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Abstract
Large Language Models (LLMs), such as ChatGPT, have prompted academic concerns 
about their impact on academic writing. Existing studies have primarily examined LLM 
usage in academic writing through quantitative approaches, such as word frequency statis-
tics and probability-based analyses. However, few have systematically examined the poten-
tial impact of LLMs on the linguistic characteristics of academic writing. To address this 
gap, we conducted a large-scale analysis across 823,798 abstracts published in last decade 
from arXiv dataset. Through the linguistic analysis of features such as the frequency of 
LLM-preferred words, lexical complexity, syntactic complexity, cohesion, readability and 
sentiment, the results indicate a significant increase in the proportion of LLM-preferred 
words in abstracts, revealing the widespread influence of LLMs on academic writing. 
Additionally, we observed an increase in lexical complexity and sentiment in the abstracts, 
but a decrease in syntactic complexity, suggesting that LLMs introduce more new vocab-
ulary and simplify sentence structure. However, the significant decrease in cohesion and 
readability indicates that abstracts have fewer connecting words and are becoming more 
difficult to read. Moreover, our analysis reveals that scholars with weaker English profi-
ciency were more likely to use the LLMs for academic writing, and focused on improving 
the overall logic and fluency of the abstracts. Finally, at discipline level, we found that 
scholars in Computer Science showed more pronounced changes in writing style, while the 
changes in Mathematics were minimal.
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Introduction

ChatGPT, a chatbot launched by OpenAI in November 2022, is recognized one of the 
most powerful and widely adopted Large Languages Models (LLMs) to date. Its capa-
bility to generate high-quality text based on user-provided context or prompts, coupled 
with its free accessibility, has led to significant impacts across both industrial and aca-
demic sectors (Cao et al., 2023). In scientific research, evidence indicates that ChatGPT 
has been widely used in various aspects of academic writing, including drafting manu-
scripts, summarizing abstracts, and generating reviews (Geng & Trotta, 2024; Huang & 
Tan, 2023). However, the increasing reliance on LLMs in academic writing has raised 
concerns regarding content originality, authorship attribution, and the potential trans-
formation of established academic writing styles (Thorp, 2023). For instance, in top-tier 
computer science conferences, 6.5% to 16.9% of peer review comments may have under-
gone modifications by LLMs (Liang et al., 2024a). Since LLM-generated text is difficult 
to trace back to specific sources, it increases the risk of unintentional plagiarism and the 
dissemination of biased information, challenging the objectivity of academic writing 
(AlAfnan & MohdZuki, 2023). Furthermore, from a broader academic culture perspec-
tive, distinct disciplines have historically developed unique writing conventions that are 
integral to effective knowledge communication within their respective domains (Song 
et  al., 2023). However, the widespread adoption of LLMs may blur these disciplinary 
boundaries, leading to a loss of stylistic distinctiveness in academic writing.

In response to these concerns, academic institutions and journals have begun to 
implement policies to regulate LLM usage in scholarly publications. For example, 
prominent journals Science and Nature have updated their submission guidelines, stat-
ing that they do not recognize LLMs as contributing authors and require researchers 
to disclose any AI assistance in the acknowledgments section (Thorp, 2023; Graham, 
2023). Additionally, recent studies have employed AI-detection tools or word frequency 
statistics analyses to investigate LLM usage in academic writing, revealing that LLM-
generated content often increases the prevalence and frequency of specific word choices 
(Hwang et al., 2024; Juzek & Ward, 2025; Liang et al., 2024a; Liu & Bu, 2024). While 
such studies provide valuable insights, they primarily focus on the identification of AI-
generated text rather than examining how LLMs influence the linguistic characteris-
tics of academic writing. Academic papers function not only as conduits for publishing 
novel research findings but also as semantic representation of knowledge, while linguis-
tic features reflect the lexical and grammatical choices of scholars. Specifically, linguis-
tic features, such as vocabulary choice, sentence structure, and writing patterns, play 
a critical role in distinguishing human-authored work from AI-generated text (Liang 
et al., 2024a). Thus, analyzing shifts in linguistic features of academic writing offers not 
only a new perspective to assess the authenticity and originality of academic content, 
but also helps explore the impact of LLMs on the overall writing style of the academic 
community.

To the best of our knowledge, no existing research has systematically analyzed how 
academic writing styles are evolving in the era of LLMs from a linguistic perspective. 
Therefore, to fill this gap, we take ChatGPT, one of the most widely used LLMs, as an 
example to investigate how the linguistic features of academic papers are evolving. This 
study provides empirical evidence of LLMs’ influence on academic writing and offers 
valuable insights for the academic community, particularly in the development of AI 
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detection tools and the formulation of policies for responsible LLM usage. To achieve 
this goal, we aim to answer the following research question:

RQ1 Has the linguistic style of academic writing changed before and after the ChatGPT 
era? If so, what changes have occurred?

With the growing trend of international collaboration in academic research, non-native 
English-speaking scholars (NNESs) are playing an increasingly important role in academic 
publications (Gök & Karaulova, 2024; Gui et  al., 2019; Ribeiro et  al., 2018). However, 
NNESs often face challenges in academic publishing due to language barriers (Flowerdew, 
1999; Huang, 2010). For example, NNESs tend to exhibit a more limited vocabulary, lower 
word accuracy, and less fluent sentence construction, whereas native English-speaking 
scholars (NESs) are more adept at writing longer, more coherent sentences and well-struc-
tured paragraphs (Ortega, 2003). While mainstream academic publishers have taken pro-
active steps to provide professional language editing services for NNESs, there are still a 
large proportion of scholars who may not be able to afford the cost of language editing ser-
vices due to financial constraints. Recently, LLMs like ChatGPT have emerged as an cost-
effective solution to help NNESs overcome language barriers in academic writing (Cao 
et al., 2023). These models provide real-time assistance in word choice, grammar correc-
tion, and language polishing, enabling scholars to express their viewpoints more fluently 
and accurately in academic writing (Lozić & Štular, 2023). However, whether the use of 
LLMs introduces notable differences in writing style changes between NESs and NNESs 
remains an open question. Therefore, our second research question is as follows:

RQ2 Are there differences in writing style changes between NNESs and NESs? If so, what 
are the differences?

At present, LLMs have achieved widespread adoption and notable success within com-
puter science, but their application into other disciplines remain underdeveloped (Onal 
& Kulavuz-Onal, 2024). For example, in fields such as agriculture, finance, and the arts, 
LLMs may require more customization and domain-specific knowledge to achieve opti-
mal results. Similarly, in scientific research, differences in academic backgrounds among 
researchers can contribute to varying levels of acceptance and proficiency in using LLMs 
(Liang et al., 2024b). Given these variations, it is crucial to explore whether writing style 
changes induced by LLMs differ across disciplines. Therefore, we further propose our third 
research question:

RQ3 What are the differences in writing style variations between disciplines?

Literature review

Writing style of academic papers

Academic papers serve as the primary medium for expression and dissemination of scien-
tific knowledge, playing a crucial role in scientific research and development. Unlike news 
articles or novels, academic writing is distinguished by its focus on clear communication of 
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knowledge, aiming to present research findings with precision and objectivity. At the same 
time, while academic writing is often marked by structural and phrasal complexity, concise 
and precise language, simple sentence structure and fluency of expression are widely rec-
ognized standards of academic writing style (Biber & Gray, 2010).

The writing style of academic papers is impacted by various factors, including a 
author’s linguistic background, writing and training experience, and the type of publication 
or its intended readership (Atkinson, 1998; Gross et al., 2002). Recently, the emergence of 
LLMs, particularly generative pre-trained language models like ChatGPT, has profoundly 
influenced academic writing. These models have notably improved the performance of 
machine translation and text generation, thereby improving the accessibility and efficiency 
of academic writing, particularly for scholars with limited English writing skills (Liu & 
Bu, 2024).

While writing style may not be the primary factor determinant of a paper’s originality, 
it substantially affects the paper’s readability, dissemination, and scholarly impact (Chen 
et al., 2020; Lu et al., 2019). A well-adapted writing style can enhance a paper’s readability 
and appeal, potentially increasing its downloads and citations (Hu et  al., 2021). Moreo-
ver, writing style influences how readers comprehend and assess the paper’s innovation, 
ultimately impacting its academic impact and recognition. In sum, a well-crafted writing 
style not only helps readers better understand the research more easily but also support a 
more accurate evaluate the innovation and contribution of the paper, which is beneficial for 
enhancing the academic reputation and influence of authors.

Writing style measures of academic papers

Academic papers exhibit distinct linguistic characteristics that set them apart from other 
text forms (Bennett, 2009). Previous studies have analyzed the writing style of academic 
papers across multiple dimensions, primarily focusing on word-level, sentence-level, and 
paragraph-level features (Dong et  al., 2024; Song et  al., 2023). At the word level, met-
rics such as lexical density and lexical sophistication assess different aspects of lexical 
complexity in academic papers. While lexical density evaluates the proportion of content 
words in a text, lexical sophistication reflects the depth and richness of the vocabulary 
used. At the sentence level, syntactic complexity captures the variety and logic structure 
of expression, commonly measured through the number of clauses, T-units, and sentences 
(Wang et al., 2023). Furthermore, academic papers commonly follow the IMRaD structure 
(Introduction, Methods, Results, and Discussion), which helps readers understand the logi-
cal framework and section arrangement (Gidiotis & Tsoumakas, 2020). For instance, the 
introduction section presents relevant background and previous works, whereas the results 
section presents a study’s findings which may include statistical results and visual repre-
sentations. Finally, the readability of a paper, which encompasses vocabulary usage and 
sentence structure, serves as a critical indicator of both the clarity of presentation and the 
reader’s comprehension (Plavén-Sigray et al., 2017; Snow, 2010).

As scholarly interest in academic writing style continues to grow, numerous tools have been 
developed to enhance the computational efficiency and comprehensiveness of linguistic met-
rics. Lu (2010) developed L2SCA, a widely used tool in corpus linguistics, which incorporates 
fourteen different measures derived from the second language development literature to assess 
syntactic complexity. Based on this work, Kyle and Crossley (2018) introduced new computa-
tional metrics and developed tools such as TAACO (Crossley et al., 2016) and TAACS (Kyle 
& Crossley, 2015) for calculating syntactic complexity and sentence cohesion. Additionally, 
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the use of custom word lists combined with Python or R packages are also convenient meth-
ods of analysis (Lu et al., 2019). These research and tools have enriched the methodology and 
application of language stylistic studies, providing a foundation for further research on writ-
ing styles in the field of academic writing. In this study, we expanded on existing indicators 
by incorporating the scholars’ sentiment scores and calculating the number of high-frequency 
LLMs-preferred words to further improve the measurement system of writing style in the era 
of LLMs.

Application of LLMs in academic writing

With the advancement of deep learning techniques, various language editing tools such as 
Google Translate (Mundt & Groves, 2016) and Grammarly (Nur Fitria, 2021) have been 
developed to enhance the quality of academic writing, which target spelling errors, rhetorical 
expression, and sentence coherence. However, even if the revised text is correct in terms of 
vocabulary and grammar, it may still not meet the stylistic requirements of academic writ-
ing. Recent studies suggest that LLMs can be used for grammar correction, literature sum-
marization, and the generation of abstracts and review papers, making them powerful tools 
for addressing the aforementioned challenges (Altmäe et al., 2023; Gao et al., 2023; Lozić & 
Štular, 2023).

The scientific community has evaluated the capabilities of LLMs in academic writing to 
explore their strengths and limitations (Ma et al., 2023). It is widely recognized that papers or 
summaries generated by LLMs generally exhibit satisfactory grammar, rhetorical quality, and 
logical coherence. However, the generated content often struggles with authenticity and origi-
nality (Uzun, 2023). As a result, ongoing discussions emphasize the need for greater transpar-
ency in academic writing, with suggestions that texts generated by LLMs should explicitly 
indicate their source to prevent potential ethical and academic integrity issues. For example, 
some academic journals require papers to clearly mark which parts are generated by LLMs 
to bolster the transparency and credibility of scientific research. Meanwhile, certain academic 
institutions are considering the establishment of ethical review mechanisms to rigorously 
assess papers involving LLM-generated content, ensuring they comply with academic ethics 
and standards (Thorp, 2023).

Several studies have quantitatively analyzed the impact of LLMs on academic writing. 
Geng and Trotta (2024) analyzed word frequency changes in abstracts and compared origi-
nal abstracts with those modified by LLMs, highlighting the growing influence of LLMs in 
academic writing. Additionally, Liang et  al. (2024a) introduced a distributed quantification 
framework to explore the relationship between LLM usage, research background, and author 
characteristics, revealing that authors in well-established fields and with higher publication 
frequencies were more likely to adopt LLMs. Furthermore, Liu and Bu (2024) employed AI 
detection tools to assess the likelihood of AI-generated content in preprint abstracts, observing 
an increase in this probability following the introduction of ChatGPT.

Despite these insights, prior studies have mainly focused on quantitative analyses and prob-
ability measures, with limited attention to textual linguistic features and their variations. In-
depth linguistic analyses can provide a more detailed understanding of how LLMs influence 
word choice, structural changes, and the evolution of academic writing style. To the best of 
our knowledge, no comprehensive study has yet analyzed the impact of LLMs on academic 
writing from a linguistic perspective, and this study aims to fill this research gap.



 Scientometrics

Methodology

Data collection

We collected metadata for a total of 1, 582, 837 articles published on arXiv1 between 2014 
and 2023 via the Kaggle platform,2 including information such as title, abstract, author list, 
subject category, digital object identifier (DOI), and submit date. The abstracts of all the 
articles were used as the primary data for analysis and data with missing author lists, title, 
subject category, submission time or abstract length less than 50 were removed. ChatGPT 
was released on November 30, 2022, and given that the diffusion of emerging technologies 
and user adoption requires a transitional phase, there is uncertainty regarding the influence 
of ChatGPT on articles published in the short term. Therefore, following technology dif-
fusion theory commonly used in social economics (Greenhalgh et al., 2004; Rogers et al., 
2014), we excluded data from December 2022 to mitigate the impact of short-term fluctua-
tions and ensure a more accurate representation of the evolution of writing styles over time. 
Finally, a total of 905, 057 abstracts were retained. To better display the changes, the data 
was divided into four time periods for each year, resulting in a total of 40 time periods. Of 
these, 36 time periods occurred prior to the release of ChatGPT, while the remaining four 
occurred after its release. Figure 1 presents the overall framework of this study. 

1. Discipline classification
  To investigate the variations in writing styles across different disciplines, each article 

was categorized according to the subject list provided in the arXiv metadata. For articles 
with multiple subject categories, the first-listed subject was designated as the primary 
category. In the end, we identified seven subjects including Computer Science, Electrical 
Engineering and Systems Science, Mathematics, Physics, Quantitative Biology, Quan-
titative Finance and Statistics. Among these, articles from Computer Science, Physics, 
and Mathematics accounted for 823,798 records, representing over 91% of the total 
dataset (905,057 records). This substantial proportion underscores their significance 
within the dataset. Therefore, in this study, we removed abstracts outside of these three 

Fig. 1  Framework of this study

1 https:// arxiv. org/.
2 https:// www. kaggle. com/ Corne ll- Unive rsity/ arxiv.

https://arxiv.org/
https://www.kaggle.com/Cornell-University/arxiv


Scientometrics 

disciplines to ensure a more representative sample for our analysis. The data distribution 
is shown in Table 1.

2. Author-level language identification
  In the scientific community, the order of  authorship is often indicative of the relative 

contribution of each author, with the first author typically making the most substantial 
contribution to the research and writing, while the corresponding author generally serves 
as a senior researcher or supervisor (Corrêa Jr et al., 2017; Larivière et al., 2016; Lu 
et al., 2022; Ueda et al., 2021). Given the absence of corresponding author information 
in the arXiv metadata and the strong correlation between corresponding authors and 
last authors (Dance, 2012; Fine & Kurdek, 2017), we randomly selected 2000 articles 
and found that in 1520 (76%) of them, the first author and the last author were from the 
same country. This percentage does not even include papers where the first author and 
last author were from the different countries but had the same linguistic background 
(NNESs or NESs). This suggests that, in most cases, the first and last authors share 
similar linguistic influences. Therefore, in this study, given the primary role of the first 
author in manuscript drafting, we considered the first author to be the most influential 
individual in shaping the academic writing style.

In this paper, we determine the linguistic background of the first author based on the 
country where they have published the majority of their academic papers. Since institu-
tional affiliations and countries may change over an academic career, we retrieved the 
historical institutional affiliation information of all first authors in our dataset. The results 
showed that only 12% of authors had published papers linked to institutions in more than 
two countries. Since our classification of linguistic background relies on authors’s pri-
mary  country of affiliation, even if these 12% of authors had experienced cross-country 
mobility, for example, moving between different English-speaking countries, such changes 
would generally wouldn’t affect linguistic background and thus still fall within the scope of 
our study.

To determine the country of the first author, we employed the Openalex API3 to retrieve 
the author ID and country code for each article. In addition, in order to mitigate potential 

Table 1  Number of articles in different disciplines

Year Computer Science Physics Mathematics Total Ratio (%)

2014 8007 16,095 24,485 48,587 5.90
2015 9932 17,473 27,028 54,433 6.61
2016 12,956 18,371 27,985 59,312 7.20
2017 17,251 19,709 30,176 67,136 8.15
2018 23,012 20,774 32,099 75,885 9.21
2019 28,270 21,950 33,467 83,687 10.16
2020 34,344 22,976 35,862 93,182 11.31
2021 38,879 22,280 36,146 97,305 11.81
2022 45,265 22,428 37,738 105,431 12.80
2023 61,742 24,826 52,272 138,840 16.85
Total 279,658 206,882 337,258 823,798 100

3 https:// docs. opena lex. org/.

https://docs.openalex.org/
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ambiguities from searching the paper’s title directly, we used two strategies to enhance 
match accuracy. For articles with a DOI in the metadata, we directly retrieved the author 
ID and country code through a DOI search. For articles without a DOI, we matched the 
article title, author’s name, and publication year to determine the necessary information. 
Articles that did not align using either strategy were excluded from the analysis. Authors 
were then categorized as NNESs or native NESs based on the common spoken language of 
their country (Melitz & Toubal, 2014), as shown in Table 2.

Measurement of writing style in academic papers

In this study, to comprehensively evaluate linguistic changes in academic writing style, we 
drew on the studies of Dong et al. (2024), Song et al. (2023), and Lu et al. (2019), who 
constructed evaluation frameworks from different perspectives to assess academic writing 
style. Building upon their work, we supplemented and designed a set of multidimensional 
metrics to assess stylistic shifts in arXiv abstracts. These frameworks cover multiple levels 
of textual analysis, including word-level, phrase-level, and sentence-level features. At the 
word level, we examined lexical complexity and LLMs-preferred words to assess vocabu-
lary usage and preference shifts. At the phrase level, we analyzed cohesion and readability 
to evaluate textual coherence and ease of comprehension. At the sentence level, we meas-
ured syntactic complexity and sentiment to capture structural variation and rhetorical ten-
dencies in academic writing.

Lexical complexity

(1) Lexical density
  Lexical density is a crucial indicator of the balance between content words and func-

tion words within a text, with a higher proportion of content words generally indicat-
ing a more information-dense text. In this study, we employed the TAACS (Kyle & 
Crossley, 2015) to quantify both the types and tokens of content and function words. 
Additionally, we calculated the lexical density based on content word types and tokens.

(2) Lexical diversity
  Lexical diversity reflects the complexity and variability of vocabulary used in a text. 

One of the most commonly employed metrics for assessing lexical diversity is the 
Type-Token Ratio (TTR), which represents the proportion of different lexical types to 
the total word tokens: TTR =

Ntypes

Ntokens

. To mitigate the influence of text length on calcula-
tions, we use moving-average TTR (Covington & McFall, 2010) to calculate the lexi-
cal diversity of all abstracts, which was calculated by TAALED (Kyle et al., 2021).

(3) Lexical sophistication

Table 2  Country groupings for NESs and NNESs

Group Examples Articles Ratio (%)

NESs United Kingdom, United States, Canada, Australia, New Zealand 273,275 33.2
NNESs France, Italy, Netherlands, Norway, Germany, China, India, Russia, 

Japan, Korea
550,523 66.8
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  Lexical sophistication refers to the depth and specialization of vocabulary, high-
lighting the quality and complexity of words used in a text. In this study, we employed 
TAALES (Kyle & Crossley, 2015), a tool that draws on frequency and contextual data 
from the Corpus of Contemporary American English (COCA), which includes five 
registers: academic, fiction, magazine, news, and spoken. Given our focus on evaluating 
the impact of LLMs on academic writing, we selected the COCA-Academic register, as 
it is the most relevant to academic discourse, to measure both the range and frequency 
of vocabulary used.

Syntactic complexity

Syntactic complexity measures the complexity of sentence structure and syntactic fea-
tures in language expression. Sentence length, clause length, and Minimal Terminable 
Unit (T-unit) counts are commonly used indicators of sentence complexity. In this study, 
we calculated four indices to measure the syntactic complexity of academic papers using 
TAASSC (Kyle, 2016), as shown in Table 3.

Readability

Readability measures the ease with which readers can understand a paper’s content. Papers 
with higher readability are more likely to be widely accepted and shared. In this study, 
we calculate the New Dale-Chall (NDC) and Flesch Reading Ease (FRE) indices to meas-
ure the readability of abstracts. The NDC formula assesses text difficulty based on a list 
of 3000 words recognized by fourth-grade American students, with words not included in 
this list are classified as difficult vocabulary. A higher NDC score indicates greater diffi-
culty in reading. In contrast, the FRE calculates readability by analyzing sentence and word 
lengths, with a higher FRE score indicating easier readability. We used the textstat4 pack-
age based on Python to calculate these two metrics with the following formulas:

(1)NDC score = 0.1579
(

N# difficult words

N#words
× 100

)

+ 0.0496
(

N#words

N# sentences

)

(2)FRE score = 206.835 − 1.015
(

N#words

N# sentences

)

− 84.6

(

N# syllables

N#words

)

Table 3  Syntactic complexity indices

T-unit is the smallest syntactic unit that can stand alone as a complete thought. It consists of an independent 
clause along with all its dependent clauses

Index Description Formulas

MLS Mean length of sentence (average number of words per sentence) MLS =
N
wordcount

N
sentencecount

TU/S T-units per sentence (ratio of T-units to sentences) TUS =
N
T−unitcount

N
sentencecount

MLTU Mean length of T-unit (average number of words per T-unit) MLTU =
N
wordcount

N
T−unitcount

MLC Mean length of clause (average number of words per clause) MLC =
N
wordcount

N
clasusecount

4 https:// pypi. org/ proje ct/ texts tat/.

https://pypi.org/project/textstat/
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Cohesion

Cohesion reflects the logical flow and consistency between sentences in a text. In this 
study, we measure cohesion using three indices: lexical overlap, semantic overlap, and con-
nectives, calculated with the TAACO tool (Crossley et al., 2016). Lexical overlap captures 
the repetition of words across sentences. Semantic overlap involves words and expressions 
with similar or related meanings in different sentences, and we use the Latent Semantic 
Analysis (LSA) to calculate the cosine similarity between adjacent sentences. Connectives 
reflect the proportion of different types of linking words used in the text. The specific indi-
cators are shown in Table 4.

Sentiment analysis

In academic writing, maintaining a balance between  emotional expression and objectiv-
ity is essential for conveying the author’s perspective. In this study, we use the Python-
based natural language processing library Textblob5 to measure the sentiment polarity and 
objectivity of arXiv abstracts. The library includes a sentiment lexicon, where each word 
has been assigned a polarity and subjectivity score, with normalization applied at the sen-
tence level. This involved calculating polarity scores ranging from − 1 to 1, with higher 
scores indicating a more positive tone. Furthermore, objectivity scores were calculated by 
subtracting the subjectivity scores from 1 (i.e., objectivity = 1 − subjectivity), resulting in a 
scale from 0 to 1, where higher values indicate the abstract maintains greater distance from 
personal perspectives.

LLMs‑preferred words

As  research on LLMs continues to advance, it’s been observed that LLM-generated 
text  often exhibits standardized and highly  normalized patterns. For example, adjec-
tives and adverbs such as “innovative”, “notable”, and “excellent” are frequently used to 
describe research findings and methods. In this study, we use the word list developed by 
Liang et al. (2024a), which identifies the 100 most frequently used adjectives and adverbs 
by ChatGPT (gpt-4-0613). We analyze their usage by calculating the frequency in abstracts 
to explore LLMs’ influence on academic writing. A detailed list of these words can be 
found in Table 7 of the appendix.

Table 5 summarizes the indices used in this study. Lexical complexity refers to the rich-
ness and variation of vocabulary in a text, and is measured in terms of lexical sophistication 

Table 4  Cohesion indices Index Example

Basic-connectives For, and, nor
All logical Actually, admittedly, after all
All temporal After, again
Reason and purpose Therefore, that is why, for this reason
Order To begin with, next, first

5 https:// pypi. org/ proje ct/ textb lob/.

https://pypi.org/project/textblob/
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(use of advanced or uncommon words), lexical diversity (variety of different words), and 
lexical density (proportion of content words relative to function words). Syntactic com-
plexity measures sentence structure complexity, including factors such as sentence length 
and the use of subordinate clauses. Cohesion refers to the grammatical and lexical rela-
tionships connecting elements within a text. Readability and sentiment measure the overall 
comprehensibility and authorial perspective of the abstract. LLMs-preferred words meas-
ure the relevance of the content to the use of the LLMs.

Among the measurement tools, TAALES, TAALED, TAACS, TAASSC, and TAACO 
were developed based on large-scale corpora and linguistic research, and their accuracy has 
been confirmed to show a high degree of consistency with human evaluations (Crossley 
et al., 2016; Kyle et al., 2018), which helps ensure highly accurate and reliable results. To 
further validate the applicability of these tools to our dataset, we conducted a preliminary 
validation using 100 randomly selected abstracts. Each abstract was analyzed using imple-
mentations based on the Python toolkits NLTK and SpaCy, following the same vocabu-
laries and computational methods described in the original documentation of each tool. 
The results showed that the average percentage errors were ± 2.9% for TAALED, ± 5.6% 
for TAASSC, ± 7.1% for TAACO, ± 5.3% for TAACS, and ± 9.76% for TAALES. Consid-
ering potential differences in tokenization, sentence segmentation, part-of-speech tagging, 
and other implementation details when processing text, these margins of error still dem-
onstrate strong agreement with the metadata and confirm the robustness of these tools in 

Table 5  Catalogue and Indicators for measuring academic writing style

Category Indicators Variables

Lexical complexity / Word count
Average word length

Lexical density Content tokens, content types, function 
tokens, function types, density types, 
density tokens

Lexical diversity Mattr50
Lexical sophistication Range_log_aw

Frequency_log_aw
Syntactic complexity / Sentence count

Clause count
T-unit count

Syntactic complexity MLC, MLTU, MLS, TU-S
Cohesion Lexical overlap Adjacent overlap all

Adjacent overlap argument
Semantic overlap LSA_all_sent
Connectives Basic-connectives

All logical
All temporal
Reason and purpose
Order

Readability / New Dale-Chall score
Flesch Reading Ease score

Sentiment / Polarity, objectivity
LLMs-preferred words / Adverbs, adjectives
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our context. More importantly, all those software can be easily accessed at https:// www. 
lingu istic analy sisto ols. org/ and can run on multiple operating systems, including Mac and 
Windows.

Results

Overall changes in academic writing styles over time

In this section, we analyzed the changes in the writing style of arXiv abstracts over the past 
decade and address RQ1. First, to explore the potential impact of ChatGPT on writing pat-
terns from a macro perspective, we analyzed trends in the usage of new words and LLM-
preferred words across a random sample of 10,000 articles per time period.

As shown in Fig. 2, there was a marked increase in both new word usage and LLM-
preferred word frequency  following the release of ChatGPT. Given that new words in 
scientific writing are often nouns, typically representing newly introduced concepts, 
technical terms, or methodologies, this surge suggests that the emergence of LLMs like 
ChatGPT has contributed to the introduction of novel technical vocabulary into aca-
demic abstracts. Moreover, the rise in LLM-preferred words, particularly the increased 
use of adverbs and adjectives, suggests a shift not only in content of academic discourse 
but also in tone and stylistic expression. For instance, as shown in Fig.  3, adjectives 
like “intricate”, “valuable”, “exceptional”, “pivotal” rose sharply post ChatGPT, Simi-
larly, adverbs like “primarily”, “thoroughly”, “subsequently”, and “particularly”, have 
become noticeably more frequent. The rise in LLMs-preferred words indicates a grow-
ing presence of language patterns commonly associated with such models (Geng & 
Trotta, 2024; Liang et al., 2024a). 

Secondly, as illustrated in Fig.  4, the past decade has witnessed an increase in 
both lexical density and lexical diversity (mattr50), while lexical sophistication has 
decreased. This trend suggests that although the vocabulary in abstracts has expanded 

Fig. 2  New words and LLMs-preferred words trend in arXiv abstract over the past decade, with the x-axis 
representing the 40 time periods from 2014 to 2023

https://www.linguisticanalysistools.org/
https://www.linguisticanalysistools.org/
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and the range of topics has diversified, the overall words chosen tends to be simpler. 
Moreover, as abstracts have become longer, there has been a decline in syntactic com-
plexity (MLC, MLS, TUS), indicating a trend toward clearer and more straightforward 
sentence structures. This shift aligns with the broader academic movement toward 
more transparent expression in in academic writing. However, following the release of 
ChatGPT, both average word length and lexical density have risen, indicating a more 
expansive and nuanced vocabulary in abstracts. Furthermore, the decline in syntactic 
complexity has accelerated, suggesting that the advent of LLMs has further streamlined 
sentence structures, which is crucial for the clear communication of knowledge.

Regarding cohesion, the results reveal a consistent increase in semantic overlap and the 
use of connectives over the past decade, indicating a decrease in verbatim repetitoni within 
abstracts and contributing to more coherent and logical expression of information. How-
ever, after the release of ChatGPT, there was a noticeable decline in both lexical overlap 
and basic connectives. This suggests that, while the content of abstracts has become more 
diverse and unique, the logical connections between sentences appears to weakened. One 

Fig. 3  Adjectives and adverbs with significant increases in the field of Computer Science, with the x-axis 
representing the 40 time periods from 2014 to 2023

Fig. 4  Overall writing style changes of arXiv abstracts over the past decade, with the x-axis representing the 
40 time periods from 2014 to 2023
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possible explanation is that LLMs often generate contextually appropriate connectives, 
which reduces the reliance on triditional basic connectives that explicitly guide readers.

Additionally, the readability of abstracts has declined over time, with this trend becom-
ing more pronounced in 2023. This observation aligns with the finding of Plavén-Sigray 
et al. (2017) and Song et al. (2023). The readability score, calculated as the percentage of 
difficult words per sentence, likely reflects the increasing use of specialized terminology 
and concepts driven by advancements in science and various academic disciplines.

Finally, the results revealed a steady and gradual increase in both polarity and objectiv-
ity over time, with a marked acceleration in objectivity following the release of ChatGPT. 
This trend may reflect broader shifts in academic writing practices, as the emphasis on 
objectivity has grown in recent years. Given that many contemporary language models are 
designed to favor objective communication, their increasing adoption could be a key factor 
contributing to the observed rise in objectivity scores over time.

Figure 5 shows the rate of change in writing style of arXiv abstracts from 2022 to 2023. 
The findings reveal a notable decline in readability (− 5.6% in FRE score), suggesting 
that abstracts are becoming more challenging to comprehend. Additionally, the increase 
in NDC score (+ 1.2%) further supports this conclusion. The notable rise in positiv-
ity (+ 3.2%) reflects a  tend towards authors are adopting more optimistic language when 
emphasizing their research findings and contributions. Additionally, macro-level indicators 
such as cohesion, sentiment and readability have shown more substantial changes com-
pared to micro-level indicators like lexical complexity. To further evaluate the significance 
of the changes in writing style, we conducted a statistical analysis comparing the writing 
style in 2023 with that prior to the release of ChatGPT (2014–2022). For each writing style 
metric, we fitted a linear regression model to the 2014–2022 data to capture progressive 
trends and predicted the expected values for 2023. We then calculated the residuals, the 
differences between the actual values and the predicted trend, for both periods and per-
formed a two-sample Kolmogorov–Smirnov (KS) test to compare their distributions. The 

Fig. 5  Writing style change rate in arXiv abstracts (2023 vs. 2022)
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KS test determines whether the 2023 residuals significantly deviate from the earlier years’ 
distribution. If no significant change is observed, we expect relatively high p-value, indi-
cating that the underlying distributions of the two groups are similar. The results, presented 
in Appendix Table 8, show that, ‘LSA_all_sent’ exhibited statistically significant changes 
with p < 0.05, while all the others showed even stronger significance with p < 0.001. These 
findings provide further support for the conclusion that the release of ChatGPT has con-
tributed to a clear shift in writing style.

Writing styles variations of NESs and NNESs

In this section, we analyzed the changes in writing styles among NESs and NNESs over the 
past decade, addressing RQ2. As shown in Fig. 6, compared to NNESs, NESs demonstrate 
significantly higher in lexical complexity and cohesion (basic connectives, reason and pur-
pose, logical, temporal) in arXiv abstracts. This suggesting that abstracts written by NESs 
tend to feature a richer and more flexible vocabulary, along with stronger sentence con-
nectivity. However, since the introduction of ChatGPT, differences in lexical complexity, 
syntactic complexity, and cohesion have noticeably diminished. The convergence of met-
rics such as average word length, lexical density, T-unit, and mean length of clause (MLC) 
highlights the role of LLMs in narrowing the stylistic gap between NESs and NNESs, par-
ticularly enhancing the writing quality of NNESs to better align with the standards typi-
cally observed in NESs’ work.

Furthermore, despite differences in lexical complexity and cohesion, the readability of 
abstracts between NESs and NNESs has remained largely comparable, with both groups 
experiencing a decline over time. This shared trend may be linked to the essential role of 
the abstract in the article, which used to convey the main ideas and findings. Therefore, 
both NESs and NNESs will take the time to carefully to revise the abstract to ensure con-
cise and logically presentations.

Lastly, the analysis reveals a trend of increasing sentiment polarity and objectivity in 
the abstracts of both NESs and NNESs over time. The release of ChatGPT appears to 
have accelerated the rise in objectivity scores, particularly among NNESs. This shift is 

Fig. 6  Writing style change of NESs and NNESs in arXiv abstracts over the past decade, with the x-axis 
representing the 40 time periods from 2014 to 2023
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likely due to NNESs facing more challenges in academic writing, which could drive a 
greater reliance on LLMs to improve language accuracy and fluency. Since most LLMs are 
designed to favor objectivity expression, their increased adoption likely contributed to the 
observed increase in objectivity scores.

To investigate the evolution of writing styles among scholars from diverse English-
speaking backgrounds, we focused the six countries with the highest number of publica-
tions in 2023: China, India, Japan, France, the United States, and the Great Britain. Among 
these, the United States and the Great Britain are classified as NES countries, while China, 
Japan, and France are NNES countries. We analyzed the writing styles across four distinct 
time periods, both before and after the release of ChatGPT, as shown in Fig. 7. The results 
show that compared to scholars from the United States and the Great Britain, authors from 
China, India, Japan, and France show more significant changes in lexical complexity, 
coherence, readability, and sentiment. Moreover, within the NNES countries, the changes 
observed in China, India, and Japan are more pronounced than those observed in France. 

Fig. 7  Differences in writing style changes among scholars from six countries in 2023 compared to 2022, 
where “CC” = “China”, “IN” = “India”, “JP” = “Japan”, “FR” = “France”, “US” = “United States” and 
“GB” = “Great Britain”
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This suggests a correlation between language environment on scholars in terms of shap-
ing their writing style, with those from countries with weaker English proficiency showing 
more noticeable changes over time.

Furthermore, we examined changes in the use of commonly used words and LLMs-
preferred words in abstracts between NESs and NNESs. We focused on abstracts from the 
field of Computer Science for the years 2022 and 2023 for analysis because authors in 
these fields are more familiar to use these tools. Specifically, we randomly selected 10,000 
abstracts per year from both NESs and NNESs and analyzed the parts of speech and fre-
quencies of the words using NLTK library.6 For the identification of common words, we 
first calculated the frequency of different words in the abstracts, then categorized them by 
part of speech, and selected the top ten high-frequency words from each category. These 
words were then combined for statistical analysis. The results, presented in Table 6, are 
evaluated with a 4% absolute change threshold, based on the observation that word cat-
egory variations in the past 5 years (2017–2022) typically remained within this range. 
Based on the threshold, several word categories in Table 6 exhibited substantial changes 
between 2022 and 2023. In terms of increases, both NESs and NNESs showed notable 
rises in LLMs-adjectives (+ 12.09% for NESs; + 13.44% for NNESs), LLMs-adverbs 
(+ 7.44% vs. + 9.16%), and NN (+ 6.21% vs. + 7.18%), indicating a broader adoption of 
descriptive expressions, particularly LLMs-adjectives such as “comprehensive”, and “inno-
vative”, which are commonly used to modify task-related nouns like “models”, “methods”, 
and “approach”. Additionally, RB (general adverbs) increased by + 8.04% in NNESs, while 
remaining relatively stable in NESs (− 0.49%). This larger shift among NNESs aligns 
with our earlier hypothesis that non-native speakers may have a greater reliance on LLMs 
to support their academic writing, leading to more pronounced stylistic changes in their 
abstracts. In terms of decreases, both groups exhibited declines in JJS (superlative adjec-
tives), with 6.11% for NESs and 6.58% for NNESs, reflecting a move away from subjective 
emphasis through terms like “most” or “best”. Similarly, the use of VBZ (present-tense 
verbs) decreased in both groups, by 4.45% in NESs and a sharper 8.24% in NNESs, indi-
cating a tendency toward a more objective and passive style of writing.

Writing styles variations across different disciplines

In this section, we address the RQ3. Figure 8 shows the number of new words and LLMs-
preferred words across disciplines over time. Notably, Computer Science exhibits a signifi-
cant annual increase in new words, contrasting with the stable trends observed in Physics 
and Mathematics. This trend underscores the robust research activity and innovation within 
Computer Science. Over the past decade, pivotal models such as “Transformer”, “BERT”, 
and “ChatGPT” have gained widespread adoption in both academic and industrial settings. 
These advancements have established Computer Science as one of the most prominent 
research disciplines of the decade.

Table 9 in the appendix lists the specific new words that have emerged in response to 
technological advancements across different disciplines. The results show that a total of 
135,451 new words have emerged, with 76,823 in Computer Science, 44,531 in Physics, 
and 14,097 in Mathematics. In Computer Science, terms such as “gpt-3.5-turbo”, “control-
net”, and “gpt-4v” have appeared frequently following the rapid development of ChatGPT. 
Similarly, in Physics, new terms like “LK-99” and “La3Ni2O7” have appeared in relation 

6 https:// www. nltk. org/.

https://www.nltk.org/
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to recent breakthroughs in superconductivity. In contrast, Mathematics has seen almost no 
such newly emerging terms. These findings suggest that the introduction of new words is 
closely tied to cutting-edge research and technological progress in each discipline.

As shown in Fig. 9, following the release of ChatGPT, both Computer Science and 
Physics have exhibited an upward trend in LLMs-preferred words, whereas Mathematics 
has remained steady in this regard. One possible reason for this phenomenon is that, in 
this study, we selected LLMs-preferred words as adjectives and adverbs, both of which 
serve descriptive functions and are therefore relevant to descriptive tasks. To verify this 
point, we further examined the co-occurrence of LLMs-preferred words. As shown in 
the Fig. 10, adjectives such as “remarkable”, “comprehensive”, “effectively”, “innova-
tive”, and “valuable” are frequently used to emphasize the innovation of methods, their 
significance, and the improvement of results in Computer Science and Physics fields. In 
contrast, Mathematics, which primarily focuses on theoretical foundations and abstract 
concepts, relies less on such descriptive language. Meanwhile, Computer Science and 

Fig. 8  The number of new and LLMs-preferred words in different disciplines over time, with the x-axis rep-
resenting the 40 time periods from 2014 to 2023

Fig. 9  The frequency of LLM-preferred words in arXiv abstracts in 2023 and 2022, where the distribution 
of words below the diagonal line indicates an increase in frequency
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Physics involve more descriptive tasks, such as explaining experimental results, illus-
trating models, and presenting detailed technical descriptions. These tasks often require 
the use of adjectives and adverbs to convey nuance and precision, which may explain 
the observed rise in LLMs-preferred words in these fields.

Figure  11 illustrates the evolution of writing styles across disciplines over time. It 
is evident that Computer Science and Physics demonstrate higher lexical complexity 
and faster growth rates compared to Mathematics. Generally, the proportion of content 
words indicate the depth of knowledge within a discipline and the pace of innovation 
in the field. As interdisciplinary fields, Computer Science and Physics have witnessed 
a diverse array of vocabulary and concepts emerging in abstracts over time. In con-
trast, Mathematics, with its emphasis on theoretical derivation, shows relatively slower 
development. In terms of syntactic complexity and cohesion, all three disciplines have 
shown stability over time. However, following the introduction of ChatGPT, there was 
a decrease in adjacent overlaps and connectives in abstracts across all three disciplines.

Additionally, semantic overlap across disciplines has remained stable, suggesting 
that changes at the lexical level have not significantly impacted abstract semantics. 
Compared to Mathematics and Physics, Computer Science has experienced a more 
pronounced decline in syntactic complexity and cohesion. This trend may be due to 
Computer Science’s closer integration with LLMs, enabling scholars in this field more 
effectively utilize these tools. Moreover, readability in Computer Science has decreased 
notably due to increased new words and average word length, while growth rates in 

Fig. 10  Example of co-occurrence words with LLMs-preferred words in arXiv abstracts from 2023, show-
ing only words with a frequency greater than 1000
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Mathematics and Physics have remained stable. Regarding sentiment analysis, abstracts 
in Mathematics and Physics consistently exhibit polarity and objectivity. In contrast, 
abstracts in Computer Science have shown considerable improvement in polarity and 
objectivity following the release of ChatGPT.

Fig. 11  Writing style changes across different disciplines in arXiv abstracts over the past decade, with the 
x-axis representing the 40 time periods from 2014 to 2023

Fig. 12  Change rate of writing styles across different disciplines in 2023 compared to 2022, with darker 
colors indicating greater rates of change



 Scientometrics

Figure  12 presents a heatmap showing the rate of change in writing styles among 
NESs and NNESs across different disciplines from 2022 to 2023. Notably, an increas-
ing trend is observed in lexical density in the field of Computer Science, particularly 
marked by a significant rise in the number of content words. This implies the emer-
gence of new technical terms in this field after the release of ChatGPT. In addition, 
there is a downward trend in readability in Computer Science and Physics, which is 
closely related to the increase in lexical diversity and average word length. Furthermore, 
metrics in Mathematics have largely remained stable. Across language backgrounds, 
NNESs have shown more pronounced changes in writing style compared to NESs, with 
the most notable variations observed among NNESs in the field of Computer Science. 
However, within Mathematics, no significant changes in writing style were observed 
between NESs and NNESs, which supports the findings presented in section “Writing 
styles variations of NESs and NNESs”.

Discussion

Theoretical implications

Examining the impact of LLMs on academic writing style

This paper analyzes the linguistic evolution of arXiv abstracts over the past decade. The 
results indicate a significant increase in adjectives and adverbs commonly associated 
with AI-generated text, a trend that appears to strongly correlate with the stylistic pref-
erences observed in LLM outputs. This finding aligns with previous studies that evalu-
ated the impact of LLMs using probabilistic estimation methods (Geng & Trotta, 2024; 
Liang et al., 2024a). From a broader linguistic perspective, we observe that lexical com-
plexity, cohesion, and sensibility in academic writing have increased over time. Addi-
tionally, as abstract lengths have increased, sentence structures have simplified, reflected 
in the decline of syntactic complexity. However, following the release of ChatGPT, the 
introduction of new terms has further expanded lexical diversity, which has contributed 
to a notable decline in readability. Moreover, syntactic complexity decreased despite 
a decrease in the use of connectives, which may be attributed to LLMs generate con-
textually appropriate transitions rather than those widely used in academic writing. 
Finally, the observed rise in objectivity suggests a shift toward clearer and more neu-
tral scientific communication. The above findings highlight the evolving influence of 
LLMs on academic writing and highlight the importance of balancing enhanced writ-
ing efficiency with the authenticity and domain-specific precision required in scholarly 
communication.

Evolution changes of writing styles between NNESs and NESs

This study investigated the changes in academic writing styles of NESs and NNESs over 
the past decade. We categorized first authors into two groups based on their country and 
analyzed their writing style changes following the introduction of ChatGPT. Prior to its 
release, NESs demonstrated higher lexical complexity and cohesion but lower syntactic 
complexity, indicating greater proficiency in academic vocabulary usage and clarity of 
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expression. However, these differences between NESs and NNESs have noticeably nar-
rowed in the post-ChatGPT period. Furthermore, at the national level, scholars from NES 
countries such as China, India and Japan exhibited greater variation in their writing styles 
compared to those from the United States and the Great Britain. This variation could stem 
from differences in educational backgrounds, writing norms, or translation effects when 
scholars write in English as a second language. Despite concerns about potential aca-
demic integrity issues associated with the use of LLM-based writing tools (Else, 2023), 
the observed changes suggest that LLMs can significantly improve the writing skills of 
NNESs, helping to reduce language barriers in academic publishing and fostering greater 
equality and collaboration in scientific research.

The changes of writing styles in different disciplines

The differences in writing styles across disciplines may be attributed to variations in 
research objects, methods and the acceptance of new technologies and tools. Through an 
analysis of the differences in writing styles between Computer Science, Physics, and Math-
ematics, we found that Computer Science, as a technology-driven field, is more inclined 
to adopt and experiment with new tools like ChatGPT, leading to greater stylistic varia-
tion. In contrast, Mathematics, as a fundamental discipline, has maintained a consistently 
stable writing style. This indicates that disciplinary characteristics significantly shape the 
evolution of writing styles. This observation aligns with the theory of technology diffusion, 
which posits that new technologies spread through distinct adoption stages (Siler & Lari-
vière, 2024; Zhou et al., 2023). In academic writing, researchers from different disciplines 
may embrace LLMs at different stages, resulting in disparate trends of change in their writ-
ing styles.

Practical implications

Through a large-scale and multiple-perspectives analysis, this study reveals significant 
shifts in academic writing styles in the era of LLMs, pointing to their widespread inte-
gration into academic writing. Notably, for NNESs, LLMs offer a promising solution 
to enhance writing fluency within a relatively short period. Moreover, the impact of 
LLMs varies across disciplines, with hard sciences like Computer Science, Physics, and 
Mathematics exhibiting distinct stylistic changes, providing a linguistic perspective on 
the influence of emerging technologies across fields. Given these changes, journals in 
disciplines heavily influenced by LLMs should consider updating their writing stand-
ards to reflect evolving norms. At the same time, researchers should strive balance gains 
in efficiency with maintaining the novelty and authenticity of their work to avoid poten-
tial academic integrity issues. Finally, it is important to note that the excessive reliance 
on these tools may lead to academic misconduct, such as plagiarism and fabrication. 
Through comparative analysis, existing studies (Goulart et  al., 2024; Sardinha, 2024) 
have highlighted differences between AI-generated and human-authored academic texts 
in terms of information production, narrative structure, and expression. The future inte-
gration of these linguistic features with the linguistic changes observed in our study, 
along with LLM-preferred words and LLM-detection tools, may enhance the ability to 
screen scholarly submissions for plagiarism.
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Limitations

This study explores the impact of ChatGPT on the academic writing style and provides 
valuable insights, but we acknowledge that there are some limitations. First, the analysis 
focuses on preprint abstracts, while the abstract is an important part of the paper, it cannot 
fully reflect the overall characteristics of academic writing. Second, abstracts were catego-
rized based on the native language of the first author, but the linguistic backgrounds of 
co-authors could also influence writing style. Moreover, using the institutional affiliation of 
the first author to infer their language background is not entirely accurate, as authors may 
publish from institutions in countries different from their native ones. Finally, although 
existing studies have demonstrated the widespread effects of LLMs on academic writing, 
the causal relationship between LLM use and changes in academic writing requires further 
validation through inference and additional parameter testing.

Conclusion and future works

This study explores the changes in academic writing styles following the release of Chat-
GPT. By analyzing 823,798 arXiv abstracts across more than 30 linguistic indicators, our 
results demonstrate significant impacts of LLMs on academic writing. Specifically, post-
ChatGPT, there is  a notable  increase in lexical complexity and a decline in readability 
and sentence complexity across the three academic disciplines. This pattern suggests that 
LLMs introduced more new terminology terms, making abstracts more difficult to under-
stand while simplified sentence structure. Moreover, cohesion and the frequency of com-
mon words decreased, whereas the use of LLM-preferred words rose sharply. Furthermore, 
scholars with weaker English proficiency are more likely to use LLMs for academic writ-
ing, and the changes in the macro-level indicators (cohesion, readability, sentiment) are 
more obvious than those in micro-level (lexical complexity) indicators, which suggests that 
scholars pay more attention to the using LLMs to improve the overall fluency and logic 
of their abstracts. Finally, Computer Science shows a higher presence of new words and 
LLMs-preferred words, with more noticeable changes in writing style compared to Physics 
and Mathematics. This suggests that Computer Science scholars may be more inclined to 
adopt and integrate LLMs into their writing practices, while the impact on Mathematics 
appears to be relatively limited.

In future work, we plan to download PDF versions of the papers and parse out the full-
text to comprehensively measure changes in academic writing style  byond abstract. We 
also aim to consider the contributions and linguistic background of all authors as grouping 
factors and examine how writing style changes for the same authors over time, aiming to 
enhance the robustness of our analyses.

Appendix

See Tables 7, 8, and 9.
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Table 7  Top100 frequently used adjectives and adverbs by ChatGPT

Top100 adjectives disproportionately used more frequently by ChatGPT

Commendable Innovative Meticulous Intricate Notable
Versatile Noteworthy Invaluable Pivotal Potent
Fresh Ingenious Cogent Ongoing Tangible
Profound Methodical Laudable Lucid Appreciable
Fascinating Adaptable Admirable Refreshing Proficient
Intriguing Thoughtful Credible Exceptional Digestible
Prevalent Interpretative Remarkable Seamless Economical
Proactive Interdisciplinary Sustainable Optimizable Comprehensive
Vital Pragmatic Comprehensible Unique Fuller
Authentic Foundational Distinctive Pertinent Valuable
Invasive Speedy Inherent Considerable Holistic
Insightful Operational Substantial Compelling Technological
Beneficial Excellent Keen Cultural Unauthorized
Strategic Expansive Prospective Vivid Consequential
Manageable Unprecedented Inclusive Asymmetrical Cohesive
Replicable Quicker Defensive Wider Imaginative
Traditional Competent Contentious Widespread Environmental
Instrumental Substantive Creative Academic Sizeable
Versatile Noteworthy Invaluable Pivotal Potent
Fresh Ingenious Cogent Ongoing Tangible

Top100 adverbs disproportionately used more frequently by ChatGPT

Meticulously Reportedly Lucidly Innovatively Aptly
Methodically Excellently Compellingly Impressively Undoubtedly
Scholarly Strategically Intriguingly Competently Intelligently
Hitherto Thoughtfully Profoundly Undeniably Admirably
Creatively Logically Markedly Thereby Contextually
Distinctly Judiciously Cleverly Invariably Successfully
Chiefly Refreshingly Constructively Inadvertently Effectively
Intellectually Rightly Convincingly Comprehensively Seamlessly
Predominantly Coherently Evidently Notably Professionally
Subtly Synergistically Productively Purportedly Remarkably
Traditionally Starkly Promptly Richly Nonetheless
Elegantly Smartly Solidly Inadequately Effortlessly
Forth Firmly Autonomously Duly Critically
Immensely Beautifully Maliciously Finely Succinctly
Further Robustly Decidedly Conclusively Diversely
Exceptionally Concurrently Appreciably Methodologically Universally
Thoroughly Soundly Particularly Elaborately Uniquely
Neatly Definitively Substantively Usefully Adversely
Primarily Principally Discriminatively Efficiently Scientifically
Alike Herein Additionally Subsequently Potentially
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Table 8  Statistical analysis of writing style changes in arXiv abstracts in 2023

*p < 0.05, ***p < 0.001

Metric R2 2023
Prediction mean

2023
True mean

K–S statistic Cohen’s d p-value

Average word length 0.969 5.476 5.520 0.046 0.307 < 0.001***
Word count 0.977 173.424 169.789 0.039 0.182 < 0.001***
content_tokens 0.984 91.835 90.524 0.031 0.261 < 0.001***
content_types 0.984 66.959 66.547 0.029 0.292 < 0.001***
function_tokens 0.964 67.511 65.357 0.045 0.081 < 0.001***
function_types 0.983 25.815 25.360 0.056 0.160 < 0.001***
lexical_density_types 0.974 0.713 0.714 0.032 0.245 < 0.001***
lexical_density_tokens 0.979 0.573 0.577 0.039 0.322 < 0.001***
mattr50 0.978 0.770 0.773 0.023 0.275 < 0.001***
Range_Log_aw 0.735 − 0.665 − 0.675 0.045 − 0.153 < 0.001***
Frequency_Log_aw 0.964 2.636 2.622 0.042 − 0.260 < 0.001***
sentence_count 0.982 7.003 6.910 0.080 0.192 < 0.001***
Tunit 0.981 6.186 6.135 0.085 0.190 < 0.001***
Clasuse 0.981 9.124 8.954 0.061 0.168 < 0.001***
MLC 0.648 20.318 20.254 0.031 − 0.039 < 0.001***
MLS 0.513 25.830 25.620 0.030 − 0.049 < 0.001***
MLTU 0.096 29.836 29.420 0.025 − 0.046 < 0.001***
TUS 0.863 0.902 0.905 0.325 − 0.019 < 0.001***
adjacent_overlap_all 0.925 0.230 0.227 0.026 − 0.094 < 0.001***
adjacent_overlap_argument 0.763 0.201 0.199 0.031 0.002 < 0.001***
LSA_all_sent 0.702 0.370 0.369 0.020 0.022 < 0.05*
basic_connectives 0.934 0.029 0.029 0.023 0.068 < 0.001***
Order 0.074 0.003 0.003 0.661 − 0.025 < 0.001***
reason_and_purpose 0.693 0.007 0.006 0.397 − 0.005 < 0.001***
all_logical 0.717 0.027 0.027 0.029 0.007 < 0.001***
all_temporal 0.904 0.007 0.007 0.334 0.036 < 0.001***
FRE 0.966 29.252 27.947 0.046 − 0.246 < 0.001***
NDC 0.790 11.075 11.209 0.065 0.179 < 0.001***
Polarity 0.896 0.087 0.088 0.015 0.067 < 0.001***
Objectivity 0.831 0.435 0.439 0.018 0.060 < 0.001***
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Table 9  Top 100 new words emerging in arXiv abstracts (10,000 articles per discipline) in 2023

Words Discipline #N Words Discipline #N

gpt-3.5-turbo Computer Science 65 vall-e Computer Science 8
controlnet Computer Science 61 audioldm Computer Science 8
gpt-4v Computer Science 59 3327 Physics 8
llama2 Computer Science 37 llms-generated Computer Science 8
llava Computer Science 35 vicuna-13b Computer Science 8
lk-99 Physics 35 q-former Computer Science 8
yolov8 Computer Science 33 stable-diffusion Computer Science 8
gpt3.5 Computer Science 32 tree-of-thought Computer Science 8
jailbreak Computer Science 32 33b Computer Science 8
chatgpt-generated Computer Science 30 llama-2-chat Computer Science 8
llama-7b Computer Science 29 llama2-7b Computer Science 8
promptable Computer Science 27 llama-2-7b Computer Science 8
lvlms Computer Science 27 fmmm Physics 7
blip-2 Computer Science 26 graviton-photon Physics 7
chatgpt-based Computer Science 21 satech-01 Physics 7
dinov2 Computer Science 20 avsbench Computer Science 7
llm-driven Computer Science 19 laion-2b Computer Science 7
lvlm Computer Science 19 sa-1b Computer Science 7
chatgpt-3.5 Computer Science 18 human-llm Computer Science 7
jailbreaking Computer Science 18 jjem Physics 7
starcoder Computer Science 17 wizardlm Computer Science 7
chatgpt-4 Computer Science 16 imagebind Computer Science 7
palm-2 Computer Science 15 llm-empowered Computer Science 7
10-x Physics 15 sboms Computer Science 6
semeval-2023 Computer Science 14 sbom Computer Science 6
minigpt-4 Computer Science 14 prompt-enhanced Computer Science 6
jailbreaks Computer Science 14 close-sourced Computer Science 6
self-instruct Computer Science 13 zs-cir Computer Science 6
llm-guided Computer Science 13 nuimages Computer Science 6
la3ni2o7 Physics 13 mode-pairing Physics 6
llms-based Computer Science 12 llama-65b Computer Science 6
qlora Computer Science 12 gecam-c Physics 6
hex-p Physics 12 nonstabilizerness Physics 6
dreamfusion Computer Science 11 democratise Computer Science 6
babylm Computer Science 11 zero-1-to-3 Computer Science 6
llama-13b Computer Science 11 flan-t5-xxl Computer Science 6
chat-gpt Computer Science 11 gptzero Computer Science 6
instructpix2pix Computer Science 11 cvpr2023 Computer Science 6
instruction-guided Computer Science 11 evol-instruct Computer Science 6
intelligence-generated Computer Science 11 kit-ml Computer Science 6
230307a Physics 10 point-e Computer Science 6
text-3d Computer Science 10 127-qubit Physics 6
chatgpt-like Computer Science 10 ml-superb Computer Science 6
segment-anything Computer Science 10 partimagenet Computer Science 6
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