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Main results: next-visit prediction

Why personalize medical concepts? REFINE at a glance

Table 1. Next-visit diagnosis prediction. Selected encoders with the same Transformer backbone.

The same medical code can mean stable disease in one patient and acute
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Patient graph. Link patients, visits, and codes; add selected KG neighbors

State. Condition each decision on patient history, KG context already selected,
and the remaining budget. A macro-action updates one code’s expansion.
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Learned fusion gate. A trainable gate balances the structural and semantic
representations for each visit—code occurrence:
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Sequential selection. Later choices account for context added for earlier KG selection and policy behavior

rG LLM Refiner
codes. Stop when the policy chooses STOP, exhausts the budget, or reaches
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Figure 2. Graph-aware soft prompting. Code and KG-context soft tokens guide Backbone compatibility. REFINE replaces code embeddings while retaining

embedding, blended with fixed description semantics, to a code token s, .. A A3: (1, (5)

lightweight GNN-style aggregator pools RL-selected neighbors and Evaluation setup A%: (1,(10)
relation /rationale embeddings into a KG-context token £, . We evaluate next-visit diagnosis prediction on MIMIC-I11 (7,515 patients; 12,430 visit samples) and MIMIC-1V (18,829 patients; 25,028 visit samples). We report

five-fold average AUPRC, F1, and Acc@%k, using a frozen Llama-3.2-1B refiner.
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Graph-aware mixed prompt. Interleave both soft tokens with hard text for
the task, visits, code names, and types (Figure 2). Each visit—code block is
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Consistent gains across five EHR backbones
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components are trainable; the LLM stays frozen.

Figure 5. Prediction gains across EHR backbones. REFINE improves all five models on both datasets across AUPRC, F1, and Acc©20.
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