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Abstract This study aims to develop a personalized health management system in the u-Health
environment by processing real-time streaming data and applying ontology-based knowledge
structuring. Unstructured biometric data collected from various wearable sensors are refined and
standardized through advanced ETL processes, and semantically structured using ontology. Based on
this, an intelligent analysis system utilizing time-series analysis and machine learning models is
proposed to quantitatively assess health status changes and automatically detect anomalies. The
integration of real-time data processing and semantic knowledge representation enhances the efficiency

and reliability of health management, contributing to long-term risk prediction and early warning.
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