
topic, presenting evidence, and making a claim and the overall communicative
purpose (Yu et al. 2024). They represent collective knowledge shared by members
of a discourse community, which is critical for newcomers to integrate successfully
into that community (Swales 1990).

By mastering the genre conventions, including move structures, they
demonstrate competence and shape their professional identities, establishing
themselves as legitimate members (Hyland 2015). As a result, examining move
structures gives useful information for new members of discourse communities,
allowing them to contribute to the discourse in their field.

Move analysis has gained considerable attention of researchers applying it as
a method for examining linguistic choices that define academic or professional
genres (Feng 2019, Hyland & Tse 2012, Jiang & Hyland 2017, Liu et al. 2024, Yu
2022, Yu 2025, Yu & Bondi 2017, van Herck et al. 2022). This approach allows for
identifying recurring patterns, provides valuable insights into various aspects of
genre construction, helps identify key linguistic features, calculate move frequency
and length, and delineate typical move sequencing (Biber et al. 2007). It also
contributes to the development of genre prototypes, which can then be effectively
used in developing teaching materials and strategies to facilitate genre-specific
writing proficiency of students.

Rhetorical move analysis includes two stages: move identification and move
annotation (Yu 2022). The first stage involves a careful analysis of textual segments
with the aim of identifying their communicative functions. Following this
identification process, a clearly defined move scheme is applied to annotate the
corpus analyzed both quantitatively and qualitatively, which allows researchers to
evaluate the frequency of moves and to identify their linguistic markers (Yu 2022).
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Despite being a valuable approach to examining genres, move analysis has
some limitations, including potential simplification, subjectivity, and labor
intensity. Human analysts sometimes simplify the functions of textual units and
may ignore the complexity of authorial intentions (Hyland 2004), which can
obscure the ways the writers construct their arguments. Crookes (1986) highlighted
the need for validating these analyses, ensuring they are grounded in the text rather
than merely reflecting the analyst’s interpretations. Because move analysis relies
on functional rather than formal units, it is not always possible to correctly connect
linguistic features with particular rhetorical functions. While transitions between
moves are influenced by writers’ objectives, identifying the explicit markers of
these moves within the text remains a challenge (Gray et al. 2020). Another
challenge is subjectivity and contextual dependency of move analysis, which can
contribute to its complexity and time-intensiveness (Yu et al. 2024).

The cultural specificity of academic writing conventions is an additional
problem. Most move analysis frameworks have been developed on the basis of
English-language academic texts. However, rhetorical conventions vary across
cultural contexts. Ignoring cross-cultural differences risks imposing a Western-
centric model of rhetorical organization onto genres produced in other cultural
contexts, potentially leading to misidentification of moves. Nevertheless, it is
important to note that despite some cultural differences, contemporary Russian
academic discourse has shown a clear tendency to align with Anglophone academic
writing norms, which is partly driven by the increasing pressure to publish in
international peer-reviewed journals, the global dominance of English as the
language of science, and the adoption of Western-style formats by leading Russian
journals. As a result, the move structures found in Russian-language academic texts
often closely mirror those described in English-medium genre analyses.

The labor-intensive nature of manual move analysis also creates obstacles to
studies of discursive phenomena. This process requires training and time.
Furthermore, the possibility of human errors might undermine the reliability of the
manual analysis results, thus limiting the use of this approach. Given these
challenges, researchers have begun to apply Large Language Models (LLMs) to
address these challenges.

The rapid advancement of LLMs is reshaping the capacity to conduct rhetorical
analysis, where the manual annotation of linguistic features is time-consuming and
subjective. The studies have demonstrated the potential of LLMs in annotating
linguistic phenomena in academic genres (Gilardi et al. 2023, Kuzman et al. 2023,
Yu et al. 2024, Kim & Lu 2024). Yu et al.’s (2024) research, for example,
investigated the effectiveness of LLMs in annotating rhetorical moves in research
article abstracts. Employing the move scheme, including Background, Purpose,
Method, Result, and Conclusion, their findings yielded accurate annotations,
indicating the benefits of the LLM in analyzing the patterns of academic discourse.
Using a manually annotated corpus of 100 applied linguistics research article
introductions, Kim and Lu (2024), who assessed the feasibility of rhetorical move
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analysis assisted by ChatGPT, demonstrated that while few-shot learning and
prompt refinement offer incremental gains, fine-tuning contributes to significantly
higher accuracy rates. However, the question of Al imperfection remains central.
Baltezarevi¢, Stosi¢, and Mikhailova (2026) emphasize that Al-assisted academic
writing tools require not only technical refinement but also legal and ethical
oversight, particularly when they are used for evaluative purposes.

3.2. Grant proposals as an academic genre

Grant proposals represent a genre of persuasive communication, aimed at
securing funding from reviewers and agency officials for proposed research
projects (Connor 2000). In grant proposals, as Myers (1990: 42) states, “one must
persuade without seeming to persuade”.

Grant proposal abstracts hold a uniquely precarious position compared to their
research article counterparts. While an article abstract is primarily a summary of
the study, a grant proposal abstract aims, first of all, to secure funding (Locke et al.
2014), serving as the initial rhetorical test for persuading reviewers of the need to
support the project. The initial impression is particularly crucial given the highly
competitive funding landscape, where reviewers need to assess a large number of
proposals (Boginskaya 2025b).

Structured abstracts have gained popularity across disciplines in response to
the growing demand for efficient information retrieval. They use predetermined
headers that replicate the IMRD framework to improve clarity and accessibility.
Swales (1981) was the first to propose a four-move model comprising moves to
create the field, report previous research, prepare for the current research, and
present it. This was subsequently revised in Swales’ (1990) ‘Create a Research
Space (CARS)’ model, which proposed a three-move approach, including
Establishing a territory, Establishing a niche, and Occupying the niche.

Based on the Swalesian model, Connor and Mauranen (1999) developed a ten-
move framework including components such as Territory, Gap, Goal, Means,
Reporting previous research, Achievements, Benefits, Competence Claim,
Importance Claim, and Compliance Claim. This framework was used for the
analysis of both full-length research articles and grant proposals. All the subsequent
studies of rhetorical moves in grant proposals rely on this model. Feng and Shi
(2004), for instance, adapted Connor and Mauranen’s framework and identified a
three-move structure for abstracts and a ten-move structure for full grant proposals.
Feng (2006) refined this approach, developing a six-move framework, including
Territory, Niche, Objectives, Means, Explanation and Justification, and
Contributions. Tardy (2011) identified six moves, aimed at announcing the project,
describing context, objectives, and methods, identifying project outcomes and
impacts. Flowerdew (2016), also drawing on Connor and Mauranen’s model,
developed a seven-move framework that includes Territory, Gap, Goal, Means,
Achievements, Benefits, and Future recommendations. Matzler’s study (2021)
reduced Flowerdew’s framework to five core moves: Territory, Niche, Goal,
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Means, and Benefits, while Wang (2025) in her turn modified Matzler’s model by
incorporating an additional move for Expected Outcome. Table 1 provides a
summary of the frameworks used for analyzing move structures in grant proposal
abstracts.

Table 1
Moves in Feng & Shi’s, Feng, Tardy’s, Flowerdew’s, Matzler’s, and Wang’s frameworks

Feng & Shi Feng Tardy Flowerdew Matzler Wang
(2004) (2006) (2011) (2016) (2021) (2025)

Need Territory Project Territory Gap / niche Territory Territory
Means Niche announcing Goal Niche Niche

Contributions Objectives Context Means Achievements Goal Goal

Means Objectives Benefits Means Means

Explanation Methods Recommendations Benefits Benefits

and Outcomes Expected

justification Impacts outcome

Potential
contribution

Despite variations in terminology, these six frameworks have several features
in common. All of them incorporate the five moves identified by Matzler’s (2021)
study, indicating their significance for the genre. A key difference lies in Tardy’s
(2011) framework, which is the only one that identifies ‘Project Announcing’ as a
distinct move. Feng’s (2006) framework expands upon other models by including
an ‘Explanation and Justification” move, reflecting its observed use in her corpus
to clarify the rationale and feasibility of the proposed research. Similarly, Wang
(2025) builds upon the ‘Benefits’ move by adding ‘Expected Outcomes,’ a category
that mirrors the ‘Results’ move commonly found in research article abstracts.

It is important to emphasize that existing schemes may contain moves that are
too vaguely defined or overlapping, which can hinder Al and human annotators to
accurately identify them. For instance, Flowerdew’s (2016) and Tardy’s (2011)
models combine a larger number of sometimes overlapping moves (e.g.,
Achievements and Benefits or Outcomes and Impacts), causing confusion for both
LLM and human annotators. Therefore, a more rigorously defined move scheme
that minimizes ambiguity and maximizes replicability is required. Matzler’s (2021)
framework, with its distinct categories for Territory, Niche, Goal, Means, and
Benefits, appears to provide a more precise approach to analyzing grant proposal
abstract elements, making it exceptionally suitable for this study as simpler
taxonomies allow for more accurate and consistent annotation, while taxonomies
with more abstract categories (‘Explanation and Justification,” ‘Potential
Contribution,” or ‘Project announcing’) create difficulties for ChatGPT to
accurately identify them. Matzler’s framework’s efficiency is also confirmed by the
fact that its key moves appear in other recent genre studies (Charles & Whiteside
2024, Wang 2025).
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3. Data and methods
3.1. Overall research design

To ensure transparency regarding the methodological sequence and the distinct
roles of the corpora and annotators, the study was conducted in three phases.
Table 2 provides an overview of these phases, specifying the corpus used, the
executor(s) involved, and the specific objective of each phase.

Table 2
Overview of analytical phases, corpora, executors, and objectives
Phase Corpus Executor(s) Objective
Author (provided . ]
Phase 1: Prompt . Design and refine the prompt;
C1(30 reference annotation) + . .
development and error . . identify errors; develop the
analvsis abstracts) ChatGPT (iterative final bromot
¥ outputs) P pL.
Test the finalized prompt on
Phase 2: Internal C2(30 Author (provided . unseen.daté .to verify
validation abstracts) reference annotation) + generalizability and prevent
ChatGPT (final prompt) overfitting to C1; confirm
acceptable performance.
Compare ChatGPT’s
annotations against a human
Phase 3: Formal C3 (40 Independent human expert on the .n'?ain test set;
. annotator + ChatGPT calculate precision, recall, and
evaluation abstracts) )
(final prompt) F1 for each move category;
conduct qualitative error
analysis.

3.2. Corpus composition and selection criteria

In Russia, a major source of funding for research across various disciplines is
the Russian Science Foundation (RSF). This fund operates on a highly competitive
basis. Both early-career and experienced researchers can apply for financial support
through a system of grants. The application process follows a one-stage system:
researchers submit a grant proposal, including an abstract both in Russian and
English. The abstract describes scientific objectives and methodology, expected
academic and practical contributions and is followed by a description of potential
outcomes and benefits, a professional profile of the principal investigator, and a
detailed budget justification.

All abstracts included in the corpus were sourced from the official website of
the Russian Science Foundation (RSF) (www.rsf.ru), where information about
successfully funded projects is made publicly available through the Foundation’s
Project Finder service. As the data consist of published, non-confidential project
summaries, no special ethical approval or data transfer agreement was required for
their use in this study. The abstracts were accessed and processed only for the
purpose of linguistic analysis. No personally identifiable information was extracted
or analysed.

The RSF website search interface provides only a single combined category
for ‘Humanities and Social Sciences’. Therefore, to compile the corpus, all projects
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listed in this combined category for the years 2021-2024 were first retrieved (n =
2,164). From this pool, only those projects belonging to the humanities were
selected based on the following criteria: 1) classified under the combined
Humanities and Social Sciences category, 2) identifiable as a humanities project
based on its title, keywords, and disciplinary affiliation stated in the abstract, and
3) submitted between 2021 and 2024. This procedure yielded a total of 100
abstracts.

From this set of 100 abstracts, the pilot corpora (C1 and C2) and the test corpus
(C3) were created using simple random assignment. The randomization unit was
the individual abstract. The allocation was performed manually: each abstract was
assigned a unique number, the numbered list was shuffled, and the required number
of abstracts was drawn to form C1 (30), C2 (30 from the remaining), and C3 (the
remaining 40). No computational random number generator or fixed seed was
used. First, 30 abstracts were randomly selected for C1 (used for iterative prompt
development and error analysis in Phase 1). Second, from the remaining 70
abstracts, another 30 were randomly selected for C2 (reserved as an internal
validation corpus to test the final prompt on unseen data in Phase 2). Finally, the
remaining 40 abstracts automatically constituted C3 (used as the main test set for
the formal evaluation against the independent human annotator in Phase 3). It was
verified that there was no textual overlap between C1, C2, and C3, ensuring that
each abstract was assigned to exactly one corpus.

The abstracts cover five major subdisciplines: (1) linguistics and language
studies (32% of the corpus); (2) literary studies (21%); (3) history and archaeology
(20%); (4) philosophy and ethics (16%); (5) art history and cultural studies (11%).
The study assumes that rhetorical move structures in grant proposal abstracts are
homogeneous across humanities when the funding agency and genre are held
constant. This assumption is based on two arguments. First, Connor’s (2000) cross-
disciplinary study of grant proposals found that variation between humanities and
sciences i1s more significant than variation within humanities subdisciplines.
Second, the RSF application guidelines prescribe a uniform abstract structure for
all applicants, explicitly requiring the same sections (relevance, objectives,
methods, expected outcomes).

3.3. Move taxonomy

For annotation, Matzler’s (2021) five-move framework (Territory, Niche,
Goal, Means, Benefits) was modified into a seven-move taxonomy. Specifically,
‘Territory’ was renamed CONTEXT, ‘Niche’ was renamed GAP, and the broad
‘Means’ category was split into three distinct moves — TASKS (specific steps/sub-
objectives), METHODS (procedures and techniques), and MATERIALS (data,
resources, or equipment), while GOAL and BENEFITS were retained from the
original scheme. This modification was motivated by the error analysis during
prompt development, which revealed that splitting ‘Means’ into distinct
subcategories can improve annotation accuracy.
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As in Yu et al. (2024), the labeling process adhered to two principles: first,
labels were assigned at the sentence level; second, sentences containing multiple
moves received multiple labels (with the primary move listed first). Table
3 presents the final seven-label taxonomy with full definitions.

Table 3
Moves in grant proposal abstracts
Label Description
Provides background information, describes a real-world problem relevant to the research,
CONTEXT . S . . .
or presents established scientific knowledge in the area being studied
GAP Identifies a missing piece of information, a problem, or a limitation in current knowledge
or existing solutions
GOAL Clearly states the main objective or aim of the research project
Lists the specific steps or sub-objectives that will be undertaken to achieve the overall
TASKS
GOAL
Explains the procedures and techniques that will be used to conduct the research and
METHODS .
achieve the TASKS
MATERIALS | Describes the resources, data, or equipment that will be used in the research
BENEFITS Describes the potential positive outcomes and real-world applications of the research

While the target corpus consisted of Russian-language abstracts, all
instructional components of the prompt, including move definitions, annotation
rules, and formatting guidelines, were composed in English. This choice was
motivated by three considerations. First, ChatGPT-4 is primarily pre-trained on
English-dominant datasets. Second, using English for meta-instructions aligns the
methodology with foundational studies on LLM-assisted move analysis, facilitating
cross-study comparability. Third, it reduces the risk of terminological ambiguity
when translating abstract rhetorical concepts into Russian. However, to enable the
model to identify specific lexical cues in the Russian source texts, the examples and
the lists of typical Russian linguistic markers for each move were provided in
Russian within the prompt.

3.4. Prompt development

Following established prompting principles (Liu et al. 2023, Yu et al. 2024,
Yu 2024), the prompt was refined through four stages. The full text of the final
prompt is provided in Appendix 1.

Stage 1: Initial zero-shot prompt. The first prompt was a zero-shot instruction
without examples: ‘Identify rhetorical moves in the following grant proposal
abstract. Use these labels: CONTEXT, GAP, GOAL, MEANS, BENEFITS. Label
each sentence.’ To establish a benchmark against which the model’s early outputs
could be measured, the author first manually annotated the 10 pilot abstracts from
C1. This reference annotation evaluated ChatGPT’s predictions during the prompt-
development stages. When the initial zero-shot prompt was tested against this
reference, overall sentence-level accuracy was 52%. Error analysis revealed two
problems. First, the model frequently confused CONTEXT and GAP: for example,
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sentences that the reference annotation identified as GAP were often mislabeled as
CONTEXT. Second, the model under-annotated multi-move sentences, identifying
only the primary move and missing the secondary one (in 89% of cases).

Stage 2: Initial few-shot prompt with basic examples. Taking into account the
errors at Stage 1, a prompt was created incorporating clear instructions, precise
explanations for each label, and simple examples. The prompt included one
illustrative example per move and a general instruction to handle multiple moves.
The Stage 2 prompt was tested on all 30 abstracts of C1. Error analysis against the
reference annotation revealed three problems: CONTEXT/GAP confusion (in 23%
of GAP sentences); Omission of TASKS in sentences with METHODS (in 68% of
multi-move sentences containing both TASKS and METHODS); Failure to apply
the <UNCLEAR> label.

Stage 3: Refined prompt with error corpus and enriched examples. To address
these three problems, an error analysis was conducted. The author compared the
Stage 2 outputs on all 30 abstracts of C1 against the reference annotation. All
sentences where the model’s predicted labels did not exactly match the reference
were extracted and compiled into a purpose-built error corpus (n = 142 sentences
across the 30 abstracts). Each error was manually coded according to the type of
mismatch, using a simple classification scheme: (a) label substitution (one move
predicted instead of another), (b) omission (one or more moves missed in a multi-
move sentence), or (¢) false application of the <UNCLEAR> label. This coding
revealed that three error types accounted for 87% of all mistakes: CONTEXT/GAP
substitution (34%), omission of TASKS in sentences with METHODS (29%), and
failure to apply <UNCLEAR> (24%). Based on these categories, five targeted
refinements were introduced into the prompt (Table 4).

Table 4
Prompt refinements introduced at Stage 3 based on Stage 2 error analysis

Problem observed Refinement implemented

Added explicit contrastive examples showing CONTEXT (background
knowledge) vs. GAP (missing information).

Split MEANS into TASKS (specific steps), METHODS
(procedures/techniques), MATERIALS (data/resources).

Instructed to label all moves in a sentence, with primary/secondary
distinction using multiple labels.

CONTEXT/GAP confusion

MEANS over-generalization

Multiple moves missed

Poor recognition of Compiled a list of typical Russian markers for each move (e.g., «uenbto
linguistic markers asnaetca» for GOAL, «matepuanom nocnykunm» for MATERIALS).
Failure to mark ambiguous

Reinforced instruction to use <UNCLEAR> for highly ambiguous cases.

sentences

Stage 4: Final two-shot prompt. The iterative process yielded a final prompt
incorporating two illustrative examples per move, a complete list of linguistic
markers, and explicit handling of multi-move sentences. The full prompt is
provided in Appendix 1. The final prompt was tested on C2 (30 abstracts) before
being applied to C3. Agreement between the model’s outputs and the author’s
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reference annotation for C2 reached 86% at sentence level, a substantial
improvement over Stage 1 (52%) and Stage 2 (71%).

3.5. Performance evaluation

To evaluate the annotation performance of ChatGPT compared to a human, a
randomly selected subset of 20 abstracts with 260 sentences from C3 was used. The
sample comprised half of the main test corpus (C3, n = 40), providing a
representative cross-section of the data. This size was considered adequate for the
comparative analysis, as it contained a sufficient number of instances for each of
the seven rhetorical move categories to allow for reliable calculation of precision,
recall, and F1 scores. It yields a sufficient number of rhetorical-move instances for
reliable precision/recall calculation while remaining small enough to prevent
annotator fatigue. Each sentence was fed individually into the ChatGPT model
alongside the same standardized prompt. A human annotator provided with similar
instructions as the LLM was involved in the study. The human annotator was a
Candidate of Philological sciences with eight years of experience of teaching
English for Academic Purposes. The comparison between ChatGPT’ and the
human’s annotations was conducted by the author, who was not involved in the
manual annotation process to avoid bias.

The effectiveness of the prompt was assessed on C3 comprising 40 abstracts
with 480 sentences. To evaluate the effectiveness of the annotation process,
sentence-level accuracy was used, calculated as the proportion of correctly
annotated sentences relative to the total number of sentences. Every move present
in the sentence was correctly identified with the correct label, and no extra moves
were falsely assigned. Instance-level accuracy, in contrast, was defined as the
proportion of individual move occurrences correctly identified across the entire
corpus, regardless of whether the sentence as a whole was perfectly annotated. For
the purposes of the present analysis, sentence-level accuracy is reported as the
primary measure as it reflects the practical utility of the model for full-sentence
annotation, while the Precision, Recall, and F1 scores are calculated at the instance
level for each individual move category.

4, Results

This section presents a performance analysis of ChatGPT. Initially, the model
was instructed by being provided with a developed and refined prompt
(Appendix 1) and a sample of 40 abstracts from C3. Then, the accuracy of the
annotated sentences generated by the model was assessed, considering an instance
as accurately annotated only when all moves were correctly coded. As shown in
Table 5, the results demonstrate a clear performance advantage for ChatGPT at the
sentence level. Subsequently, the performance levels of the LLM and the human
annotator were compared by the author.
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Table 5
Instance-level accuracy obtained with ChatGPT-4.0
Measures
No. of correctly annotated sentences 422
Sentence-level accuracy (%) 88

For comparison with a human annotator, a subset of 20 abstracts
(260 sentences) from C3 was used. Each sentence was processed by ChatGPT using
the final two-shot prompt (see Appendix 1). For a comparative baseline, an
independent human annotator, a Candidate of Philological Sciences with eight years
of experience in teaching English for Academic Purposes, was involved. The
human annotator was provided with an instruction that was functionally
equivalent in content to the prompt. This instruction contained the definitions of all
seven moves; the same lists of typical Russian linguistic markers for each move;
the same illustrative examples; and the explicit instruction to label multiple moves
within a single sentence when present, with the primary move listed first.

To establish a reference annotation against which both ChatGPT and the
human annotator were evaluated, the author manually annotated all 260 sentences
using the seven-label taxonomy. This reference annotation was created prior to and
independently of both ChatGPT’s output and the human annotator’s work. The
author’s annotation followed the same move definitions, linguistic markers, and
multi-label rules as those later provided to both the model and the human annotator.
The resulting datasets from both ChatGPT and the human annotator were
assessed by the author.

To evaluate the effectiveness of the annotation process, two levels of accuracy
were distinguished. Sentence-level accuracy was calculated as the proportion of
sentences for which the annotation matched the reference in all respects, i.e., every
move present in the reference was correctly identified with the correct label, and no
extra moves were falsely assigned.

For each individual move label, class-wise (per-label) Precision, Recall, and
F1-scores were calculated. They are derived from instance-level counts of True
Positives (TP), False Positives (FP), and False Negatives (FN), where TP means
that the annotator assigned a specific move label to a sentence, and that same label
was present in the reference annotation for that sentence; FP means that the
annotator assigned a move label to a sentence that was not present in the reference
annotation for that sentence); and FN means that the reference annotation contained
a move label for a sentence that the annotator failed to assign.

For sentences containing multiple moves, the instance-level rules were applied
independently to each label. For example, if a reference sentence contained two
labels, for example <GAP> <GOAL>, and ChatGPT predicted only <GOAL>, this
counted as TP for GOAL, FN for GAP, and no FP (since no extra label was added).
Precision for each label was calculated as TP / (TP + FP), Recall as TP / (TP + FN),
and F1 as their harmonic mean. Macro- or micro-averaged scores across all moves
are not reported, as this study focuses on category-specific performance rather than
a single aggregate measure.
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Table 6

Accuracy measures for 260 C3 sentences annotated by ChatGPT and the human annotator

Sentence-level ChatGPT Human annotator

performance Precision, % Recall, % F1,% Precision, % Recall, % F1, %
CONTEXT 88.20 81.40 84.65 100.00 96.20 98.06
GAP 91.00 96.70 93.76 94.20 91.90 93.03
GOAL 100.00 100.00 100.00 92.86 85.95 89.27
TASKS 92.10 91.12 91.6 100.00 98.78 99.39
METHODS 97.40 89.10 93.07 100.00 88.10 93.68
MATERIALS 100.00 94.17 96.99 100.00 97.73 98.85
BENEFITS 100.00 98.10 99.04 100.00 100.00 100.00

Table 6 summarises the performance of ChatGPT and the human annotator.
Both achieved F1 scores above 90% for most move categories, suggesting that the
two-shot prompt and the functionally equivalent instruction provided a workable
basis for annotation by the model and the expert, respectively. A closer look at
individual categories, however, reveals differences. For CONTEXT, the human
annotator outperformed ChatGPT across all measures, with near-perfect precision
(100.00%) and recall (96.20%) against ChatGPT’s 88.20% and 81.40%,
respectively. The model’s lower recall points to a tendency to confuse background
statements with research gaps, a distinction that appears to require more contextual
sensitivity than the current prompt can supply. GAP proved to be one area where
ChatGPT had the edge. Its recall (96.70%) exceeded the human’s (91.90%), though
the human achieved higher precision (94.20% vs 91.00%). The F1 scores were close
(93.76 vs 93.03), indicating that while both performed well, ChatGPT was
somewhat more thorough in identifying gaps. GOAL was the clearest case of
machine advantage. ChatGPT scored 100% on all three metrics, compared to the
human’s 92.86% precision, 85.95% recall, and 89.27% F1. For TASKS, the pattern
reversed. The human annotator produced near-perfect scores (precision 100.00%,
recall 98.78%, F1 99.39%), while ChatGPT lagged behind (92.10%, 91.12%,
91.60%). The model’s difficulty here appears to lie in distinguishing task statements
from methods, particularly when the two occur in the same sentence where the
boundaries between moves become blurred. METHODS was the only category
where the two annotators achieved virtually identical F1 scores (93.07 for
ChatGPT, 93.68 for the human). The human had perfect precision (100.00%) but
slightly lower recall (88.10%) than ChatGPT (89.10%). MATERIALS and
BENEFITS were identified with high accuracy by both. For MATERIALS, the
human held a modest advantage (F1 98.85 vs 96.99), while for BENEFITS, both
performed near-perfectly, with the human reaching 100% across all metrics and
ChatGPT close behind (F1 99.04). It should be noted that despite being explicitly
instructed to identify and mark potentially ambiguous sentences with a
<UNCLEAR> label, ChatGPT did not implement this directive.

4.1. Overall assessment

An abstract annotated by ChatGPT and the human annotator using the two-
shot prompt is shown in Table 7.
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Table 7

An example of output generated by ChatGPT and the human annotator with the two-shot prompt

ChatGPT

' <CONTEXT> Bapbupyrcs 5 TSKCTaX pasHalx 3ETODOS, AUCTDHEYUMA NEKCHKN MOXET BbI3HIEaTS
cnoxsocT noHiManug, <GOAL> B pamkax npoekTa BNepebie NPeANaraeTca OUEHHEATD
AVCKYDCHEHBIE X3PaKTEPUCTVKY TEKCTA HA BCHOBE CEAYIOUIMX NAPAMETPOB: NEKTHUECKOR
pasHoofipasiie, NEKCHMECKSR NAGTHOCTS 1 WHAEKC nokatoumTentHocTh, <GOAL Mpoexr Hauenen
Ha paspaboTky TANGAOTWY YKasaHHbIx napamerpos 4 Tunoe Tekcroe. <METHODS> [Ina pacuera
3HaUEHHI NapaMETPOE BYET HanVCaHa Nporpamma, WHCTanAKpyeman Ha npodafinep Rulingva,
<TASKS> MpeanaraeTca BLIABUTE AMATHOCTUYECKUE KDHTEDUA AR MASHTUGUKALIAM «HODMs, 3
TEKKE ONUCETs norpasiutble cyvan. <METHODS> Ouerika nexcuueckoro pasiooGpasua Byger
OCYWECTEARTECH HA OCHOBE HOPMAAM3DBAHHOND KNZCCHHECKOro napavieTpa TTR, oueHka
NAGTHOCTH — Ha OCHOBE PACYETA AR NOMHOSHAUHbIX COE B TEKCTE, 3 MHAEKT
MCKAMUTENEHOCTH - HA OCHOBE HOPMANWOBAHHOTO KONHYECTEA DAHOKDATHAIX ynoTpeBazHi
nonHo3Ha4HbIX (1ot B Texcte Ha 100 crosodopm. <MATERIALS> B kavecrse matepwana Byner
MCNONb3083H YHeBHEIA KOPNYC PYCCKOTO A3bIKE, 3HHOTUPOBAHHEIA KOPMYC pYCCKOM AETCKOIA
numeparypel, <MATERIALS> JInA 6HyTPUA3EIKOECTO KOHTRACTPOBAHMA BoiOPaHL! AOKYMERTE!
mexayrapoaroro npaga. <MATERIALS> [lnn eanugaun TUNONCTA REKCUYECKIX MAPAMETPOE &
pamkax npoexa Gyaer cobpar JononruTenseii kopnyc, & koTopeiii BoRayT Texctel Poccwiickolt
anexTpoHoi wronsl, MexayHapogHeIe NPaBOBLIE aKTh! 1 TEKCTH, PEKOMEHAOEAHHEIZ AR
BHeKnaccHoro yrenis, <BENEFITS> Tunonorva nexciyecku NapameTpos MOKET KCNOAs30BaTLCA
B NSKCHROAOTHM, AUCKYPCONOTMA ANA OMHCEHIA M MOAENDOBaHHA TereToE, <BENEFITS B
NPAKAGAHOM AMHTENCTHKE NEKCHYECKOR PasHOBPAZNE, NNOTHOCTE M UHAZKS MCKNKUMTENSHOCTH
HalyT NPUMEHEHAE MDY OLIEHKE HOMMHETMBHOR NAOTHOCTH TEKCTOR PasMAUHEIX TANOS,
<BENEFITS> OrgenbHyto 0BnacTs npuMEereiA COCTAENRET HCNONB3OBAHNE SOMYCTUMBIX
pedepeHTHbIX SHAUEHHIA NEKCHHECKAX NEPAMETPOE TEKCTOB Npy BbIBOPE TexcTa AN8 Uenesoi

kareropiu uutarened, <BENEFITS> Pesynutatel moryr npeacTaEnaTs nHTepec ang

Human annotator

<CONTEXT> DBapsepvics E TeECTad pAIEET IETOPOE,
DECTPEOVIHNE — NEECHEH  MOSET — BHESHEITE  CIDEHOCTH
mommouasmr. < GAPGC0AL> B pauEst mposxTa EOEpERIE
OpeNTar3sTci ONSHHEATE OECKYPCHEHERS —NAPANTEpHCTHEN
TEECTA H2 OCHOBE CHSMVIONDDE [EDAMETDOR. JISNCHHMECEOS
pazEcO0pasHe,  NEECHMECKAd  ILIOTHOCTE 0 0H  HEISEC
ErEmoaETeneRecTH. <HF0AL S [poert Hanened Ha pazpadoTy
THOOMOTHE YEZIEHHEDX [EPEMeTpOE 4 THODE TEKCTOE.
= TASES=METHODS = Tna pacgsta sHATEHER OSpaneTpos

NpoTpaMiE, EECTATIHPYEMAT Ha Opodaiinep
Fulingva <TASES> [Ipennaraercs EEISENTS THACHOCTHIECKRR
EPHTEPHE [TF HOEHTHRHEANMH ©HODMY, & TEKES ONHCATE
morpamrmne emyran <METHODS> Onesxa mexcermscroro
pazEoodpazms ovmer OCYVINECTENSTECE — Ha OCHOEE
HOPMATHIOEIEHOrD EIaccH9ecEoro mapawerpa TTE. omesxa
INUTHEOCTA — Ha OCHOEE PAcTeTd SOH NOIHCSHATHER CIOE B
TEECTE, 3 HEHASEC CHCEMEOTHTSNEHCCTHY - HA  OCHOES
HOPMATHIOEANHOrD EOMEHECTER ONHOEDATHED YIIOTpeOmesmi
DOMHOSHATHED oaoE & oTekere Ha 100 cocsodopa
=NATERIALS> B mawecTss MaTspHaTa OVIST HCOONBIOEAE
VueGHEE! EOPIYC PYCCEOTT RISTEA, SHEOTHPOEINHEIN HOPOVE
pycckol  gerceol  mmTeparypsr.  <MATERTATS> Tne
BENT oro CTHPOEZHEA EEOPAHE] A0KYMEHTE
mepmyEapomEore mpaza. MATERIALS> =TASKS=[n=
EATHIANEE THOOTOTHH [eKCHERCENE [EPaMeTpoE B PaMESX
mposxTa Oyaer cobpar JomomEsTemeHEnl mopmye, B ROTOpENE
EOETYT  TeRCTH  PocomBicmo@ | SUMSRTpOEHON  IINOMEL
Me®ayEaponsELIe MPAEOELIS AKTET H TEXCTEL, PEROMEEIOEZHHEIR

on®  EmeETaccHoro  wremmi.  <BEMEFITS> Temomoras
MEKCHMECENN — DEDEMATPOE  MOEST  HCOONBIOEATECA B
MEKCHEOMOCEM,  AECEYPCONOrHEHN am= omrammE  ®

MONEMHPOEZHNE TeECToE. <DENEFITS> B opmenamsod
JHEMENCTHEE ISECHHECEOE PasE000pasHe, MIOTHOCTE B HENSES
HCETCOMHTEMEHCCTH  HETYT OPEDSHSHHE OpE ODSHES
HOMHHITHEHCH IIIOTHOOTE TEECTOE  [asiHEHEDX  THIOE.
=BENEFITS> Oroenesy:o 00MacTs NpHMEHSHHE COCTAELIST
HCTOMBIOSAENS  OONyCTHMED:  pedepeHTHRDD  JHZEEHEH
JIEECHYSCEINT MEPEMSTPOR TEECTOE MpE ENOOPS TEECT2E oUW
meneEol raveropmn wmTarensi. <BENEFITS> Pasymerares

MOTYT OPEOCTAENETE HETEPSC M0  AMETHOCTHPOEZHHS
CEOEHOCTH JIHIHOCTH K PEsNIEEDM  HECTAHZADTHEIM
CHeHIpHTY DoRe e |

OVarHOCTHPOEaHKA CKNORHOCTY NMYHOCTH K Da3AWYHBIM HECTAHAADTHBIM CLIEHAPMAN NOBEAEHHA,

The analysis demonstrated that ChatGPT correctly labelled sentences
containing one rhetorical move. However, it failed to identify the second move in
the sentence. For instance, the following sentence contains two moves — GAP and
GOAL — correctly identified by the human annotator. ChatGPT captured only
GOAL.

(1) B pamxax npoexma enepevie npeoiazaemcs OYeHUusams OUCKYPCUBHbLE
xXapakmepucnmuku nexkcna Ha OCHoee czzedyrou;ux napamwempoe. J1eKCu-
yeckoe p(l3H006pa3Me, JeKcudeckas niomHocms U MH()eKC UCKTITIOYU-
meavbHocmu.

[The project proposes for the first time to assess the discursive
characteristics of a text based on the following parameters: lexical
diversity, lexical density and the index of exclusivity.]

The example shows that ChatGPT is not always able to fully grasp the
rhetorical complexity of academic writing. It can identify the stated objective
(GOAL) but fails to recognize the motivation or justification (GAP).

The following sentence contains TASKS and METHODS moves. Again,
unlike the human annotator, ChatGPT identified only one move — METHODS.
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(2) nsa pacuema s3nauwenuii napamempog Oyoem HANUCAHA NPOSPAMMA,
uncmaniupyemas na npoghaiinep Rulingva.
[To calculate the parameter values, a program will be written that will be
installed on the RulLingva profiler.]

ChatGPT’s failure to recognize TASKS could be explained by the fact that Al
models are often best at identifying explicit statements and may struggle to infer
implicit meanings. The TASKS move is implied in the sentence. Additionally, the
way the sentence is structured, with the primary focus on the “program,” might have
led the Al to focus on the methodological aspect.

4.2. Assessment of individual labels

CONTEXT: According to the comparison conducted by the author, ChatGPT
has higher precision (88.20%) than recall (81.40%), suggesting that it identifies
many sentences as CONTEXT, but a larger proportion of them were actually
GAPS. Here is an example of GAP identified as CONTEXT.

(3) B css3u ¢ amum, 6axcholl npobaemoil nepesodosedeHUst AGISAEMC KOM-

NJIEKCHOE ONUCAHUE NepedO0s8blX MEXHON02UL HEeUPOHHO20 MAUWUHHO20
nepegooq, BKII0UAsL MaKue acnexmuvl OanHoU NPodaIeMbl, KAK 00beKMuUug-
Hasi OYeHKa Kauecmeda nepegood, 6blNONHAeM020 cucmemamu WU
€ YCOBEPULEHCTNBOBANHBIMU HEUPOCEMEeGLLMU AN2OPUMMAMU.
[In this regard, an important problem in translation studies is a
comprehensive description of advanced technologies of neural machine
translation, including aspects of this problem such as an objective
assessment of the quality of translation by Al systems with advanced
neural network algorithms.]

The human annotator achieves near-perfect accuracy here, indicating that
identifying CONTEXT sentences might require more nuanced understanding than
ChatGPT has.

GAP: ChatGPT has very high recall (96.70%), but slightly lower precision
(91.00%), suggesting that it is good at finding most of the GAP sentences, but it
incorrectly labels some sentences as GAP. Below is an example of CONTEXT
identified as GAP:

(4) Obpaz 6yoywezo cmparvl u COCMOSIHUE POCCUTICKO20 00WeCed 8 CKO-
POM BDEeMEHU 3ABUCIN 0N MOJIOOEICU, ROINOMY PEe3YIbMAambl UCCAEA0-
BaHULL CHOPMUPOBAHHBIX Y Hee YCMAHOBOK SGISAIOMCSA OCHOBOU Ol
npoeedeHUst U COBePULEHCINBOBANUSL IPOHEKMUBHOU SHYMPEHHEN MOL0-
oeoicnotl noaumuxu, umo ooycnosiueaem AKTYAJIBHOCTh npoexma.
[The image of the future of the country and the state of Russian society
will soon depend on the youth. Therefore, the results of research into their
attitudes are the basis for implementing and improving an effective
national youth policy, determining the RELEVANCE of the project.]

The precision and recall of the human annotator are more balanced, showing a
more nuanced capacity to identify GAP sentences.
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GOAL: ChatGPT achieves the highest scores (100%) for precision, recall, and
F1. This could indicate that GOAL sentences are very clearly defined and easily
identifiable based on their lexical markers (nranupyemcs, umeem yenv, yeawvio
saensemcs, yenv 3axnoyaemcs). The lower scores of the human annotator could
indicate that the humans are adding more complex understanding when it may not
exist.

TASKS: ChatGPT’s recall (91.12%) shows it captures not all actual TASK
sentences and its slightly lower precision (92.10%) suggests some false positives.
Here is an example of the Goal move marked as the TASK move:

(5) Ilpu peanusayuu npoexma nianupyemcs co3oanue Jlabopamopuu
NePCHeKMUBHBIX  TUHSBONOIUMONOSUYECKUX UCCIe006aHUll Ha 6aze
Cllolly.

[The project implies the creation of a laboratory of advanced linguistic
and political studies at SPbPU.]

The human annotator again shows a very high level of performance.

METHODS: ChatGPT has a respectable precision (97.40%), but a lower recall
(89.10%). This suggests that while it is usually correct when it identifies a sentence
as a METHOD, it misses some actual METHOD sentences. For example, the next
sentence was not identified as METHOD move. ChatGPT marked it as TASK.

(6) Keticot 6102ep08 NIAHUPYEMCS PACCMOMPEMb C NO3UYULL TUHEBOAKCUO-

noeuu (1) 6 conocmasnenuu opye ¢ Opy2om Kaxk cOBOKYNHOCHb HeOOUHA-
KOBbIX YEHHOCIMHBIX KOHpUISYpayull, OMpaniCeHHvlX 8 Ux mexKcmax,
u (2) 6 euncmse, 00yCLOBIEHHOM 0OUHOCBIO TUHSBOKYILILYbL.
[The bloggers’ cases will be considered in terms of linguaxiology (1) in
comparison with each other as a set of different value configurations
reflected in their texts, and (2) in unity determined by shared linguistic
culture.]

The human annotator has a higher recall, suggesting they are better at
identifying all METHOD sentences.

MATERIALS and BENEFITS: Both ChatGPT and the human annotator have
very high scores across all metrics, indicating that these sentence types are
relatively easy to identify.

5. Discussion

To explore the efficiency of using LLMs for identifying rhetorical moves in
grant proposal abstracts, a comparative study involving ChatGPT-4 and a human
annotator experienced in academic writing was conducted. The findings of the
study revealed that ChatGPT can be effectively trained to correctly identify
rhetorical moves through clear definitions, linguistic markers, and examples of each
rhetorical move. The study showed that the more accurate and clearer the
definitions of the moves, the more accurate ChatGPT’s rhetorical move analysis
became. Training the model with illustrative examples of the moves also
contributed to correctly recognizing the linguistic markers associated with each
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move. Instructing the model to perform sentence-level analysis helped significantly
reduce the tendency to overlook several moves in one sentence. It was also found
that experimenting with different prompts and evaluating the results is crucial to
improve ChatGPT’s performance.

The results of the present study demonstrate that the two-shot prompt was
effective enough in instructing the LLM. ChatGPT showed high accuracy in
identifying the rhetorical moves in grant proposal abstracts, with F1 scores mostly
above 90%. Most correctly identified moves were GOAL, MATERIALS, and
BENEFITS, which suggests that the linguistic markers of these moves are clear and
make them recognizable by the model. CONTEXT, GAP, and TASKS exhibited
lower performance, which might be due to the fact that these categories have more
diverse or less clear linguistic markers, requiring a deeper analysis of the context,
which is a challenge for the LLM. The analysis also revealed that ChatGPT
experienced difficulties in identifying multiple rhetorical moves within one
sentence, effectively labeling only one of the moves.

These difficulties can be attributed either to limitations of LLMs or to other
factors. First, the observed errors may stem from imperfections in the prompt design
to recognize implicit meanings or multiple moves. The final prompt included an
instruction to handle multi-move sentences and provided one example with two
moves (<GAP> <GOAL>). However, it did not provide examples of sentences
containing three or more distinct moves, nor did it illustrate how to order multiple
tags in such cases. It is therefore plausible that more diverse examples would have
improved accuracy. Second, some of the discrepancies between ChatGPT and the
human annotator may be explained by vagueness in the source texts, which suggests
that the model’s performance can be improved by including examples of implicitly
expressed MOVES in the prompt, not just those with clear linguistic markers. For
example, while akmyanvnocms / ‘relevance’ is a positive statement of why the topic
matters, some grant applicants formulate it as a GAP, i.e., they state what has not
yet been studied (AxkmyanvHocms uccie0o8anusi CiLOHCHO20 NPEOSIONCEHUS HA
Mamepuane cO6CMBEHHO KAPenbCKO20, TUBBUKOBCKO20 U JIOOUKOBCKO20 HApeyull
00ycnosnena mem, 4mo CUHMAKCUC KAPETbCKO20 A3bIKA ... 8 YeNOM UCCIe008aH
20pa30o MeHee 0emaibHO, Yem MOPPOL0UYeCcKUll, 1eKCULeCKUll U hoHemudecKuil
yposnu / ‘The relevance of the study of a complex sentence based on the material
of the Karelian, Livvik and Ludic dialects is due to the fact that the syntax of the
Karelian language ... has been studied in much less detail than the morphological,
lexical and phonetic levels’). In such cases, the sentence explicitly signals a missing
piece of knowledge, which would be labeled as a GAP, however it contains a
CONTEXT marker axtyansHOCTh / ‘relevance’. This variation creates ambiguity
for ChatGPT. Future prompt designs should include examples of both formulations
to help the model distinguish them.

Third, the cultural-rhetorical specificity of the training data must be considered
when assessing the model performance. ChatGPT-4 was pre-trained predominantly
on English-language texts, which tend to follow a relatively linear move structure
(e.g., CONTEXT — GAP — GOAL — MEANS — BENEFITS). Russian grant
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proposal abstracts, however, sometimes deviate from this prototype. For example,
the following abstract contains two explicit statements of the GOAL (sentences 1
and 2) and places the CONTEXT and the GAP after the second GOAL rather than
before it: Ilpoexm mHanpasnen na u3zyuenue GIUAHUA CAKPATUIAYUU U
pecakpaiuzayuu NPOCMpPAHCMEad HA UOEHMUYHOCMb apabCcKoeo HaceleHus
Ianecmunvi... ILlenvio npoexma A61semcs  GvlAGIeHUE PONU  CAKPATLHOZO
NPOCMPAHCMBA ... AKMYATbHOCMb NPOEKMA ONPeQensiemcsi 3HAUeHUEeM C8AMbIHb...
Hecmomps na obunue pabom... omcymcemeyiom ucciedoséanus... / ‘The project
aims to study the influence of sacralization and resacralization of space on the
identity of the Arab population of Palestine... The goal of the project is to identify
the role of sacred space... The relevance of the project is determined by the
significance of holy sites... Despite the abundance of works... research is
lacking...”). This rhetorical organization (repeated GOALS and delayed CONTEXT
and GAP) may create a challenge for AIl. A human annotator familiar with this
culture-specific feature recognizes these variations as acceptable. ChatGPT,
however, expects a more linear, non-repetitive structure. This example illustrates
that the model’s difficulties may be due to a mismatch between its training
distribution (Anglophone rhetorical norms) and the actual organization of Russian
grant proposal abstracts. Adapting prompts to include examples of such culturally
specific deviations would likely improve performance. These findings resonate
with Ponton and Mantello’s (2026) critical discussion of Al and authenticity: they
argue that LLMs, trained on massive but culturally homogenous datasets, often lack
the semiotic agency required to interpret culturally embedded texts, producing
instead outputs that reflect the statistical norms of their training data.

This study thus provides some theoretically significant insights into discourse
analysis. First, it shows how LLMs may be trained to understand rhetorical moves
using clear definitions, linguistic markers, and informative examples. This supports
discourse-analytic approaches that see rhetorical structures as identifiable through
linguistic features (Swales 1990, Hyland 2020). Second, while ChatGPT achieved
high accuracy in identifying the GOAL, MATERIALS, and BENEFITS moves, it
experienced difficulties in recognizing context-dependent moves, such as
CONTEXT, GAP, TASKS, suggesting that some rhetorical functions
require contextual interpretation, which aligns with van Dijk’s (1977) theory of
context. However, these difficulties may be mitigated by prompt refinement or
adaptation to non-English rhetorical norms. Third, the comparison between human
and Al annotation highlights the importance of considering text-internal ambiguity
(vagueness of phrasing) and text-external factors (cultural training data) when
interpreting model errors. Fourth, the human annotator’s better performance
in identifying multiple moves within a single sentence highlights a significant
limitation of the LLM: difficulties it experiences in handling polyfunctional
discourse structures. This supports Fairclough’s approach that emphasizes the
dynamic, social practice-dependent nature of text (Fairclough 1992).
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6. Conclusion

The study assessed the efficacy of using ChatGPT for annotating rhetorical
moves in grant proposal abstracts. The research revealed that two-shot instructions
can effectively guide ChatGPT in this process. It was also shown that Al
demonstrated a different degree of accuracy in identifying different types of moves.
While some rhetorical moves were easily identifiable, others posed some challenges
to the LLM.

The key finding of this study indicates that the model’s performance is highly
contingent on three interrelated factors: 1) the clarity and completeness of the
prompt design, 2) the degree of explicitness of rhetorical moves in the source texts,
and 3) the alignment between the model’s training data and the rhetorical
conventions of the target genre. Consequently, despite its high performance,
ChatGPT should be viewed as a supportive tool for move analysis rather than a
substitute for human expertise. A hybrid approach, in which the Al performs initial
annotation and the human annotator reviews and corrects ambiguous cases,
represents the most valid and efficient methodology. The finding also suggests that
the internationalization of Al-powered discourse tools requires adaptation to
diverse rhetorical traditions. An equally important finding is that ChatGPT’s
difficulties may be eliminated through prompt engineering and fine-tuning.

Despite its useful findings and implications, the study has some limitations.
First, the research drew on data from only one field of knowledge — the humanities,
and its findings may not apply to other fields. Second, future research could expand
the sample size of analyzed texts to verify the conclusions made in the present
research. Second, the analysis relies on just one LLM — ChatGPT, specifically
the gpt-40-2024-05-13 version — and one human expert. This means we cannot
determine whether the observed differences are specific to this particular model
iteration or to this particular annotator. Different LLMs (e.g., Claude, Gemini,
DeepSeek) might yield different annotation patterns, and a different expert might
produce different benchmark results. Moreover, the use of a single human annotator
precludes the calculation of inter-annotator reliability, which would have
strengthened the validity of the reference annotation. Third, we did not examine the
variability of ChatGPT’s outputs across repeated runs of the same prompts. Given
the model’s stochastic nature submitting the same sentence multiple times could
yield different move assignments. Fourth, the study assumes homogeneity of
rhetorical move structures across the five included humanities subdisciplines.
While this assumption was motivated by prior cross-disciplinary evidence, it was
not empirically tested through subdisciplinary comparative analysis within our
corpus. It is therefore possible that disciplinary conventions affect move
distribution in ways not captured here, and this should be treated as a limitation of
the present design. Fourth, while this study focused only on grant proposal
abstracts, exploring Al identification and annotation performance for other
academic genres would illuminate how genre conventions influence the annotation
results. Including a different number of examples in the prompt could also reveal
their impact on the model’s performance. The analysis could also be extended by
involving other LLMs.
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Appendix 1. Final two-shot prompt used for rhetorical move annotation

Please learn the following contents. The move structure of the grant proposal abstract refers to the
categorical composition including the following moves: CONTEXT, GAP, GOAL, TASKS,
METHODS, MATERIALS, or BENEFITS.

The following defines and illustrates the rhetorical moves commonly found in the genre of grant
proposal abstract.

CONTEXT

Description: Provides background information, describes a real-world problem relevant to the
research, or presents established scientific knowledge in the area being studied.

Linguistic markers: B nacmosiuyee epems... , Ha cecoonswnuii oenwv ... , B nocnednue 200wi... ,
Hszeecmno, umo ..., B cospemennoli Hayke... , AKmyanbHocms 0aHHOU npobiemsbl 00y Cl06l1eHd ...,
Cywecmayrowue uccie008aHusi NOKA3bl8AIOM ... , B03POCIA NHOMPEOHOCMb 8...

Examples:

<CONTEXT> Bapbupysce B TeKCTax pa3HbBIX aBTOPOB, AUCTPUOYIIHS JEKCUKH MOXET BBI3BIBATh
CJIO)KHOCTY TIOHUMAHUS U CIIYKHTh MEPOH YCIEUTHOCTH PEYEBOro aKTa

<CONTEXT> Ha cerogusiHuii 1eHb UCKYCCTBEHHBIN MHTEIJIEKT UTPAeT BAXKHYIO POJIb B pa3BU-
TUU NIEPEBOAUECKON OTpACIIH.

GAP

Description: Identifies a missing piece of information, a problem, or a limitation in current
knowledge or existing solutions.
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Linguistic markers: Oouaxo, Hedocmamouno usyuensi... , Hecmomps Ha mMHoeouuciennvle uccie-
008aHUsL, OCMAEMCSL HESICHBIM 8ONPOC 0... , B nacmosiwee epems omcymemeyiom dawnnwle o... , Ipo-
onema [aerenue] ocmaemces manouzyuennotl ..., Cywecmasyowue memoowl UMeron psio HedoCmam-
K06... , Ocpanuuenuem cyuecmeyiomux ucciedo8anull 6s1emcs..., Januvie nooxoovl He no360-
JISIIOM 8 NOJHOU Mepe peuiumb npooiemy...

Examples:

<GAP> IIpu 3TOM H3y4YeHHE MPOILECCOB MOJENUPOBaHUS obpa3a Poccuu B cpencTBax maccoBoit
uH(pOpMAaIINK HE MOTYYHIIO TOJHOIIEHHOTO HAYYHOTI'O OCBELICHHUS.

<GAP> HoBusna ucciiejoBaHus 00yCJIOBJICHA HE M3YYCHHBIM PaHEE MATCPHATIOM - MEIMAKOHTCH-
TOM OPTaHOB UCMIOJIHUTEIbHOM BlacTH Pd.

GOAL

Description: Clearly states the main objective or aim of the research project.

Linguistic markers: IJenvio oannou pabomul aensemcs... , JanHoe ucciedosanue HanpagieHo Ha...,
OcnogHotl 3a0auelt uccied08aHUs AGAEeMcs..., B pamxax oannoii pabomul naanupyemcs ..., Ilpeo-
MemoM UCCied08anUs AGAEMCs..., Mcciedosanue umeem yenvio. ..

<GOAL> [enbio uiccinea0BaHUs ABISACTCS UCCIISOBAHUE TIPOOJIEMBI JJOCTYITHOCTH W TIOHATHOCTH
TEKCTOB OPHIIUATIBHBIX JOKYMEHTOB BO B3aUMOJICHCTBUHU FOCYAaPCTBEHHBIX OPTaHOB M IPAXK/IAH.
<GOAL> llens mpoexkta — pa3paboTaTe MOJENb WHTEPANCKYPCUBHOTO JMHIBOMOJIUTOJIOTHYE-
CKOTO aHaJIN3a CTpaTeruii MPOABMKEHUs HAIIMOHAIIBHBIX HHTepecoB Poccum.

TASKS

Description: Lists the specific steps or sub-objectives that will be undertaken to achieve the overall

goal.
Linguistic markers: Enumeration markers Bo-nepevix..., Bo-smopuvix... , 3adauu ucciedosanus
sKkmouarom 6 cebs: ..., action verbs in the infinitive form: Ilposecmu ananus..., Ocyuwecmeums cun-

mes... , Paspabomams mooens ..., Dxcnepumenmansvro npogepums..., Conocmasums nouyueHHvle
Oannvle...

<TASKS> Peanu3zanust mpoekTa mpenoiaraeT peleHre ciaeayonmmx 3amaad: 1. [Iposenenne mac-
MTa0HOTO COIMONMHTBHCTHYECKOTO SKcrepuMenTa. 2. DopMHpOBaHHE CIHCKAa MEPIEITHBHO
CJIOKHBIX SIBJICHUU.

<TASKS> KommuiekcHOe HcclieZiloBaHHEe KOTHUTHBHBIX MEXaHH3MOB M TUCKYPCHUBHBIX CTPaTETHH,
CONPSIKEHHBIX C OCMBICJICHHUEM U MPEOJIOJICHUEM COLIMOKYJIBTYPHBIX YIpO3, IUIAHUPYETCS OCyIlle-
CTBHUTH B HECKOJIbKUX aCIIEKTaxX: CO3JJaHue KOPITyca HCTOPHUYECKUX M COBPEMEHHBIX TEKCTOB, perpe-
3EHTHPYIOIINX COLMOKYJIbTYPHBIE PUCKH; ONPECIICHUE U TUITOJIOTHS 0a30BBIX COLIMOKYJIBTYPHBIX
KOHILIETITOB, SIBJISIOLIMXCSI KOTHUTUBHOI OCHOBOM JAMCKYPCUBHOM MaHU(ECTAallUK YTPO3; BhISBICHUEC
W THUIIOJIOTHS JIOMUHHUPYIOIINX HAPPATUBHBIX CTPATETHH, MOJICIUPYIOIIUX MPEICTABICHHS O MPO-
WCXOXJICHUH, CMBICIIE W BO3MOXHBIX ITOCIIEACTBHSIX MPEII0araeMbIX OIIacCHOCTEH.

METHODS

Description: Explains the procedures and techniques that will be used to conduct the research and
achieve the tasks.

Linguistic markers: B pabome ucnov3osanvi ciedyowgue Memoowl.: ..., s 0ocmudicenus nocmas-
JIEHHOU Yenu NPUMEHANUCS ..., Hlccnedosanue npoeoounocs ¢ UCHONb308AHUEM ..., NPEONONa2aemcs
NPUMEHUMb KOMNIEKCHYIO Memo0002UI0

<METHODS> Ilpu peuieHnu MOCTaBICHHOHN 3a/1a4M MPEAIIONaraeTcsi MPUMEHNTh KOMIUIEKCHYIO
METO/I0JIOT IO COBPEMEHHOTO JMCKYpC-aHaIN3a

<METHODS> 3t0 norpedyeT coBepuIICHCTBOBaHUS MYJIbTHIUCIUILIMHAPHBIX CIIOCOOOB aHaIM3a
MCTOPUUYECKHUX U COBPEMEHHBIX HCTOYHUKOB, OCHOBAHHBIX Ha COBMEIIEHUH METO/I0B KOTHUTUBHOM
JIMHTBUCTHKH, HICTOPUYECKOTO aHAIIN3a JUCKypCa, HApPaTOJIOri U HEHPOCEMaHTHKH.
MATERIALS

Description: Describes the resources, data, or equipment that will be used in the research.
Linguistic markers: Mamepuanom ons ucciedoganus nOCayrcuiu... , B kauecmee 0anHwvix Ucnoib-
308anUCh..., [[1a nposedenus sKcnepumMenma nPUMeHsI0Csy ciedyoujee 0b6opyoosanue: . ..
<MATERIALS> Keiicbl 6;0repoB IIaHAPYETCS PACCMOTPETH C TIO3UIMHA JTUHTBOAKCHOJIOTHH.
<MATERIALS> Marepuasom CTaHyT JaHHbIE MaCIITAOHOTO COIHOJIMHTBUCTHUECKOTO OIPOCa.
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BENEFITS

Description: Describes the potential positive outcomes and real-world applications of the research.
Linguistic markers: Pezyromamsi 0anno2o ucciedo8anus mo2ym ovims UCNONb306AHbL O4..., [Ipak-
MuYecKas 3HauuMocmes pabomsl 3akioyaemcs 6..., Teopemuueckas 3HAYUMOCMb UCCLE008AHUA
cocmoum 8..., Paspabomka nosvix memo0os..., CogepuieHcmeosanue cyujecmgyiouux mexHoo-
euid... , Ilosviwenue sghgpexmugnocmu ..., Onmumuzayus npoyeccos..., B danvuetivem pesyiomamot
UCCnedo8aHusL Mo2ym Obims UCNONb30BAHbL OISl ..

<BENEFITS> Pe3ynpTaThl MOTYT IIPEACTABIATh MHTEPEC AJIS AMATHOCTUPOBAHUS CKIIOHHOCTH JIHY-
HOCTH K pa3JIM4YHbIM HECTaH/IAPTHBIM CIIEHAPHSIM TIOBEJICHUSI.

<BENEFITS> [lonyueHHbIC TaHHBIC MOTYT OBITH MOJIE3HBI MPU Pa3pabOTKE MOJIOJICKHON MOJHU-
THKH.

Using this instruction, label each sentence in the text with <CONTEXT>, <GAP>, <GOAL>,
<TASKS>, <METHODS>, <MATERIALS>, <BENEFITS>. If one sentence contains more than
one move, identify all moves present. Label the primary move first, followed by the secondary
move(s), using the same tags. For example: <GAP> <GOAL>. If a sentence is highly ambiguous,
you may assign an <UNCLEAR> label.

The linguistic markers provided as examples are not limited to these lexical items. Here is an exam-
ple of the move recognition: <CONTEXT> Baposupysice 6 mexcmax pasuvix asmopos, Oucmpuoy-
Yust IEKCUKU MOdACEM 8b13616amb ciodcHocmu nonumanusi. <GOAL> B pamkax npoexma npeonaza-
emcs OYeHUusamsv OUCKYPCUBHbIE XAPAKMEPUCMUKY MeKCMA.

Article history:
Received: 05 September 2025
Accepted: 15 April 2026

Bionote:

Olga A. BOGINSKAYA is Doctor Habil., Professor at the Department of Foreign
Languages, Irkutsk National Research Technical University. Her research interests lie in
the field of professional and academic discourse studies. She has publications
in peer-reviewed academic journals in the field of linguistics such as Discourse Studies,
Journal of English for Academic Purposes, ESP Today, Revista de Llengua et Drett, Slavia
Centralis, among others.

e-mail: olgaa_boginskaya@mail.ru

https://orcid.org/0000-0002-9738-8122

CBenenus 00 aBTOpE:

Osabra AnekcanapoBHa BOTMHCKAS — nokrop dunonoruueckux Hayk, mpodeccop
Kaeapbl MTHOCTPAHHBIX SI3IKOB THCTUTYTA IMHTBUCTUKY M MEXKKYJIBTYPHON KOMMYHHUKA-
1 MpKyTCKOro HAIMOHAIBLHOTO HUCCIEOBATEILCKOTO TEXHUYECKOTO0 YHHBEPCHTETA.
OO0nacTe HUCCIENOBATEILCKUX HMHTEPECOB — TPO(EcCHOHANbHBI M aKaJeMHYCCKUN
muckypce. Mimeer myOnukaiuu B psifie BRICOKOPEHTUHTOBBIX JIMHIBUCTHYECKUX JKYPHAIIOB!
Discourse Studies, Journal of English for Academic Purposes, ESP Today, Revista de
Llengua et Drett, Slavia Centralis v nip.

e-mail: olgaa_boginskaya@mail.ru

https://orcid.org/0000-0002-9738-8122

609


https://orcid.org/0000-0002-9738-8122
mailto:olgaa_boginskaya@mail.ru
https://orcid.org/0000-0002-9738-8122

	585



