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Motivation

Scientific literature is expanding rapidly, and the fast pace of
NLP research makes it increasingly difficult for researchers to
stay up to date.

Scientific claim validation and knowledge tracking are becoming
more challenging.

Automated Fact-checking (AFC) is the process of using
computational technigues to assess the veracity of claims by
retrieving relevant evidence and generating verdicts with
supporting justifications.

Limited work focuses on fact-checking scientific claims,
especially in the NLP domain.

Can LLMs handle the creative and nuanced task of extracting

core research questions and scientific claims in the fast-evolving
field of NLP? How about SCINLP?
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Sample claims across different years with corresponding temporal

assessment, and temporal justifications produced by Qwen-2.5-72B model.
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Research claims are identified for each document, and a claim is
generated. Evidence retrieval and supplementary rationale information based on
the source document is collected using Facebook/Contriever model.

Using extensive prompt design and taking advantage of the
context window of GPT-4, extract claims with following criteria:
The claim should be fully understandable in isolation.
Refuting claims must logically contradict an existing claim
without relying on additional context.
Each claim should be of substantive interest (check-worthy),
with the labeling justified by insights drawn from architectural
choices, evaluation results, specific datasets, baselines, etc.
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Conclusion

This work aims to advance scientific AFC in NLP, a task of
growing importance for researchers and digital media.

We introduce SCINLP, the first NLP-based resource for
systematically evaluating the veracity of scientific claims.
Since human annotation is costly and obtaining new scientific
fact-checking claims is difficult, our approach uses automatic
scientific knowledge extraction to scale AFC to the rapidly
expanding scientific literature.
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