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Abstract
Has the style of scientific communication changed due to the growing use of large language models in the writing
process? We address this question in the domain of Natural Language Processing by leveraging two data resources
we create: a naturalistic corpus of over 37,000 papers from the ACL Anthology (2020–2024); and a synthetic dataset
of 3,000 human-written passages and their LLM-generated improvements. We first implement a series of diachronic
lexical analyses, showing that both word frequency and usage contexts have changed significantly over time,
indicating semantic specialization in some cases and generalization in others. Broadening our perspective, we then
model a range of more complex stylistic features and find that LLM-modified texts more frequently contain certain
syntactic constructions, more complex and longer words and a lower lexical diversity. Finally, we connect these
changes in writing practices to subjective reading experience through a pilot annotation study with 20 domain experts.
They overall rate LLM-improved texts as more understandable and exciting, but also express negative qualitative
attitudes towards LLMs, highlighting the strongly subjective effect of AI-assisted writing on reading experience.
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1. Introduction

Large language models (LLMs) are increasingly
used to assist human writing, including in high-
stakes domains such as scientific communication.
The rapid and pervasive nature of these changes
raises the question of the ways in which they may
be altering prevalent writing practices (e.g., lexical
and stylistic choices), and of the subsequent ef-
fect of those practices on reading experience (e.g.,
perceived clarity and trustworthiness of texts).

While evidence of these changes is beginning to
emerge, prior work is limited in two major respects.
First, several recent studies examine the distinctive
linguistic properties of LLM-generated scientific text
(Ma et al., 2023; Muñoz-Ortiz et al., 2024; Zanotto
and Aroyehun, 2024; Zamaraeva et al., 2025), but
they generally compare texts which are written by
humans vs. entirely model-generated. This clear-
cut distinction oversimplifies finer-grained practices:
LLMs are typically used to improve human-written
text rather than generate entire passages (Koller
et al., 2024; Kobak et al., 2025); moreover, real-life
documents tend to alternate between human-only
and LLM-improved writing rather than contain a
uniform amount of generated text (Lee et al., 2022;
Richburg et al., 2024). The second major shortcom-
ing is the focus on identifying distinctive properties
of generated text without systematically measur-
ing their effect on human readers. Even where
included, such measurements are limited to broad
patterns such as the ability to distinguish human vs.
LLM writing (Gao et al., 2023; Ma et al., 2023). As a
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result, the link between objective differences in writ-
ing style and more subjective but vital dimensions
of reading experience remains to be established.

This paper aims to provide a more realistic and
comprehensive assessment of LLM use in scientific
communication. We design our study so as to cap-
ture the collaborative nature of human–LLM writing
and the uneven spread of such interventions within
a document, as well as to explicitly connect the
distinctive features of these writing practices with
subjective reading experience. We conduct our
analysis on NLP papers from the ACL Anthology,
and define two periods of around two years each,
respectively preceding and following the release of
ChatGPT in November 2022. We view the two peri-
ods as reflecting community-level writing practices
which do not include any vs. may include some
writing by public-facing LLMs. Complementing this
naturalistic scenario, we simulate the real-life use
of LLMs in a more controlled synthetic setting: we
sample 3,000 extracts from pre-ChatGPT papers
and generate model-improved versions of those.
We pose the following research questions:
RQ1 In what way did core linguistic choices change

between these two periods?
RQ2 To what extent are more complex stylistic

properties specific to each of the two periods?
RQ3 Do these differences in writing practices give

rise to different reading experiences?
We first assess differences in linguistic choices

by deploying a series of diachronic lexical analy-
ses: statistical corpus measures to identify emer-
gent terms; type-level word embeddings to charac-
terize broad changes in their semantic properties;
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and token-level word embeddings to automatically
retrieve their time-specific uses. Broadening our
focus, we then investigate how different linguistic
features — such as text length, sentiment, gram-
matical and lexical variability, and readability — con-
tribute to explaining variation between human and
LLM-assisted writings through regression analysis.
Finally, we conduct an annotation study contrasting
human-written texts with their LLM-produced im-
provements, and ask 20 domain experts for ratings
of reading experience in terms of clarity, authentic-
ity, trustworthiness, and excitement.

We provide the following contributions. (1) We
show that post-ChatGPT papers are distinguished
by more complex lexical choices (e.g., enhance
rather than improve) and further stylistic properties
(e.g., lower lexical diversity). By comparing natu-
ralistic data from the ACL Anthology and synthetic
data from text generation experiments, we confirm
that these writing practices can be attributed to
LLM use. (2) We further find that these stylistic
changes are linked to differences in subjective read-
ing experience, with LLM-improved texts perceived
as clearer and more exciting. (3) We release an
updated version of the ACL-OCL corpus (Rohatgi
et al., 2023), containing PDF-extracted text of 99.3k
papers from the ACL Anthology. We also provide
a one-line script to ingest future papers. (4) We
release 3,000 pairs of human-written texts and their
LLM-produced improvements, and annotations of
human reading experience for 200 pairs.1

2. Related Work

Detection of AI-generated content. Paralleling
the rise in popularity of LLMs, recent years have
seen growing interest in automatic detection of AI-
generated content. This includes the release of
datasets and benchmarks to train detection tools
and evaluate different methods (e.g., Chen et al.,
2023; Li et al., 2024; Guo et al., 2023; Dugan et al.,
2024; Macko et al., 2023; Wang et al., 2024). Tech-
niques for detecting AI-generated text include water-
marking (Zhao et al., 2025), fine-tuning transformer-
based classifiers (Guggilla et al., 2025), using
model-related features (Wu et al., 2025) or linguis-
tic features (Hamed and Wu, 2023).2 While good
results are generally achieved for AI-generated con-
tent, the detection of human–AI coauthored text
remains a major challenge and requires adapta-
tion of existing models (Richburg et al., 2024; Su
et al., 2025). Early work includes the CoAuthor
dataset (Lee et al., 2022), which includes essays
augmented with GPT-3 suggestions, while more

1Data and code are available at https://github.
com/FilipMiletic/ScientificCommunication

2We refer to the survey by Wu et al. (2025) for a com-
prehensive overview on detecting AI-generated content.

recent datasets focus on different variations of hu-
man–AI co-authored texts (e.g., human-written then
machine-polished) (Wang et al., 2025).

Stylistic differences between human-written
and AI-generated or AI-modified text. Several
works more directly explore the difference in stylistic
features of human and AI-generated text. Domains
that are mostly covered are news articles (Muñoz-
Ortiz et al., 2024; Zamaraeva et al., 2025), essays
(Akinwande et al., 2024) and abstracts of scientific
articles (Ma et al., 2023). Existing works exam-
ine features from all possible categories, such as
the frequency of certain syntactic constructions, n-
grams, hedging, lexical complexity, rhetorical prop-
erties and sentiment. Frequent linguistic peculiar-
ities in AI-generated content include, e.g., lower
lexical variation (Zanotto and Aroyehun, 2024; Ak-
inwande et al., 2024; Yildiz Durak et al., 2025),
more positive sentiment (Muñoz-Ortiz et al., 2024;
Zamaraeva et al., 2025), fewer compounds (Zama-
raeva et al., 2025), and the excessive use of certain
verbs and modifiers such as delve, crucial, or in-
tricate (Gray, 2024; Kobak et al., 2025; Reinhart
et al., 2025).

Several works use these features to predict
whether a text was human or AI-generated and
to identify the strongest predictor (Ma et al., 2023;
Desaire et al., 2023; Akinwande et al., 2024). Some
works also investigate human perception of LLM-
generated texts, e.g. Gao et al. (2023) and Hakam
et al. (2024) find that human annotators struggle
to distinguish between human and LLM-generated
scientific texts. Russell et al. (2025) show that anno-
tators with frequent LLM-writing experience better
detect generated news. In Doru et al. (2025), par-
ticipants classified scientific texts and rated their
fluency, quality, and coherence. Lin and Zhu (2025)
find that researchers use LLMs mainly to improve
clarity and conciseness, leading to a more homo-
geneous writing style since ChatGPT’s release.

Most prior studies focus on fully generated texts
and rarely compare human–AI co-authored vs.
human-only writing. For this reason, we compare
articles published after ChatGPT’s release with
those from shortly before, expecting weaker but
detectable linguistic shifts even if only a fraction
were LLM-modified. Further, frequent exposure to
LLM-generated language may lead researchers to
unconsciously adopt its style. Unlike most prior
studies, we analyze full papers rather than ab-
stracts, since LLM use likely occurs across all sec-
tions. While LLM-related vocabulary and linguistic
features have been studied, they are rarely exam-
ined together, and existing research often focuses
on surface-level trends. Lexical choices, in par-
ticular, remain underexplored beyond frequency-
based analyses, despite well-established methods

https://github.com/FilipMiletic/ScientificCommunication
https://github.com/FilipMiletic/ScientificCommunication
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for modeling semantic change (Tahmasebi et al.,
2021; Schlechtweg, 2023). Finally, the subjective
perception of LLM-generated content in scientific
texts has hardly been studied, which is why we com-
plement our data-driven analysis with a pilot study
of reading experience with 20 domain experts.

3. Data

We now present our two English-language data re-
sources: a naturalistic corpus of NLP papers from
the ACL Anthology (henceforth original dataset);
and a synthetic dataset of human-written passages
and their LLM-generated improvements (hence-
forth LLM dataset).

3.1. ACL Anthology Corpus
Since the focus of our work is on scientific com-
munication in the NLP community, we analyze the
papers from the ACL Anthology,3 the open-access
publication repository of the Association for Com-
putational Linguistics (ACL). As our starting point,
we use the ACL-OCL corpus (Rohatgi et al., 2023)
containing ca. 73,000 papers. They were obtained
by crawling the Anthology website for PDF files and
then extracting the full text using GROBID.4

The content in the original corpus ends in
September 2022 and to our knowledge has not
been updated since. We therefore implement an up-
date to bring its temporal span closer to the present
day. We also note two other recurrent problems.
Some papers from the original time span are avail-
able in the Anthology but not included in the corpus,
possibly due to coverage issues during crawling.
Other papers are included in the corpus, but are
associated with metadata without full text content
due to file issues (e.g., failed extraction with GRO-
BID or PDF missing from the Anthology at the time
of the crawl, especially for very early conferences).

In our update, we do not crawl the Anthology
website but instead use its BibTeX export as the
most comprehensive structured record of available
papers. We rely on BibTeX information to identify
the missing papers based on citation keys, extract
their metadata, and reconstruct their URLs. We
download the corresponding PDF files and then
use GROBID to extract paper text. This process
also recovers the textual content for a subset of
papers lacking it in the original corpus; we remove
any remaining papers without textual content. We
accompany the updated corpus with code (run as a
one-line command) which checks the locally avail-
able papers against those in the Anthology and
passes any missing papers through the full update
pipeline.

3https://aclanthology.org
4https://github.com/kermitt2/grobid

Time period Papers Paras Tokens
t1 Jan 2020 – Dec 2022 20,259 801,016 100.2 m
t2 Jul 2023 – Dec 2024 17,501 831,077 103.6 m

Total 37,760 1,632,093 203.8 m

Table 1: Distribution of papers across time periods

The updated corpus contains 99.2k papers pub-
lished until the end of 2024. For the purposes of our
study, we define a subcorpus structured into two
time periods around a critical point in time regard-
ing LLM use: the release of ChatGPT in November
2022. The first time period (t1) contains papers pub-
lished from 2020 to 2022. Its last major conference
event is EMNLP 2022, which had a camera-ready
deadline in October of that year. The second time
period (t2) contains papers published in the second
half of 2023 and in 2024. It begins with ACL 2023,
whose camera-ready deadline was in May of that
year, i.e., six months after the release of ChatGPT.
The gap between the two periods ensures a clear
distinction between them while limiting the effect of
changes in topic over time. We only retain papers
from events that took place in both time periods.

While we assume that these sampling con-
straints ensure good comparability of t1 and t2, we
also inspect it more closely by running a topic anal-
ysis. We find some topical shifts in line with the
evolution of the field (e.g., a stronger focus on indi-
vidual levels of linguistic structure in t1, and promi-
nence of more recent machine learning methods
in t2), but the analysis overall confirms broad topi-
cal comparability of the two time periods. Detailed
results are reported in Appendix A.

We preprocess PDF-extracted text using spaCy5

(model en_core_web_sm). We segment the text
into sentences, which are then tokenized, lemma-
tized, and POS-tagged. We run a subset of analy-
ses on paragraph-level, which we operationally de-
fine as non-overlapping windows of five sentences.
Final corpus structure is shown in Table 1.

3.2. LLM-Assisted Paraphrases
The original sub-corpus described in Section 3.1
describes the realistic scenario in which t2 contains
a hybrid form of human and LLM co-authored text.
To compare whether the patterns that emerge from
the analysis on this are similar to those in texts
explicitly modified by LLMs, we replicate this sce-
nario in a controlled setup and construct a dataset
with texts from t1 paired with GPT-improved para-
phrases, thus offering a clear gold label (human vs.
LLM-modified).

We select a random sample of 3,000 publica-
tions from t1 from 2022 and, for each paper in this,

5https://spacy.io

https://aclanthology.org
https://github.com/kermitt2/grobid
https://spacy.io
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a random paragraph with a minimum length of 100
tokens. The selected paragraph is chosen from
the initial paper paragraphs to make sure that it
mostly spans text from the introduction. In the next
step, we develop 10 different prompts that scien-
tists frequently use during the writing process to
refine their texts. To identify these prompts, we con-
ducted an anonymous survey in which colleagues
and students were asked to share the prompts they
frequently use to improve their own writing. The
10 final prompts ultimately include both more gen-
eral requests (Improve the following; Please polish
the following text) as well as prompts which ask
for the improvement of specific text dimensions
(Please improve the coherence of the text; Refine
grammar, tone, and readability). We then prompt
GPT-3.5-turbo for each of the 3,000 original texts,
randomly choosing one out of the 10 prompts which
results in the final corpus. The final dataset (re-
ferred to as LLM) consists of 6k paragraphs, 3k
human-generated and 3k LLM-modified.

Note that over the full period covered by our natu-
ralistic corpus, researchers may have used a range
of different LLMs, particularly toward the end of t2
when newer models became available (e.g., GPT-
4, Claude). However, at the time of publication of
most papers in our dataset, the most widely avail-
able and commonly used system was ChatGPT
based on GPT-3.5. Therefore, we used GPT-3.5-
turbo to generate paraphrases in our experiments.

4. Characterizing Writing Changes
via Lexical Choices

We begin by addressing RQ1: Are there core lin-
guistic choices which changed between t1 and t2 in
connection with LLM use? Focusing on the lexical
level, we identify words with strongest changes in
rates of use and then characterize them in terms
of finer-grained patterns of semantic change.

4.1. Experimental Setup

Preprocessing Starting from preprocessed pa-
per text (cf. Section 3.1), we examine content words
(nouns, verbs, adjectives, and adverbs) in the
shared vocabulary of t1 and t2. We lowercase all
lemmas and retain those that are at least three char-
acters long and contain only alphabetic characters.

Corpus statistics On the simplest level of analy-
sis, we quantify the extent to which a word’s rate of
use has changed between t1 and t2. To determine
the strength of the change, we compute the log-
likelihood score (Rayson and Garside, 2000), which
compares the observed frequencies of a given word
in two corpora while accounting for the expected

frequencies based on total corpus size. To deter-
mine the directionality of the change, we calculate
the frequency ratio of a word’s frequency in t2 to its
frequency in t1 (normalized per million tokens). A
value<1 is indicative of a term falling out of use over
time, and vice versa. We calculate these statistics
both for the original corpus and the LLM dataset.

Type-level word embeddings To better under-
stand broad semantic patterns behind lexical
choices, we train type-level word embedding mod-
els. We use word2vec (Mikolov et al., 2013) in the
gensim implementation (Řehůřek and Sojka, 2010),
and set the algorithm to skip-gram with negative
sampling, window size to 5, vector dimensions to
100, minimum frequency to 10, and other hyperpa-
rameters to default values. We train separate mod-
els for t1 and t2 (original corpus), and run the pro-
cess three times to account for randomness across
word2vec runs (Pierrejean and Tanguy, 2018).

We characterize a word’s usage in a given time
period via its distributional neighborhood density,
which reflects semantic features such as polysemy
and is therefore long-established in research on
language change (Sagi et al., 2009). To calculate
a target word’s neighborhood density, we select
its 100 nearest neighbors, and take the mean of
the cosine similarity scores between the target and
each neighbor. We repeat the process for each
of the three word2vec runs and take the average
value. We then calculate the change in neighbor-
hood density for word w between time periods t1
and t2 as ∆ND(w) = ND(wt2) − ND(wt1). An
increase in density is indicative of a restriction in
usage contexts, typical of semantic specialization;
a drop in density indicates diversification of usage
contexts, which is typical of semantic generaliza-
tion. We test the significance of changes in density
using the Mann-Whitney–U test at 0.05 level.

Token-level word embeddings Connecting
broad semantic trends to occurrence-level differ-
ences in usage, we implement an analysis using
token-level embeddings. For a given target word,
we collect the sentences in which it occurs in the
original corpus; these are capped at 1,000 per time
period and randomly subsampled if necessary.
We then obtain contextualized embeddings of the
target word in each sentence using ModernBERT
(base model with 22 layers, 768 dimensions, 149m
parameters; Warner et al., 2025). We feed the
model with one sentence at a time, and retain the
embedding corresponding to the target word in the
last hidden state. The obtained embeddings for
each target word are then clustered using using
k-means, for which we rely on the scikit-learn
implementation (Pedregosa et al., 2011) and set k
to 8. For each cluster, we calculate the proportion
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Figure 1: Target words with strongest differences in rates of use in t1 vs. t2 (top 10 per time period). X-axis:
log-likelihood score, negative values indicate higher frequency in t1. Y-axis: ∆ND, higher values indicate
an increase in neighborhood density over time (i.e., restriction of usage contexts); for grayed out targets,
the difference in neighborhood density between t1 and t2 is not statistically significant. Color coding: dark
blue targets also appear in the top 100 terms when contrasting original vs. LLM-paraphrased texts.

of examples from t1 and t2, and draw on this
information to identify stable vs. shifting usages.

4.2. Results
On the most general level, we inspect changes in
rates of use for the whole vocabulary based on the
distribution of log-likelihood scores. This change is
significant6 for 13% (9,353 out of 71,993) words in
the shared vocabulary as defined above. The signif-
icant changes are near-evenly distributed between
drops (45%) and increases (55%) in frequency,
matching the intuition that the obsolescence of
most words is paralleled by a rise in prominence
of their functional equivalents. We further analyze
the words with significant changes in rates of use
by correlating their log-likelihood score (to which
we assign a negative value for words whose fre-
quency drops over time) and the change in neigh-
borhood density ∆ND. We find a negative corre-
lation (Spearman’s ρ = −0.26, p ≪ 0.01) suggest-
ing that increased rate of use is associated with a
lowering of neighborhood density, which typically
reflects semantic generalization. However, the lim-
ited strength of the correlation indicates that the
process does not apply to the whole vocabulary.

We now shift from vocabulary-level trends to the
most relevant individual words. For each part-of-
speech, we retain the words with the 10 highest
positive and negative log-likelihood scores, respec-
tively capturing the strongest increases and drops
in rate of use over time. We plot these words in Fig-
ure 1, with log-likelihood on the x-axis and change
in neighborhood density ∆ND on the y-axis.

Changes in rates of use (x-axis) often reflect pat-
terns of lexical replacement. Some reflect shifts in
specialized topics, such as technical terms referring
to core machine learning concepts dropping out of
use (e.g., embedding), and those related to more

6Based on the critical log-likelihood value of 15.13
recommended by Rayson et al. (2004).

recent approaches increasing their rate of use (e.g.,
prompt). Other patterns capture stylistic rather than
terminological differences: general-language ex-
pressions which are semantically broad and stylis-
tically neutral tend to fall out of use, while more for-
mal and specialized words gain prominence. This
trend is especially visible for verbs (e.g., use vs.
utilize), adjectives (e.g., good vs. comprehensive),
and adverbs (e.g., then vs. subsequently).

But can these changes be attributed to LLM-
assisted writing? We inspect the log-likelihood
scores calculated on our LLM dataset, compar-
ing original t1 texts and their LLM-assisted para-
phrases. We select the words with 100 highest pos-
itive and negative log-likelihood scores (per part
of speech). The overlap between this set and the
top-10 sets from the original corpus is shown in
Figure 1 using dark blue markers. The overlap is
almost entirely limited to general-language and not
technical terms. Given the topic-controlled nature
of the LLM corpus, this finding indicates that (i) the
changes in the original corpus reflect two parallel
trends: a topical and a stylistic shift; and (ii) that
the stylistic shift can be attributed to LLM use.

We now analyze the semantic change mecha-
nisms associated with different rates of use, as
measured by the change in neighborhood density
∆ND (y-axis) and by the temporal distribution over
clusters of token-level embeddings. As an example,
we focus on the verbs ensure and utilize: they both
show an increase in frequency over time, but differ
in semantic mechanisms. The verb ensure shows
an increase in neighborhood density, which is in-
dicative of semantic specialization. This trend is
supported by clustered examples like the following:
(1) Lastly, we aim to measure the semantic simi-

larity between generated questions to ensure
that the questions assess the same content.

(2) To ensure the high quality of the annotation
procedure, we manually annotated a set of 200
control tasks.
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Example (1) is from a cluster dominated by older
data (65% t1) where ensure conveys a broad sense
of finality across diverse contexts. Example (2)
comes from a more recent cluster (57% t2). It is rep-
resentative of the more specific meaning ‘to guaran-
tee’, attested in a restricted set of transitive contexts
usually referring to the quality of a scientific artifact.

In contrast, utilize shows a slight expansion of dis-
tributional neighborhood, typical of semantic gener-
alization which is also borne out by these examples:
(3) The latter aims to utilize the multi-level inter-

ests to enhance both conversation and recom-
mendation tasks when users chat with system.

(4) Finally, we utilize a ridge regression classifier
to obtain final classification results.

Example (3) is from an older cluster (60% t1) and
conveys the specific meaning of ‘use to the fullest
potential’. Example (4) comes from a cluster with
more recent data (56% t2) where utilize is attested
with the broad meaning ‘make use of’.

Summarizing, we identified a substantial set of
the vocabulary with a shift in the rate of use since
the introduction of ChatGPT. As further validation,
in Appendix B we also present complete corpus
statistics for the strongest changes in rates of use,
extend the same analysis to multi-word sequences,
and analyze further clustering examples. We con-
sistently find that some changes are due to topical
shifts within the scientific community, while oth-
ers are more clearly attributable to the adoption of
LLMs. The changes are further reflected in shifting
sense distributions, leading to semantic generaliza-
tion in some cases and specialization in others.

5. Predicting Time Periods from
Complex Linguistic Features

In the following section, we address RQ2: are there
systematic stylistic differences between t1 and t2
that could be attributed to the use of LLMs as writing
assistants?

5.1. Experimental Setup

We apply logistic regression as an analysis tool
to find the linguistic markers that significantly con-
tribute to explaining the outcome (a binary variable
representing whether a text is from t1 or t2), af-
ter accounting for other relevant feature groups.
The advantage of this approach is that it allows
us to model the relationship between each feature
and the target variable: positive odds indicate that
higher values of a feature are characteristic of t2
(human + LLM assistant), negative odds indicate
that they are more characteristic of t1 (humans
only). We can also reveal which feature groups
have the greatest impact.

Since many factors may influence stylistic
change in our real-world data (original dataset),
we repeat the same analysis in the controlled, syn-
thetic setting (LLM dataset) to isolate stylistic effects
specifically linked to LLM use.

Preprocessing We first extract around 1,000 lin-
guistic features from six different features groups
with elfen (Maurer, 2026) and LFTK (Lee and
Lee, 2023) for all paragraphs from t1 and t2 in the
original dataset, as well as all paragraphs in the
LLM dataset. The features cover surface features
(e.g., word and sentence length), morpho-syntactic
features (e.g., occurrences of specific morphologi-
cal constructions or part-of-speech tags), syntac-
tic features (e.g., dependency relations and the
complexity of dependency trees), psycholinguistic
features (e.g., acquisition norms or average con-
creteness of words), lexical-semantic features (e.g.,
measures of lexical diversity or occurrences of spe-
cific named entities), and sentiment features (po-
larity and emotion-related words). All features are
standardized and scaled.

Methodology As a first step, we apply a filtering
method to select a meaningful set of features as
predictors: We keep only features with variance
>0 and perform a correlation analysis, retaining
features with correlation <0.7 and selecting one
representative feature per highly correlated group.
This yields 145 initial features.

We then perform stability selection using logis-
tic regression with elastic net regularization on a
balanced subset of 200k paragraphs from the origi-
nal dataset, applying 5-fold inner and 10-fold outer
cross-validation to assess robustness. For our fi-
nal selection we remove all features that (a) are not
selected in all folds (a feature is selected when coef-
ficient >0), (b) show inconsistent effects, (c) show
less than ±5% change in odds, and (d) were not
significant (we bootstrapped CIs to approximate
significance). This leaves 45 robust features. To
further reduce the number, we rank them by abso-
lute change in odds and select the top features per
feature group, resulting in 24 final features. Finally,
we refit the logistic regression on the full dataset for
unbiased estimates. For the synthetic scenario, we
use a generalized mixed-effects model with paper
ID as a random effect to account for data depen-
dencies.

5.2. Results
The regression model on the original dataset
achieves a mean AUC of 0.65±0.002 and a pseudo
R2 of 5.6% (McFadden) across the 10-fold cross-
validation, which means that it explains not a large
but meaningful amount of variance. Using the same



1817

Figure 2: Comparison of odds ratios for linguistic features between the original and LLM-paraphrased
datasets. Positive odds ratios indicate that higher feature values are more characteristic of the post-GPT
/ LLM-paraphrased texts. Horizontal bars represent 95% CIs (approximated with the Wald method for
original). The vertical dashed line at 1 marks the point of no effect.

features as fixed effects in the mixed effects model
explains 29% of the variance, which is a substantial
portion and confirms that LLM-modified texts exhibit
particular stylistic patterns that are characterized
well by the linguistic features.

Figure 2 visualizes the direction and strength of
association between each feature and the outcome
variable (t1 vs. t2 or human vs. GPT-paraphrased),
grouped by the different feature groups. Points to
the right of the 1.0 decision boundary indicate that
higher feature values are associated with LLM use,
while points to the left correspond to human-written
texts. When blue and orange points appear on the
same side, the pattern is consistent across both
the original and LLM datasets.

LLM use is characterized by longer and more
complex words (higher average word length and
age of acquisition), confirming the findings from
the previous section. They show greater en-
tropy while still containing many familiar, high-
prevalence terms. In contrast, human-written texts
use more stopwords, suggesting that LLM outputs
are more semantically dense. Stopword use, how-
ever, presents a contrasting pattern: while it shows
a strong positive association in the original corpus,
the relationship is reversed in the LLM-modified
texts. Human-written texts tend to be more varied,
showing higher lexical diversity (Simpson’s D) and
greater verb variability, although this pattern is not
entirely consistent.

Overall, the findings present a mixed picture of
lexical variation and linguistic complexity: LLMs
appear to produce more complex syntactic con-
structions and lexically dense content, yet with less

lexical variety and a preference for familiar vocabu-
lary. Whether this results in improved or reduced
clarity will be examined in the following section.

In terms of syntactic and morpho-syntactic struc-
tures, there are distinct patterns between human
and LLM-modified texts. LLMs tend to use more
negations and adverbial clauses, indicating a pref-
erence for more elaborated or qualified sentence
structures with additional modifiers. Human-written
texts, in contrast, are more strongly associated with
conjunctions – a construction often simplified or
replaced with more complex connectives by LLMs
– and contain more compounds.

We observe clear differences in punctuation use:
human-written texts more often include brackets,
whereas LLM-modified texts introduce more com-
mas and possibly dashes. LLM-improved texts also
contain more proper nouns, with the exception of
organization entities, which occur more frequently
in human-written texts. Similarly, date entities are
more strongly associated with human-written texts,
as LLMs are less likely to generate references and
often remove them when prompted to improve hu-
man originals.

Sentiment patterns show a mixed picture: LLMs
use more anger-related words, while original texts
contain more trust-related words expressing con-
fidence or credibility (e.g., confirm, promise, sup-
port) – although this trend is not confirmed in the
paraphrased corpus. Another interesting pattern
is the higher frequency of sensorimotor words in
LLM-modified texts (e.g., enhance, highlight), pos-
sibly because LLMs were trained to make writing
more dynamic and engaging. This could point to
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a stylistic bias learned from human feedback and
exposure to polished text.

Finally, we investigate the relative importance
of each feature. Looking at the most important
features, we find that dependency features (e.g.,
adverbial clauses) and punctuation have a major in-
fluence on both models, indicating a generalizable,
strong pattern in terms of the difference between
human and LLM-generated texts. Another strong
feature in both datasets is the more frequent use
of proper nouns in LLM-modified texts. The largest
difference between the two datasets lies in their key
predictive features: in the original corpus, variance
is primarily explained by stopword use, whereas in
the LLM dataset, it is driven by the average age of
acquisition.

6. Measuring Reading Experience

While prior research has examined lexical and
stylistic differences between human- and LLM-
generated texts, little is known about how readers
perceive these changes. To address this gap, we
conducted a pilot study to assess human percep-
tion of human-only and LLM-modified texts (RQ3).

To gain insights on that question, we look at four
broader dimensions of reading experience: clarity
measures whether a text is understandable and
communicates the content clearly, authenticity cap-
tures to what extent the reader feels connected to
the author and perceives the author as being gen-
uine in their writing, trustworthiness captures the
extent to which a text presents its arguments clearly,
reliably, and credibly, while excitement assesses
whether the reading experience is engaging and
stimulates the reader’s interest.

6.1. Annotation Setup

Study design To find out whether readers prefer
human-written or LLM-improved texts and along
which dimensions, we designed the annotation
study as a pairwise comparison task. Given a
pair of texts, text A and text B, annotators had to
rate which one aligns more strongly with a certain
statement. We measure each dimension with two
statements, for example, I read this text smoothly
and fluently to measure the dimension of clarity.
Raters indicated their preference on a four-point Lik-
ert scale (strongly A, slightly A, slightly B, strongly
B). We asked 20 different domain experts (NLP
researchers) with varying backgrounds and levels
of seniority to annotate 20 text-pairs. For each pair
we collected annotations from two raters, resulting
in 200 annotated instances. Appendix C provides
the guidelines and detailed questionnaire.

Figure 3: Distribution over Preferences in Human
Raters. Higher red portion indicates a larger pref-
erence for LLM-improved texts, higher blue portion
for the human originals.

Annotation data We use a subset of the
LLM dataset to (a) control for topic effects and
(b) ensure clear gold labels. To select good
candidates, each original text and its paraphrase
were converted into feature vectors capturing style
(linguistic features) and semantics (using SBERT
embeddings; Reimers and Gurevych, 2019, model
paraphrase-multilingual-mpnet-base-
v2). We calculated pairwise differences and
ranked pairs by average distance. We then
manually selected 200 high-quality pairs from the
top 300, removing noisy instances, LLM artifacts,
and formatting indicators.

6.2. Results

Quantitative ratings Figure 3 shows the overall
preference distribution of human raters in our anno-
tation study. We can see that raters tend to prefer
LLM-improved texts, especially on the dimensions
of clarity and excitement. However, there is also a
substantial portion of texts where the human origi-
nal was preferred, which shows that prompting an
LLM to improve a scientific text does not always
lead to the desired effect on the reader side. Addi-
tionally, a considerable number of texts showed no
clear preference for either version.

For each dimension, we measure whether the
ratings significantly deviate from 0 (neutral) and
quantify the effect size. Table 2 shows that the
strongest preference for LLM-improved texts can
be observed in clarity and excitement. The clear
preference for LLM-improved texts in clarity is un-
surprising, as this aspect is often explicitly men-
tioned in the prompts. Interestingly, even for dimen-
sions not directly prompted, such as authenticity,
LLM texts are still preferred more often, though the
effect size is small.

When comparing individual annotators, we also
find notable differences. Some clearly favor human-
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Measure Mean t p (Wilcoxon) Cohen’s d

Clarity -0.44 -7.53 0.000 -0.38
Authenticity -0.12 -2.32 0.019 -0.12
Trustworthiness -0.08 -1.93 0.054 -0.10
Excitement -0.25 -5.22 0.000 -0.26

Table 2: Model preference scores (range: -2 to 2;
0 = no preference). Negative values indicate pref-
erence for LLM-paraphrased texts, positive values
for human originals. LLM paraphrases are favored
for clarity and excitement (strong direction, moder-
ate effect size). Significance assessed using the
Wilcoxon rank test.

written texts on the dimensions of trustworthiness
and authenticity, while others strongly prefer the
LLM-modified versions, indicating that these two
dimensions are perceived more subjectively.

Qualitative remarks We conducted qualitative
interviews with five participants after the annota-
tion study. They all described the annotation task
as challenging; with the exception of clarity-related
ratings, they reported difficulties due to the subjec-
tive nature of most questions. They further noted
lower confidence particularly for the ratings on the
intermediate points of the scale, underscoring the
need for a nuanced reading of the results.

Most participants made intuitive assumptions
about which text in the pair was LLM-based, but
they also noted a limited degree of certainty. They
collectively reported a wide range of properties
leading them to think a text was LLM-assisted:
limited variability in lexical choices and sentence
length; the amount of references and abbreviations;
formatting, e.g., punctuation and bullet lists. The di-
versity of these strategies and their limited accuracy
highlights possible interactions between personal
attitudes and reading experience. A mismatch is
further supported by generally negative expressed
attitudes towards LLM writing (in this subgroup of
participants) vs. overall positive collected ratings.

7. Conclusion

In this work, we investigated the influence of LLMs
on writing style in scientific communication, specif-
ically in the NLP domain. We relied on two data
scenarios: a naturalistic corpus of over 37,000 sci-
entific papers published in the two years preceding
vs. following the release of ChatGPT, and a syn-
thetic dataset of 3,000 human-written passages
and their LLM-generated improvements.

With regard to word usage, we found that both
word frequency and the contexts in which these
are used have changed significantly, indicating se-
mantic specialization in some cases and general-
ization in others. We also found specific stylistic

features that distinguish LLM-modified texts from
human texts. For example, LLM-modified texts
more frequently contain certain syntactic construc-
tions, more complex and longer words and a lower
lexical diversity. Crucially, trends in word usage
as well as stylistic features are broadly consistent
across the naturalistic and synthetic data scenarios,
indicating that many observed shifts in writing prac-
tices can be attributed to growing LLM use. Finally,
in a pilot study, we measured the impact of these
changes in writing style on the reading experience.
The results indicate that LLM-improved texts are
perceived as more understandable and exciting.

Our findings encourage further research along
several dimensions. These include a larger-scale
annotation study to verify the generalizability of the
results; exploring prompt- or model-specific char-
acteristics of writing style and word usage; and de-
ploying the identified linguistic features in applied
scenarios such as detecting AI-generated content.

8. Limitations

We note several limitations of our work. First, our
analysis is framed as a binary comparison of lan-
guage use across two time periods. This approach
has important practical benefits and is underpinned
by clearly stated assumptions (e.g., uncertainty re-
garding the precise degree of LLM use in the sec-
ond time period). However, a finer-grained compar-
ison of smaller time slices could provide a clearer
picture regarding the development patterns of LLM-
supported stylistic choices.

We also acknowledge that, prior to the release
of ChatGPT, other AI-assisted writing tools such as
Grammarly were already available and may have
been used during the first time period, potentially in-
fluencing some publications. However, these tools
primarily focus on grammar correction and minor
stylistic suggestions rather than generating sub-
stantial new text or paraphrases. For this reason,
their potential impact on the linguistic patterns we
analyze is likely more limited compared to modern
large language models. A larger empirical study
comparing the stylistic differences between tradi-
tional writing tools and LLMs as writing assistants
would be a valuable direction for future work.

More generally, our study is limited to a single sci-
entific domain (Natural Language Processing) and
one European language (English). Since academic
writing conventions are highly specific to disciplines
as well as languages, replicating this analysis on
more diverse datasets would help assess the gen-
eralizability of the trends we report.

Finally, we ran a pilot annotation study with 20
participants, collecting two judgments per instance.
A larger-scale setup with more annotations per in-
stance would provide more robust results.
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A. Topic analysis

We inspect the comparability of the two time pe-
riods by analyzing their distribution across topics.
We rely on BERTopic (Grootendorst, 2022): given
a set of documents, it computes document embed-
dings using a pretrained transformer model, clus-
ters those embeddings, and then represents the
topics (corresponding to the obtained clusters) by
identifying a set of distinctive keywords. We set
the minimum topic size to 100 documents, repre-
sentation model to Maximal Marginal Relevance,
and use default values for other parameters. For
each paper, we use the concatenation of its title and
abstract. Papers initially classified as outliers are
assigned to the best-fitting topic based on the prob-
abilities computed in the soft-clustering step over
document embeddings. We include the trained
topic model in our corpus update pipeline to ensure
consistency of topic labels for future papers.

For a given topic, we calculate what proportion
of papers assigned to it come from t1 vs. t2 (af-
ter normalizing the counts by the total number of
papers in the respective time period). We show
sample topics with different temporal distributions
in Table 3. Topics which are overrepresented in one
of the two periods reflect general shifts in research
trends within NLP. For example, papers focusing
on individual levels of linguistic structure (e.g., word
sense disambiguation, topic 41; dependency pars-
ing, 45) and related methods (word embeddings,
19) are more frequent in t1. Those concerned with
LLMs (13, 54) and more recent methods such as
reinforcement learning (62) are more prevalent in t2.
But beyond these rather intuitive differences, 39 out
of 70 topics (62% of all papers) have a broadly bal-
anced temporal distribution (normalized proportion
of papers from the dominant time period ≤60%).
Together with the fact that strictly all topics contain
papers from both t1 and t2, we interpret these find-
ings as confirming the overall comparability of the
two time periods, without stark topical shifts likely
to skew the outcome of our experiments.

B. Additional Linguistic Examples

We present additional examples from our lexical
analysis introduced in Section 4. We provide more
detailed corpus statistics for single-word lexical
choices; extend the same analysis to multi-word
sequences, operationalized as word 5-grams; and
then elaborate on our clustering analysis by dis-
cussing more target words and sample sentences.

B.1. Single-Word Lexical Choices
We present the strongest changes in single-word
lexical choices for nouns (Table 4), adjectives (Ta-
ble 5), verbs (Table 6), and adverbs (Table 7). Each

Topic % t1 % t2 Total
67_humor_humorous_offense_pun 79.8 20.2 117
51_sense_word_wsd_disambiguation 68.1 31.9 333
45_treebank_ud_universal_dependency 66.3 33.7 495
19_embeddings_similarity_word_sentence 65.5 34.5 637
61_annotation_nlp_annotators_and 52.8 47.2 342
15_question_questions_qa_answering 50.1 49.9 1,126
11_crosslingual_languages_multilingual_language 49.7 50.3 962
36_claim_claims_evidence_verification 49.3 50.7 236
43_text_machinegenerated_authorship_detection 26.4 73.6 208
13_reasoning_llms_mathematical_cot 24.3 75.7 792
54_hallucination_hallucinations_llms_detection 15.0 85.0 171
62_reward_preference_alignment_rlhf 4.6 95.4 152

Table 3: Sample topics with different temporal dis-
tribution. Percentages show the normalized propor-
tion of papers from each time period within a topic;
total shows topic size as the raw number of papers.

table shows the 10 words with the strongest in-
crease (top panel) and decrease (bottom panel)
in frequency over time, as measured by the log-
likelihood score. Examples are shown both for
the naturalistic corpus (left panel) and the LLM-
modified corpus (right panel). The following
columns are shown:

• Freqt1 – frequency per million words in t1
• Freqt2 – frequency per million words in t2
• LL – log-likelihood score
• NDt1 – neighborhood density in t1
• NDt2 – neighborhood density in t2
• ∆ND – change in neighborhood density in t2
• U – Mann-Whitney–U test statistic for compar-

ison of neighborhood densities
• p – significance levels for the Mann-Whitney–U

test: ***< 0.001; **< 0.01; *< 0.05; ns≥ 0.05

Naturalistic corpus targets marked with an aster-
isk also appear in the top 100 strongest changes
in the LLM-modified corpus (for the respective part
of speech and increase/decrease direction).

B.2. Multi-Word Lexical Choices

We perform a follow-up to our core analysis of
single-word lexical choices, aiming to understand
if comparable patterns can also be observed in
longer sequences of words. We operationally de-
fine these as word 5-grams (lemmatized and part-
of-speech tagged), retaining only those where each
of the five constituent lemmas is composed of al-
phabetic characters only and is at least two char-
acters long. We then collect frequency counts in
t1 and t2 for both the naturalistic and the LLM-
modified corpus, and compute the log-likelihood
score using the same procedure as for individual
words. We restrict our analysis to the 5-grams
which appear at least 10 times in both t1 and t2 (for
the corresponding corpus). The results are sum-
marized in Table 8, which shows the 40 strongest
rises and falls in use for the naturalistic and the
LLM-modified corpus.
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Some of the word sequences identified by the
analysis point to the general evolution of the NLP
community in terms of dominant methods (e.g., lan-
guage model such as bert falling out of use) and
writing conventions (e.g., name or uniquely identify
individual growing in use, presumably as part of the
Responsible NLP Checklist). But many other se-
quences clearly reflect the stylistic patterns already
observed for single words. For example, the natu-
ralistic corpus shows a decrease in meta-narrative
devices relying on simple vocabulary (e.g., we can
see that the, result show that our model) and an in-
crease in more formal equivalent expressions (e.g.,
it be evident that the, provide valuable insight into).
The LLM-modified corpus shows the same trend,
with straightforward expressions falling out of use
(e.g., paper be organize as follow, it have be show
that), and their formal equivalents becoming more
prominent (e.g., paper be structure as follow, it have
be observe that). Like in the single-word analysis,
we overall see that the naturalistic and the LLM-
modified corpus overlap in most prominent stylistic
changes, and that these generally involve more
complex lexical choices. These findings further
support the view that the stylistic changes in the
naturalistic corpus can be at least partly attributed
to LLM-assisted writing.

B.3. Clustering Examples
We provide further examples from our clustering
analysis to illustrate fine-grained usage differences
for the following target words: ensure (Table 9), uti-
lize (Table 10), crucial (Table 11), and notably (Ta-
ble 12). For each target word, we include two sam-
ple clusters capturing distinct uses, with four rep-
resentative sentences manually selected for each
cluster. For ease of reading, the examples are
shown in a keyword-in-context format.

C. Human Annotation

In the human annotation, we measured four dif-
ferent dimensions of reading experience, each
recorded with 2 items. The items for all dimensions
are listed in Table 13. The annotation guidelines are
presented in Figure 4 and an example of one item
and the annotator view is shown in Figure 5. Anno-
tation was conducted using the Potato annotation
tool (Pei et al., 2022). The full configuration, dataset
and annotation results are provided via the repos-
itory: https://github.com/FilipMiletic/
ScientificCommunication

https://github.com/FilipMiletic/ScientificCommunication 
https://github.com/FilipMiletic/ScientificCommunication 
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Naturalistic corpus LLM-modified corpus
Target Freqt1 Freqt2 LL NDt1 NDt2 ∆ND U p Target Freqt1 Freqt2 LL

prompt 169.2 910.0 56679.7 0.620 0.626 0.006 4122.0 * study 879.5 2249.8 303.0
llm 1.9 403.9 54465.4 0.618 0.653 0.036 1834.0 *** approach 1389.7 2565.0 173.0
instruction 94.9 613.6 43024.1 0.567 0.575 0.008 4038.0 * challenge 397.9 1079.6 159.5
reasoning 223.9 593.3 17605.8 0.632 0.675 0.043 2455.5 *** research 757.1 1514.3 125.6

* capability 83.3 339.2 16869.6 0.629 0.647 0.019 3248.0 *** advancement 12.2 216.3 108.1
shot 251.4 559.4 12201.6 0.661 0.689 0.028 3314.5 *** realm 12.2 171.0 80.2

* limitation 138.3 360.5 10416.0 0.601 0.586 -0.015 6022.5 * process 518.3 991.0 73.5
* response 391.5 722.1 10131.6 0.628 0.589 -0.039 8138.0 *** utilization 12.2 156.6 71.4

cot 0.1 71.5 9866.6 0.756 0.726 -0.029 7505.0 *** instance 546.9 956.0 55.0
demonstration 23.5 143.5 9714.8 0.571 0.637 0.066 785.5 *** methodology 124.5 344.1 52.2
word 2879.9 1485.3 46279.9 0.630 0.647 0.017 3028.0 *** work 2036.5 976.6 185.7
sentence 2502.5 1619.7 19432.9 0.600 0.618 0.018 3073.5 *** problem 765.2 288.4 109.1
embedding 812.4 416.1 13283.1 0.661 0.664 0.002 4901.5 ns way 477.5 191.6 61.5
network 526.5 255.8 9758.4 0.677 0.676 -0.001 5185.0 ns kind 106.1 12.4 41.4
representation 1190.7 764.5 9550.2 0.617 0.654 0.037 2025.0 *** addition 297.9 138.0 29.3
vector 577.0 297.3 9292.2 0.685 0.694 0.009 4240.5 ns setting 457.1 265.8 25.0
corpus 706.2 398.1 8887.6 0.645 0.640 -0.005 5992.5 * idea 167.3 61.8 24.6
attention 767.4 447.1 8721.4 0.644 0.639 -0.005 5114.0 ns respect 95.9 24.7 21.9
layer 942.3 608.9 7366.7 0.695 0.703 0.008 4291.5 ns intuition 38.8 2.1 19.6
feature 1043.3 696.8 7084.2 0.603 0.636 0.034 1606.5 *** amount 279.6 152.5 18.5

Table 4: Strongest changes in noun usage.

Naturalistic corpus LLM-modified corpus
Target Freqt1 Freqt2 LL NDt1 NDt2 ∆ND U p Target Freqt1 Freqt2 LL

prompt 55.9 268.0 15324.2 0.603 0.608 0.005 3950.0 * various 461.2 1473.1 271.7
llm 0.6 61.4 8023.0 0.617 0.605 -0.012 7262.5 *** significant 212.2 684.0 127.6

* comprehensive 51.5 175.7 7298.5 0.606 0.634 0.028 2586.0 *** distinct 65.3 304.9 82.2
* diverse 130.0 255.5 4232.5 0.584 0.598 0.014 3564.0 *** comprehensive 104.1 379.1 81.2
* various 304.9 483.4 4148.1 0.602 0.600 -0.002 5207.0 ns primary 55.1 276.1 78.6
* significant 258.7 414.8 3710.9 0.590 0.587 -0.003 5050.5 ns crucial 112.2 387.3 78.2

blank 11.2 57.6 3475.3 0.581 0.530 -0.051 8354.5 *** specific 834.6 1403.0 71.2
demographic 28.8 86.8 3094.5 0.642 0.613 -0.028 7095.5 *** valuable 42.9 206.0 56.8

* potential 108.8 203.2 2949.4 0.606 0.615 0.009 4021.5 * superior 16.3 140.1 54.8
* crucial 70.0 147.4 2869.0 0.618 0.600 -0.018 6768.5 *** notable 34.7 179.2 52.2

neural 427.0 175.5 11057.2 0.666 0.657 -0.010 5946.0 * well 363.2 109.2 70.2
syntactic 265.0 127.0 5068.2 0.691 0.700 0.010 4106.5 * above 146.9 14.4 61.6
lstm 60.8 12.6 3525.7 0.737 0.690 -0.047 8028.5 *** different 1669.2 1083.7 61.2
bert 146.8 63.8 3434.0 0.753 0.762 0.009 3733.5 ** good 542.8 241.0 58.1
unsupervised 167.7 80.3 3213.0 0.639 0.641 0.002 4489.0 ns able 208.1 43.3 57.3
lexical 260.6 155.3 2744.9 0.642 0.639 -0.003 5406.5 ns many 673.4 362.6 46.2
semantic 613.7 461.9 2192.3 0.648 0.667 0.019 3263.5 *** hard 175.5 47.4 38.2
morphological 107.9 50.5 2171.7 0.694 0.708 0.014 3817.0 ** useful 167.3 45.3 36.3

* same 966.0 783.6 1943.4 0.507 0.520 0.013 2925.5 *** possible 351.0 158.6 36.3
* good 743.9 587.2 1885.7 0.563 0.546 -0.018 6990.0 *** particular 291.8 127.7 32.1

Table 5: Strongest changes in adjective usage.
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Naturalistic corpus LLM-modified corpus
Target Freqt1 Freqt2 LL NDt1 NDt2 ∆ND U p Target Freqt1 Freqt2 LL

prompt 33.1 303.0 25305.3 0.612 0.665 0.053 1399.5 *** utilize 257.1 1905.7 693.9
* enhance 126.9 403.2 15384.0 0.643 0.636 -0.007 6045.5 * enhance 197.9 1306.2 446.2

generate 1248.9 1752.5 8640.3 0.605 0.598 -0.007 5817.5 * involve 240.8 1291.8 386.6
* utilize 222.1 454.0 8254.0 0.631 0.605 -0.026 7447.5 *** address 338.7 1112.5 212.2
* exhibit 63.3 202.8 7813.6 0.568 0.569 0.001 5094.0 ns introduce 691.8 1633.8 191.7
* employ 218.3 435.5 7476.5 0.586 0.573 -0.014 6577.5 *** assess 122.4 587.2 161.6
* ensure 139.9 321.5 7460.6 0.536 0.549 0.013 3791.5 ** employ 222.4 782.9 161.6
* assess 119.0 276.9 6582.3 0.617 0.614 -0.003 5176.5 ns demonstrate 351.0 953.9 141.3
* demonstrate 313.2 540.9 6250.3 0.624 0.616 -0.008 6262.0 ** encompass 14.3 276.1 141.0

underscore 2.5 53.5 5819.9 0.598 0.598 0.001 5082.5 ns incorporate 242.8 729.3 124.4
* learn 1037.9 719.1 5934.0 0.581 0.583 0.002 4519.0 ns show 1552.9 661.3 180.0

train 1838.0 1415.0 5624.7 0.610 0.631 0.021 2670.5 *** use 4395.5 2933.8 143.1
embed 603.9 380.0 5245.9 0.662 0.673 0.010 4053.0 * have 1283.6 665.5 97.2

* use 5279.8 4674.5 3754.2 0.545 0.481 -0.064 8634.5 *** give 1169.3 593.4 93.4
encode 253.5 151.4 2654.2 0.627 0.648 0.021 2854.5 *** propose 1763.1 1100.2 75.5
predict 682.2 517.2 2322.6 0.570 0.578 0.009 3760.0 ** perform 640.8 272.0 74.7
hide 147.7 79.1 2149.9 0.661 0.656 -0.005 5378.0 ns obtain 518.3 206.0 67.8

* model 232.8 146.6 2014.8 0.612 0.613 0.001 4611.0 ns get 167.3 18.5 66.7
* describe 519.1 386.4 1989.3 0.610 0.609 -0.001 4886.5 ns ignore 120.4 8.2 57.0
* have 1624.6 1391.3 1840.6 0.505 0.489 -0.016 6814.0 *** finetune 120.4 12.4 49.6

Table 6: Strongest changes in verb usage.

Naturalistic corpus LLM-modified corpus
Target Freqt1 Freqt2 LL NDt1 NDt2 ∆ND U p Target Freqt1 Freqt2 LL

* additionally 137.2 281.0 5136.8 0.605 0.620 0.015 4576.5 ns additionally 140.8 815.9 257.3
* effectively 98.9 209.3 4114.3 0.656 0.637 -0.019 7286.0 *** initially 12.2 255.5 132.7
* notably 33.8 100.6 3524.0 0.600 0.629 0.029 3499.5 *** effectively 126.5 488.3 110.9
* thereby 30.0 90.3 3206.5 0.564 0.561 -0.003 5295.5 ns notably 36.7 269.9 97.8
* subsequently 27.6 82.5 2915.3 0.574 0.568 -0.006 5861.5 * subsequently 53.1 309.0 97.8
* primarily 40.0 98.7 2602.8 0.586 0.573 -0.014 6504.5 *** primarily 57.1 274.0 75.4
* fine 353.2 488.9 2236.6 0.660 0.655 -0.005 5173.0 ns solely 38.8 224.6 70.8
* accurately 41.5 94.8 2179.0 0.618 0.608 -0.011 6059.5 ** particularly 104.1 329.6 60.2
* specifically 275.5 390.1 2018.9 0.557 0.564 0.007 4245.0 ns furthermore 159.2 418.2 58.8
* solely 30.4 73.9 1897.8 0.562 0.563 0.001 4791.0 ns accurately 49.0 204.0 49.8
* very 334.8 233.5 1853.2 0.628 0.623 -0.005 5329.0 ns thus 487.7 98.9 136.9
* jointly 91.5 46.5 1527.9 0.604 0.617 0.014 3152.5 *** first 540.8 177.2 94.0
* also 1752.6 1542.8 1362.0 0.573 0.581 0.008 3816.0 ** usually 236.7 33.0 84.5
* usually 161.1 106.7 1137.4 0.618 0.622 0.004 4429.0 ns also 1540.7 898.3 83.5
* well 981.1 845.2 1031.8 0.535 0.525 -0.010 6211.0 ** much 165.3 22.7 59.5
* thus 451.1 364.2 945.7 0.624 0.620 -0.005 5090.5 ns very 230.6 57.7 54.1
* much 206.9 154.5 779.0 0.630 0.626 -0.003 5330.0 ns finally 257.1 74.2 52.1

automatically 173.8 127.9 713.6 0.626 0.618 -0.008 6221.5 ** far 487.7 236.9 43.2
* then 942.1 834.0 671.6 0.586 0.591 0.005 4287.5 ns only 1106.0 756.1 32.2
* recently 152.1 112.6 605.2 0.555 0.554 -0.001 5316.5 ns mainly 151.0 45.3 29.2

Table 7: Strongest changes in adverb usage.



1827

Naturalistic corpus LLM-modified corpus

Target t1 t2 LL Target t1 t2 LL

consistent with their intend use 0.1 18.5 2440.5 be important to note that 8.2 72.1 28.6
be consistent with their intend 0.1 18.3 2410.8 it be important to note 10.2 72.1 25.6
identify individual people or offensive 0.1 17.8 2369.2 important to note that the 2.0 24.7 11.1
information that name or uniquely 0.1 17.7 2365.9 it be worth note that 8.2 39.1 10.8
that name or uniquely identify 0.1 17.7 2365.9 can be find in appendix 2.0 20.6 8.6
or uniquely identify individual people 0.1 17.8 2364.7 paper be structure as follow 10.2 37.1 7.9
uniquely identify individual people or 0.1 17.8 2364.7 to enhance the performance of 6.1 28.8 7.8
name or uniquely identify individual 0.1 17.8 2362.0 the field of natural language 2.0 18.5 7.4
individual people or offensive content 0.1 17.9 2357.6 lead to the development of 2.0 16.5 6.3
the datum that be collect 0.1 17.4 2325.2 in the context of the 10.2 33.0 6.2
that be compatible with the 0.4 17.5 2155.3 field of natural language processing 2.0 14.4 5.1
report the number of parameter 0.2 15.8 2060.9 the key contribution of this 2.0 14.4 5.1
of parameter in the model 0.3 16.0 1954.4 to address the issue of 4.1 18.5 4.9
the number of example in 0.9 18.1 1945.2 can be summarize as follow 14.3 35.0 4.4
the source of the datum 0.2 14.6 1847.9 the paper be structure as 8.2 24.7 4.3
be the source of the 0.4 14.5 1738.0 the extent to which the 2.0 12.4 4.0
number of parameter in the 1.0 16.7 1702.7 demonstrate that our model significantly 2.0 12.4 4.0
the number of parameter in 2.0 17.5 1435.6 can be categorize into two 2.0 12.4 4.0

* can be find in appendix 14.1 34.6 906.0 provide an overview of the 4.1 16.5 3.9
* be important to note that 6.2 20.7 837.4 in the case of the 4.1 16.5 3.9
* it be important to note 6.8 21.8 837.3 it have be observe that 4.1 14.4 3.0

capability of large language model 0.1 4.4 530.5 that our model significantly outperform 4.1 14.4 3.0
it be important to acknowledge 0.2 3.5 373.8 can be find in table 4.1 14.4 3.0
provide valuable insight into the 0.1 3.0 318.8 result demonstrate that our model 2.0 10.3 2.9

* it be worth note that 13.6 24.3 310.5 this paper be structure as 2.0 10.3 2.9
* to enhance the performance of 1.3 5.0 225.9 to assess the quality of 2.0 10.3 2.9
* can be attribute to the 6.0 12.3 218.8 experimental result demonstrate that our 2.0 10.3 2.9

be important to acknowledge that 0.1 2.0 215.7 in the field of natural 2.0 10.3 2.9
* to assess the effectiveness of 0.7 3.6 208.9 between the source and target 2.0 10.3 2.9
* important to note that the 1.8 5.6 203.7 to mitigate the impact of 2.0 10.3 2.9

grant fund by the korea 1.0 4.1 202.0 to assess the effectiveness of 2.0 10.3 2.9
particularly in the context of 0.1 2.1 201.2 in order to address the 2.0 10.3 2.9
natural science foundation of china 11.9 19.8 199.7 have show promising result in 2.0 10.3 2.9
ability of large language model 0.1 2.0 194.8 enhance the performance of the 2.0 10.3 2.9
it be evident that the 1.0 3.8 176.5 can be attribute to the 4.1 12.4 2.1
prompt the model to generate 0.1 1.8 174.0 contribution can be summarize as 12.2 24.7 2.1
national natural science foundation of 11.0 17.9 171.3 be worth note that the 2.0 8.2 2.0
may be attribute to the 1.0 3.7 170.9 be commonly refer to as 2.0 8.2 2.0
we use the same prompt 0.1 1.7 168.8 model be train use the 2.0 8.2 2.0
do not align with the 0.3 2.2 152.9 result demonstrate that our propose 2.0 8.2 2.0

the state of the art 11.4 3.9 390.6 the paper be organize as 22.4 2.1 9.7
* paper be organize as follow 11.0 4.8 255.2 paper be organize as follow 30.6 6.2 8.6

acknowledgment we would like to 6.9 2.6 205.0 have be show to be 20.4 2.1 8.5
the encoder and the decoder 4.8 1.4 193.5 it have be show that 22.4 4.1 6.8
we would like to thank 22.6 14.5 180.1 the good of our knowledge 114.3 68.0 5.8
and the anonymous reviewer for 5.2 1.8 179.2 to the good of our 114.3 70.0 5.2

* result show that our model 4.4 1.4 163.4 of the paper be organize 14.3 2.1 5.0
the anonymous reviewer for their 24.4 16.4 161.1 this work be as follow 14.3 2.1 5.0
in this paper we present 4.1 1.3 155.9 contribution of this work be 24.5 8.2 4.1

* experimental result show that our 9.2 4.6 155.7 contribution of our work be 12.2 2.1 3.9
* the paper be organize as 6.4 2.8 155.5 of this work be as 12.2 2.1 3.9

our model be able to 4.3 1.4 152.8 the contribution of this paper 12.2 2.1 3.9
we evaluate our model on 6.6 2.9 150.0 contribution be summarize as follow 16.3 4.1 3.8
bidirectional encoder representations from transformers 5.7 2.3 149.1 contribution of this paper be 24.5 10.3 2.9
the source and the target 3.9 1.2 147.3 result show that our model 14.3 4.1 2.9
in this paper we propose 2.8 0.7 137.6 from the point of view 10.2 2.1 2.9
rest of the paper be 5.6 2.4 133.8 the point of view of 10.2 2.1 2.9
we use the adam optimizer 6.0 2.7 130.5 which be base on the 10.2 2.1 2.9
state of the art in 4.2 1.6 126.4 it be not clear how 10.2 2.1 2.9
language model such as bert 5.2 2.2 125.1 that can be use to 16.3 6.2 2.3
the rest of the paper 8.0 4.1 124.8 main contribution of our work 12.2 4.1 2.1
state of the art result 1.8 0.3 124.3 be one of the most 12.2 4.1 2.1
we can see that the 15.8 10.3 119.8 we conduct experiment on the 12.2 4.1 2.1
and future work in this 6.8 3.4 119.1 on the performance of the 12.2 4.1 2.1

* of the paper be organize 4.6 1.9 118.4 contribution in this paper be 8.2 2.1 1.9
of the word in the 5.1 2.2 118.1 we make the following contribution 8.2 2.1 1.9
new state of the art 3.0 0.9 118.0 experimental result demonstrate the effectiveness 8.2 2.1 1.9
on the basis of the 5.6 2.7 112.0 an answer to the question 8.2 2.1 1.9
future work in this paper 5.2 2.4 108.0 for the purpose of this 8.2 2.1 1.9
reviewer for their helpful comment 6.1 3.1 104.2 this be the first attempt 8.2 2.1 1.9
thank the anonymous reviewer for 17.7 12.2 101.9 be the first attempt to 8.2 2.1 1.9
state of the art on 3.1 1.1 99.5 we be the first to 34.7 20.6 1.8
the hidden state of the 6.5 3.4 98.5 the main contribution of our 14.3 6.2 1.6

* this paper be organize as 4.3 1.9 98.0 experimental result show that our 10.2 4.1 1.3
we compare our model with 5.6 2.8 96.0 to encourage the model to 10.2 4.1 1.3
show that our model outperform 2.5 0.8 96.0 similar to the one use 10.2 4.1 1.3
anonymous reviewer for their helpful 7.6 4.3 95.6 evaluate the performance of the 10.2 4.1 1.3
would like to thank the 13.3 8.8 94.3 main contribution of this work 10.2 4.1 1.3
acknowledgment we thank the anonymous 2.7 0.9 92.5 the main contribution of this 24.5 14.4 1.3
for each word in the 3.4 1.4 87.8 effectiveness of the propose approach 6.1 2.1 1.0

Table 8: Strongest changes in the use of word 5-grams. Shown columns: t1: frequency in t1 per million
words; t2: frequency in t2 per million words; LL: log-likelihood score.
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measure the semantic similarity between generated questions to ensure that the questions assess the same content .
We add an adversarial objective to ensure that the model focuses on language - agnostic

sampling process , we store this data to ensure that every model processes exactly the same set
we diversify the output of each task to ensure that the model can provide a variety of

To ensure the high quality of the annotation procedure ,
To ensure the quality of data , they also calculated

Finally , to ensure training stability and prevent overfitting , we modify
the hyperparameters the same for different models to ensure the fairness of the experiment .

Table 9: Example uses of the verb ensure. Top cluster: broad sense of finality similar to conjunctions like
in order to (65% t1 vs. 35% t2; 431 sentences). Bottom cluster: more specific sense ‘to guarantee’ (43% t1
vs. 57% t2; 363 sentences). The growing use of the more specialized second sense is consistent with an
increasing neighborhood density (∆ND = 0.013).

The latter aims to utilize the multi - level interests to enhance both
of data augmentation method and proposed methods to utilize the augmented data in more effective ways (
introduced pivot - based transfer learning techniques to utilize the resources of the pivot language .
We first transform emoticons into textual information to utilize their rich emotional information .

Finally , we utilize a ridge regression classifier to obtain final classification
For both tasks , we utilize a publicly available implementation that has been trained

In the second setting , we utilize the MLM training objective inherited from PLMs to
Subsequently , we utilize a language model equipped with adapters to obtain

Table 10: Example uses of the verb utilize. Top cluster: more specific sense ‘use to the fullest potential’
(60% t1 vs. 40% t2; 281 sentences). Bottom cluster: more general sense ‘make use of’ (44% t1 vs. 56% t2;
354 sentences). The growing use of the broader second sense is consistent with a falling neighborhood
density (∆ND = −0.026).

, word order difference is one of the crucial factors that impact cross - lingual transfer (
Thus , sarcasm detection might be the first crucial step in these systems .

Apart from these crucial extensions we made for providing the use of
of styles used makes measurements , a most crucial aspect of scientific writing , challenging to extract

Therefore , it is crucial to understand the speaker ’s intentions and emotions
of the inherent individual differences , it is crucial to incorporate diversity in the data collection process

the annotation tasks automatically , we deem it crucial to expand our proposed framework to new scenarios
These challenges make it crucial to devise a new framework that can work

Table 11: Example uses of the adjective crucial. Top cluster: finality-connoted sense ‘important in
determining an outcome’ (58% t1 vs. 42% t2; 146 sentences). Bottom cluster: more general sense
‘important, significant’ (38% t1 vs. 62% t2; 208 sentences). The growing use of the broader second sense
is consistent with a falling neighborhood density (∆ND = −0.018).

a mixture of content and structural properties , notably the systems in the 2016 document alignment shared
, the model shows diminished retrieval performance , notably in terms of R@1 .

had been dominated by the statistical methods , notably the phrase - based ( Koehn et al
switching corpora in comparison with monolingual corpora , notably for high - resource languages , e.g. ,

predictions for the labels of other pairs is notably lower .
and GPT - labels , however , is notably larger than the other models , with a

and XLM - RoBERTa - Large models are notably improved in both the full and partial benchmarks
DSP on most datasets , where it is notably more efficient to train .

Table 12: Example uses of the adverb notably. Top cluster: semantically broad usage typically introducing
an example, similar to ‘especially, particularly’ (63% t1 vs. 37% t2; 171 sentences). Bottom cluster:
intensifier-like sense ‘very’ (44% t1 vs. 56% t2; 309 sentences). The intensification use is restricted to
a relatively small set of cooccurrents (typically gradable adjectives), which aligns with an increasing
neighborhood density (∆ND = 0.029).
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Dimension Question

Clarity I read this text smoothly and fluently.
I was able to understand the paragraph without difficulty.

Authenticity I felt a sense of connection with the researchers through their writing.
The authors are genuinely engaged with the topic they studied.

Trustworthiness The authors appeared competent and trustworthy.
I remained critical of the authors’ arguments while reading.

Excitement I am excited to read this paper in more depth.
I found the text enjoyable to read.

Table 13: The following questions are used to measure four different dimensions of reading experience.

Move forward

Simple Pairwise Comparison Example Home Statistics Help Finished 0/20 Current_id 0 Currently logged in as testusererer

Introduction

What is this study about?

You are invited to take part in a study on stylistic differences in scientific writing, specifically focusing on the domain of Natural Language Processing (NLP). We would like to better understand whether expressing the same message using different writing choices affects
reading experience. We are particularly interested in this issue because of the rising use of large language models (LLMs) as writing assistants. This practice may alter the prevalent writing styles in the scientific community, the effects of which are yet to be understood.

Who can participate?

This study is addressed to participants who:

Have a broad understanding of NLP (master's degree in NLP or a related field, or more senior)
Have already read English-language papers from the NLP community

What does the study consist in?

If you decide to participate in this study, you will:

1. Complete an informed consent form (ca. 1 minute)
2. Rate sample texts according to your reading experience (ca. 20 minutes)
3. Provide broad background information on your education, language use, and writing practices (ca. 1 minute)

In step 2, you will be shown 20 pairs of short texts taken from scientific papers. In a given pair, both texts intend to convey the same message, but they are written in different ways. You will be shown several statements and decide which of the two texts in the pair aligns more
with each statement.

How should the texts be rated?

In part 3, you will be shown 20 pairs of short texts taken from scientific papers. In a given pair, both texts intend to convey the same message, but they are written in different ways. You will be shown several statements and decide which of the two texts in the pair aligns more
with each statement.

There is no right or wrong answer!

We are interested in your subjective experience, so try to follow your instinct and not overthink the questions.
Note that because the texts are sampled from broader context, they may refer to information that is not provided to you. Please disregard this in your ratings and focus on linguistic differences such as word choice and sentence structure.

Why is your participation important?  Because of the subject matter, we can only conduct this study with participants who are domain experts. As a result, we cannot rely on crowdsourcing platforms to collect our data. Our study is only possible if volunteer
participants like you accept to take part in it. Thank you for help!

Copyright © 2022 Blablablab
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Figure 4: The introduction and study description annotators saw before rating the pairs of human vs.
LLM-paraphrased scientific text.
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Move backward  Move forward

Simple Pairwise Comparison Example Home Statistics Help Finished 0/20 Current_id 2 Currently logged in as testusererer

Indicate whether paragraph A or paragraph B aligns more strongly with the statement. The scale from left to right: "strongly A", "slightly A", "slightly B", "strongly B".

Text A

Neural Machine Translation (NMT) frameworks
initially concentrated on translating between two
languages but now embrace multiple languages. The
rise of research on MT systems involving more than
two languages has been notable. Multilingual neural
machine translation has garnered considerable
interest as it enables a single model to translate
across various languages. A recent development in
this area is the presentation of a many-to-many
paradigm for multi-way translation by Pan et al.
(2021), which utilizes shared attention and
language-specific encoders and decoders.

Text B

NMT framework can naturally include numerous
languages, despite the fact that the early study on
NMT focused on developing translation systems
between two languages. As a result, research work
on MT systems, that involves more than two
languages, keeps on increasing significantly.
Recently, a lot of attention is paid to multilingual
neural machine translation since it allows one single
model to translate between different languages. A
many-to-many paradigm for multi-way translation
employing shared attention and languagespecific
encoders and decoders is presented by (Pan et al.,
2021) .

I read this text smoothly and fluently.

I was able to understand the paragraph without difficulty.

I felt a sense of connection with the researchers through their writing.

The authors are genuinely engaged with the topic they studied.

The authors appeared competent and trustworthy.

I remained critical of the authors’ arguments while reading.

I am excited to read this paper in more depth.

I found the text enjoyable to read.

strongly A     strongly B

strongly A     strongly B

strongly A     strongly B

strongly A     strongly B

strongly A     strongly B

strongly A     strongly B

strongly A     strongly B

strongly A     strongly B
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Figure 5: View of an example annotation item: pairwise annotation on four different dimensions of reading
experience.
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