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The Challenge:

* While large language models excel at knowledge-based assessments, their ability to reason through complex,
ambiguous clinical scenarios—a cornerstone of medical practice—remains difficult to measure reliably and at scale.

* The gap between benchmark performance and real-world clinical reasoning capabilities presents a critical barrier to
responsible implementation of Al in healthcare.

* New methodological approaches are urgently needed—approaches that can rigorously evaluate clinical reasoning,
scale efficiently across diverse medical contexts, and provide meaningful comparisons to clinician performance.

Our Approach:

* We draw from long-validated traditions in clinical psychometrics to assess reasoning capabilities in medical Al systems,
looking beyond knowledge retrieval to the cognitive processes that define expert clinical judgment.

* The future of clinical Al evaluation requires methodologies that balance rigorous assessment with scalability—enabling
systematic testing across diverse medical contexts without prohibitive resource requirements.
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LLMs shown to be capable in clinical challenges
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Main findlngs

* +6.5 % absolute score gain with GPT-4 assistance
e Superior across management (+6.1 %), diagnosis
(+12.1 %), and context (+6.2 %) domains

e GPT-4 alone performed statistically on par with
GPT-4-augmented physicians (-0.9 %)
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