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Scientific publishing is the primary means of disseminating research
findings. There has been speculation about how extensively large language
models (LLMs) are being used in academic writing. Here we conducta
systematic analysis across 1,121,912 preprints and published papers from
January 2020 to September 2024 on arXiv, bioRxiv and Nature portfolio
journals, using a population-level framework based on word frequency
shifts to estimate the prevalence of LLM-modified content over time. Our
findings suggest a steady increase in LLM usage, with the largest and fastest
growth estimated for computer science papers (up to 22%). By comparison,
mathematics papers and the Nature portfolio showed lower evidence of LLM

modification (up to 9%). LLM modification estimates were higher among
papers from first authors who post preprints more frequently, papersin
more crowded research areas and papers of shorter lengths. Our findings
suggest that LLMs are being broadly used in scientific writing.

The release of ChatGPT in late 2022 has coincided with a growing
number of reports describing the presence of large language model
(LLM)-generated content in scientific manuscripts"” and peer review
reports®. While some instances are identifiable through explicit textual
markers—suchastheinclusion ofinterface prompts suchas ‘regenerate
response”” or generic disclaimers such as ‘as anartificial intelligence (Al)
language model®*—many others are too subtle toidentify at the individual
level. However, fromabirds-eye view, broader trends canbecome appar-
ent.Prior work hasalso raised concerns regarding the fairness and valid-
ity of existing detection tools, particularly in relation to their disparate
impactonnon-native English authors’. Although model-level classifiers
continuetoimprove, reliably identifying LLM-generated or LLM-modified
content at the individual level remains a complex and unresolved task®.

Examining LLM-modified content in the aggregate, however,
presents an opportunity to understand broader shifts in scholarly

communication. Liang et al.” introduce a methodological framework
for estimating the proportion of LLM-modified text within a cor-
pus, without relying on the identification of individual instances. By
population-level approach is designed to move beyond case-based
classification, enabling insights into the prevalence and distribution
of generative model use. When applied to academic texts, such meth-
odsfacilitate the identification of systemic conditions that may shape
engagement with LLMs, while also revealing linguistic and stylistic
trends that may not be apparent at smaller scales.

Measuring the extent of LLM use on scientific publishing has
urgentapplications. Concerns about accuracy, plagiarism, anonymity,
ownership and scientific independence have prompted some promi-
nent scientificinstitutions to take a stance on the use of LLM-modified
content in academic publications. The 2023 International Confer-
ence on Machine Learning (ICML) has prohibited the inclusion of
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LLM-generated content in submitted manuscripts, except where it
forms part of the experimental methodology'. The journal Science
introduced editorial policies prohibiting the use of LLM-generated
text, images or graphics in submitted or published material". Despite
such policies, little is currently known about the extent to which LLMs
have been adopted inscientific writing practices. Developing scalable,
methodologically robust tools for monitoring LLM use can inform
institutional decision-making and supporting evidence-based policy.

In addition to normative concerns, understanding the distribu-
tion of LLM use may offer insightinto structural pressures that shape
scientific writing practices. For example, reliance on generative tools
may reflect linguistic marginalisation, resource constraints or the
demands of high publication volume. Identifying where and how LLMs
areused can help clarify the social and institutional contexts in which
they are being adopted.

In this study, we present a large-scale empirical analysis of
LLM-modified content across scientific preprints and journal articles.
Building onthe distributional GPT quantification framework proposed
in prior work’, we estimate the proportion of academic text that has
been substantially modified by LLMs. For the purposes of this analysis,
‘LLM-modified’ refers to text content substantially altered by ChatGPT
beyond basic orthographic and grammatical corrections. Modifica-
tions capturedin our analysis may include, for example, summarization
of existing writing or prose generation based on structural outlines.

Akey characteristic of the framework s its population-level infer-
ence, which enables corpus-wide quantification without requiring
individual-document classification. As validated in the prior paper,
the framework s orders of magnitude more computationally efficient
and thusscalable, produces more accurate estimates and generalizes
better than its counterparts under substantial temporal distribution
shifts and other realistic distribution shifts.

We apply this framework to abstracts and main texts (Fig. 1 and
Supplementary Fig.1) of academic papers across multiple disciplines,
including arXiv, bioRxiv and 15 journals within the Nature portfolio,
such as Nature, Nature Biomedical Engineering, Nature Human Behav-
iour and Nature Communications. Our analysis encompasses a total
0f'1,121,912 papers published between January 2020 and September
2024, comprising 861,253 papers from arXiv, 205,094 from bioRxiv and
55,565 from the Nature portfolio journals. The papers from arXivspan
multipleacademicdisciplines, including computer science, electrical
engineering and systems science, mathematics, physics and statistics.
These datasets allow us to quantify the prevalence of LLM-modified
academic writing over time and across abroad range of academicfields.

Ourresultsindicate that thelargest and fastest growthin LLM use
was observed in computer science papers, with a reaching 22.5% for
abstractsand19.6% for introductions by September 2024. By contrast,
the mathematics papers and the Nature portfolio showed the least
increase, with areaching 7.7% and 8.9% for abstracts and 4.1% and 9.4%
forintroductions, respectively.

Moreover, our analysis reveals at the aggregate level that higher
levels of LLM-modification are associated with papers whose first
authors publish preprints more frequently and papers with reduced
length. Results also demonstrate stronger correlations between papers
with LLM-modifications, which may indicate increased use in more
competitive research areas (as measured by proximity to the nearest
neighbouring paper in the embedding space) or that generated text
is reducing writing diversity. We adapt the distributional LLM quan-
tification framework from Liang et al.’ to quantify the prevalence of
LLM-modified academic writing (Methods).

Results

Overview of the arXiv, bioRxiv and Nature portfolio data

We collected data from three sources: arXiv, bioRxiv and 15 journals
from the Nature portfolio. For bioRxiv and the Nature portfolio, we
randomly sampled up to 2,000 papers per month from January 2020

to September 2024. For arXiv, which covers multiple academic fields
including computer science, electrical engineering and systems sci-
ence, mathematics, physics and statistics, we randomly sampled up
t0 2,000 papers per month for each main category during the same
time period. We then generated LLM-produced training data using
the two-stage approach described in the Methods.

For the main analysis, we focused ontheintroduction sections, as
the introduction was the most consistently and commonly occurring
section across diverse categories of papers. However, for the com-
puter science category on arXiv, which showed the highest estimated
LLM-modified content, we conducted a more detailed analysis by
examining various sections of the papers, including abstracts, intro-
ductions, related works, methods, experiments and conclusions (Sup-
plementary Fig. 2). See Supplementary Section A for comprehensive
implementation details.

Data split, model fitting and evaluation

For model fitting, we count word frequencies for scientific papers writ-
tenbefore therelease of ChatGPT and the LLM-modified corpora. We fit
themodel with datafrom 2020 and use data from January 2021 onwards
for validation and inference. We fit separate models for abstracts and
introductions for each major category.

To evaluate model accuracy and calibration under temporal
distribution shift, we use 3,000 papers from 1 January 2022 to 29
November 2022, atime period before the release of ChatGPT, as the
validation data. We construct validation sets with LLM-modified
content proportions (a) ranging from 0% to 25%, in 5% increments
and compared the model’s estimated a with the ground truth a
(Fig. 2). Full vocabulary, adjectives, adverbs and verbs all per-
formed well in our application, with a prediction error consistently
less than 3.5% at the population level across various ground truth
avalues (Fig. 2).

Temporal trends in Al-modified academic writing

We applied the model to estimate the fraction of LLM-modified con-
tent (a) for each paper category each month, for both abstracts and
introductions. Each point in time was independently estimated, with
no temporal smoothing or continuity assumptions applied.

Our findings reveal a steady increase in the fraction of LLM-
modified content (a) inboth the abstracts (Fig.1) and the introductions
(Supplementary Fig. 1), with the largest and fastest growth observed
in computer science papers. By September 2024, the estimated a for
computerscience hadincreased to 22.5% for abstracts (bootstrapped
95% confidence interval (Cls) (21.7%, 23.3%)) and 19.6% for introduc-
tions (bootstrapped 95% Cls (19.2%,20.0%)). The second-fastest growth
was observed in electrical engineering and systems science, with the
estimated areaching18.0% for abstracts (bootstrapped 95% Cls (16.7%,
19.3%)) and 18.4% for introductions (bootstrapped 95% Cls (17.8%,
19.0%)) during the same period. By contrast, mathematics papers and
the Nature portfolio showed the smallest increase. By the end of the
studied period, the estimated a for mathematics had increased to 7.7%
forabstracts (bootstrapped 95% Cls (7.1%, 8.3%)) and 4.1% for introduc-
tions (bootstrapped 95% Cls (3.9%, 4.3%)), while the estimated a for
the Nature portfolio had reached 8.9% for abstracts (bootstrapped
95% Cls (8.2%, 9.6%)) and 9.4% for introductions (bootstrapped 95%
Cls (9.0%, 9.8%)).

The November 2022 estimates serve as a pre-ChatGPT reference
point for comparison, as ChatGPT was launched on 30 November2022.
The estimated a for computer science in November 2022 was 2.4%
(bootstrapped 95%Cls (2.1%,2.7%)), while for electrical engineering and
systems science, mathematics and the Nature portfolio, the estimates
were 2.9% (bootstrapped 95% Cls (2.3%, 3.5%)), 2.5% (bootstrapped
95% Cls (2.1%, 2.9%)) and 3.4% (bootstrapped 95% Cls (2.8%, 4.0%)),
respectively. These values are consistent with the false positive rate
we found in the modal validations (Fig. 2).
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Fig. 1| Estimated fraction of LLM-modified sentences across research paper
venues over time. This figure displays the fraction (a) of sentences estimated
to have been substantially modified by LLM in abstracts from various academic
writing venues. The vertical brown dashed line marks the release date of ChatGPT
(November 30,2022). The analysis includes five areas within arXiv (computer
science, electrical engineering and systems science, mathematics, physics

and statistics), articles from bioRxiv and acombined dataset from 15 journals
within the Nature portfolio. The estimates are based on the distributional

GPT quantification framework, which provides population-level estimates
rather thanindividual document analysis. Each pointin time is independently
estimated, with no temporal smoothing or continuity assumptions applied. The
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dataare presented as the mean + 95% Cl based on 1,000 bootstrap iterations. For
computer science (arXiv), n=2,000 independent paper abstracts per month.
For electrical engineering and systems science (arXiv), the monthly sample

size of independent paper abstracts varied (mean of 708; minimum (min) of
388; maximum (max) of 1,041). For statistics (arXiv), the monthly sample size of
independent paper abstracts varied (mean of 337; min of 203; max of 513). For
bioRxiv,n=2,000 independent paper abstracts per month. For physics (arXiv),
n=2,000independent paper abstracts per month. For Nature portfolio, the
monthly sample size of independent paper abstracts varied (mean of 1,039;

min of 601; max of 1,537). For mathematics (arXiv), the monthly sample size of
independent paper abstracts varied (mean of 1,958; min of 1,444; max of 2,000).

As computer science papers from arXiv show the highest esti-
mated a, we further stratified the main paper content by section
(Supplementary Fig. 2). We found a higher fraction of LLM-modified
content in abstracts, introductions, related works and conclusions
compared with experiment and method sections (similar results were
also obeserved in electrical engineering and systems science papers
from arXiv) (Supplementary Fig. 3). This observation aligns with the
current strengths of LLMs in summarization tasks, which mightinspire
scholars to use the tool for writing abstracts.

Relationship between first-author preprint posting frequency
and GPT usage

Wefoundanotable correlationbetweenthe number of preprints posted
by the first author on arXivand the estimated number of LLM-modified
sentences in their academic writing. The papers were stratified into two
groups based on the number of first-authored arXiv computer science
preprints by the first author in the year: those with two or fewer (<2)
preprints and those with three or more (=3) preprints (Fig. 3a). We
used the 2023 author grouping for the 2024 data, as we do not have
the complete 2024 author datayet.

By September 2024, abstracts of papers whose first authors had
>3 preprintsin 2023 showed an estimated 22.9% (bootstrapped 95% Cls
(21.7%, 24.1%)) of sentences modified by LLMs, compared with 20.0%
(bootstrapped 95% Cls (19.2%, 20.8%)) for papers whose first authors
had <2 preprints (Fig. 3a). We observe asimilar trend in the introduction
sections, with first authors posting more preprints having an estimated
20.9% (bootstrapped 95% Cls (20.4%, 21.4%)) LLM-modified sentences,
compared with 17.8% (bootstrapped 95% Cls (17.5%, 18.1%)) for first
authors posting fewer preprints (Fig. 3a). Since the first-author preprint
posting frequency may be confounded by research field, we conductan
additional robustness check for our findings. We find that the observed
trend holds for each of the three arXiv computer science subcategories:
¢s.CV (computer vision and patternrecognition), cs.LG (machinelearn-
ing) and cs.CL (computation and language) (Supplementary Fig.4a-c).

Our results suggest that researchers posting more preprints tend
to utilize LLMs more extensively in their writing. One interpretation of

this effect could be that the increasingly competitive and fast-paced
nature of CS research communities incentivizes taking stepsto accel-
eratethewriting process. We do not evaluate whether these preprints
were accepted for publication.

Relationship between paper similarity and LLM usage
Weinvestigate the relationship betweenapaper’s similarity toits closest
peerandthe estimated LLM usage in the abstract. To measure similarity,
we first embed each abstract from the arXiv computer science papers
using OpenAl's text-embedding-three-small model, creating a vec-
tor representation for each abstract. We then calculate the distance
between each paper’s vector and its nearest neighbour within the arXiv
computer science abstracts. Based on this similarity measure we divide
papersinto two groups: those more similar to their closest peer (below
median distance) and those less similar (above median distance).

The temporal trends of LLM usage for these two groups are shown
in Fig. 3b. After the release of ChatGPT, papers most similar to their
closest peer consistently showed higher LLM usage compared with
those least similar. By September 2024, the abstracts of papers more
similar totheir closest peer had an estimated 23.0% (bootstrapped 95%
Cls (22.3%,23.7%)) of sentences modified by LLMs, compared with18.7%
(bootstrapped 95% Cls (18.0%, 19.4%)) for papers less similar to their
closest peer. To account for potential confounding effects of research
fields, we conducted anadditional robustness check by measuring the
nearest neighbour distance within each of the three arXiv computer
science subcategories: c¢s.CV (computer vision and pattern recogni-
tion), ¢s.LG (machinelearning) and cs.CL (computation and language)
and found that the observed trend holds for each subcategory (Sup-
plementary Fig.5a-c).

There are several ways to interpret these findings. First, LLM-use
inwriting could cause the similarity in writing or content. The similar-
ity we observe could be incidental or sought after: community pres-
sures could motivate scholars to incorporate LLM-generated text if
they perceive the ‘style’ of generated text to be more prestigious than
their own. Alternatively the crowded nature of fields could cause the
uptick in use: LLMs may be more commonly used in research areas

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-025-02273-8

a Computer science (arXiv) b Electrical engineering and [+ Mathematics (arXiv)
systems science (arXiv)
M Full vocabulary B Full vocabulary M Full vocabulary
ADJ ADJ ADJ
2% | 25% - = 2% W
W ADV I ADV I ADV
R SR 8 aon | Vo
- s s S
3 B 159 3 B s
g 2 15% 2 15% Q 15%
7] © @© ©
o) £ £ £
< 2 10% 2 10% | 2 10% -
w wl wl
5% 5% | 5% 1
0% 0% -
0% 5% 10% 15% 20% 25% 0% 5% 10% 15% 20% 25% 0% 5% 10% 15% 20% 25%
Ground truth a (%) Ground truth a (%) Ground truth a (%)
d Physics (arXiv) e Statistics (arXiv) f Nature portfolio g bioRxiv
@ Full vocabulary M Full vocabulary M Full vocabulary M Full vocabulary
| ADJ 25% | M ADJ Il ApJ 25% -| [l ADJ
25% - [ ADV W ADV 25% - [ ADV W ADV
@ [ Verb S 20% | M Verb @ [ Verb % 20% 4 M Verb
< 20% < < 20% | <
s S S S
o o o °
£ 15% o 5% 2 159 8 15%
(] © © ©
£ £ £ £
& 10% & 10% & 10% 8 10%7
5% 5% 5% - 5%
0% 0% 0% - 0% -
0% 5% 10% 15% 20% 25% 0% 5% 10% 15% 20% 25% 0% 5% 10% 15% 20% 25% 0% 5% 10% 15% 20% 25%
Ground truth a (%) Ground truth a (%) Ground truth a (%) Ground truth a (%)
N o
h Computer science (arXiv) 1 Electrical engineering and J Mathematics (arXiv)
systems science (arXiv)
B Full vocabulary B Full vocabulary 259 | B Full vocabulary
255 | | ADJ 25% - [l ADJ | ADJ
< " m aApbv m ADV 20 m ADV
3 —_ —~ 7
- = 20% | [l Verb & 20% [ Verb S ° | I verb
2 s 5] s
3] © e} o 15%
2 5 15% g 15% 2
<] 2 a ©
= T £ £ 0%
c E 10% 7 10% @
= = i} ul
(2]
= 0
5% 5% 5%
0% 0% 0%
0% 5% 10% 15% 20% 25% 0% 5% 10% 15% 20% 25% 0% 5% 10% 15% 20% 25%
Ground truth a (%) Ground truth a (%) Ground truth a (%)
k Physics (arXiv) l Statistics (arXiv) m Nature portfolio
M Full vocabulary M Full vocabulary [l Full vocabulary
25% 4 W ADJ 25% 1 W ADJ 259, | M ADJ
-
I ADv W ADV I Abv
g 20% - [ Verb 8 20% 4 [1] Verb { 20% | [ Verb
S S 5
T 15% T 15% 9
3 3 : L 15%
© © [}
€ € 1S
= 10% = 10% 2 10%
wl wl w
5% 5% 5%
0% 0%

0%

5% 10% 15% 20%
Ground truth a (%)

25%

0%

0%

5% 10% 15% 20%
Ground truth a (%)

25%

0%

5% 10% 15% 20%
Ground truth a (%)

25%

Fig. 2| Fine-grained validation of estimation accuracy under temporal
distribution shift. Panels a-g show the validation results on abstracts from each
academic writing venue, while panels h-mshow the validation on introductions.
ADJ and ADV refer to adjectives and adverbs, respectively. We evaluate the
accuracy of our models in estimating the fraction of LLM-modified content (a)
under a challenging temporal data split, where the validation data (sampled from
1January 2022 to 29 November 2022) are temporally separated from the training

data (collected up to 31 December 2020) by at least a year. The x axis indicates the
ground truth @, while the y axis indicates the model’s estimated a. In all cases, the
estimation error for ais less than 3.5%. We did not include bioRxivintroductions
due to the unavailability of bulk PDF downloads. The data are presented as the
mean + 95% Cls based on1,000 bootstrap iterations. For each ground truth a,
n=30,000 sentences.
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modified content. The papers in arXiv computer science are stratified into two
groups based on the preprint posting frequency of their first author, as measured
by the number of first-authored preprints in the year. The sample size of papers by
firstauthors with <2 preprintsis n=2,000 per quarter. For papers by first authors
with >3 preprints, the quarterly sample size varied (mean 0f1,202; minimum of
870; maximum of 1,849).b, The papers in more crowded research areas tend to
have a higher fraction of LLM-modified content. The papersin arXiv computer
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science are divided into two groups based on their abstract’s embedding distance
to their closest peer: the papers more similar to their closest peer (below median
distance) and papers less similar to their closest peer (above median distance). In
both groups, n=2,000 independent papers per quarter.c, Shorter papers tend to
have a higher fraction of LLM-modified content. arXiv computer science papers
are stratified by their full text word count, including appendices, into two bins:
below or above 5,000 words (the rounded median). Inboth groups, n=2,000
independent papers per quarter. The findings also hold when stratified by more
fine-grained subject categories (Supplementary Figs. 4-6). The data are presented
asmean + 95% Cls based on1,000 bootstrapiterations.

in which papers tend to be more similar to each other. If a subfield is
more crowded, then multiple research teams could be studying the
same topic and producing similar writing. The resulting competition
may coerce researchers to make use of LLM-generated text to speed
up the publication of findings. To further explore these hypotheses,
our comparative analysis (Supplementary Section B.4) offers sug-
gestive evidence in favour of the first: papers with high and low LLM
usage had comparable nearest neighbour distances to 2022 publica-
tions—indicating similar baseline field competitiveness—yet exhibited
amore pronounced gap when comparing nearest neighbour distances
within 2023. This pattern supports the interpretation that LLM usage
itself may be contributing to increased similarity in academic writing.

Relationship between paper length and Al usage
We also explored the association between paper length and LLM usage
in arXiv computer science papers. The papers were stratified by their

full text word count, including appendices, into two bins: below or
above 5,000 words (the rounded median).

Figure 3¢ shows the temporal trends of LLM usage for these two
groups. After the release of ChatGPT, shorter papers consistently
showed higher LLM usage compared with longer papers. By September
2024, the abstracts of shorter papers had an estimated 22.0% (boot-
strapped 95% Cls (21.2%, 22.8%)) of sentences modified by LLMs, com-
pared with 19.3% (bootstrapped 95% Cls (18.6%, 20.0%)) for longer
papers (Fig. 3c).

We observe a similar trend in the introduction sections (Fig. 3¢).
To account for potential confounding effects of research fields, we
conducted anadditional robustness check. The finding holds for both
¢s.CV (computer vision and pattern recognition) and cs.LG (machine
learning) (Supplementary Fig. 6a-c). However, for cs.CL (computa-
tion and language), we found no consistent difference in LLM usage
betweenshorter and longer papers, possibly due to the limited sample

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-025-02273-8

a Computer science (arXiv)

25.0%
—$— North America
—$— China

1
!
1
1
Continental Europe !
1
1
I
1

20.0%

——= UK
15.0%

ChatGPT |
launch 1
30 Nov 2022 |

10.0% -

Estimated a

5.0% +

0% —— T T [ T T T T T T
2022 2022 2022 2022 2023 2023 2023 2023 2024 2024 2024
-3 4-6 7-9 10-M 1-3 4-6 7-9 10-12 1-3 4-6 7-9

20% - Before proofread
. After proofread

15

B
|

10%

Estimated a

5% -

il | |

0%

b bioRxiv
25.0% .
—&— North America '
20.0% | =5 Chine 1
Continental Europe :
S] —— WK '
B 15.0% !
g ChatGPT |
= o launch 1
7 100% 30 Nov 2022 !

5.0%

0% T T T — T T T T T T
2022 2022 2022 2022 2023 2023 2023 2023 2024 2024 2024
-3 4-6 7-9 10-M1 1-83 4-6 7-9 10-12 1-83 4-6 7-9

Electrical engineering and
systems science (arXiv)

Computer science (arXiv)
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a, The quarterly growth of LLM usage in computer science publications on

the arXiv by first author affiliation region. Distinct regions (North America,
China, Continental Europe and the UK) exhibit consistent upward trends in LLM
adoption. For North America, the quarterly sample size n=2,000. For China, the
quarterly sample size varied (mean of 1,752; minimum (min) of 1,232; maximum
(max) of 2,000). For Continental Europe, the quarterly sample size varied

(mean 0f1,929; min of 1,491; max of 2,000). For the UK, the quarterly sample

size varied (mean of 558; min of 346; max of 835). b, The quarterly growth of
LLM usage in biology publications on bioRxiv by first author affiliation region.
Different regions (North America, China, Continental Europe and the UK) display
consistentincreases in LLM usage, with papers from regions with lower rates

Mathematics (arXiv)

Physics (arXiv) Statistics (arXiv)

of English speakers, including China and Continental Europe, showing slightly
higher estimated usage rates. For North America, the quarterly sample size
n=2,000.For China, the quarterly sample size varied (mean of 688; min of 439;
max of 872). For Continental Europe, the quarterly sample size n=2,000. For the
UK, the quarterly sample size varied (mean of 830; min of 541; max of 972).

¢, Robustness of LLM-modified content prevalence quantification to
proofreading. The plotillustrates similar proportions of LLM-modified content
estimated after employing LLMs for ‘proofreading’ across various arXiv main
categories. For each area, the sample size is n =1,000 independent abstracts. This
finding confirms the robustness of our method to minor text edits generated

by LLMs, such as those introduced by simple proofreading tasks. The dataare
presented as the mean + 95% Cls based on 1,000 bootstrap iterations.

size, as we only parsed a subset of the LaTeX sources and calculated
their fulllength.

As computer science conference papers typically have a fixed
page limit, longer papers probably have more substantial content in
the appendix. The lower LLM usage in these papers may suggest that
researchers with more comprehensive work rely less on LLM-assistance
intheir writing. However, further investigationis needed to determine
the relationship between paper length, content comprehensiveness
and the quality of the research.

Regional trends in LLM adoption for academic writing
Toinvestigate the regional trendsin the adoption of LLMs for academic
writing, we analysed the quarterly growth of LLM usage in computer sci-
ence papers on arXiv (by first author affiliation) and biology papers on
bioRxiv (by corresponding author affiliation) across different regions
(Fig.4a,b). Interestingly, we observed higher estimated usage rates in
bioRxivpapersfromregions with lower populations of English-language
speakers, including China and Continental Europe, compared with
those from North America and the UK (Fig. 4b). The number of papers
from Africaand South Americais toolowtoincludeinour calculations,
demonstrating the urgentimportance of efforts toincrease geographic
diversity in scientific publishing. This difference may be attributed to
authors using ChatGPT for English-language assistance. In the arXiv
data, although the absolute estimates of LLM usage are similar across
regions by the end of the study, the patterns of relative growth reveal a
notable distinction. In particular, our results show that China exhibits
the largest relative increase when the false positive rate is reduced,
which aligns with our findings in bioRxiv.

Tofurther validate the robustness of our method, we examined the
effect of employing LLMs for ‘proofreading’ on the estimated propor-
tion of LLM-modified content across various arXiv main categories

(Fig. 4c and Supplementary Fig. 7). The similarities in the fraction of
estimated LLM-modified content after proofreading, with only aslight
measurableincrease of approximately 1%, confirms that our approach
is robust to minor text edits generated by LLMs during simple proof-
reading tasks. Overall, these findings highlight the growing utilization
of LLMs in academic writing across different regions and research
fields, emphasizing the need for further research on the implications
associated with their use.

Based on our observations of LLM use in academic writing, we
conducted a brief analysis of how scholars disclose this use in their
writing. We manually inspected 200 randomly sampled computer sci-
ence papers uploaded to arXivin February 2024. We found that only 2
outofthe 200 papers explicitly disclosed the use of LLMs during paper
writing. Further analysis of disclosure motivation might help determine
an explanation. For example, policies around disclosing LLM usage
in academic writing may still be unclear, or scholars may have other
motivations for intentionally avoiding to disclose use.

Discussion
Our analysis of LLM-modified contentinacademic writing across vari-
ous platforms (arXiv, bioRxiv and the Nature portfolio) reveals a sharp
increaseinthe estimated fraction of LLM-modified content, beginning
~5months after therelease of ChatGPT. The 5-month lag and the slopes
of the increased usage reflect the speed of diffusion and adoption of
LLMs. We identified the fastest growth in computer science papers, a
trend that may be partially explained by computer science researchers’
familiarity with and access to LLMs. In addition, the fast-paced nature
of LLM research and the associated pressure to publish quickly may
incentivize the use of LLM writing assistance'.

We quantified several other factors associated with higher
LLM usage in academic writing. First, authors who post preprints
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Fig. 5| Word frequency shift in arXiv computer science abstracts over 14
years (2010-2024). a, The frequency over time for the top four words most
disproportionately generated by LLMs in comparison to use in pre-ChatGPT
corpora, as measured by the log odds ratio. The words are: ‘realm’, “intricate’,

‘showcasing’ and ‘pivotal’. These terms maintained a consistently low frequency
inarXiv CS abstracts over more than adecade (2010-2022) but experienced a
sudden surge in usage starting in2023. b, Zoomed in frequency between
2021and 2024.

more frequently show a higher fraction of LLM-modified content in
their writing. Second, papers in more crowded research areas, where
papers tend to be more similar, showed higher LLM modification
compared with those in less crowded areas. Third, shorter papers
consistently showed higher LLM modification compared with
longer papers, which may indicate that researchers trying to pro-
duce a higher quantity of writing are more likely to rely on LLMs.
These results may be an indicator of the competitive nature of
certain research areas and the pressure to publish quickly. We also
found a higher fraction of Al-modified content in abstracts, intro-
ductions, related works and conclusions compared with the experi-
ment and method sections. This suggests that researchers may be
more comfortable using LLM for summarization tasks, such as writ-
ing abstracts, which traditionally provide a concise overview of the
entire paper.

Furthermore, our regional analysis of LLM adoptionin academic
writing revealed higher estimated usage rates in bioRxiv papers from
regions with lower populations of English-language speakers, includ-
ing China and Continental Europe, compared with those from North
America and the UK. In CS arXiv papers, the increase in LLM usage is
consistently high across the different regions, potentially reflecting
differences across disciplines. Itisimportant to note that using author
affiliation as a proxy for country of origin has inherent limitations, as it
may not accurately reflect anauthor’s linguistic or cultural background.
Furthermore, papers posted on arXiv and bioRxiv may not be fully
representative of all research output from each region, and patterns
of LLM usage could differ for papers published in regional journals or
other venues not captured by our analysis.

How can we interpret the uneven adoption of LLMs across differ-
entworld regions? One widely discussed use-case of LLMs in scientific
publishingis the ‘polishing’ of writing by multilingual scientists. Today,
Englishis nearly hegemonicin scientific publishing, creatinga‘tax’on
scientists who do not speak English as a first language®. A technology
that can generate dominant varieties of scholarly English could hypo-
thetically lower barriers to entry**">, However, several recent studies
have demonstrated the complexinteractions between Al-use and schol-
arly language ideologies. Lepp and Smith* find that while ChatGPT
may cover up ‘errors’ inwriting, peer reviewers now describe words like
‘delve’asindicators that an author might not be a native English speaker.
Writers anticipate this, and attempt to remove ChatGPT-markers from
their writing. Liang et al.” show that GPT detectors also discriminate
against people based on language background. Agarwal et al.”” show
that not only does LLM use ‘homogenize’ towards ‘Western’ language
but contentaswell. Inthe context of science, in which diverse ideaslead
toarobustresearch ecosystem, this finding opens new questions about
the desirability of using LLMs for linguistic assimilation’. There ismuch
tobelearned from future system-level studies of how people make use
of Al'to express and navigate complex language ideologies. Future stud-
iesshould collect more granular data on author backgrounds, research
topics and motivations to better understand the regional variation in
LLM adoptionand itsimplications for global scientific communication.

While our study focused on ChatGPT, which accounts for more
than three-quarters of worldwide internet traffic in the category’’, we
acknowledge that there are other LLMs used for assisting academic
writing. Regardless, relying heavily on LLMs owned by private compa-
nies raises concerns about safeguarding the security and autonomy of
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scientificwork. We hope our findings will spark further investigationsinto
the widespread use of LLM-assisted writing and encourage discussions
on creating scientific publishing environments that value openness,
intellectual diversity, factual reliability and scholarly independence.

Furthermore, while previous work” demonstrated that
GPT-detection methods can falsely identify the writing of language
learners as LLM-generated, our results showed consistently low false
positives estimates of ain 2022, which contains a substantial fraction
oftexts written by multilingual scholars. We recognize that substantial
author population changes® or other language-use shifts could still
impact the accuracy of our estimates. In addition, while our model
demonstrates high accuracy in detecting LLM-modified content, it
has several limitations. First, the detection method is not a direct
measure of LLM usage—itidentifies statistical patterns consistent with
LLM-generated text, which may not always correspond to actual use.
Second, the method systematically overestimates LLM usage at the
lower end and underestimates it at the higher end of the distribution.
These biases can affect absolute prevalence estimates, though the
relative trends remain robust. Third, shifts in writing style, evolving
research practices or changes in author demographics (for example,
increased participation from multilingual scholars) could also influ-
ence model predictions. Despite these limitations, the relative increase
after subtracting the false positive rate remains substantial (for exam-
ple 19% for the abstracts of arXiv CS papers) and supports our overall
findings. Finally, the associations that we observe between LLM usage
and paper characteristics are correlations which could be affected by
otherfactors suchasresearch topics. Future studies should explore the
causalrelationship between LLM use and observed temporal changes.

Prior research suggests that CS researchers adopt Al technolo-
gies at a higher rate than those in other fields*. This may be due to
their greater exposure and familiarity with Al, as Al research primar-
ily originates in CS and disseminates through collaborations with CS
researchers?. Inaddition, familiarity with Al may foster greater confi-
denceinitsuse, as studies have shown a correlation between familiarity
and confidence in AI****. However, our study does not differentiate
between these mechanisms, and this limitation may constrain our
comprehensive understanding of the underlying factors driving Al
technology adoption.

Our observations of the rise of generated or modified papers open
many questions for future research. How do such papers compare in
terms of accuracy, creativity or diversity? How do readers react to
LLM-generated abstracts and introductions? How do citation patterns
of LLM-generated papers compare with other papersin similar fields?
How might the dominance of alimited number of for-profit organiza-
tionsinthe LLMindustry affect theindependence of scientific output?
We hope our results and methodology inspire further studies of wide-
spread LLM-modified text and conversations about how to promote
transparent, diverse and high-quality scientific publishing.

Methods
No ethics approval was required, as the study did not involve human
participants.

The distributional LLM quantification framework
Weadaptthedistributional LLM quantificationframeworkfromLiangetal.’
to quantify the use of LLM-modified academic writing. This framework
leverages word frequency shifts (Fig. 5a,b and Supplementary Fig. 8)
to measure the prevalence of LLM-generated text. More specifically,
the framework consists of the following steps:

(1) Problem formulation: denote X as each individual document,
2 and Q as the probability distributions of human-written and
LLM-modified documents, respectively. The mixture distribu-
tion is given by D,(X) = 1 — @)P(x) + aQ(x), where a is the
fraction of Al-modified documents. The goal is to estimate «

based on observed documents {X,-}fil ~ D,(X), whereiisan
integer index of observed document.

(2) Parameterization: to make a identifiable, the framework models
the distributions of token occurrences in human-written and
LLM-modified documents, denoted as »; and Qr, respectively,
for achosen list of tokens T = {t,-}fll. The occurrence probabili-
ties of each token in human-written and LLM-modified
documents, p,and q,, are used to parameterize »; and Q

2100 = [T P -p)"™. 0:00) = [T " - g™,

teT teT

(3) Estimation: the occurrence probabilities p,and g, are estimat-
ed using collections of known hrgman-writtnen and
LLM-modified documents, {Xf}j:l and {Xf}j_al, respectively,

herejis an integer index of documents with known sources

n

>ifeex]).

N 1 & Q
P = qt=%2|]{texj}.
J=1
(4) Inference:the fraction a is estimated by the maximum
likelihood estimator (MLE) on the observed documents under
the mixture distribution D, 7(X) = 1 — @)Pr(X ) + aQr(X ):

1
np 4
P j

N
aME = argmax ) log (1 - )P7(X;) + aQr(X)).
agl0,1] =1

Liang et al.” demonstrate that the data points {Xi}f’zl ~ D, canbe
constructed either asadocumentorasasentence,and bothwork well.
Following their method, we use sentences as the unit of data points for
the estimatesin the mainresults. Inaddition, we extend this framework
for our application to academic papers with two key differences:

Generatingrealistic LLM-produced training data

We use a two-stage approach to generate LLM-produced text, as sim-
ply prompting an LLM with paper titles or keywords would result in
unrealistic scientific writing samples containing fabricated results,
evidence and ungrounded or hallucinated claims.

Specifically, givena paragraph froma paper knownto notinclude
LLM-modification, we first perform abstractive summarization using
an LLM to extract key contents in the form of an outline. We then
prompt the LLM to generate a full paragraph based the outline (see
Supplementary Figs. 9 and 10 for full prompts).

Our two-stage approach canbe considered a counterfactual frame-
work for generating LLM text: given a paragraph written entirely by a
human, how would the text read if it conveyed almost the same content
butwas generated by an LLM? This additional abstractive summariza-
tionstep canbe seen as the control for the content. This approachalso
simulates how scientists may be using LLMs in the writing process,
where the scientists first write the outline themselves and then use
LLMs to generate the full paragraph based on the outline.

Using the full vocabulary for estimation

We use the full vocabulary instead of only adjectives, as our valida-
tion shows that adjectives, adverbs and verbs all perform well in our
application (Fig. 2). Using the full vocabulary minimizes design biases
stemming from vocabulary selection. We also find that using the full
vocabulary is more sample-efficientin producing stable estimates, as
indicated by their smaller confidence intervals by bootstrap.

Overview of current LLM-generated text detection methods

Various methods have been proposed for detecting LLM-modified
text, including zero-shot approaches that rely on statistical signatures
characteristic of machine-generated content®>? and training-based
methods that finetune language models for binary classification of
human versus LLM-modified text***>. However, these approaches

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-025-02273-8

face challenges such as the need for access to LLM internals, overfit-
ting to training data and language models, vulnerability to adver-
sarial attacks* and bias against non-dominant language varieties’.
The effectiveness and reliability of publicly available LLM-modified
text detectors have also been questioned®*****>? with the theoretical
possibility of accurate instance-level detection being debated®* . In
this study, we apply the recently proposed distributional GPT quan-
tification framework’, which estimates the fraction of LLM-modified
content in a text corpus at the population level, circumventing the
need for classifying individual documents or sentences and improving
upon the stability, accuracy and computational efficiency of existing
approaches. The method also preserves the privacy of writers—that
is, it does not detect individual cases of use. A more comprehensive
discussion of related work can be found in Supplementary Section C.

Overview of the arXiv, bioRxiv and Nature portfolio data

We collected data for this study from three publicly accessible sources:
official application programming interfaces (APIs) provided by arXiv
and bioRxiv and web pages from the Nature portfolio. For each of the
five major arXiv categories (computer science, electrical engineering
and systems science, mathematics, physics and statistics), werandomly
sampled up to 2,000 papers per month fromJanuary 2020 to Septem-
ber 2024. Similarly, from bioRxiv, we randomly sampled up to 2,000
papers foreach month within the same timeframe. To extract regional
information from the arXiv preprints, we exploited the existing tool
S20RC’*to parse author affiliations from LaTeX sources. We used the
public affiliation metadata from bioRxiv preprints.

For the Nature portfolio, encompassing 15 Naturejournalsinclud-
ing Nature, Nature Biomedical Engineering, Nature Human Behaviour
and Nature Communications, we followed the same sampling strategy,
selecting 2,000 papers randomly from each month, fromJanuary 2020
to September 2024. When there were not enough papersto reach our
target of 2,000 per month, weincluded all available papers. The Nature
portfolio encompasses the following 15 Nature journals: Nature, Nature
Communications, Nature Ecology and Evolution, Nature Structural
and Molecular Biology, Nature Cell Biology, Nature Human Behaviour,
Nature Immunology, Nature Microbiology, Nature Biomedical Engineer-
ing, Communications Earth and Environment, Communications Biology,
Communications Physics, Communications Chemistry, Communications
Materials and Communications Medicine.

Robustness analysis of model variants using restricted

word subsets

To assess the robustness of the model variants against the use of
restricted word subsets, we conducted an analysis using vocabularies lim-
itedtoadjectives, adverbs or verbs (Fig. 2). These subsets were obtained
by the most-frequent-tag baseline approach, which assigns each word
its most commonly observed part-of-speech tag. This method achieves
fairly good accuracy”. As our validation showed that adjectives, adverbs
and verbs all perform well in our application (Fig. 2), we used the full
vocabulary in our analysis. Using the full vocabulary minimizes design
biases stemming from vocabulary selection. We also find that using the
full vocabulary is more sample-efficient in producing stable estimates,
asindicated by their smaller confidence intervals by bootstrap.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The datasets analysed in the current study are public at the following
links: viaarXivathttps://www.kaggle.com/datasets/Cornell-University/
arxiv (ref. 58), via bioRxiv at https://github.com/nicholasmfraser/
rbiorxiv (ref. 59) and via Nature portfolio at https://www.nature.com/
nature-portfolio (ref. 60).

Code availability
ThecodecanbeaccessedviaGitHubathttps://github.com/Weixin-Liang/
Mapping-the-Increasing-Use-of-LLMs-in-Scientific-Papers (refs. 15,61).
The study was conducted using Python 3.8.19,R4.4.1.
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Study description The data in the study are quantitative as we analyze the exact usage of LLM in academic writing.
Research sample Preprints and published papers from January 2020 to September 2024 on arXiv, bioRxiv, and Nature portfolio journals.
Sampling strategy For each dataset, we randomly sample a subset of papers per month from January 2020 to September 2024. The size of each subset

is the minimum of 2000 and the total number of papers in that month. For arXiv Computer Science and Physics, the ratio of sample
size to the total number of papers is approximately 25%; for arXiv Mathematics and bioRxiv, the ratio is about 50%; for datasets with
smaller number of papers like Nature portfolio, arXiv Electrical Engineering and Systems Science, and arXiv Statistics, the ratio is
100%. The confidence interval produced by our framework also indicates the sufficiency of our sample size, with smaller error bars
suggesting that the sample size is relatively sufficient. The sample is representative as the sampling approach uses random selection
within each month, which helps ensure representativeness across time periods. The 2000-paper monthly cap balances analytical
depth with inference time for large datasets. In addition, the confidence intervals validate sample sufficiency across all datasets.

Data collection The arXiv Dataset can be accessed through https://www.kaggle.com/datasets/Cornell-University/arxiv , we use https://github.com/
allenai/s2orc-doc2json to parse the latex sources of arXiv papers. The bioRxiv Dataset is collected through https://github.com/
nicholasmfraser/rbiorxiv which is a R client for interacting with the bioRxiv API. The Nature portfolio Dataset is collected using a
Python script we wrote ourselves. The researcher was blind to the study hypothesis during data collection.

Timing For each dataset, we use data from January 2020 to September 2024. The data was collected in December 2024.

Data exclusions No data were excluded from the analyses.
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Randomization Our study analyzed existing academic papers rather than conducting a controlled experiment, so experimental group allocation was
not applicable. We randomly sampled papers from academic databases (arXiv, bioRxiv, Nature Portfolio) between January 2020 and
September 2024 to estimate temporal trends in LLM usage across different research fields. All subsequent comparisons were made
among papers categorized by research field, author preprint frequency, and geographic region, etc.
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