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Background

Multimodal Large Language Models (MLLMs): Promising avenue for interpretable interaction with data for clinicians
Quantitative Attributes: Some phenotypical lesion attributes are predictive of malignancy!l]
* These structural and visible features are inherently interpretable
Goal 1: Assess If these quantitative attribute information can be learned by MLLMs
Goal 2: Use the trained VLM for attribute-grounded content-based image search
Dataset: SLICE-3D!?l, ~400,000 TBP skin images with numerical quantitative attribute labels
Model: Qwen2-VL3]

Learning Quantitative Attributes

Finetune Qwen2-VL to predict 16 quantitative attributes from lesion images

Prediction R2 per Attribute
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Embedding Strategies Retrieval

1. Build image embedding index (once) 2. Coarse search (global)
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Quantitative Search Results L

Median absolute attribute distance k<m
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Qualitative Search Results
Query 1, 1 Embedding
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Diagnostic Results

Score / Method Im. (Ours) MONET [7]

AUROC 0.928 (0.916 — 0.939) 0.881 (0.864 — 0.897) 0.890 (0.873 — 0.905) 0.909 (0.894 — 0.922)
pAUC 0.143 (0.133 - 0.152) 0.112 (0.102 — 0.124) 0.122 (0.111 - 0.133) 0.131 (0.119 — 0.141)
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