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Introduction Results Conclusions and Clinical Implications

Artificial intelligence (Al) tools, such as Large Language Models [~ = k] )
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Objectives

1. Compare Al-generated treatment recommendations with expert OpenEVidence m Gemini & ASCO Al Gemini & ASCO Al

thoracic oncologist decisions.
2. Evaluate concordance across non-driver-mutated, HER2-

mutated, and KRAS G12C-mutated advanced NSCLC.
3. Compare general-purpose LLMs with evidence-based clinical

1. Performance varies

by platform, not category.
Across diverse advanced NSCLC
scenarios, evidence-based platforms

did not consistently outperform
general-purpose LLMs.

2. Best expert alignment was seen

with OpenEvidence and Grok.

OpenEvidence achieved the highest

ranking concordance (t=0.561).
————

Grok had the lowest divergence

decision support platforms. Figure 2: Expert Agreement Across Al Systems (J$=0.275). ChatGPT also
demonstrated strong alignment.
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A Goneral LLMs expert-selected treatments, while Grok showed the lowest divergence for treat ¢ calect
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3. Al-Generated Treatment Distributions

Each system generated probability distributions
over predefined treatment options,
100 simulating how 100 U.S. medical oncologists
might distribute their selections

* Disease- and scenario-specific validation is needed
before clinical integration, with evaluation incorporating
both treatment ranking and distributional agreement.

PAIRWISE SYSTEM BEHAVIOR
@) Gemini and ASCO Al showed the highest mutual pair

concordance (t=0.876, JS=0.095), consistent with ASCO
Al’'s Gemini-based architecture; however, this shared References

behavior did not translate to stronger oncologist alignment.
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Figure 1. Flowchart of Methodology.
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