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(D Motivation & Background

(1D Experimental Setup

Commercial LLMs are already ubiquitously deployed to the general public and often MTDiag is designed to enable clinically-grounded simulation of the

marketed as “health assistants.” However, recent qualitative assessments by the "diagnostic encounter,” which we define as:
medical community have determined that they often give problematic answers to a patient willingly seeking a diagnosis for a "chief complaint” (CC),

patient-posed questions’. LLMs score up to 90% on static QA-style medical knowledge via a dialogue (examination) with a medical practitioner (examiner),

tasks, but performance drops to ~435% in interactive diagnostic tasks®. Existing where the examiner's task is inherently one of differential diagnosis.
benchmarks present complete, static, structured information, evaluating recall rather We define three necessary elements for the conduction of a diagnostic
than real-world diagnostic competence®. dialogue (Minimum Anchors):

Clinical diagnosis is inherently incremental and interactive; patients frequently use « Chief Complaint (CC): the patient's primary reason to seek care

Imprecise language, forget symptoms, or omit context. In practice, doctors and according to "them.” This serves as the opening utterance of the dialogue
diagnosticians are trained in differential diagnosis®: the iterative (and implicit) process | L |
of generating, ranking, and progressively narrowing a set of candidate diagnoses by » Symptoms: the patient's other symptoms.

eliciting and weighing clinical evidence turn by turn, until a most probable diagnosis can » Primary diagnosis™: the ground truth principal finding of the case.
be committed to. *match constitutes the minimum evaluation target: did the model reach the right diagnosis?

The minimum anchors (and any available additional patient information) are mapped
to the UMLS®, a metathesaurus of international biological and medical knowledge
bases, ontologies and vocabularies, built for healthcare system interoperability.

The Goal: MTDiag is a dataset to evaluate LLMs on their ability to conduct a dynamic
diagnostic conversation and gather evidence under uncertainty. The questions MTDiag
answers are not only does the model arrive at the right diagnosis? but more importantly:
can the model conduct a diagnostic conversation well enough to reach the right diagnosis? UMLS: Unified Medical Language System

Metathesaurus
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The calculations for this research were conducted with computing resources under the project Towards a Realistic Multi-turn VISl (Fteeds = Uay Vi) (ideal vs. actual # turns) sl

additional metrics and a more complete discussion of computability can be found in the full text

Medical Dialogue Benchmark for LLMs, granted by Federal Ministry of Education and Research (BMBF) project Al service center
KISSKI (Grant N. 011S22093A-E).
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