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Figure 1. Overview of the tumor segmentation agentic Al framework

METHODS AND MATERIALS RESULTS DISCUSSION

The proposed sequential reasoning framework decomposes Overall Performance Key Findings Key Advantages

the tumor segmentation workflow into four stages: e 77.1% end-to-end success rate e Individual agents achieved high reliability (Fl: The results highlight the advantages of our
modular agent-driven framework:

1. Model Selection Agent: interprets user requests, identifies * 0.85 end-to-end F1 score 0'91_1'00)  Enables integration of specialized

imaging modality and tumor site, and selects compatible * 87.5% best-case success rate * Framework successfully handled: segmentation models instead of relying

segmentation models based on model documentation. e 62.5% worst-case success rate = heterogeneous input organization on a single universal foundation model

 Reduces domain-shift limitations
through task-specific model selection3

2. Data Preparation Agent: analyzes model-specific input
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tasks. CONCLUS|ONS to mprove hzfm.dllng of incomplete or
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The system was evaluated using 48 cases featuring 6 testing
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