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Abstract

This paper proposes a new research task aimed
at automatically generating metadata for re-
search data, such as datasets and code, to ac-
celerate open science. From the perspective
of “Findable” in the FAIR data principles, re-
search data is required to be assigned a global
unique identifier and described with rich meta-
data. The proposed task is defined as extract-
ing information about research data (specifi-
cally, name, generic mention, and in-text cita-
tion) from texts surrounding URLSs that serve
as identifiers for research data references in
scholarly papers. To support this task, we con-
structed a dataset containing approximately
600 manually annotated citation contexts with
URLSs of research data from conference pa-
pers. To evaluate the task, we conducted a
preliminary experiment using the constructed
dataset, employing the In-Context Learning
method with LLMs as a baseline. The re-
sults showed that the performance of LLMs
matched that of humans in some cases, demon-
strating the feasibility of the task.

1 Introduction

Open science is a movement to promote the uti-
lization of research data by making them publicly
available (G7 OSWG, 2023). To utilize research
data, such as datasets and code, effectively, it is
necessary to assign metadata. One solution to ac-
celerate this process is to extract information on
research data from texts referring to the data, such
as scholarly papers.

The FAIR Guiding Principles (Wilkinson et al.,
2016) outlines the criteria for achievement in open
science. FAIR stands for “Findable,” “Accessi-
ble,” “Interoperable,” and “Reusable.” The most
fundamental principle is “Findable,” and the re-
quirements for research data to be findable are
that a unique identifier is assigned and that rich
metadata are described. However, no previous
study on extracting information about research

72

data from scholarly papers has explicitly consid-
ered the above requirements.

This paper proposes a new research task of
extracting information about research data from
scholarly papers. We define the task based on Dat-
aCite (DataCite Metadata Working Group, 2024),
a global standard metadata schema. Specifically,
the task is defined as extracting information cor-
responding to name, generic mention, and in-text
citation of research data. This information is ex-
tracted from the citation context, i.e., the para-
graph containing URL citations.

To perform the proposed task, we manually an-
notated approximately 600 paragraphs of text (ci-
tation contexts) containing URLs citing research
data from conference papers. We then conducted
a preliminary experiment to evaluate our task.
In the experiment, we adopted In-Context Learn-
ing (ICL) using LLMs as the baseline method
and compared it with the performance of humans.
The results demonstrated that the performance of
LLMs for generic mention and in-text citation was
comparable to that of humans.

2 Extraction of Information about
Research Data

2.1

Research data are data collected or generated
through research activities. In this study, data,
such as datasets and code, were treated as research
data. For research data to meet the most funda-
mental principle in the FAIR, i.e., “Findable,” it
is required to be assigned a unique identifier and
described with rich metadata.

Metadata of Research Data

2.2 Utilization of Scholarly Papers for
Metadata Generation

In scholarly papers, information about research
data is provided when the data are created or used
for a study. When mentioning the created research

Proceedings of the Third Workshop for Artificial Intelligence for Scientific Publications, pages 72-79
December 23, 2025 ©2025 Association for Computational Linguistics



Mandatory metadata field defined by DataCite

Information to be extracted

(___Fed | Vawe WS  Fied | Bample |
Identifier https://example.org/mcc-corpus-vl.1l <= = = — URL https://example.org/mcc-corpus-vi.1
Title MCC <= = = = name MCC

ResourceType Dataset <= =— = = generic mention The dataset

Creator Doe and Smith <= — T = in-text citation Doe and Smith, 2023 or [1]
PublicationYear 2023 <« - o

Publisher Hoge University a— = d

Figure 1: Correspondence between information fields to be extracted and DataCite mandatory metadata fields.
Creator, PublicationYear, and Publisher can be obtained not only from the body text of the citing paper, but also
from metadata of the cited paper, such as its authors and affiliations. This metadata is often available in the
reference list or the header section of the cited paper. In-text citation provides access to the cited paper.

URL Citation Context

3.1 Dataset

We used the MCC' [Doe and Smith,
2023]. The dataset consists of 150,000
dialogue turns collected from synthetic
interactions between human users and
a vision-language assistant. ...

1 https://example.org/mec-corpus-v1.1
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Figure 2:

data, the creator notes the name and description
of the data and provides access to it, e.g., using
a URL. When mentioning the used research data,
the user provides the identifier, an overview of the
research data, and its usage in the study. This in-
formation about research data is often included in
the text surrounding mentions of research data in
papers. Thus, the information extracted from the
text can be used as a source to generate metadata.

2.3 Requirements for Information to be
Extracted from Papers

In this study, we assumed metadata generation
based on DataCite, which is a global standard and
universal metadata schema. Furthermore, Dat-
aCite offers an additional advantage of interoper-
ability, as its fields can be mapped to other meta-
data schemas such as the Dublin Core!. DataCite
defines a metadata schema with six mandatory
fields: “Identifier,” “Creator,” “Title,” “Publisher,”
“PublicationYear,” and “ResourceType.” Thus, at
minimum, it is necessary to extract the informa-
tion corresponding to these metadata fields.

Based on the above, we define the following
four conditions for the information to be extracted
from scholarly papers.

1. Identifier for research data

"http://purl.org/dc/elements/1.1/
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Flow of generating metadata on research data from scholarly papers.

2. Name of research data
3. Information about the type of research data

4. Information related to the creation of the re-
search data

Figure 1 shows the correspondence between these
conditions and mandatory fields in DataCite. The
information in the above conditions 1 and 2 can
be used for “Identifier” and “Title,” respectively.
The information in the condition 3 can be used to
classify “ResourceType.” From the information in
the condition 4, it may be possible to generate the
“Creator,” “Publisher,” and “Publication Year.”

2.4 Related Work

Previous studies have tackled the task of extracting
information about research data from scholarly pa-
pers. Most of these studies extracted information
by identifying the names and mentions of research
data (Luan et al., 2018; Jain et al., 2020; Schindler
et al., 2021; Hou et al., 2021; Pan et al., 2023;
Otto et al., 2023; Stavropoulos et al., 2023; Pan
et al., 2024; Watanabe et al., 2024). The name and
mention detection realized comprehensive extrac-
tion of information from scholarly papers, satisfy-
ing the condition 2. However, this approach does
not necessarily satisfy the condition 1 because it
may not include identifiers such as URLs.



Table 1: Fields of information to be extracted.

Field
name
generic mention
in-text citation

Explanation
name given to research data
generic reference to research data
in-text reference marker for research
data

In contrast, other studies have obtained infor-
mation on research data from URL citations in the
text of scholarly papers. For example, Tsunokake
and Matsubara classified whether URLSs in schol-
arly papers cite research data or not (Tsunokake
and Matsubara, 2021). Zhao et al., Tsunokake and
Matsubara, and Wada et al. classified types of re-
search data cited by URL using the text surround-
ing URL citations (Zhao et al., 2019; Tsunokake
and Matsubara, 2022; Wada et al., 2024). These
studies satisfy the condition 1 because URL is re-
garded as an identifier. They also satisfy the con-
dition 3 by classifying the type of research data.
However, the conditions 2 and 4 are not satisfied
because they did not target information excluding
URL and type.

3 Extraction from Citation Contexts

3.1 Prerequisites for the Task

The flow of generating metadata on research data
from scholarly papers is shown in Figure 2. The
procedure is summarized as follows.

1. Parse the paper in PDF format and convert it
to semi-structured text.

Detect URLs that refer to research data
among all URLSs in the text and extract seg-
ments containing the URLs as body texts.

. Extract the information about research data
from the body text.

Edit the extracted strings and generate meta-
data on the research data.

In the above procedure, step 3 represents the
task proposed in this study. A detailed defini-
tion of the proposed task is given in Section 3.2.
For step 1, several tools have been developed to
parse and convert scholarly papers in PDF format
to text format (Lopez, 2009; The Apache Soft-
ware Foundation, 2009; Abekawa and Aizawa,
2016; Mistral Al Team, 2025). Regarding step
2, some URL citations refer to related web pages
or scholarly papers rather than the research data.
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Table 2: Statistics of the dataset.

Annotation unit Value
#(paragraph, URL) 601
name 571

#span  generic mention 435
in-text citation 202

5 Similar to RoBERTa, BART uses the combination of

BookCorpus (Zhu et al., 2015), CC-News (Nagel, 2016)
Name In-text citation

Figure 3: Annotation interface.

To address this issue, we will adapt a previ-
ously proposed URL citation classification method
(Tsunokake and Matsubara, 2021). Editing in step
4 is left for future work because it requires ad-
vanced techniques, e.g., integrating information
extracted from multiple papers.

3.2 Task Settings
We define step 3, the proposed task, as follows.

Input: a pair of a URL citing research data and a
URL citation context. If the URL appears in
a footnote or the bibliography, its text is con-
catenated to the body text as the input URL
citation context.

Output: strings included in the input text corre-
sponding to name, generic mention, and in-
text citation of research data. Table 1 explains
these three fields of information.

This task takes text with URL citation as input;
thus, it satisfies the condition 1. In addition, the
information name, generic mention, and in-text ci-
tation satisfy the conditions 2 to 4, respectively.

4 Dataset Construction

For the annotation, we used a dataset constructed
in a previous study (Tsunokake and Matsubara,
2022) that targets URL citations of research data.
This dataset contains URLs citing research data
and their corresponding paragraph texts (i.e., cita-
tion contexts), extracted from papers published in
notable natural language processing conferences?.
If URLs appeared in footnotes or bibliographies,
the corresponding paragraphs were extracted. In
this study, we used a total of 601 URL-paragraph
pairs, where the URLS refer to datasets or code>.
2https: //aclanthology.org/

3Whether URLs refers to research data was determined
manually in the previous study.



We asked an expert in corpus annotation in NLP
to assign information name, generic mention, and
in-text citation to paragraphs (if any). Assigning
information of URL-cited research data was done
by annotating spans and labels. Table 2 shows
the statistics of the dataset. We used the doccano
(Nakayama et al., 2018) annotation tool, where the
worker annotated the text, as shown in Figure 3.

5 Preliminary Experiment

To verify the feasibility of the proposed task, we
conducted a preliminary experiment.

5.1 Experimental Data

The constructed dataset was split into training, de-
velopment, and test data based on the papers’ pub-
lication years. The test data included paragraphs
from papers published in 2021, the latest year in
the dataset. The development data were split such
that the proportion of publication years was uni-
form (excluding the test data). The training data
were obtained by excluding the test and develop-
ment data. Finally, the ratio of the training, devel-
opment, and test data was 397:107:97.

5.2 Extraction Methods

In this experiment, we compared the extraction
performance of LLMs with that of humans. For
the human extraction, we asked another worker
who majored in NLP to extract information.

We adopted ICL (Brown et al., 2020) with
LLMs as the baseline method. We set few-shot
settings because the performance of LLMs is af-
fected by the given demo samples. The demo sam-
ples were selected based on the similarity between
the test input text and the candidate texts.

The prompts comprised an instruction, a
demonstration, and a test input*. The instruction
provided the task definition and label in Section 3
and Table 1, respectively. The demonstration in-
cluded samples retrieved from the training data.

5.3 Implementation and Evaluation

We used Llama-3.1-8B-Instruct (Grattafiori et al.,
2024) and Qwen3-8B (Qwen Team, 2025) as open
LLMs, and GPT-4.1 (OpenAl, 2025) as a closed
LLM. In all LLMs, the decoding method was
greedy, and the output format was the JSON
schema. In the few-shot setting, e5-Mistral-7b-

*The prompt is provided in Appendix A.
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Table 3: Comparison of extraction performance be-
tween LLMs and humans.

Llama Qwen GPT  Human
name 39.33 4194 4598  59.86
generic mention | 18.63  29.11  42.60 40.40
in-text citation 38.78 3958 6133  63.77
Macro average 3225 3688 4997  54.68

instruct (Wang et al., 2023) retrieved five samples
for each input from the training data.

The evaluation was performed for each infor-
mation field shown in Table 1. We used entity-
based F1 as the evaluation metric. Note that we
used the edit distance to determine the match be-
tween the output and the ground truth because the
format of the model output is not span°.

5.4 Results

Table 3 shows the performance of all models,
alongside the human performance. Overall, the
best-performing LLM, GPT-4.1, still underper-
formed humans by approximately 5 points. Focus-
ing on each information field, both LLMs and the
human achieved high performance for name and
in-text citation. Notably, the extraction of name
showed a gap of approximately 10 points, suggest-
ing that this aspect remains challenging for LLMs.
In contrast, for in-text citation, GPT-4.1 achieved
an F1 of 61.33%, demonstrating extraction perfor-
mance comparable to that of humans. For generic
mention, while the open LLMs’ performance was
lower than the human performance, GPT-4.1 out-
performed humans with an F1 of 42.60%.

6 Error Analysis

To reveal the challenges of information extraction,
we conducted an error analysis on the outputs of
the best-performing model, GPT-4.1, as well as
the human. To analyze errors in detail, we intro-
duced the four categories defined in the Message
Understanding Conference (Chinchor and Sund-
heim, 1993).

Correct (COR): both span and label are perfectly
matched.

Partial (PAR): span is partially matched, and la-
bels are matched.

Missing (MIS): ground truth is missed by a sys-
tem.

>The Levenshtein distance was used, and a similarity
greater than 0.8 was considered a match.



URL
Citation Context

http://opus.nlpl.eu/

... This data is derived from two main sources: (1) open-source repository of parallel corpora,
OPUS [Cite_Footnote_3] (Tiedemann, 2012) and (2) ParaCrawl (Espla et al., 2019). From
OPUS, we use the JW300 corpus (Agi¢ and Vuli¢, 2019), OpenSubtitles (Lison and Tiedemann,
2016), XhosaNavy, Memat, and QED (Abdelali et al., 2014). Despite the existence of this paral-
lel data, these text datasets were often collected from large, relatively unclean multilingual
corpora, ... footnote: 3 http://opus.nlpl.eu/

ground truth

{name: “OPUS”, generic mention: “this paral-lel data”, in-text citation: “Tiedemann, 2012”}

GPT

Human

{name: [*OPUS”, “JW300”, “OpenSubtitles”, “XhosaNavy”, “QED”, “Memat”], generic men-
tion: “paral-lel data”, in-text citation: “N/A”}
{name: “OPUS”, generic mention: “N/A”, in-text citation: “Tiedemann, 2012}

Figure 4: Representative example of the observed error cases. “[Cite_Footnote_3]” denotes a footnote citation tag

(which would normally be the number 3).

Table 4: Number of error categories for each information field.

name generic mention | in-text citation

GPT Human | GPT Human | GPT Human

COR 37 43 22 17 21 22
PAR 3 1 14 3 2 0
SPU 67 36 68 14 16 11
MIS 27 23 29 45 13 14

Spurious (SPU): a system produces a response
that doesn’t exist in the ground truth.

As in the experiment in Section 5, we used the edit
distance for span matching.

Figure 4 shows a representative example of the
observed error cases. In this example, the cor-
rect data name is “OPUS” (COR case), but GPT
additionally extracted unrelated names such as
“JW300” and “OpenSubtitles” (SPU case). For
generic mention, the human failed to extract “this
parallel data” (MIS case), while GPT produced
a partial extraction by outputting “parallel data”
(PAR case). Regarding in-text citation, GPT failed
to extract the citation in this example, again result-
ing in a MIS error.

Table 4 shows the number of error categories
for each information field. For name, the hu-
man produced approximately six more COR cases
than GPT, indicating more accurate extraction.
In contrast, GPT produced a substantially larger
number of SPU cases, suggesting that it is more
likely to extracting incorrect information and that
its extraction precision remains challenging. For
generic mention, both GPT and the human yielded
far more SPU and MIS cases than COR, demon-
strating that extracting this field is generally chal-
lenging. Moreover, GPT tends to generate a
huge number of incorrect mentions (higher SPU),
whereas the human more frequently fail to extract
valid mentions (higher MIS). For in-text citation,
both GPT and the human produced a high number
of COR cases, indicating that this information can
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be extracted reliably by both humans and models.

7 Conclusion

This paper proposed the task of extracting infor-
mation about research data from URL citation
contexts in scholarly papers, and constructed a
dataset thorough text annotations according to the
DataCite schema. The result of the preliminary
experiment demonstrated that the performance of
LLMs matched that of humans in some cases, in-
dicating the feasibility of the proposed task.

8 Limitations

Task We defined the output of the task as the
information to generate the mandatory metadata
fields in the DataCite schema. However, the
schema also includes recommended and optional
fields, such as “subject” and “size,” which could
potentially be extracted from scholarly papers. To
generate richer metadata, we should expand the
scope of the task to cover a wider range of meta-
data fields.

Dataset The dataset constructed in this study is
limited to conference papers in the field of natural
language processing and their associated research
data. However, research data, such as datasets or
code, are also frequently mentioned in papers from
diverse domains, specifically digital libraries and
medical research. To improve the domain adapt-
ability of the proposed task, we should extend the
dataset to cover a broader range of domains.



Experiment The evaluation in this study was
designed as a preliminary investigation, and con-
sequently, the reported performance should be
considered exploratory. To perform a more com-
prehensive evaluation of the proposed task, future
experiments should be conducted, including eval-
uations of several supervised approaches.

9 Ethical Considerations

In this project, annotation workers were employed
by a staffing agency in Japan. The workers anno-
tated a total of 601 paragraph-URL pairs. Workers
were paid approximately 800 yen ($5) per pair.
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A  Prompt

In the experiment, we employed the chat templates defined by each LLM’s tokenizer. Figure 5 shows
the prompt constructed using the Llama chat template. For Llama and Qwen, we embedded the target
information fields into the prompt using function calling. For GPT-4.1, we incorporated them using the
response format.

#system
Your task is to extract information about research data cited by the given URL
from section title, body text and footnote/reference.
You have access to the following functions. To call a function, please respond
with JSON for a function call.
Respond in the format
{
"name"”: "information_extraction”,
"description”: "Your task is to extract information about research data cited
by the given URL from section title, body text and footnote/reference.”,
"parameters”: {
"title"”: "InfoSchema”,"type": "object”,
"properties”: {
"name": {"title"”: "Name",
"type"”: "array","items": { "type": "string" 1},
"description”: "A name or title by which the research data is known. May
be the title of a dataset or the name of a piece of software or an
instrument. If no names are given, return N/A"
}7
"genericmention”: {"title"”: "Genericmention”,
"type": "array","items": { "type": "string" 1},
"description”: "Generic mention refers to a common noun phrase that
references the research data. If no generic mentions are given,
return N/A"
}7
"citationtag”: {"title": "Citationtag",
"type": "array","items": { "type": "string" 1},
"description”: "Citation tag is a tag that indicates the citation of a
scholarly paper related to research data. If no citation tags are
given, return N/A."
3
}’
"required”: ["name"”,"genericmention”,"citationtag"]
}
}
#demonstration
{pairs of demo input and demo output}
#user
Given URL: https://example.org/mcc-corpus-vi.1
Section Title: 3.1 Dataset
Body Text: We used the MCC[Cite_Footnote_1] (Doe and Smith, 2023). The dataset
consists of 150,000 dialogue turns collected from synthetic interactions
between human users and a vision-language assistant.
Footnote or Reference Text: 1 https://example.org/mcc-corpus-vi1.1

Figure 5: A simplified version of the used prompt.
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