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Abstract
To encourage the public release of research data under open science, it is beneficial to establish mechanisms for
evaluating research data based on metrics such as citation counts. In scholarly papers, authors sometimes cite
papers that report the creation or release of research data instead of citing the research data themselves. In this
paper, as a step toward computing citation counts of research data, we investigate the feasibility of identifying paper
citations that refer to research data. We conducted an identification experiment using large language models and
evaluated their performance.
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1. Introduction

In recent years, open science has been promoted
(UNESCO, 2021; G7, 2023), and the sharing of re-
search artifacts has been encouraged. Research
artifacts include not only scholarly papers but also
research data such as datasets and tools. Al-
though open access to scholarly papers has ad-
vanced, the openness of research data remains
limited. One reason for this limited openness
is that evaluation metrics for research data are
less established. In contrast, citation counts are
widely used as a representative evaluation metric
for scholarly papers, and researchers tend to focus
on increasing them.

To address this situation, citation counts of re-
search data could be considered as an evaluation
metric. However, as shown in Figure 1, research
data are cited in various ways in scholarly papers.
Specifically, the following citation ways are consid-
ered:

(a) Formal citation: Citing research data by de-
scribing relevant information about the re-
search data in the reference list, in the same
way as citing scholarly papers

(b) URL citation: Citing research data by de-
scribing the URLs of research data in the body
text or in the footnote

(c) Paper citation: Citing research data implic-
itly by citing scholarly papers that report the
creation or release of research data

For the formal citation and URL citation, sev-
eral initiatives have focused on aggregating ci-
tation counts of research data (Clarivate, 2023;
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Figure 1: Ways to cite research data (examples
are excerpted from Ito et al., 2022).

Rosonovski et al., 2023). In contrast, for pa-
per citations, little effort has been made to de-
velop mechanisms for aggregating citation counts
of research data. This is because paper cita-
tions that refer to research data have generally
been counted as citations to the papers them-
selves without distinguishing whether the citations
refer to research data.

This study discusses the feasibility of identifying
paper citations that refer to research data in schol-
arly papers to compute the citation counts of re-



187

search data. To this end, we attempted to automat-
ically classify paper citations in scholarly papers as
referring to research data or not, using texts sur-
rounding citations (i.e., the citation contexts) and
bibliographic information. We conducted a prelim-
inary experiment to classify paper citations using
large language models (LLMs) and evaluated their
performance.

2. Citations and Evaluation of
Research Data

Typically, research data are cited in one of the fol-
lowing three ways: formal citation, URL citation,
or paper citation. In this section, we discuss exist-
ing research and efforts to compute citation counts
of research data across different citation citation
ways.

2.1. Formal Citation

Formal citation is a way to cite research data by
providing its information, such as its title, creators,
and persistent identifiers (e.g., DOI) in the refer-
ence list, in the same way as citing scholarly pa-
pers. Figure 1 (a) shows an example of a formal ci-
tation. This way has been recommended for citing
research data in guidelines such as the Joint Dec-
laration of Data Citation Principles (Group, 2014)
and the Tromsø Recommendations (Andreassen
et al., 2019). In addition, several conferences and
journals treat formal citation as the standard to cite
research data, including LREC1, which is an inter-
national conference on language resources, and
Scientific Data2, an open-access journal that fo-
cuses on the creation and reuse of research data.

Furthermore, several systems have been devel-
oped to compute the citation counts of research
data based on formal citations, such as Make
Data Count3, the Data Citation Index (Clarivate,
2023), and the Europe PMC API (Rosonovski
et al., 2023). Using the citation counts obtained
through these systems, research data and their
creators have been evaluated in several indices,
including the OmicsDI (Perez-Riverol et al., 2019)
and the Data-Index (Hood and Sutherland, 2021).

2.2. URL Citation

URL citation is a way to cite research data by de-
scribing the URLs of research data in the body
text or a footnote of a scholarly paper. Figure 1

1https://lrec2026.info/authors-kit/
2https://www.nature.com/sdata/submiss

ion-guidelines
3https://makedatacount.org

The FINECITE dataset was built from a subset of ACL

Anthology Network Corpus (Radev et al., 2009). The ACL

Anthology Network contains over 80K papers from several

ACL conferences and other venues in computational …

By embedding scientific progress and argumentation,

citations serve a critical function that has been extensively

examined—a research field known as citation context

analysis (CCA) (Kunnath et al., 2022; Swales, 1986).

(a) Research data

(b) Concept

We considered four baselines for the classification task: (i)

the scaffolding approach presented in Cohan et al.,(2019), (ii)

the best-performing citation classification model from the …

(c) Method

: Citation tag, : Cited content

Figure 2: Examples of paper citations and cited
contents (examples are excerpted from Jantsch
et al., 2025).

(b) shows an example of URL citation. Comput-
ing URL citation counts requires identifying URLs
of research data within scholarly papers.

Previous studies extracted URLs of research
data from scholarly papers using regular expres-
sions and pretrained language models (Yamamoto
and Takagi, 2007; Tsunokake and Matsubara,
2022; Otto et al., 2023). In addition, some studies
attempted to classify resource types referenced
by URLs in scholarly papers (Zhao et al., 2019;
Tsunokake and Matsubara, 2022; Wada et al.,
2025).

2.3. Paper Citation
Paper citation of research data is a way to cite
research data implicitly by citing a scholarly pa-
per that reports the creation or release of research
data. Figure 1 (c) shows an example of paper cita-
tion. Generally, as shown in Figure 2, paper cita-
tions are made to refer to the concepts, methods,
or findings presented in the cited paper. That is,
citations that refer to research data are not nec-
essarily frequent. Therefore, to compute the cita-
tion counts of research data accurately, it is nec-
essary to identify paper citations that refer to re-
search data.

A previous study introduced metrics to evaluate
research data that consider the citation counts of
papers reporting the creation or release of the data
(Callahan et al., 2018). However, in that study,
the papers were identified using indexing terms
from PubMed’s thesaurus, MeSH (Medical Sub-
ject Headings)4, which makes it challenging to ap-
ply the approach beyond the medical domain. In

4https://www.nlm.nih.gov/mesh/meshhom
e.html

https://lrec2026.info/authors-kit/
https://www.nature.com/sdata/submission-guidelines
https://www.nature.com/sdata/submission-guidelines
https://makedatacount.org
https://www.nlm.nih.gov/mesh/meshhome.html
https://www.nlm.nih.gov/mesh/meshhome.html


188

• SCICITE (Cohan et al., 2019), also

multidomains, contains 11,000 samples,
annotated with a simple three-class
annotation schema.

We considered four baselines for the

classification task: (i) the scaffolding
approach presented in Cohan et al. (2019),
(ii) the best-performing citation …

Yes
(Research data)

Output

Citation + Surrounding texts
Output

No
(Others)

Citation + Surrounding texts

Figure 3: Overview of task setting (examples are
excerpted from Jantsch et al., 2025).

addition, the method proposed in that study does
not consider whether each paper is actually cited
as a reference to the research data.

Several other studies attempted to classify the
intent of citing scholarly papers (Teufel et al., 2006;
Abu-Jbara et al., 2013; Jurgens et al., 2018; Co-
han et al., 2019; Nambanoor Kunnath et al., 2022).
These studies defined citation intent types, such
as citations used to provide background for the
study (Background type) and those used to de-
scribe existing methods employed in the study
(Method type). Based on these definitions, pre-
vious studies constructed annotated corpora and
developed methods to classify the citation intent.
Representative methods include classifiers based
on pretrained language models, e.g., SciBERT
(Beltagy et al., 2019), (Shui et al., 2024; Paolini
et al., 2025) and LLM-based classifiers (Jantsch
et al., 2025; Koloveas et al., 2025). However,
the citation intent types defined by these previous
studies were not based on whether the citations
refer to research data.

3. Task Setting

In this study, we investigated the feasibility of iden-
tifying paper citations that implicitly refer to re-
search data. Here, we formulate the target prob-
lem as a binary classification task: given a citation,
its citation context, and the bibliographic informa-
tion of the cited paper as input, classifying whether
it refers to research data (Yes) or not (No). Figure 3
shows an overview of the task setting.

In this study, research data refer to tangible
research data created, generated, or collected
through scholarly activities, e.g., datasets, soft-
ware, tools, and machine learning models. In con-
trast, intangible research data, e.g., algorithms or
methods, machine learning architectures, and task
definitions, are excluded.

We treat paper citations as referring to research
data in cases where the citation contexts contain
references to the research data produced in the
cited study. Even when the names of the research
data are not explicitly mentioned, we treat citations
as referring to research data if the context makes

it clear that the cited works are being cited for their
research data.

In the upper example in Figure 3, the paper ci-
tation refers to the “SCICITE” dataset, and thus
is classified as referring to research data. In the
lower example, the citation is made to refer to a
method (i.e., “the scaffolding approach”); thus, it
is not classified as a paper citation that implicitly
refers to research data.

4. Preliminary Experiment

We conducted a preliminary experiment to inves-
tigate the feasibility of identifying paper citations
that implicitly refer to research data.

4.1. Experimental Data

We conducted an experiment on the GSAP-NER
dataset (Otto et al., 2023), which contains 100
machine learning papers annotated with 10 entity
types, with a focus on machine learning models
and datasets. In this dataset, citation tags are also
annotated as an entity type.

In this study, we used 10 papers from the GSAP-
NER dataset 5. First, based on the GSAP-NER an-
notations, we extracted 783 citation tags and the
paragraphs containing them. Then, for each ex-
tracted citation tag, we linked it to the correspond-
ing bibliographic information of the cited paper, re-
lying on information such as author names. We
then identified the paper citations that implicitly re-
fer to research data based on the citation tags, the
paragraphs containing citation tags, and the bibli-
ographic information of the cited papers. As a re-
sult, among the 783 citations in the 10 papers, 191
(24.4%) were identified as referring to research
data.

4.2. Experimental Settings

We used Llama3.1 8B instruct (Grattafiori et al.,
2024), Ministral-3-{3B, 8B, 14B}-Instruct-2512 (AI,
2025), GPT-4.1 series (GPT-4.1-nano, GPT-4.1-
mini, and GPT-4.1) (OpenAI, 2025a), GPT-5 series
(GPT-5-nano, GPT-5-mini, and GPT-5) (OpenAI,
2025b), GPT-5.2 (OpenAI, 2025c) as instruction-
tuned LLMs. For models other than GPT series,
we used vLLM6 (Kwon et al., 2023). We limited
the model responses to either “Yes” (paper cita-
tions implicitly referring to research data) or “No”
(otherwise) using Structured Outputs. We set the
temperature to 0.0 and used default parameters

5Specifically, we used six of the 10 folds created by
Otto et al. (2023) for cross-validation.

6https://github.com/vllm-project/vllm

https://github.com/vllm-project/vllm
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Con + Cite Con + Cite + Bib
Model Accuracy Precision Recall F1 Accuracy Precision Recall F1
Random 0.500 0.247 0.499 0.330 0.500 0.247 0.499 0.330
Llama3.1 8B 0.785 0.557 0.637 0.594 0.711 0.444 0.684 0.539
Ministral3 3B 0.799 0.821 0.238 0.369 0.780 0.920 0.119 0.211
Ministral3 8B 0.815 0.610 0.689 0.647 0.806 0.611 0.585 0.598
Ministral3 14B 0.839 0.694 0.622 0.656 0.826 0.665 0.596 0.628
GPT-4.1-nano 0.757 0.538 0.109 0.181 0.745 0.434 0.119 0.187
GPT-4.1-mini 0.854 0.661 0.767 0.710 0.844 0.673 0.715 0.693
GPT-4.1 0.880 0.777 0.720 0.747 0.888 0.797 0.731 0.762
GPT-5-nano 0.861 0.698 0.767 0.731 0.854 0.682 0.767 0.721
GPT-5-mini 0.874 0.712 0.819 0.761 0.874 0.724 0.788 0.754
GPT-5 0.885 0.841 0.658 0.738 0.881 0.813 0.674 0.737
GPT-5.2 0.891 0.886 0.642 0.745 0.884 0.892 0.601 0.718

Table 1: Classification performance for identifying paper citations that implicitly refer to research data.

for all other settings7. We considered two input
settings:

• Con + Cite: citation context + citation tag

• Con + Cite + Bib: citation context + citation tag
+ bibliographic information of the cited paper

We also employed a random baseline that outputs
“Yes” or “No” at random. The extraction perfor-
mance of the models was evaluated using accu-
racy, precision, recall, and F1-score.

4.3. Results
Table 1 shows the classification performance of
each model. Under the Con + Cite setting, GPT-
5.2 yielded the best accuracy and precision, with
values of 0.891 and 0.886, respectively, and GPT-
5-mini achieved the highest recall and F1-score,
with values of 0.819 and 0.761, respectively.

Focusing on models within the same serie, we
found that performance tended to improve as
model size increased. In particular, the GPT se-
ries consistently achieved high scores: all models
except GPT-4.1-nano achieved an F1 score of ap-
proximately 0.7. Overall, the experimental results
indicated that while performance varied across
models, using relatively larger models in the GPT
series enabled more accurate identification of pa-
per citations that implicitly refer to research data.

We also compared the performance of each
model with and without bibliographic information.
Although the F1-scores improved for GPT-4.1-
nano and GPT-4.1, they decreased for the other
models. Thus, we did not find that the use of bibli-
ographic information yielded a clear performance
benefit.

7For Ministral-3, we used the vLLM configuration rec-
ommended for Mistral models. We also set tensor type
to BF16 to unify precision across all models.

… We apply that method to our (and to the sinusoidal,

rotary and T5 bias) models in Appendix Table 7. We find

that our L = 3072 model surpasses the performance of

Transformer-XL (Dai et al., 2019), the Sandwich (Press et

al., 2020), and Shortformer (Press et al., 2021) models. Our

results are similar to the ones obtained with staged training

(Press et al., 2021) but fall short of results obtained by

Routing Transformer (Roy et al., 2020) and kNN-LM

(Khandelwal et al., 2020)…

Compressing & Distributing Optimizer States While 16-bit

Adam has been used in several publications, the stability of

16-bit Adam was first explicitly studied for a text-to-image

generation model DALL-E (Ramesh et al., 2021 ). They

show that a stable embedding layer, tensor-wise scaling

constants for both Adam states, and multiple loss scaling

blocks are critical to achieving stability during training...

: Citation tag, : Cited content

Figure 4: Misclassification cases of GPT-4.1 (input
setting: Con + Cite + Bib).

4.4. Discussion

We conducted an error analysis of GPT-4.1 un-
der the Con + Cite + Bib setting, which achieved
the best F1 score. Although this model achieved
strong overall performance, it still produced sev-
eral misclassifications. Figure 4 shows represen-
tative examples of the misclassification cases. In
these cases, the citations refer to machine learn-
ing models (“Transformer-XL” and “DALL-E”) and
should be classified as “Yes” (i.e., paper cita-
tions implicitly referring to research data), yet the
model outputs “No.” This suggests that GPT-4.1
tended to miss citations referring to machine learn-
ing models more frequently than to other types of
research data. To mitigate such errors, it may be
beneficial to provide additional information about
the research data, such as explicitly highlighting
the names of the machine learning models appear-
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ing near the citation tag.

5. Conclusion

In this paper, toward automating the computation
of citation counts of research data, we examined
the feasibility of identifying paper citations that im-
plicitly refer to research data. In this experiment,
the classification was performed by providing cita-
tion context and bibliographic information as inputs
to LLMs. The experimental results showed that
LLMs could identify paper citations that implicitly
refer to research data with high performance.

In scholarly papers, contribution of the cited pa-
per to citing papers is not uniform. Previous stud-
ies explored metrics by classifying paper citations
into fine-grained categories based on citation in-
tent and importance, and then weighting citations.
As future work, we plan to classify citations of re-
search data based on their types and citation intent
as a step toward weighted evaluation of citations of
research data.
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A. LLMs Prompt

The system prompt is shown in Figure 5, and the
user prompts for Con + Cite and Con + Cite + Bib
are shown in Figure 6 and Figure 7, respectively.

System Prompt

You are a helpful assistant.

Your task is to determine whether, in the given
context, the citation is made for referring to
research data.

Here, “research data” includes:
− datasets (raw or processed data)
− software tools or code (usable tools or libraries)
− trained models (released weights, checkpoints,

or model files)

Important:
The decision must be based on the citation intent

in the provided Context, not on what the
cited work provides in general.

A citation counts as referencing research data (
answer “Yes”) only if:

− the Context indicates that the cited work’s
dataset, tool, or trained model is being used,
accessed, downloaded, analyzed, applied, or
employed in the study; or the cited work’s
research data is directly referenced as a
resource.

A citation should be labeled “No” if:
− the Context cites the work only for its method,

algorithm, model architecture, theoretical
idea, concept, or background explanation;

− the Context does not indicate the use or
reference of any dataset, tool, or trained
model provided by the cited work;

− the citation intent is ambiguous or unclear.

Respond with exactly one word:
Yes
No

Figure 5: System prompt.

User Prompt (Con + Cite)

Context:
[context]

Citation Tag:
[citation_tag]

Figure 6: User prompt (Con + Cite).

User Prompt (Con + Cite + Bib)

Context:
[context]

Citation Tag:
[citation_tag]

Bibliographic Information:
[bibliographic_information]

Figure 7: User prompt (Con + Cite + Bib).
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