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Abstract

With a statistical analysis of arXiv paper ab-
stracts, we report a marked drop in the fre-
quency of several words previously identified
as overused by ChatGPT, such as “delve”, start-
ing soon after they were pointed out in early
2024. The frequency of certain other words
favored by ChatGPT, such as “significant”, has
instead kept increasing. These phenomena
suggest that some authors of academic papers
have adapted their use of large language mod-
els (LLMs), for example, by selecting outputs
or applying modifications to the LLM outputs.
Such coevolution and cooperation of humans
and LLMs thus introduce additional challenges
to the detection of machine-generated text in
real-world scenarios. Estimating the impact of
LLMs on academic writing by examining word
frequency remains feasible, and more attention
should be paid to words that were already fre-
quently employed, including those that have
decreased in frequency due to LLMs’ disfavor.
The coevolution between humans and LLMs
also merits further study.

1 Introduction

After the launch of ChatGPT, large language mod-
els (LLMs) began to be widely used and are now
transforming many aspects of our work and life,
with academic writing being one of them. The
coevolution of Al and humans has also been recog-
nized by researchers (Pedreschi et al., 2024).

For example, empirical studies from April 2024
observed that the frequency of certain words used
in academic papers published in 2023 had changed
and confirmed a strong correlation between these
changes and the use of LLMs (Liang et al., 2024b;
Geng and Trotta, 2024). Survey results also show
that many researchers are utilizing LLMs in their
work (Liao et al., 2024).

The detection of machine-generated text (MGT)
has also attracted a lot of attention (Tang et al.,
2024; Chowdhury et al., 2024; Wang et al., 2025),
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Figure 1: The frequency evolution of some words in
arXiv abstracts (they were singled out around April
2024 as either favored or disfavored by ChatGPT).

but the performance of detectors has also been
questioned early on (Sadasivan et al., 2023; Weber-
Wulff et al., 2023; Ghosal et al., 2023). Recent
studies continue to show that some methods are not
sufficiently robust (Zhang et al., 2024b; Wang et al.,
2024; Creo and Pudasaini, 2025). The effective-
ness of MGT detectors is also related to the model
of LLMs and the type of text (Liu et al., 2024), and
their accuracy may also be exaggerated (Dough-
man et al., 2024). The situations likely to arise in
reality are more complicated and are not limited
to a binary classification framework (Zhang et al.,
2024a). Thus, examining and analyzing the ongo-
ing evolution of word usage remains a useful and
meaningful task.

Figure 1 illustrates the evolution in frequency
usage of some of the words that were singled out
as favored or disfavored by ChatGPT around April
2024. The frequency of “significant” and “addition-
ally” continues to grow, while that of “is” and “are”
continues its declining trend, as noted by Geng and
Trotta (2024). Meanwhile, the frequency of some
other words (e.g., “intricate” and “delve”) associ-
ated with LLMs begins to decrease after March and
April 2024, which corresponds to the time when
researchers identified these words in Al conference
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Figure 2: Frequency of words in arXiv abstracts previously identified as indicative of LLM usage. All word
frequencies are normalized based on 10,000 abstracts. In figure 2c, word groups a and b correspond to the average

frequencies of the words in 2a and 2b.

peer reviews (Liang et al., 2024a) and academic
papers (Liang et al., 2024b).

Changes in the words used in academic writing,
as discussed above, serve as an excellent example
of Al and human coevolution. Researchers are
constantly proposing new detection techniques, but
the language and expressions of LLM users are also
likely to evolve due to their use of LLMs (Geng
et al., 2024).

Given the lack of a precise definition, LLM-
generated text might be undetectable in certain indi-
vidual instances. Therefore, statistically measuring
the impact of LLLMs on a large corpus of texts is a
more practical option.

This paper focuses on the following key points:

» The different fates of word frequencies after
changes have been pointed out and scribed to
LLMs usage.

* The challenges of MGT detectors.

* The long-term impact of LLMs in academic
writing.

2 Data

arXiv paper metadata Metadata of arXiv pa-
pers updated weekly on Kaggle!. Our paper used
version 214 of this dataset. Between January 2018
and December 2024, the total number of papers
submitted to arXiv is 1,294,653. On a monthly
statistical basis, the lowest and highest numbers of
papers were recorded in February 2018 (10,593)
and October 2024 (24,226), respectively.

Withdrawn arXiv papers data WithdrarXiv
dataset (Rao et al., 2024), containing more than
14,000 arXiv withdrawn papers up to September
2024.

3 Word Frequency Analysis

The analysis presented in Figure 2 is based on the
abstracts of all arXiv papers submitted between
2018 and 2024. The frequency of words is calcu-
lated on a monthly basis and normalized per 10,000

1ht‘cps: //www.kaggle.com/datasets/
Cornell-University/arxiv/data
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Figure 3: Frequency of words in arXiv abstracts previously identified as indicative of LLM usage. All word
frequencies are normalized based on 10,000 abstracts. The data for withdrawn papers represents a 12-month

[T}

rolling average, labeled by “w”.

“cs” represents papers in the arXiv category of computer science, while “o0”

represents papers from other categories. The labels “AI”, “CL”, and “CV” correspond to the subcategories “Artificial
Intelligence”, “Computation and Language”, and “Computer Vision and Pattern Recognition” within the “cs”

category on arXiv.

abstracts.

Figure 2a shows the frequency of the 4 words
highlighted by Liang et al. (2024b) and Figure 2b
presents the frequency of the 6 words emphasized
by Liang et al. (2024a). The former paper analyzes
academic papers, while the latter focuses on Al
conference peer reviews, and the average frequency
of these words is shown in Figure 2c. The trend
is clear: starting from April 2024, the frequency
of these well-known LLM-style words began to
decrease. Some other words show patterns of con-
sistent growth or a rise followed by a decline, as
illustrated in Figure 8a of the Appendix.

A study published in December 2024 also ob-
served a decline in the use of certain words, such
as “delve”, in some selected arXiv papers (Leiter
et al., 2024). While they suggested that this was
likely due to the release of GPT-40 in May 2024,
we suggest that the main reason is that LLMs may
have given these words a bad reputation. Many re-

searchers noticed such kind of words in March and
April and quickly changed their arXiv abstracts.
If new LLMs were the cause, the drop in word
frequency would have been delayed.

In addition, the frequency of words like “signifi-
cant”, specifically pointed out by Geng and Trotta
(2024), continues to grow, as shown in Figure 2d.
This may be because these terms are relatively
common and frequently used, their presence alone
would not easily lead one to suspect the text as the
product of LLMs. Besides, as presented in Table 1,
this article has attracted less attention than the for-
mer, for example, in terms of Google Scholar cita-
tion counts. Therefore, fewer researchers should
have noticed the relationship between these words
and LLMs.

We compared the results with the abstracts of
the withdrawn papers, as illustrated in Figures 3a
and 3b. Given the small number of withdrawn
papers, the 12-month rolling averages of their word
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Figure 4: Comparing the ratio of word frequency between Computer Science abstracts and other disciplines. Only
words that appear at least 20 times on average per 10,000 abstracts are plotted.

frequency are used in the graphs. The frequency
of some words, such as “intricate”, is higher in the
withdrawn papers, but the difference is not very
large, as is also the case in Figures 8b, 8c and 8d
of the Appendix.

We also categorized the abstracts into two groups
based on the first category of the papers: com-
puter science (cs) and others. Figure 3¢ shows that
the frequency of two words preferred by LLMs
is higher in the c¢s category, but their frequency
in other categories is also increasing. The pattern
holds for different cs subcategories, as seen in Fig-
ure 3d.

To better compare the changes in word fre-
quency, we define R;; (T, T») (the ratio of word ¢
in the abstracts of category j between periods T}

and T3) as follows: R;;(T,T>) = Jij ET g
fij(T) is the frequency of word  in the abstracts

of category j during the time period 7.

where

Figure 4a represents the ratio R between 2023
and 2022, where some words, like “diffusion”, are
related to the research topics, but some other words
have also become much more common in differ-
ent fields. The ratio R in Figure 4b is calculated
using the word frequency in the first quarter of
2024 divided by the word frequency from January
2023 to December 2024. Some words like “delve”
and “showcasing” actually reached their peak us-
age from January to March 2024, and such words
are very few. Figure 7 provides more detailed ex-
amples. Words that appear more often in c¢s paper
abstracts have also clearly increased in other disci-
plines.

More researchers have now noticed issues with

word usage and diversity in LLM-generated con-
tent (Kobak et al., 2024; Reviriego et al., 2024; Guo
et al., 2024). Based on the above results, people are
likely still using LLLMs, but they may avoid some
words that are typical of LLM output. Therefore,
detecting LLM-generated content in real-world sce-
narios may become more difficult.

4 Challenges in Machine-Generated Text
Detection

The first 1000 arXiv papers submitted each year
from 2018 to 2025 were utilized for this part of
the analysis. We also used the following two
simple prompts to examine the differences be-
tween original arXiv abstracts and those revised
by GPT-40-mini (temperature = 1, top-p = 0.9):

* (P1) Revise the following sentences: ...

* (P2) Don’t use the following words in your re-
sponses: ‘realm’, ’pivotal’, ’intricate’, 'show-
casing’. Revise the following sentences: ...

The results in Figure 5 reinforce the point
that the frequency of certain words increases af-
ter LLMs revision. Using prompt P2, aimed at
suppressing them, reduces the frequency of such
words, although it does not completely eliminate
them.

Figure 6 presents the detection results based on
Binoculars (Hans et al., 2024), one of the state-
of-art MGT detectors, where a lower score indi-
cates a greater probability that the text is machine-
generated. Unlike the results obtained with our
frequency analysis, the outcomes of Binoculars de-
tector on average do not return any difference in
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Figure 6: MGT detection results for real and LLM-processing abstracts (with prompts P1 or P2). A lower score
indicates a greater probability that the text is machine-generated.

score for the real abstracts of papers as a function
of time. Moreover, the change in the detection
score between the original abstracts and the texts
processed by LLMs (true positives) is not signifi-
cant. Furthermore, the prompts used for processing
can influence the results of MGT detectors. These
results raise doubts about the accuracy of the detec-
tors, given that they are analyzing texts that have
been fully processed by LLMs.

5 Conclusion and Discussion

Humans and LLMs are coevolving and we can al-
ready conclude that, for this reason, the impact
of LLMs on academic writing will fully assert it-
self over the long term. According to recent stud-
ies, people who frequently use ChatGPT for writ-
ing tasks can accurately distinguish Al-generated
text (Russell et al., 2025), which implies that they
are also able to foil MGT detectors.

Grammarly can sometimes achieve effects simi-

lar to those of ChatGPT (Rudnicka, 2023), and the
mix of human-written text and machine-generated
text should be very common in academic writing.
Detecting LLM-generated content with accuracy is
becoming more difficult, perhaps impossible on a
text-by-text basis.

Our findings suggest that some researchers may
intentionally avoid using LLM-characteristic terms,
and they are not as sensitive to some relatively com-
mon words. The gradual decrease in the occurrence
of “is” and “are” in arXiv abstracts is an excellent
example of such a trend, which we ascribe to a
more subtle — and continually increasing— LLM
influence.

Therefore, using the frequency of more common
words to measure the impact of LLMs on a vast
number of publications will be more reliable, al-
though this approach is less suitable for the precise
detection of short texts.
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Limitations

Our target is a short paper, so certain sections can
be expanded or made more detailed.

There are many MGT detection methods, and
some might perform better. The first part of our
analysis is based on word frequencies, while con-
sidering higher-level linguistic patterns might po-
tentially give us more coevolutionary patterns. Ex-
ploring other data sources may also bring some
new insights.

This paper focuses on identifying correlations
from observed data, while causality remains to be
explored through methods like questionnaires.
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Figure 7: Frequency of some words in arXiv abstracts.
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Figure 8: Frequency of some words in arXiv abstracts. The data for withdrawn papers represents a 12-month rolling

average, labeled by “w”.

Table 1: Papers on word frequency analysis published in March and April 2024 (submitted to arXiv). The Google

citation counts are as of January 16, 2025.

Paper Citations Highlighted words

(Liang et al., 2024a) 87 commendable, innovative, meticulous, intricate, notable,
versatile.

(Liang et al., 2024b) 58 pivotal, intricate, realm, showcasing.

(Gray, 2024) 41 words listed based on Liang et al. (2024a)

(Geng and Trotta, 2024) 11 significant, crucial, effectively, additionally, comprehensive,
enhance, capabilities, valuable.

(Liu and Bu, 2024) 4 No words are highlighted.
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