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Abstract

Language of study is an aspect of computa-
tional linguistics papers that is useful for analy-
ses of trends and diversity in computational lin-
guistics. This study introduces the first bench-
mark and evaluation of automated language of
study extraction from computational linguistics
publications. The benchmark containing 431
publications from the ACL Anthology, with 62
languages analyzed, was annotated. SciBERT
and four large language models (LLMs), GPT-
4o mini, Gemini 2.5 Flash, Claude 3.5 Haiku,
and DeepSeek 3.2, were evaluated on the bench-
mark using different parts of the ACL Anthol-
ogy papers. GPT-4o mini achieved the best
exact match and Jaccard agreement scores of
0.646 and 0.687, respectively, which is slightly
less than the agreement in human annotation.
Gemini 2.5 Flash achieved the best micro F1 of
0.633. Models using the abstract for extraction
were competitive with models using the full
text, showing that accuracy can be achieved in
language of study extraction without high com-
putational costs. These findings demonstrate
that LLMs are able to accurately identify the
languages of study in computational linguistics
papers, potentially reducing the time and cost
of analyses in computational linguistics.

1 Introduction

Large language models (LLMs) have shown im-
mense potential for information extraction in sci-
entific texts in recent years (Cheung et al., 2023;
Dagdelen et al., 2024; Dunn et al., 2022; Xu et al.,
2024; Jami et al., 2024), although their use for
language of study extraction remains largely un-
explored. Language of study extraction is the ex-
traction of the languages that are analyzed within
computational linguistics papers, which allows for
diversity and trends in computational linguistics
and natural language processing to be accurately
analyzed, often done manually or using methods
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with limited accuracy (Held et al., 2023; Joshi et al.,
2020).

In the past, language of study extraction has in-
volved manual surveys of papers (Bender, 2009),
which may be time-consuming and inherently
costly. Bender (2011) introduces the "Bender
Rule," calling for researchers to state the name
of the languages they study, especially when the
language is English. Ducel et al. (2022) found that
only half of ACL papers respect the Bender Rule,
introducing difficulty to language of study extrac-
tion and studies of trends and diversity in com-
putational linguistics, especially for the English
language. The language of study of computational
linguistics papers is important and often not explic-
itly or clearly stated, making it difficult to easily
extract.

Work has begun to emerge using and propos-
ing new methods to gauge the inclusion of lan-
guages in computational linguistics and natural lan-
guage processing. Joshi et al. (2020) measures
language diversity and inclusion in computational
linguistics conferences through frequency-based
techniques, measuring the mentions of languages
in scientific papers. Schwartz (2022) uses a similar
method, which uses the number of times a lan-
guage is mentioned in ACL paper abstracts. Held
et al. (2023) presents a method where the plain
text is searched for mentions of languages. Then,
GPT-3.5-Turbo, an LLM, was used to filter these
sentences through few-shot prompting to remove
languages mentioned in passing or as homonyms to
analyze coloniality in natural language processing.

Previous methods have flaws that may limit the
accuracy of the language of study extraction and
not effectively convey the frequencies at which lan-
guages are studied. The method presented in Joshi
et al. (2020) may be impacted by homonyms and
mentions of languages that do not represent contri-
butions to the research and natural language pro-
cessing of the mentioned languages. The method
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in Held et al. (2023) may also experience signifi-
cant error, as the usage of select sentences rather
than the full text for filtration may limit the under-
standing and accuracy of information extraction
by GPT-3.5-Turbo. Recognizing the importance of
this work, which studies trends in computational
linguistics, it is shown that the determination of
the language of study in computational linguistics
papers is vital.

No study or benchmark exists to evaluate the
accuracy of machine learning models to extract the
language of study from computational linguistics
papers. The purpose of this study is to (1) con-
struct a reliable benchmark for language of study
extraction, (2) explore the usage of large language
models for language of study extraction using vary-
ing input, and (3) identify problems and challenges
for language of study extraction. This work aims to
construct the first benchmark for language of study
extraction and find models and inputs that are able
to most accurately classify language of study to
improve the efficiency and accuracy of studies ana-
lyzing trends in computational linguistics.

2 Methodology

2.1 Benchmark Construction

The title, abstract, and full text of computational lin-
guistics publications were acquired from ACL OCL
(Rohatgi et al., 2023). ACL OCL is a scholarly cor-
pus derived from the ACL Anthology, which is
the prime resource for research papers in compu-
tational linguistics and natural language process-
ing, maintained by the Association for Computa-
tional Linguistics. As of 2023, the ACL Anthol-
ogy hosted 88,000 papers, with 3,000 non-English
papers (Bollmann et al., 2023). In this study, pa-
pers not in English were excluded using langdetect
v1.0.9. Papers were randomly sampled from ACL
OCL to ensure diverse coverage across venues and
years.

The final benchmark included 431 papers study-
ing 62 languages. In order to facilitate fu-
ture research in LLMs for information extraction
and continue research on language of study ex-
traction, the final benchmark is available pub-
licly at https://github.com/henrygagnier/language-
of-study-extraction-benchmark.

2.2 Inter-Annotator Agreement Statistics

A dataset of 431 papers was independently labeled
by two annotators who were both native speakers of

American English. Each annotator independently
labeled the full dataset. Overall, inter-annotator
agreement was 73.2% for exact matches, where an-
notators identified identical sets of a paper. Jaccard
similarity was 0.816, indicating overlap in iden-
tified classes in cases with disagreements. After
independent annotation, disagreements were found
and resolved through discussion, yielding the final
benchmark. Annotator guidelines are provided in
Appendix A.

2.2.1 Overall Agreement

We present the agreement between the two anno-
tators after independently labeling the benchmark
with the languages of study (Table 1). We report
Krippendorff’s , Cohen’s , exact match agreement,
and Jaccard similarity. Overall, the agreement val-
ues indicate substantial consistency between the
annotators.

Metric Value

Krippendorff’s α 0.778
Cohen’s κ 0.779
Exact match agreement 0.732
Jaccard similarity 0.816

Table 1: Overall inter-annotator agreement statistics

2.2.2 Per-Language Agreement

We show the per-language agreement statistics, for
languages with at least 10 positive annotations, ex-
cluding languages with low sample amounts due
to their unreliability (Table 2). Agreement varies
among languages, potentially reflecting ambigu-
ity in language identification. While varying, the
agreement was consistently moderate to high, rang-
ing from 0.565 to 0.909 in the selected languages,
and suggesting that the annotation guidelines were
consistently applied across all languages.

2.3 Benchmark Language Distribution

Including 62 languages of study, the benchmark in-
troduced represents many high-resource languages
such as English and Mandarin, and many low-
resource languages such as Ewe and Scottish
Gaelic (Wiafe et al., 2025; Klejch et al., 2025),
as the first benchmark for language of study ex-
traction. Figure 1 visualizes the distribution of
language analyzed by the papers in the final bench-
mark, displaying a large amount of studies on the
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Language n α Language n α Language n α

English 204 0.693 Chinese 58 0.832 German 42 0.705
Japanese 43 0.840 French 36 0.671 Arabic 35 0.861
Portuguese 32 0.909 Spanish 31 0.771 Russian 20 0.741
Hindi 16 0.893 Korean 15 0.627 Croatian 12 0.907
Turkish 12 0.796 Indonesian 11 0.773 Czech 10 0.746
Italian 10 0.565

Table 2: Per-language Krippendorff’s α for languages with ten or more positive annotations

Figure 1: Distribution of the languages of study of the
papers included in this benchmark on a logarithmic scale

English language, reflecting the current state of di-
versity in computational linguistics (Bender, 2009).

2.4 Language Models

2.4.1 SciBERT

SciBERT is a pretrained language model for scien-
tific text, performing better than BERT on science-
related tasks, trained on the full text of 1.14 mil-
lion papers from Semantic Scholar (Beltagy et al.,
2019). We use SciBERT as a baseline in this study
and train SciBERT using a 70:15:15 train-test-
validation split for multilabel classification with
3 epochs. SciBERT was evaluated on languages of
study that had more than 20 studies in the bench-
mark to ensure sufficient training data, which were
English (en), Portuguese (pt), Mandarin (zh), Ara-
bic (ar), Japanese (ja), German (de), French (fr),
and Spanish (es). To ensure comparability, the
LLMs were evaluated on the same test set and per-
formance metrics as SciBERT. We performed per-
class threshold tuning to optimize the F1-score for
each label independently, searching from 0.05 to
0.95 in increments of 0.01 to find the threshold
that optimizes the F1 scores on the validation and
training sets.

2.4.2 Large Language Models

We evaluated four large language models (LLMs)
on an identical subset of the benchmark that SciB-
ERT was evaluated on, evaluating GPT-4o mini
(OpenAI et al., 2024), Gemini 2.5 Flash (Comanici
et al., 2025), Claude 3.5 Haiku (Anthropic, 2024),
and Deepseek 3.2 (DeepSeek-AI et al., 2025). We
selected these models to represent a diverse set of
recent large language models that are publicly ac-
cessible and optimized for practical use. In all large
language model prompts, the annotation guidelines
(Appendix A) were supplied. In all models, the
temperature was set to 0 to ensure deterministic
outputs and reproducibility across all experiments.

3 Results

We now look at the overall performance of the four
LLMs and SciBERT on the test set using both the
full text and the abstract, or the abstract only, to
generate predictions (3). Overall, GPT-4o mini
using the full text had the best exact match and
Jaccard similarity of 0.646 and 0.687, respectively,
and Gemini 2.5 Flash had the best micro and macro
F1 scores of 0.633 and 0.622, respectively.GPT-4o
mini achieved an exact match accuracy of 0.646,
approaching the inter-annotator exact match rate
of 0.732, showing that GPT-4o mini had a strong
performance when compared to human annotations.
GPT-4o mini, using only the abstract, had an ex-
act match agreement of 0.600, or 0.046 less than
when the model was using the full text. Model per-
formance surprisingly increased or remained the
same in Gemini 2.5 Flash, Claude 3.5 Haiku, and
DeepSeek 3.2 when the full text was removed. Us-
ing only the abstract is much more computationally
efficient than using the full text and provides com-
parable results.

Model performance was extremely varied, with
GPT-4o mini having a precision of 0.735 and a
recall of 0.463, while Claude 3.5 Haiku had a pre-
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cision of 0.362 and 0.778, using the full text. Ex-
act match agreement ranged from 0.262 to 0.646,
and micro F1 ranged from 0.494 to 0.633. Dif-
ferent LLMs classify the language of study com-
pletely differently, with GPT-4o mini underclassi-
fying and Claude 3.5 Haiku overclassifying. Be-
fore use for language of study extraction, models
should be tested for their tendencies to misclas-
sify and their accuracy, which was extremely vari-
able among models. As expected, SciBERT has
a much worse performance than all LLMs, with
low precision and high recall. To better understand
areas where the model struggles, we now look at
language-specific results (Table 4) and qualitative
error analysis. Model performance ranged widely
throughout each language, with the best F1 scores
being from 0.40 to 0.83. Many models had dif-
ficulty with English, likely due to its status as a
common language of study in computational lin-
guistics. We conduct a qualitative error analysis
(Appendix D) and find that all models label papers
that do not study English as otherwise. The confu-
sion in the English language can likely be partially
explained by model misinterpretation and halluci-
nation. In other languages, models may be focused
on the themes of papers without critically exam-
ining the actual experimentation of the paper, and
some papers may require an amount of reasoning
that the models cannot perform.

4 Discussion

This study evaluates LLMs and SciBERT for lan-
guage of study extraction from computational lin-
guistics publications. We construct the first bench-
mark for language of study extraction with high
agreement and codify the practice of annotating
which languages a paper uses, and using the anno-
tations for analysis. Evaluating models, we find
that LLM outputs align with the human-annotated
labels and demonstrate significant potential for lan-
guage of study extraction. Models reached exact
match and micro F1 scores of 0.646 and 0.633,
respectively. These results directly display that
LLMs can effectively automate the extraction of
the language of study in computational linguistics
papers, allowing for a scalable and timely solution
for analyzing trends in computational linguistics
research.

This study’s results align with previous natu-
ral language processing research, showing the ef-
fectiveness of LLMs for scientific document pars-

ing and structured information extraction (de Haan
et al., 2025; Nguyen et al., 2023; Dagdelen et al.,
2024). While SciBERT was pretrained on scien-
tific text (Beltagy et al., 2019), likely enhancing
its performance on scientific papers and scientific
literature-related tasks, such as language of study
extraction, it performed poorly as a baseline. Trans-
former models may be less scalable for language
of study extraction, as they require training data,
which may not be available for understudied lan-
guages in computational linguistics.

Multiple unexpected findings were found in this
study. When LLMs were prompted only using
the abstract of the paper, performance dropped
marginally, and in some cases, increased. Using
the abstract of a paper significantly decreases the
number of tokens used, decreasing the computa-
tional cost of model usage. Excluding the full text
may have decreased the complexity of the prompt,
limiting LLM hallucination. In cost-limited stud-
ies, using the abstract and LLMs is a solution to
accurately extract the language of study without
high computational costs. Model performance was
also extremely variable across LLMs, with some
models grossly underclassifying and some models
grossly overclassifying. F1 and accuracy were also
variable across models. If LLMs are to be used
for language of study extraction, models must be
tested on high-quality benchmarks, such as the one
presented in this study, in order to evaluate model
biases and performance. We also found that many
LLM errors are not caused by misclassification of
homonyms or mentions of languages in passing.
LLM errors are largely caused by biases towards
English, misinterpretation of the text, and a lack of
ability for complex reasoning. To further improve
model accuracy, future work should be performed.

Few-shot prompting, prompt engineering, con-
text engineering, majority voting, agentic work-
flows, and other ablations should be tested, as many
misclassifications may come from a misunderstand-
ing of the provided paper’s text or the annotation
guidelines. More open source models should be in-
cluded in evaluations, such as Qwen or Llama. Fu-
ture work should also expand benchmarks to larger
and more diverse samples of computational linguis-
tics papers, enabling evaluation on low-resource
languages. Additionally, studying temporal trends
in computational linguistics using the automated
extraction techniques presented in this paper may
provide valuable and more accurate insights than
previous studies into topics like priorities and rep-
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Model Exact Match Jaccard Micro F1 Macro F1 Micro Prec. Micro Rec.

GPT-4o mini (full text + abstract) 0.646 0.687 0.568 0.555 0.735 0.463
Gemini 2.5 Flash (full text + abstract) 0.477 0.525 0.633 0.622 0.576 0.704
Claude 3.5 Haiku (full text + abstract) 0.262 0.409 0.494 0.485 0.362 0.778
DeepSeek 3.2 (full text + abstract) 0.492 0.551 0.625 0.619 0.603 0.648
SciBERT (full text + abstract) 0.077 0.251 0.365 0.388 0.242 0.741

GPT-4o mini (abstract only) 0.600 0.623 0.488 0.509 0.714 0.370
Gemini 2.5 Flash (abstract only) 0.477 0.533 0.627 0.620 0.578 0.685
Claude 3.5 Haiku (abstract only) 0.277 0.399 0.491 0.474 0.363 0.759
DeepSeek 3.2 (abstract only) 0.523 0.594 0.632 0.594 0.600 0.667
SciBERT (abstract only) 0.000 0.134 0.251 0.304 0.148 0.833

Table 3: Overall performance of various models on language of study extraction including exact match accuracy,
Jaccard similarity, and micro and macro F1, precision, and recall.

resentation in computational linguistics research
and coloniality in computational linguistics.

This research codifies and creates the first bench-
mark for language of study extraction and estab-
lishes automated language extraction using LLMs
as an effective tool for analysis in computational
linguistics. The performance of LLMs suggests
that they can be used accurately for language of
study tracking in analyses of the computational
linguistics field, while maintaining the speed of
previous methods. This methodology provides a
foundation for more inclusive natural language pro-
cessing research through the creation of a high-
quality benchmark and the investigation of LLMs
and SciBERT for language of study extraction.

5 Conclusions

This study creates a benchmark for language of
study extraction using papers from the ACL An-
thology, and presents results of language of study
extraction using four LLMs and SciBERT. We use
the abstract, and the abstract and the full text as
inputs to the LLMs and SciBERT to evaluate the
efficacy of cost-effective solutions.

GPT-4o mini using the full text achieved an ex-
act match score of 0.646 and a Jaccard agreement
score of 0.687. Gemini 2.5 Flash using the full
text achieved micro and macro F1 scores of 0.633
and 0.622, respectively. Model performance with-
out using the full text was comparable to model
performance with the full text, suggesting that the
use of the full text often isn’t necessary for LLM-
based language of study extraction. Qualitative
error analysis reveals that errors are likely caused
by model misunderstanding and bias, which should
be mitigated in future work.

These findings suggest that the use of LLMs
is a promising method for information extraction

in scientific texts, especially to improve accuracy
in language of study extraction in computational
linguistics papers.

Limitations

This research has many limitations that must be
considered. First, the annotation of publications is
time-consuming due to the length of scientific pa-
pers. For that reason, this benchmark contains 431
annotated papers through a two-annotator setup,
representing a relatively small sample of the ACL
Anthology, potentially limiting the generalizability
of these findings to the entire field of computational
linguistics, and many low-resource and less stud-
ied languages in computational linguistics. This
evaluation was limited to languages with more than
twenty occurrences in the benchmark to ensure re-
sults were based on significant samples and that
SciBERT would have training data. Finally, this
approach excluded many low-resource languages
in this analysis, which are extremely important in
computational linguistics research.
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A Annotator Guidelines

The following guidelines were constructed around
the current application of the language of study,
particularly to gauge trends in research in computa-
tional linguistics. These guidelines were supplied
to annotators for usage during independent annota-
tion and disagreement resolution.

A.1 Inclusion Criteria
A language qualifies as a language of study in a
paper if it meets any of the following conditions:

• Models are trained or evaluated on the lan-
guage.

• Datasets or corpora in the language are used.

• Linguistic analysis is performed on the lan-
guage.

• The language appears as source or target in
translation experiments.

In multilingual or code-switching settings, all lan-
guages involved in the analysis or experimentation
should be included.

A.2 Exclusion Criteria
A language is not considered a language of study
if it is only:

• Mentioned in passing, as a comparison, or in
related work.

• Appearing in citations, illustrative examples,
or etymological discussions.

• Listed in background or introductory material
without being part of the study.

• Included in a dataset or pretraining corpus that
is not used in the reported experiments.

• Analyzed only in its historical form, without
connection to the modern language.

B LLM Prompt

We used the following prompt for all large language
model evaluations. The placeholder {paper_text}
was replaced with the corresponding paper text or
abstract for inference.
You are an expert in computational linguistics.

Task:
Given the paper text below, identify the natural
language(s) that are actively studied, modeled, or
used in experiments.

Include:

• Languages used in datasets, training,
evaluation, or experiments

• Languages analyzed in multilingual,
cross-lingual, or code-switching settings

• Translation source and target languages

Exclude:

• Languages mentioned only in background,
citations, or related work

• Languages used only for motivation or
comparison

Rules:

• Output only lowercase ISO 639-1 codes

• Separate multiple languages with commas

• If no language can be identified, output
“none”

• Do not output explanations or brackets

Paper:
{paper_text}
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C Language-Specific Results

We present the results of each LLM and SciBERT
for each of the languages on which all models
were evaluated. Language-specific performance
is widely varied across different languages.

D Error Analysis

To complement the quantitative analysis presented
and exemplify model errors, we now present a
short qualitative error analysis of examples of er-
rors made by LLMs when predicting the languages
that a paper studies.

• Lack of focus on experiment: In Çöltekin
and Rama (2016), the language identification
of 13 different languages is studied. Some
models output that no languages are studied.
This is likely because the large scope of the
paper, studying many languages, does not
count all the languages, despite the prompt
annotation guidelines stating that in multilin-
gual settings, all languages analyzed or exper-
imented on should be included. In (Currey
and Heafield, 2018), the translation between
low-resource languages and English is studied.
As the paper is about low-resource languages,
some models output that English is not stud-
ied, even though it is used in MT pairs.

• Complex reasoning: In (Sharma and Roy-
chowdhury, 2019), some models output that
English is not studied. This case is complex
to properly extract. In the introduction, it is
stated over multiple sentences that given En-
glish sentences, the system developed makes
conclusions. In this paper, determining if the
study experiments on English, while explicitly
mentioning English, is complex and requires
reasoning to fully distinguish from a mention
of English in passing.

• Bias towards English: In (Eltanbouly et al.,
2019) studies Arabic dialect identification.
Some models output that English is studied,
while the word "English" is not mentioned in
the paper. In (Barriga Martínez et al., 2021),
the Otomi language is studied. Similarly to
Eltanbouly et al. (2019), "English" is not men-
tioned, and some models output that English
is studied. This error is potentially caused
by model hallucination, and the bias of En-
glish being a common language of study in
computational linguistics.
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Model en zh pt ar ja de es fr

GPT-4o mini (full text + abstract) 0.46 0.77 0.40 0.83 0.75 0.50 0.40 0.33
Gemini 2.5 Flash (full text + abstract) 0.59 0.83 0.40 0.83 0.75 0.67 0.50 0.40
Claude 3.5 Haiku (full text + abstract) 0.53 0.67 0.50 0.83 0.67 0.20 0.19 0.29
Deepseek 3.2 (full text + abstract) 0.57 0.83 0.40 0.83 0.75 0.67 0.50 0.40
SciBERT (abstract + full paper) 0.54 0.71 0.40 0.21 0.80 0.20 0.15 0.12

GPT-4o mini (abstract only) 0.32 0.77 0.40 0.60 0.75 0.50 0.40 0.33
Gemini 2.5 Flash (abstract only) 0.58 0.83 0.40 0.83 0.75 0.67 0.50 0.40
Claude 3.5 Haiku (abstract only) 0.53 0.67 0.50 0.83 0.55 0.22 0.21 0.29
Deepseek 3.2 (abstract only) 0.60 0.83 0.40 0.83 0.75 0.50 0.50 0.33
SciBERT (abstract only) 0.52 0.50 0.40 0.28 0.38 0.06 0.10 0.12

Table 4: F1 scores of language of study extraction models on eight languages using full text + abstract or abstract
only inputs.
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