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Abstract

Sequence alignment and mutation detection are the basic steps of genomic data analysis. They are the premise of
subsequent functional analysis, and the most time-consuming steps. In order to effectively deal with the massive genomic
big data brought by high-throughput sequencing technology, MPI, OpenMP and other technologies to perform multi-level
parallel optimization of sequence alignment algorithm and SNP detection algorithm were used. By testing on different data
sets and parallel scales, the core algorithm reached more than 9x speedup, and the parallel efficiency remained above 60%
in large-scale test. The improved algorithms obtain good parallel performance and scalability, that effectively improves the

ability of genomic big data mutation detection.
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Application of medical big data in learning
health system

CHAI Yangfan"? KONG Guilan', ZHANG Luxia'
1. National Institute of Health Data Science at Peking University, Beijing 100191, China
2. School of Public Health, Peking University, Beijing 100191, China

Abstract

The learning health system (LHS) aims at accelerating the process of knowledge generation, transformation and application
in clinical practice. Applying medical big data in LHS to meet the knowledge needs of patients and healthcare decision
makers would help to promote the development of precision medicine. Firstly, the current status of medical big data and
LHS were reviewed, then the characteristics and challenges of applying medical big data in LHS were analyzed by refering
to some typical application cases. Finally, the challenges faced by LHS in China were addressed and the prospect of
applying medical big data to LHS in the future was provided.
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