Expert-Guided Prompting and Retrieval-
Augmented Generation for Emergency
Medical Service Question Answering
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certification) should guide the process.

» Data Gap: Existing medical QA lack structured expertise
annotations and EMS-specific curated knowledge, making
expert-aligned evaluation hard.
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> Filter then Retrieve: Filter documents in KB & PR using
subject area s;, then retrieve top-M/N documents

> Retrieve then Filter: First retrieve 10xM/N candidates
from KB/PR, then filter by s; to keep top-M/N docs

s» Contribution

» EMSQA: 24.3K EMS-related QAs, covering 10 subject areas
and 4 certifications. Accompanied by EMSKB with 40K
documents and 4M Real-world patient care reports
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s« EMSQA Statistics tests at different certification levels?
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» Syntactic (Embedding Similarity)
» Semantic (Vocab, EMS Concept)

+* Patient Records
» NEMSIS Tubular Data — Textual Data
» Knowledge Coverage (Syntactic, Semantic)
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