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In this study we introduce a novel knowledge-graph-based retrieval approach that enables access to the long tail of biomedical knowledge. We demonstrate that simple
RAG retrieval approaches leave out a significant proportion of relevant information when over-represented topics monopolize the list of most similar text chunks. We
propose to perform a rebalancing of the retrieved text chunks by under-sampling larger clusters of information through structuring the text corpus with a Knowledge
Graph (KG) of biomedical entities (genes, diseases and diseases). In addition, our method also provides control mechanisms to prioritize the retrieval of recent and
impactful discoveries. Finally, we built a hybrid approach combining the strengths of LLM embedding semantic relationships and structured knowledge graph and show
that it outperforms both embedding similarity (ES) and KG based methods for biomedical information retrieval (IR).
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outperforms ES IR on both metrics, with Hybrid IR performing the best.
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The key observations
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 Comparing the region of ES IR retrieved text chunks (blue region in Fig. 2D) and from the distribution of gold-standard embedding (grey dots), we observe that the
ES IR retrieval region is densely localized in the vicinity of the question embedding.

e KG IR retrieval region is multipolar, covers a wider range of curated documents and allows it to go beyond the immediate surrounding of the question
neighborhood to retrieve relevant information capturing the long-tail knowledge of biomedical information.

* ESand KG IR are highly complementary



