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Al can automate up to 80% of OMOP vocabulary
mapping while maintaining controlled error.

Performance Evaluation of an Al-Based Vocabulary Mapping Platform
for the OMOP Common Data Model

Background: Vocabulary mapping remains one of the most challenging and time-consuming steps in transforming real-world
clinical data into the OMOP Common Data Model. Source terminologies are often heterogeneous, locally defined, and
semantically ambiguous, limiting the scalability of traditional expert-driven workflows. Artificial intelligence offers an opportunity
to enhance this process by combining probabilistic ranking with calibrated confidence, enabling selective automation while
preserving semantic validity.
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Domain-specific threshold analysis revealed a consistent trade-off between automation coverage

y % and semantic accuracy across OMOP domains. Measurements achieved the highest automated
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Limitations: This evaluation represents an initial assessment of the platform and is based on a relatively limited dataset. Performance was assessed within selected
OMOP domains, and results may differ in other domains with distinct semantic characteristics. In addition, no direct external benchmark comparison with
established mapping tools was performed in this study.

Conclusion: Al-driven vocabulary mapping can substantially reduce the manual burden of OMOP ETL by automating a large proportion of mappings while
maintaining controlled semantic error. By combining probabilistic ranking, calibrated confidence thresholds, and human-in-the-loop validation, this approach enables 0 H DSI
scalable, reliable, and efficient standardization of heterogeneous clinical data into the OMOP Common Data Model.
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