Embedding-Based Density Sampling
for Efficient Quality Assurance in OMOP

Background & Methods

e Traditional validation is annotation-heavy Corpus: 31,924 Dutch clinical notes

e Clinical text is highly redundant - enabling semantic clustering

We built a human-in-the-loop validation framework combining: T
o Embedding-based density sampling HER2 amplification AT
datapoint datapoint
o Label propagation 3,008 mentions 48,672 concepts
This reduces annotation effort while maintaining robust quality metrics’-2 002 contexts LS GO
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Figure 1. Embedding-Based Density Sampling
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Fig. 2-3 - Coverage of relevant (left sub-chart) and spurious (right sub-chart) extractions by sample size and sampling strategy.

Snippet (Dutch clinical note)

Voor borstca: ER: + PR: + Neu: 1+ J Embedding-based density sampling offers major efficiency gains.
FISH LSI HER2/CEP17: geen amplificatie v
OSE2101 vaccine: CEA, HER2-neu, MAGE-2... X Natural clustering in clinical text allows fewer annotations for solid validation.
CRP 34, WBC 19.55, Neu 17.34k (blood count) X
Radiotherapy - Externe radiotherapie (pancranieel) 4 Embeddings work in multilingual contexts of European OMOP data networks.
Radiotherapy Na 2 cycli chemoradiotherapie: CT-evaluatie v
FECIGIEERY | R eVERE seiEnoem (el @Em nels) A Lower validation burden helps accelerate OMOP adoption.
Radiotherapy RT: normaal prostaatkapsel (prostate note) X
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