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The rapid spread of large language models (LLMs) has significantly
transformed academic writing practices and actualized discussions about
authorship, language quality, and academic integrity. At the same time,
diachronic changes in academic discourse during the active implementation
of generative artificial intelligence remain insufficiently studied. The study
combines a systematic literature review with a corpus diachronic analysis of
authentic academic annotations, allowing us to trace long-term trends in the
development of academic discourse. The aim of the work is to identify
linguistic changes in academic writing during 2015-2025 and determine the
role of human editing in quality assurance of Al-assisted scientific texts. The
research material was a corpus of 870 English-language annotations of
scientific articles indexed in the Scopus database in the field of arts and
humanities. Quantitative linguistic analysis was carried out using Python
tools. Indicators of lexical density, lexical diversity, syntactic complexity,
average sentence length and frequency of cohesive markers were analyzed. A
statistically significant increase in lexical density and frequency of cohesive
markers has been revealed, indicating an increase in information
compression and explicit discursive organization of texts. Indicators of
traditional lexical diversity and syntactic complexity remained relatively
stable. The observed trends are consistent with characteristics described in
Al-assisted writing studies; however, the study design does not allow them to
be directly related to the use of large language models. Human editing
remains a key factor in ensuring factual accuracy, discursive coherence,
lexical enrichment, and academic integrity. The results can be used to develop
practices for the responsible use of generative Al in academic communication.
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1. Introduction

The rapid spread of generative artificial intelligence, particularly large language models (LLMs) like
GPT-4, has dramatically changed the landscape of academic writing. More and more scholars are
using these tools to create drafts, paraphrase, and edit scholarly texts. This actualizes the question
of the linguistic consequences of such use and the transformation of the boundaries between human
authorship and machine assistance.

Although large language models demonstrate high grammatical correctness and compliance with the
genre conventions of academic discourse, evidence is accumulating that they produce texts with
reduced lexical variability, increased wording, and increased local coherence, often at the expense of
global coherence and originality. Such transformations require a deep understanding of the
differences between traditional human writing and Al-generated texts, as well as elucidating the role
of the human editor in compensating for the limitations of machine generation.

This study has two interrelated goals. First, to analyze diachronic linguistic changes in the abstracts
of scientific articles for the period 2015-2025, with a particular focus on the period after the
widespread adoption of ChatGPT at the end of 2022. Second, to investigate the compensatory
functions of human editing in the context of Al-assisted academic writing.

By integrating a systematic review of the literature with empirical corpus analysis, the paper seeks to
find out whether the recorded linguistic shifts can be related to the influence of generative models,
as well as to determine how human intervention contributes to the preservation of the scientific
quality of texts.

The results of the study should contribute to the discussion on the implications of using generative
Al for scientific communication, authorship and academic integrity, as well as provide practical
recommendations for researchers, editors and higher education institutions in the context of the
development of human-machine collaboration in writing.

2. Literature Review

The current stage of development of linguistics and applied linguistics is characterized by the
significant influence of Large Language Models (LLMs), which transform not only the methods of text
generation, but also the very nature of academic writing. Starting with the advent of transformer
architectures [1] and the subsequent development of scale models such as GPT-3 and GPT-4 [2, 3],
researchers are increasingly considering LLM as a new type of discursive agent capable of mimicking
complex genres of scientific speech. In this context, the question arises about the linguistic
boundaries between human and machine writing, as well as the degree of authenticity of academic
texts generated by artificial intelligence.

One of the key characteristics of LLMs is their ability to generate grammatically correct and
stylistically consistent texts that meet the formal requirements of academic discourse. However,
research shows that such language production is often based on statistical prediction of subsequent
tokens rather than a deep understanding of the content [4, 5]. This leads to the phenomenon of
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fluency without grounding, where the text looks convincing but does not necessarily contain
verifiable or cognitively sound information [6].

From the point of view of lexical organization, numerous studies demonstrate that LLM texts are
characterized by limited variability and high repeatability of lexical patterns. In particular, analysis of
academic text corpora suggests that large language models, in particular ChatGPT, show a tendency
to use standardized academic constructs and repetitive discursive patterns, resulting in a decrease in
individual stylistic variability between texts [7, 8]. Similar results are supported by corpus studies,
which show that after the widespread introduction of large language models into scientific writing,
there is a tendency towards stylistic convergence and a decrease in lexical diversity compared to
human texts, which manifests itself in more standardized academic constructions and reduced
variability of discursive markers [9, 10].

The syntactic structure of texts generated by large language models can show certain tendencies
related to the simplification of the hierarchical organization of sentences. In particular, corpus studies
show that LLMs in a number of corpus studies tend to have a greater proportion of coordinate
constructions that provide linear organization of information, while human writing is characterized
by a more frequent use of subordination, which forms a deeper syntactic hierarchy and more
complex dependencies between clauses [11, 12]. This trend may be due to the fact that coordinate
structures are cognitively easier to generate and process, but at the same time reduce the level of
syntactic nesting and structural complexity of the text [13].

In addition, while LLM texts may exhibit high local coherence and formal grammatical correctness,
they are often characterized by weaker global discourse coherence. Studies in the field of text
generation show that models are able to maintain coherence at the level of individual sentences, but
their argumentative structure between sentences and paragraphs is less stable compared to human
texts, which manifests itself in the phenomena of semantic drift and violation of global coherence
[14, 15].

Modern research shows that large language models are able to reproduce typical genre patterns of
academic writing, including structural elements such as introductions, methods, and conclusions, but
such organization often remains superficial and formulaic and does not guarantee deep
argumentative coherence of the text [16, 17].

An important problem that is actively investigated is the phenomenon of hallucinations in large
speech models. A study by Ji et al. [15] shows that LLMs can generate false or fictitious claims, often
in the form of high confidence. Similarly, Maynez et al. [14] demonstrate that even in text
summarization problems, models often violate the principles of actual source matching. This is seen
as a potential challenge to academic integrity, especially in cases of automated scientific text
generation [18].

In this context, much attention is paid to the influence of large language models on the stylistic
characteristics of texts in the process of human—Al interaction. Research shows that the use of LLMs
in the writing process can influence the choice of lexical and structural decisions of authors, forming
certain patterns of stylistic adaptation within the co-creation of text [19]. This phenomenon is
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considered as an important area of study of changes in written practices under the influence of
generative models.

At the same time, the problem of automatic detection of Al texts remains open. Many studies
demonstrate the low reliability of existing detectors, which often have both false positive and false
negative results [20, 21]. This indicates the limitations of purely automatic identification methods
and emphasizes the expediency of considering more complex linguistic and discursive approaches to
text analysis.

A separate area of research is the role of human editing in the process of creating Al-assisted texts.
Human-in-the-loop approaches are seen as an important element in ensuring the quality of academic
writing, as they allow to compensate for the limitations of large language models, including factual
inaccuracies and logical inconsistencies [16, 22]. In this context, editing acts not only as a technical
stage, but also as a cognitive process of interpreting and restructuring the text generated by the
algorithm.

Overall, the current literature demonstrates that LLMs are significantly changing the linguistic
landscape of academic writing, shaping new models of textual production that combine machine
generation and human interpretation. The result is a complex hybrid writing system in which the
boundaries between author, tool, and editor are gradually blurred.

3. Methodology

For the study, a corpus of 870 English-language annotations of scientific articles published in 2015-
2025 and indexed in the Scopus database was formed. The corpus included peer-reviewed scientific
articles on issues of academic writing, academic discourse, and scientific annotations. In order to
ensure genre and disciplinary homogeneity of the material, the selection was limited to publications
in English in the field of arts and humanities. This approach made it possible to form a comparable
corpus of academic annotations, suitable for diachronic analysis of linguistic changes.

Data processing procedure. All annotations have been pre-cleaned using a specially designed Python
script. The procedure included: removing the text after the © character (copyright and license
disclaimers); normalization of spaces and removal of newline characters; protection of standard
scientific abbreviations (e.g., i.e., et al., Ph.D., etc.) for correct tokenization.

Linguistic analysis. Quantitative analysis was carried out using Python 3 program code using pandas,
nltk, re libraries. For each text, the following indicators were calculated:

Lexical level: Word count — number of tokens after tokenization and filtering; Type-Token Ratio (TTR)
is a classic indicator of lexical diversity; Measure of Textual Lexical Diversity (MTLD) is a more stable
indicator for the length of the text; Lexical density is the ratio of content words to the total number
of words.

Syntactic level: Average Sentence Length; Syntactic complexity is the average number of clauses per
sentence, determined by counting subordinate conjunctions using regular expressions.
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Discursive level: Frequency of cohesive markers per 1000 words — counting of key discursive markers
(however, therefore, moreover, furthermore, thus, in addition, on the other hand, etc.). For the
accuracy of counting phrases, the method of exact match was used, taking into account the
boundaries of words.

All metrics were normalized in text length where necessary. To detect diachronic changes, a one-way
analysis of variance (One-way ANOVA) with the factor "Year of publication" was used, as well as
checking linear trends. The strength of the effect was estimated using n? (eta squared).

Software implementation. The calculations were carried out in the IDLE (Integrated Development
and Learning Environment) environment for Python using open libraries. To ensure the
reproducibility of the study, all parameters (list of stop words, cohesive markers, MTLD = 0.72
threshold) were fixed.

Research limitations: The analysis is limited to the genre of scientific annotations in the arts and
humanities, which does not allow for direct extrapolation of the results to other academic genres or
disciplines.

4. Results and Discussion

The analysis of modern literature allows us to identify a number of linguistic characteristics that are
most often associated with academic texts generated by large language models. Previous research
suggests that such texts demonstrate a relatively high level of grammatical correctness and formal

coherence, but at the same time are characterized by a number of specific stylistic and discursive
features that distinguish them from human academic writing [4, 16, 7].

Based on the generalization of the results of previous studies, a list of key linguistic parameters that
can be used for comparative analysis of human and Al-generated annotations was formed (Table 1).

Table 1. Linguistic features frequently reported in Al-generated academic texts

Linguistic Typical manifestation in Al-generated texts Confirmatory studies
feature
Lexical diversity Decrease in lexical diversity indicators and Martinez et al. [10];
increased frequency of formulaic and repeated Tudino and Qin [7]
lexical constructions
Stylistic Greater standardization of style and reduced Liu and Demberg [8]; Lin
variability author's personality et al. [9]
Academic Predominance of formulaic academic language Tudino and Qin [7];
phraseology and standardized discursive patterns Kasneci et al. [16]
Syntactic Possible tendency to lower syntactic complexity Liu and Liu [11]
complexity (lower proportion of subordinate constructions)
Local coherence Relatively high local coherence between Jietal. [15]

adjacent sentences
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Global Potential difficulties in maintaining global Jietal. [15]; Maynez et al.
coherence discursive coherence and factual consistency [14]
between sentences
Actual reliability Risk of factual errors and generation of non- Ji et al. [15]; Stokel-Walker
factual content ("hallucinations") and Van Noorden [18]
Genre imitation Reproduction of standard academic genre Kasneci et al. [16]; Liang et
structures at the surface level al. [17]
Detectability The increasing difficulty of distinguishing Weber-Wulff et al. [20];
between Al and human writing, which reduces Sadasivan et al. [21]

the accuracy of automatic detectors

Source: built by the authors

As shown in Table 1, the most consistently described characteristics of Al-generated academic texts
in the literature are a decrease in lexical diversity, an increased level of stylistic standardization, and
the use of template academic constructions [8, 10, 7]. Such features are explained by the statistical
nature of large language models, which reproduce the most likely language sequences based on large
learning corpora [4, 5].

At the same time, studies show conflicting results regarding the syntactic complexity of Al-generated
texts. While some papers record a tendency to use less complex syntactic structures compared to
human writing, others point to the ability of modern models to successfully reproduce complex
academic constructions depending on the genre and task at hand [11, 16].

Particular attention is drawn to the issue of discursive organization of the text. Researchers note that
large language models are able to provide high local coherence between adjacent sentences, but
maintaining argumentative logic at the level of the entire text remains problematic, especially in
complex analytical genres [14, 15]. That is why the assessment of global coherence is increasingly
considered as one of the key criteria for distinguishing between human and Al-generated academic
writing.

A separate aspect is the role of human editing. Previous research suggests that editorial intervention
can largely compensate for typical shortcomings of LLM texts, including factual errors, excessive
templates, and insufficient argumentative depth [16, 22]. Therefore, most modern approaches to the
academic use of generative Al are based on the human-in-the-loop model, which combines
automated text generation with human quality control.

The linguistic characteristics of Al-generated academic texts summarized in Table 1 demonstrate that
the key differences between machine and human writing are manifested mainly at the level of lexical
organization, syntactic complexity, and discursive coherence. At the same time, these features are
not final or immutable markers. Since they can be largely modified in the process of post-editing and
academic validation of the text.

In this context, special attention is paid to the role of human editing as an intermediate link between
the automatically generated text and the final academic publication. Editing itself acts as a
mechanism for correcting structural, stylistic, and factual shortcomings of LLM-generated content, as
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well as a tool for its adaptation to the requirements of scientific discourse. A summary of the main
functions of such an intervention is presented in Table 2.

Table 2. The Role of Human Editing in Improving Al-Generated Academic Texts
Human Editing

Feature

Main contribution to

Typical editing results

Confirmatory

the text sources
Factual Identifying and Potential reduction of the  Ji et al. [15]; Stokel-
verification correcting potentially risk of factual errors due Walker and Van
false or unverified claims to human verification Noorden [18]
Coherence Rearrangement of logical Potential improvement in Maynez et al. [14];
Editing connections between global discursive Kasneci et al. [16]
sentences and coherence
paragraphs
Stylistic Correction of pattern Reduction of template Tudino and Qin [7];
adaptation and excessive formality and excessive Lin et al. [9]
formalization of style
Lexical Expanding the dictionary Reducing the repetition of Martinez et al. [10];
enrichment variability of the text

Restructuring the

lexical units and formula
expressions in the text

Liu and Demberg [8]

argument

Genre alignment

Rebuilding the logic of
evidence and inference

Improving logical
consistency and

structured argumentation

Ouyang et al. [22];
Kasneci et al. [16]

Reduction of

Adaptation of the text to
the requirements of the

academic genre

Ensuring structural
compliance with
academic genre models

Liang et al. [17];
Kasneci et al. [16]

Eliminate repetitive

Reduction of discursive

Lin et al. [9]; Tudino
discursive phrases and overly template and and Qin [7]
pattern standard constructions standardization of the
text
Ethical and Control over the Reducing the risk of Stokel-Walker and
Academic correctness of citations incorrect citations and Van Noorden [18];
Compliance and prevention of textual borrowings Ouyang et al. [22]
plagiarism
Human Interpretation and Clarify the meaning and Bender et al. [4];
"alignment" refinement of Al-

generated ideas

increase the contextual
consistency of the
interpretation of Al-
generated text

Kasneci et al. [16]

Source: built by the authors

1134



Journal of Intelligent Decision Making and Information Science

Volume 3(5s), (2026) 1128-1141

Table 2 systematizes the key functions of human editing in the process of working with Al-generated
academic texts and demonstrates how editorial intervention transforms the initial machine-
generated product into a scientifically relevant and academically valid text.

As can be seen from the table, human editing performs a multi-level function, covering both the
micro-level (lexical enrichment, stylistic adaptation, elimination of patterning) and the macro-level
of the text (restructuring of argumentation, ensuring global coherence and genre alignment).
Especially important is the factual verification function, which compensates for the limitations of
large language models associated with the generation of false or unverified information [15, 18].

In addition, editing plays a critical role in restoring the discursive integrity of the text, as it allows for
the elimination of logical gaps and increased argumentative consistency, which is especially
important for complex analytic genres [14]. At the same time, stylistic and lexical modification
contributes to the reduction of excessive standardization characteristic of LLM-generated texts and
the return of elements of authorial individuality [7, 9].

Thus, Table 2 demonstrates that human editing is not only a technical stage of correction, but acts as
a cognitive intermediary between algorithmically generated text and the requirements of academic
writing, providing a transition from formal linguistic correctness to meaningful scientific quality.

As part of the empirical part of the study, a corpus of 870 English-language scientific articles obtained
from the Scopus database was analyzed. The main objective of the analysis was to identify diachronic
changes in the linguistic characteristics of annotations (2015-2025) from the perspective of the
hypothesis of gradual LLM-stylization of academic writing, i.e. a shift towards more standardized,
cognitively "medium-optimized" textual structures similar to the output of large language models.

For each annotation, a set of quantitative linguistic indicators was calculated, which are
conventionally divided into three groups: lexical, syntactic and discursive.

Lexical characteristics were represented by indicators of text volume, lexical diversity and density.
Specifically, the total length of the annotation was defined as the number of tokens:

Words = Nigkens-
The size of the vocabulary was calculated as the number of unique tokens:
Vocabulary size =| V' |.
The classic Lexical Diversity Index (Type-Token Ratio) was defined as:

TTR—m
N

where | V | is the number of unique words, and N is the total number of tokens.

For a more stable assessment of lexical variability, the MTLD (Measure of Textual Lexical Diversity)
index was used, which is based on the average length of token sequences before reaching the
threshold level of variance:

Ntokens

MTLD = :
number of factors
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Lexical density was defined as the share of content words in the total volume of the text:

Ncontent words

LD = .
Ntotal words
The syntactic level was represented by the average length of the sentence and the index of syntactic
complexity. The average sentence length was calculated as:

N words

ASL =

Nsentences

Syntactic complexity was approximated through the average number of clausal structures in the
sentence:

S .
SC — Zizl Cl'
S

where C; the number of clausal markers in the th sentence, a S is the total number of sentences.

The discursive level was measured through the frequency of cohesive markers normalized per 1000
words:

Ncohesion markers

CM1000 == N ] X 1000.
words

To detect changes over time, single-factor analysis of variance (ANOVA) with the Year factor was
used, as well as checking linear trends (linear vs deviation from linearity) and estimating the strength
of the effect through eta squared.

The most consistent changes were recorded at the lexical and discursive levels.

Lexical level. Lexical density shows a steady positive trend during the study period (Figure 1): the
average value increased from 0.66 in 2015 to 0.70 in 2025. Analysis of variance revealed a highly
significant linear effect of the year of publication (F = 57.14, p < 0.001), and the proportion of
explained variation was n? = 0.082. This indicates a gradual increase in the specific weight of content
units in the structure of annotations and is consistent with the results of modern corpus studies,
which record a long-term increase in the information density of academic texts. In particular, on large
corpora of academic writing, lexical density in scientific annotations has been shown to tend to
increase in diachronic perspective, with this effect being relatively stable across disciplines [23].
Similar results have been obtained in studies of the long-term evolution of academic discourse, where
a gradual increase in lexical density and general informational compression of texts has also been
recorded [24].
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140.00 0.71
120.00 0.70
100.00 —— 0.69
80.00 0.68
60.00 / 0.67
40.00 0.66
20.00 0.65
0.00 0.64

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

MTLD lexical_density

Fig. 1. Dynamics of lexical density indicators and Measure of Textual Lexical Diversity in annotations
Source: built by the authors

Thus, the results obtained can be interpreted as part of a broader trend in the development of
academic writing, which is characterized by an increase in information density and stabilization of
genre norms in international scientific discourse.

A similar trend is observed for the MTLD score, which reflects lexical diversity and is resistant to the
influence of text length [25]. In the study corpus, the MTLD values show an overall increase during
the observation period (especially in 2024-2025), and the linear trend check revealed a statistically
significant effect (F = 8.91, p = 0.003). Although the magnitude of the effect remains small (n?=0.038),
the results are consistent with current corpus studies, which show that texts generated or partially
processed by generative language models, in particular ChatGPT, exhibit increased lexical diversity
compared to traditional academic writing [26]. The obtained results indicate a moderate increase in
the lexical diversity of annotations during the last years of the study period. Contrary to assumptions
about possible lexical unification or simplification of academic writing, the recorded dynamics do not
indicate a decrease in the variability of vocabulary. At the same time, the small size of the effect
indicates that lexical changes are gradual and can be associated with both the general evolution of
academic discourse and transformations of modern academic writing practices.

Discursive level. The frequency of cohesive markers normalized per 1000 words increased from 1.40
in 2015 to 4.18 in 2024 (F = 7.04, p = 0.008, n? = 0.024). This increase indicates an increased
explicitness of logical connections and is a characteristic feature of texts created or edited using large
language models [15, 16, 9].

Syntactic level. At the same time, no systematic changes were found in the indicators of syntactic
complexity (F = 1.26, p = 0.252; n? = 0.014), as well as in the classic index of lexical diversity TTR, for
which the linear trend turned out to be statistically insignificant (F =2.42, p=0.120). Mean TTR values
ranged from 0.58-0.63, which is consistent with the results of modern studies of academic texts and
Al-generated writing [11, 26]. The absence of significant changes in the TTR may indicate the relative
stability of the lexical diversity of annotations, despite the increase in other parameters (lexical
density and cohesion markers).
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Overall, the results do not show a simplification of academic writing, but a gradual increase in
information density, lexical variability, and discursive coherence of annotations. Such changes are
consistent with the general evolution of academic discourse towards a more standardized, reader-
oriented and information-rich presentation. At the same time, the data obtained do not give grounds
to assert the emergence of characteristic features of lexical or syntactic unification, which could be
unambiguously interpreted as a consequence of the mass use of generative artificial intelligence
systems. Rather, they reflect the continuation of long-term trends in the development of academic
writing recorded in previous corpus studies of scientific discourse.

In general, the data obtained indicate a partial stylistic convergence of academic annotations after
2022-2023. An increase in lexical density and frequency of cohesive markers indicates an increase in
the formal organization of texts, typical of the influence of generative models. At the same time, the
stability of TTR and syntactic complexity indicates that the influence of LLMs in the genre of scientific
annotations is manifested mainly at the surface level.

These results highlight the importance of human editing in the process of creating Al-assisted texts.
Editorial intervention allows you to compensate for excessive standardization, restore argumentative
depth, eliminate factual inaccuracies, and return individual features to the text. Thus, the human-in-
the-loop approach acts not only as a technical stage, but as a cognitive mechanism for ensuring the
scientific quality of academic writing in the context of the widespread use of generative artificial
intelligence.

5. Conclusions

The study revealed statistically significant diachronic changes in the linguistic characteristics of
academic annotations for the period 2015-2025. In particular, an increase in lexical density and
frequency of cohesive markers was recorded, while measures of syntactic complexity and traditional
lexical diversity remained relatively stable. The identified trends are consistent with individual
characteristics described in Al-assisted academic writing studies, but the data obtained do not allow
for a direct causal relationship between these changes and the use of large language models.

The scientific novelty of the study lies in the quantitative fixation of diachronic changes in the genre
of scientific annotations — the most standardized and conservative genre of academic discourse —
during the period of active implementation of generative Al models. Unlike previous papers, which
mostly compared "human vs Al" texts under experimental conditions, this study offers a real
diachronic cross-section of academic writing, allowing us to distinguish between long-term genre
trends and the impact caused by LLM.

The results obtained allow us to draw an important theoretical conclusion: the influence of
generative artificial intelligence on academic discourse is manifested mainly at the superficial stylistic
level (increase in formal coherence and information density), while deep syntactic mechanisms and
basic lexical variability remain relatively stable. This suggests that modern LLMs have more influence
on form than structure of academic thinking.

The practical significance of the work lies in substantiating the need for a human-in-the-loop model
as an obligatory component of academic writing-creation in the era of Al. Human editing acts not
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only as a stage of correction, but as a key cognitive and ethical mechanism that compensates for
excessive stylistic standardization, restores the individual author's voice, and ensures the factual and
argumentative reliability of the text.

Thus, in modern conditions, academic writing is increasingly acquiring the features of hybrid cognitive
activity, in which artificial intelligence performs the function of a powerful generative tool, and a
person performs the function of an intellectual editor and guarantor of scientific quality. Promising
areas of further research are a comparative analysis of the impact of LLMs on different academic
genres, as well as the development of linguistic markers that will allow for more accurate
identification of the degree of human intervention in Al-assisted texts.

At the same time, the design of the study does not allow directly linking the detected changes with
the use of large language models, since the corpus does not contain information about the way
individual texts are created. Therefore, the observed trends should be seen as diachronic changes in
academic discourse that are consistent with the results of Al-assisted writing research, but cannot be
considered as direct evidence of the impact of LLMs.
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