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Background: Biomedical Entity
Linking converts clinical notes
into structured data. Rule-based
systems rely on knowledge bases
and ignore context, often causing
errors. Machine learning systems
capture context, but require
large amount of labeled data,
which are scarce and costly.
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Methed: We use an LLM to generate synthetic examples, helping our model understand a wide
range of concepts. Then, we guide its answers so it can only pick from a valid list of medical concepts.
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Conclusion: We addressed the challenge of expert annotation scarcity in Biomedical Entity Linking by
generating high-quality synthetic data, helping to maximize the value of human annotation.
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