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Abstract
The evolution of writing assistance tools driven by ad-

vances in large language models (LLMs) has changed how
researchers write. This study investigates whether this
shift is homogenizing research papers by analyzing na-
tive language identification (NLI) trends in ACL Anthol-
ogy papers across three distinct eras: pre-neural network
(NN), pre-LLM, and post-LLM. Due to the lack of data
available, we first construct a labeled dataset using a semi-
automated framework that includes abstract texts written
by researchers with various linguistic backgrounds. Using
the dataset, we further evaluate the presence of the ho-
mogenization by fine-tuning a general classifier to detect
linguistic fingerprints of author backgrounds. Our analy-
sis shows a decline in overall NLI performance over time
that points toward a “native-like” pattern. Interestingly, the
post-LLM era shows specific anomalies, including a rise in
the distinctiveness of Chinese- or French-authored papers.

1 Introduction
The landscape of academic writing has changed over

the past decade, driven by the rapid evolution of writing
assistance tools. Researchers have moved from relying
on simple dictionary lookups to neural machine transla-
tion (NMT). In the current era of large language mod-
els (LLMs), unlike previous tools, LLMs are capable of
rewriting entire sections, smoothing out syntax, and sug-
gesting vocabulary. While LLM-based writing assistants
help non-native speakers to sound more “native-like,” it
has also raised the possibility of writing homogenization
in academia. This phenomenon is similar to the “transla-
tionese” effect observed in machine-translated text, where
output becomes simplified and standardized [1]. Recent
studies have already noted the spread of “LLM-specific”

vocabulary, such as the overuse of words that include
“delve” or “showcases” [2]. This suggests that the unique
linguistic voices of the authors are being replaced by a
standardized English.

Native language identification (NLI), the task of predict-
ing an author’s native language (L1) based on their writing,
serves as useful a metric to examine this shift. It was first
formalized as a text classification problem demonstrated
that an author’s L1 could be predicted from their writing
style with high accuracy [3]. Historically, NLI has fo-
cused on learner corpora (e.g., TOEFL essays) that relies
on explicit grammatical errors to detect L1 interference
[4]. However, applying NLI to academic writing presents
a unique challenge since researchers are typically highly
fluent in English. The “fingerprints” of native language
are not obvious errors in this domain, but are subtle prefer-
ences often tied to the author’s native language linguistical
rules [5, 6]. In high-proficiency academic writing, this of-
ten manifests as “rhetorical transfer,” a culturally distinct
preference, rather than simple syntactic errors [7, 8].

In this work, we investigate the impact of writing assis-
tance tools on the diversity of academic texts by analyzing
NLI performance across three distinct technological eras:
pre-neural network (NN), pre-LLM, and post-LLM. We
hypothesize that as writing tools become more advanced,
the signals of an author’s native language will weaken. This
indicates a shift towards a standardized English in modern
academic writing. Our contributions are as follows:

1. We construct two datasets specifically for high-
fluency academic writing, extracted from papers pub-
lished in arXiv and the ACL Anthology, and then
mapped to author demographics across three eras.

2. We analyze how the widespread use of LLMs is
changing academic writing, specifically by measur-
ing whether the unique traces of an author’s native
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language are disappearing or being replaced by a stan-
dardized English.

2 Dataset Construction
To analyze the evolution of scientific writing styles, we

first constructed two datasets: a large-scale training set de-
rived from arXiv, and a high-quality evaluation set derived
from the ACL Anthology that we use as a testbed for the
pre- and post-LLM analysis.

2.1 Semi-Automated Labeling

Given the lack of large-scale scientific paper datasets la-
beled with author native languages, we developed a semi-
automated framework to produce high-confidence labels.
Our pipeline utilizes an LLM-augmented labeling strategy
that combines metadata with LLM-predicted name ori-
gins. Specifically, our labeling workflow proceeds in three
stages. The first two stages involve estimating the author’s
country of origin, followed by a third stage in which the
estimated country is mapped to a corresponding language
label.

1) Author-Level Verification. For each paper, we
retrieved author names and institutional affiliations via the
OpenAlex API [9]. To resolve ambiguities caused by re-
searcher migrations, we employed a cross-verification step:

• We prompted Qwen3-8B [10] to predict the top-2
most likely countries of origin based solely on the
author’s name. If certain, the model is allowed to
output the same language twice.

• We intersected this prediction with the author’s affili-
ation country. An author is assigned a country label if
and only if their affiliation appears within the LLM’s
top-2 candidate list.

• Anglosphere exclusion: To minimize the influence
of English immersion on L1 signals, we strictly ex-
cluded any non-native candidate who held a dual af-
filiation with an institution in an English-speaking
country (e.g., an author affiliated with both Tsinghua
University and Harvard University). We assume such
authors possess high fluency that may conceal their
native linguistic fingerprints.

2) Paper-Level Consensus. To ensure the text has
a consistent native language signal, we require strict back-
ground coherence across co-authors. We restricted the

dataset to papers with five or fewer authors. A final L1
label is assigned to the paper only if the key authors (first,
second, and last) share the same verified country label.

3) Language Mapping. Finally, the verified coun-
try labels were mapped to their primary official languages
(e.g., ‘US‘ → english_american, ‘CN‘ → chinese) us-
ing information obtained from Wikidata [11] references.
In this study, to avoid ambiguity in the mapping process,
we restrict language mapping to papers assigned a country
label that has a primary official language and for which suf-
ficient experimental data can be collected. The languages
used in this study are described in Section 2.3.

2.2 Data Curation

Training Data (arXiv). To train a general classifier, we
applied the framework to the arXiv dataset [12]. From
the filtered results, we sampled a balanced subset across
target languages to prevent class imbalance. To prevent the
model from overfitting to the writing style of a specific time
era, we applied a strict sampling cap per publication year.
This number differs per language caused by the difference
in quantity of samples.

Evaluation Data (ACL Anthology). To test our hypoth-
esis regarding writing homogenization, we compiled a
dataset from the ACL Anthology corpus [13] and divided
it into three technological eras: pre-NN (≤2015), pre-LLM
(2016–2022), and post-LLM (2023–2025). For the pre-NN
and pre-LLM eras, we used the framework with additional
manual verification. For the post-LLM era, due to the lack
of updated dumps nor datasets, we performed a complete
manual collection and verification of author backgrounds.

2.3 Data Statistics

We focused on eight target languages: American En-
glish, British English, French, German, Italian, Chinese,
Japanese, and Korean. For the training set, which is de-
rived from arXiv, we selected a balanced subset of 1,600
samples (200 per language) spanning the years 1999–2021.

As described above, we use data collected from the ACL
Anthology as evaluation data. Since most of these papers
have been published through a peer-review process, they
exhibit a standardized level of writing quality. This al-
lows our model to capture stylistic characteristics specific
to authors’ native languages (L1), rather than simple gram-
matical errors or differences in fluency. To construct a
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class-balanced dataset, we select 50 papers for each com-
bination of three eras and eight languages, resulting in a
total of 1,200 papers. For combinations with fewer than
50 available papers, such as Korean in the pre-NN era, we
address this by duplicating a subset of the collected papers.
We manually verified this dataset and found that almost all
instances were assigned correct language labels.

3 Methodology
We introduce two NLI models: one based on few-shot

prompting and the other based on fine-tuning. These mod-
els are applied to evaluation data from three eras. A relative
performance drop on post-LLM-era data suggests that the
advent of LLMs has reduced the presence of L1-specific
stylistic traces in the English of non-native speakers.

3.1 Few-Shot Prompting

We prompted the models for classifying native languages
of authors by restricting the output to a closed set of lan-
guage labels. Since peer-reviewed academic text is highly
fluent, standard models frequently default to predicting
“native English.” As a solution, our system prompt ex-
plicitly directs the model to identify subtle L1-interference
patterns and to avoid assigning English labels without any
strong evidence.

3.2 Fine-Tuning

We fine-tuned two state-of-the-art open-weights mod-
els to evaluate their capability in detecting subtle stylistic
fingerprints: Qwen3-14B and Gemma-3-12B-it [14]. We
employed quantized low-rank adaptation (QLoRA) [15] for
fine-tuning and both models were quantized to 4-bit preci-
sion (NormalFloat4) with double quantization. We froze
the base model parameters and attached low-rank adapters
(LoRA) [16] to the linear layers.

The training was performed on the balanced arXiv
dataset constructed in Section 2. We used a maximum
sequence length of 1024 tokens that properly covers the
length of standard research paper abstracts. The specific
hyperparameters used for each model are detailed in Table
1.

Table 1 Hyperparameter settings used in our experiment.
Hyperparameter Qwen3-14B Gemma-3-12B-it
Epochs 2 3
Batch Size 8 16
Gradient Accumulation 4 2
Learning Rate 1.0 × 10−3 2.0 × 10−4

Lora Rank (𝑟) 16 16
Lora Alpha (𝛼) 64 32
Lora Dropout 0.0001 0.1
Weight Decay 0 0.01

4 Experiments and Results

4.1 Experimental Setup

We evaluated our models on the ACL Anthology evalua-
tion set described in Section 2. This set consists of balanced
subsets for three eras: pre-NN (≤2015), pre-LLM (2016–
2022), and post-LLM (2023–2025). As a baseline, we
first evaluated the base models (Qwen3-14B and Gemma-
3-12B-it) in an 8-shot setting (one example per language)
without fine-tuning. We then evaluated our fine-tuned vari-
ants. We report both accuracy and F1-score. Given that
the test sets are balanced, these metrics provide a direct
measure of the model’s ability to differentiate L1 signals.

4.2 Results: Evidence of Homogenization

Table 2 presents the overall performance across the three
eras. Although there is a substantial performance gap be-
tween the few-shot prompting–based model and the fine-
tuning–based model, both models exhibit the same trend:
the highest scores are obtained on pre-NN-era data, fol-
lowed by pre-LLM-era data, with the lowest scores ob-
served on post-LLM-era data.

Focusing on the results of the few-shot prompting–based
model, when using Qwen3-14B, the accuracy drops from
37.8% on pre-NN-era data to 14.5% on post-LLM-era data.
Similarly, when using Qwen2-7B, the accuracy drops from
30.4% to 19.1%. The models exhibited a strong bias toward
American English, often collapsing into a single-class pre-
diction, with an interesting choice of British English by
Gemma 3 in post-LLM. This confirms that untuned LLMs
cannot reliably detect subtle native language signals with-
out targeted training.

Our fine-tuned models demonstrated significantly higher
performance, achieving over 70% accuracy in the pre-NN
era by both models. However, consistent with our hypoth-
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Table 2 Performance comparison across three eras.
Qwen3-14B Gemma-3-12B-it

Metric pre-NN pre-LLM post- pre-NN pre-LLM post-
Few-Shot Prompting

Accuracy 0.378 0.181 0.145 0.304 0.258 0.191
F1-Score 0.393 0.137 0.067 0.304 0.222 0.111

Fine-Tuning
Accuracy 0.728 0.650 0.633 0.718 0.628 0.590
F1-Score 0.726 0.637 0.623 0.715 0.614 0.598

Table 3 Detailed F1-scores per language for fine-tuned models.
Bolded scores indicate the highest performance across three eras.

Lang. Qwen3-14B Gemma-3-12B-it
pre-NN pre-LLM post- pre-NN pre-LLM post-

Eng-US 0.648 0.574 0.593 0.679 0.522 0.576
Eng-UK 0.602 0.438 0.406 0.565 0.435 0.235
French 0.703 0.720 0.690 0.667 0.654 0.723
German 0.686 0.604 0.612 0.694 0.559 0.581
Italian 0.752 0.732 0.703 0.788 0.739 0.688
Chinese 0.876 0.815 0.869 0.812 0.737 0.885
Japanese 0.758 0.553 0.462 0.757 0.615 0.508
Korean 0.784 0.657 0.628 0.761 0.651 0.590

esis, performance degraded significantly over time, i.e.,
from 72.8% to 63.3% for Qwen3 and from 71.8% to 59.0%
for Gemma 3.

This monotonic decline indicates that the “fingerprints”
of native language are becoming weaker in modern aca-
demic writing. Native language signals are disappearing
because AI tools rewrite English phrasing unique to cer-
tain languages into standard American English. Detailed
results including confusion matrices are provided in Ap-
pendix A.

4.3 Discussion

To understand more of this erosion, we analyzed class-
specific performance. Table 3 shows the F1-scores per
language for fine-tuned models. Three distinct patterns
were observed.
Collapse of British English. The most noticeable drop
occurred in British English. For Gemma 3, detection
accuracy fell from 56.5% (pre-NN) to just 23.5% (post-
LLM). Confusion matrices reveals that these misclassified
papers are largely predicted as American English, suggest-
ing a standardization of spelling and vocabulary toward US
norms.
Loss of Asian L1 Signals. Japanese and Korean used to
be distinct, but their classification accuracy dropped sig-
nificantly in the post-LLM era. Japanese accuracy dropped

from 75.8% to 46.2% for Qwen3, suggesting that LLMs are
bridging the linguistic distance between Asian languages
and English.
Persistence of L1 Signals in Chinese Text. Contrary
to our predictions, French and Chinese remain highly de-
tectable, with accuracy staying stable or even increasing.
Unlike other languages, French and Chinese L1 signals
appear resistant to homogenization. While a thorough ex-
amination of these factors is left for future work, the limited
accessibility of Western APIs (e.g., OpenAI’s GPT series)
in China may constitute one contributing factor affecting
the Chinese language results.

5 Conclusion
In this work, we presented a study quantifying the impact

of LLMs on the linguistic diversity of scientific writing.
We constructed two native language identification datasets
specifically tailored for high-fluency academic writing.
By fine-tuning state-of-the-art open models (Qwen3 and
Gemma 3), we were able to detect subtle linguistic shifts
in academic writings. Our results provide an evidence
that academic writing is undergoing a homogenization into
standardized English. We confirmed that the accuracy of
NLI on post-LLM era data is substantially lower than that
on pre-NN era data. This suggests that the unique L1 sig-
nals that reflect a researcher’s background are being faded
by the effects of LLM-based writing assistance. However,
when examining language-specific trends, the results are
not entirely consistent; for French and Chinese, NLI ex-
hibits higher performance on post-LLM data, in contrast
to the overall trend.
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A Fine-Tuning Full Results

Table 4 Detailed per-class performance metrics for Qwen3-14B (fine-tuned).
Language Precision Recall F1-score

pre-NN pre-LLM post-LLM pre-NN pre-LLM post-LLM pre-NN pre-LLM post-LLM
English (US) 0.603 0.569 0.471 0.700 0.500 0.800 0.648 0.574 0.593
English (UK) 0.651 0.696 0.737 0.560 0.320 0.280 0.602 0.438 0.406
French 0.781 0.720 0.812 0.640 0.720 0.600 0.703 0.720 0.690
German 0.673 0.630 0.625 0.700 0.580 0.600 0.686 0.604 0.612
Italian 0.695 0.661 0.781 0.820 0.820 0.640 0.752 0.732 0.703
Chinese 0.836 0.759 0.878 0.920 0.880 0.860 0.876 0.815 0.869
Japanese 0.800 0.808 1.000 0.720 0.420 0.300 0.758 0.553 0.462
Korean 0.809 0.524 0.462 0.760 0.880 0.980 0.784 0.657 0.628

(a) pre-NN (Qwen3 fine-tuned) (b) pre-LLM (Qwen3 fine-tuned) (c) post-LLM (Qwen3 fine-tuned)

Figure 1 Confusion matrices for Qwen3-8B (fine-tuned).

Table 5 Detailed per-class performance metrics (precision, recall, F1-score) across all three eras for Gemma-3-14B-it (fine-tuned).
Language Precision Recall F1-score

pre-NN pre-LLM post-LLM pre-NN pre-LLM post-LLM pre-NN pre-LLM post-LLM
English (US) 0.643 0.571 0.480 0.720 0.480 0.720 0.679 0.522 0.576
English (UK) 0.619 0.790 0.444 0.520 0.300 0.160 0.565 0.435 0.235
French 0.674 0.630 0.773 0.660 0.680 0.680 0.667 0.654 0.723
German 0.708 0.605 0.628 0.680 0.520 0.540 0.694 0.559 0.581
Italian 0.796 0.672 0.744 0.780 0.820 0.640 0.788 0.739 0.688
Chinese 0.738 0.656 0.852 0.900 0.840 0.920 0.812 0.737 0.885
Japanese 0.736 0.683 1.000 0.780 0.560 0.340 0.757 0.615 0.508
Korean 0.833 0.540 0.434 0.700 0.820 0.920 0.761 0.651 0.590

(a) pre-NN (Gemma 3 fine-tuned) (b) pre-LLM (Gemma 3 fine-tuned) (c) post-LLM (Gemma 3 fine-tuned)

Figure 2 Confusion matrices for Gemma-3-12B-it (fine-tuned). Similar to Qwen3, the model struggles to differentiate L1 styles
without fine-tuning.
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