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INTRODUCTION

This work explores how unstructured clinical text can be transformed into knowledge graphs (KG) to uncover hidden medical
relationships. Using Synthea synthetic records, we apply Natural Language Processing (NLP) techniques and Large Language
Models (LLMs) to extract entities and relationships from clinical notes (SOAP) structured. These KG enable visualization of patient
journeys, discover treatment associations ultimately streghthening Real-World Evidence (RWE) generation for healthcare.

OBJECTIVE

Doctors' notes are long, unstructured stories about patient's health - hard to analyze at scale. The objective of this work Is to
demonstrate how unstructured clinical narratives, such as those generated by a tool called Synthea, can be systematically
transformed into structured knowledge graphs. By converting free-text notes into a format which is easy to analyze, we aim to
show how complex patient histories can be traced, patterns of care identified, and RWE more reliably generated.
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Figure 1: Nodes represent patients, clinical events (diagnoses, treatments, medications, procedures), or encounter timepoints.
Format the extracted data into a structured JSON that includes these entities and Edges illustrate the chronological and clinical relationships along each patient's journey.
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. CONCLUSION
‘ Knowledge graphs constructed from synthetic clinical notes are feasible and informative.
JSON ‘ . Natural language processing and large language models enable structured extraction of
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J analytics. Scaling and real-world application can further advance healthcare insights.




