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Abstract

Pracision madicine is one of the recant and powerful developments in madical cars,
which has the potantisl to improva the tracitional symptom-driven practica of medicine,
allowing sarlier interventions using advancad diagnostics and tailoring better and

v pathway
population medicins involves the ability to analyzs comprahensive patient information
together with broader aspects to menitor and distinguish betwean sick and relatively
healthy people, which will lead to a batter uncerstanding of biclogical indicators that
@ While individual lavel have
made it difficult to utilizs healthcare information in clinical dacision-making, some of
the oxisting constraints have been greatly minimized by teshnological advancemants.
To implement effective precision medicina with enhanced ability to positively impact
d provid support, harness the

po
patient-specific patterns of disease progression. Ussful analytic tools, tschnologies,
databases, and approaches are required to augment networking and interoperability of
clinical, laboratory and public health systems, as well as addressing ethicel and social
issues related to the privacy and protection of healthcars data with sffective balance.
Developing multifunctional machine learning platforms for clinical data extraction,
‘aggregation, management and analysis can support clinicians by efficiently stratifying
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