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» Why this matters: Standard LLMs (e.g. GPT-4) rely on static training data,
risking hallucinations and outdated clinical advice. RAG mitigates this by
retrieving iInformation from verified sources, and Dutch systems like
AskAletta and De Digitale Arts already apply this to NHG guidelines for
primary care.

» The critical gap: No standardized, automated benchmark exists to evaluate
factual QA adherence to NHG guidelines. Human evaluation is accurate but
does not scale to continuous clinical deployment.

» This work: An automated pipeline that constructs and validates a factual
QA benchmark over NHG guidelines, designed so that each pair is factually
correct, clinically relevant, and retraceable to the source text.

Research Question

How can a reliable automated benchmark bg constructed for
general factual Q/A over the NHG-guidelines?
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2. Benchmark Generation

* Prompt optimization -- 4 configurations tested

» Generate 600 candidate Q/A pairs

* Filter: grounding + round-trip (BERTScore) -> 200 pairs
« Human validation (50 pairs)

 Prompt refinement + source text section exclusion

 Regenerate: 576 candidates -> 192 final pairs
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3. RAG Integration & Evaluation

« RAGChecker framework (n=50)

Figure 1. Overview of the methodology pipeline.

Github: https.//github.com/Nuffs/RP_NHG_2026

Before generating the final dataset, a prompt experiment was conducted
on 30 chunks across the 10 guidelines to determine most faithful prompt
strategy.

Prompt Strategy Precision Recall F1

Zero-Shot 0.739 0.512 0.604
Chain-of-Thought (CoT) 0723  0.510 0.597
Few-Shot 0.761 0.565 0.648

Few-Shot + CoT (Final) 0764 0.572 0.654

Table 1. BERTScore grounding across prompt strategies.

= Key Finding: Combining Few-Shot with Chain-of-Thought achieved the
highest grounding (F1 = 0.654) and was selected as the final prompt
configuration.

Benchmark Generation & Refinement:

Generated 576 candidate pairs (3 per chunk); retained the best pair per
chunk using BERTScore grounding and round-trip consistency, yielding 192
final QA pairs.

Human Validation - Before & After Refinements:

= Reliable benchmark construction is feasible: The pipeline automatically
generates clinically relevant, factually correct QA pairs with no manual
expert annotation, yielding 192 QA pairs across 10 NHG guidelines.

= Refinements are impactful: Prompt adjustments and source filtering raised
clinical relevance from 64% to 100%.

= RAGChecker is a viable but strict evaluator: RAGChecker follows the same
trends as human judgment but consistently scores lower (precision: 57.7%
VS. 72%), due to strict claim-level checking that penalizes extra correct
Information not present in the ground-truth answer.

Future Work & Limitations

100% 100% 64% = 100%
Factual Correctness Retraceability Clinical Relevance
\ both rounds \ both rounds \ after refinements

RAGChecker vs. Human Evaluation:
RAGChecker scores more strictly than humans, but follows the same overall
trend — making it a viable automated alternative.

Metric Human RAGChecker
Factual Correctness / Precision 72.0% 57.7%
Falthfulness 72.0% 67.5%

Table 2. Human evaluation vs. RAGChecker scores (n=50).

Where they disagree:

= Correct answers that are paraphrased.
= Correct answers with additional but faithful clinical details not in the
ground truth.
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Limitations

= Limited coverage: The benchmark covers only 10 NHG guidelines, limiting
generalizability across the full range of Dutch primary care topics.

= BERTScore constraints: Differences between prompt strategies are
moderate and BERTScore measures semantic similarity only, not clinical
correctness.

= Single annotator: All human validation was performed by one annotator,
Introducing subjective bias and limiting inter-rater reliability.

Future Work

= Expand coverage: Scale to the full range of NHG guidelines and increase
QA pairs per guideline for more robust evaluation.

* Multiple annotators: Involve multiple clinical experts (e.g. Dutch GPs) to
establish inter-rater reliability and strengthen benchmark validity.

= Improve RAGChecker: Adjust the precision metric to not penalize
additional correct claims beyond the reference answer, better suiting
open-ended clinical QA.
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