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Introduction to Automated Fact-Checking (AFC)

2

Guo et al. (2022) - A Survey on Automated Fact-Checking

AFC is the process of using computational techniques to assess the veracity of claims 
by retrieving relevant evidence and generating verdicts with supporting justifications.



Motivation
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● Can AFC (Automated Fact-Checking) be applied to complex, real-world research claims derived from 
the NLP? 

● The scientific literature is growing rapidly (Bornmann et al., 2021).

● Rapid growth in NLP research makes it increasingly difficult for researchers to stay up to date.

● Manual fact-checking is slow and resource-intensive.

● Scientific claim validation and knowledge tracking are becoming more challenging.

● LLMs are being explored to analyze how scientific research evolves.

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

● How about a novel scientific fact-checking dataset

● SCINLP: a novel scientific fact-checking dataset tailored specifically to NLP research

Can LLMs support automated claim extraction and verification?

Lutz Bornmann, Robin Haunschild, and Rüdiger Mutz. (2021) Growth rates of modern science: a latent piecewise growth curve approach to model publication 

numbers from established and new literature databases. Humanities and Social Sciences Communications, 8(1):1– 15.



Existing Scientific Fact-checking Datasets 
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● No fact-checking data exists for the AI/Computer science or NLP domain. 

Table: Summary of existing scientific fact-checking datasets and our proposed SCINLP



SCINLP

5

Figure: Our scientific AFC framework, supported by evidence from 

SCINLP from a curated collection of reputable NLP papers 

published between 2000 and 2024.  

Using extensive prompts and taking advantage of 
the context window of GPT-4, extract claims with 
criteria: 
1) The claim should be fully understandable in 

isolation. 
2) Refuting claims must logically contradict an 

existing claim without relying on additional 
context.

3) 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.

Note: LLM-based veracity prediction and temporal 
classification to capture paradigm shifts in NLP.



Highlights of Proposed Approach
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● Which components of scientific article 
rationales serve as an effective knowledge 
source for NLP-based fact-checking? 

● Does claim decontextualization improve 
performance?

● Systematically verifying the veracity of complex 
scientific research questions across varying 
rationale contexts.

● In our framework, we use multiple LLMs and 
diverse rationale contexts from SCINLP to examine 
scientific claims and research focus, 
complemented by feasibility judgments for 
scientific reasoning in NLP.

Figure: Given the claim, evidence retrieval (contextual information) 

and supplementary rationale information based on the source 

document is collected using Facebook/Contriever.



Task Formulation & Results
● Define fact-checking as a multi-component task with three objectives:

● Step-by-Step Analysis: Perform detailed analysis over the claim and different pieces of evidence.

● Verdict Prediction: Assign a veracity label (Support/ Refute) based on analysis. 

● Justification Generation: Provide a concise explanation that justifies the verdict. 

● Oracle setting assumes ideal knowledge of the source article, while in general setting source article is unknown.
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Temporal prediction of SCINLP
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Table: Sample claims across different years with corresponding temporal assessment, and temporal 

justifications produced by Qwen-2.5-72B model.



Temporal prediction of SCINLP

9

Figure: Temporal classifications (Outdated, Still holds true, Advanced) of SCINLP across Llama 

and Qwen model variants, showing year-wise relevance.



Conclusion
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● This work introduced the first NLP-focused benchmark for systematic 
evaluation of scientific claim veracity.

● We use LLMs to leverage automatic scientific knowledge extraction to scale 
AFC.

● Our framework also supports temporal analysis and paradigm shifts across 
NLP research.

● We analyze model robustness, reasoning behavior, and limitations in 
scientific claim verification.

● We hope our work provides a foundation for automated verification of 
scientific claims in fast-evolving research domains.
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Thank you very much!
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Appendix
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Claim Decontextualization
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