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• Health = a state of complete physical, mental and social well-being; not merely the absence of disease or infirmity

• Popular point of discussion in real life and online spaces

• A lot of users turn to the Internet for health advice and recommendations:
in EU 55%, Germany 70%, USA 74%, China 79% 

• Search for symptoms, diseases, treatments, nutrition advice…

• Abundance of new knowledge and information shared quickly online
 leads to the problem of untrustworthy sources and misinformation spread!

• Automated fact-checking can help verify claims with relevant evidence

• In this study, we introduce a novel dataset in English in German:

• 750 health-related claims and evidence 

• Evidence from trustworthy sources 
(systematic reviews and clinical trial studies)

• Checked by a team of medical experts

• Covering diverse topics related to all health aspects

• Useful for NLP tasks of fact-checking, claim verification, 
question answering, explanation generation

Motivation
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• Fact-checking is the task of assessing the veracity of a factual claim based on background

knowledge and relevant evidence that supports or refutes the claim

• Part of misinformation detection (fake news)

• Datasets often synthetic (from Wikipedia) or real-world but focusing on political and societal claims

• Medical fact-checking datasets started emerging since 2020

• Claims can be from biomedical research papers (SciFact), COVID-19 claims (COVID-Fact), users’ search 

engine queries (HealthVer), fact-checking news titles (PubHealth), tweets (CoVERT)

• Paired with evidence from biomedical research papers (SciFact) or news, online search, Wikipedia (others)

• HealthFC is the first medical fact-checking dataset to use 

systematic reviews as its main source of evidence

• Systematic reviews are considered the highest 

quality evidence in medical research

• The only dedicated fact-checking dataset in German

Background and Related Work
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• Medizin Transparent is a medical fact-checking project from Cochrane Austria and University Krems

• Cochrane is an international charitable organization formed to synthesize medical research findings

• Target mostly user questions or popular health claims circulating in online news portals

Dataset Construction: Source
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• Steps in the process of verification:

1. User submits a health inquiry 

2. Form inquiry into a precise question 

and search medical research databases

3. Manually filter to only the relevant 

studies (preference to systematic reviews)

4. Analyze the studies, assess the quality

5. Synthesize the findings into text and 

simplify it for users

6. Assign a final verdict and strength

 Old articles are periodically updated 

with new rounds of evidence search

Dataset Construction: Fact-Checking Process
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• We scraped the portal in December 2022 (using Scrapy in Python)

• All text fields including question (claim), verdict label, full article text, explanation paragraph, sources

• Two annotators labeled up to 5 most important evidence sentences (rationales) from each article

• Labels are one of the three: supported, refuted, not enough information 

• Additionally, supported and refuted claims have one of three levels of evidence (low, moderate, high)

• Example instance of the dataset:

Dataset Construction: Claims & Evidence
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Dataset Description: Statistics
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423

125

202
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• Evidence selection: given a claim c and an evidence document consisting of n sentences s1, s2, ... sn,

the task is to train a model that predicts whether si is an evidence sentence

• Veracity prediction: given a claim c and k previously selected evidence sentences  e = e1, e2, ... ek, the goal 

is to predict one of the three classes of the final verdicts: y(c, e) ∈ {Supported, Refuted, Not Enough Info} 

Experiments: Task Formulation
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• Pipeline systems: model the tasks separately

and perform consecutively

• Each candidate sentence si is concatenated 

with the claim to get candidate sequences 

ai = [c, SEP, si]

• Candidate sequences are embedded with a 

language model as hi = BERT(ai)

• Classifier model predicts for each sentence 

whether it is an evidence sentence

• Separate NLI model predicts the final verdict 

based on claim c and selected evidence e
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• Joint systems: perform the two tasks simultaneously 

through shared representation and multi-task learning

• Claim c is concatenated with the full evidence text 

as seq = [c, SEP, s1, SEP, s2, ... SEP, sn] 

• The full sequence is embedded with a model

language model as hi = BERT(seq)

• The representation of each evidence sentence 

from sequence is singled out and fed to the 

sentence selector

• The full sequence representation is fed to the fine-

tuned NLI model to predict the verdict
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• The multilingual model XLM-RoBERTa performed better on English data than on German version

• The biomedical language model BioBERT beats BERT, showing the importance of domain knowledge

• Still, BioBERT is outperformed by DeBERTa, a model that excels on NLU and knowledge-intensive tasks 

• Joint systems outperform pipeline systems, especially for evidence selection

• Oracle verdict prediction assumes gold evidence is given  a lot better performance, demonstrating the 
challenge of correct evidence selection before verdict prediction

Experiments: Results
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• Interesting examples of errors:

Experiments: Qualitative Analysis
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• Claims only: pass only the claim to the NLI verdict prediction model (to test the robustness of the dataset)

• Google snippets: use the top 5 Google search results (snippets) for fact-checking the claims

• Gold explanations: use the short summary paragraphs from the original portal’s authors to fact-check

• Level of evidence: the task of prediction one of the three levels of evidence (low, medium, strong) 

Experiments: Additional Challenges
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Future Work
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• Follow-up work: Comparing Knowledge Sources for Open-Domain

Scientific Claim Verification (Vladika and Matthes, EACL 2024)

• Focuses on the open-domain setting, where evidence 

document is not given but has to be discovered

• Using popular online knowledge bases as the evidence source 

for fact-checking the claims

• We show that for HealthFC, Wikipedia (with semantic search) 

performs the best, compared to PubMed and Google, owing to 

its focus on everyday claims and citing systematic reviews a lot

• Future challenges:

• Improving the open-domain setting with enhanced retrieval, 

quality assesment of sources, structured queries...

• Explanation generation for final predictions and verdicts

• Using LLMs to improve the fact-checking process
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