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Introduction

Clinical records tell us what happened to a patient, but understanding a patient

Graph-JEPA uses localized discharge—note context to recover
clinically meaningful relationships missing from the graph-only

representation, producing a more coherent patient-state knowledge graph. requires knowing how those facts fit together. We therefore frame the clinical
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between existing entities. to infer and rank plausible missing links.
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Dataset & Cohort
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Methodology

A. Admission Record to Patient-State KG
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Experimental Setup

. . . . * THREE KEY FINDINGS %
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