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Development of MCMC Methods and Revival of Modern Bayesian
Celebrating 250 Years of Bayess Theorem

LIU Le-ping, GAO Lei, YANG Na
(Department of Statistics, Tianjin University of Finance and Economics, Tianjin 300222, China)

Abstract: It is important issues of statistics in the era of big data that how advances in information
science influence the development of statistical theory and methods. The paper briefly describes the origins
and development of MCMC methods, and then through MCMC methods intuitive examples — — Qiandao
Lake Plant Visits, discuss the development of MCMC methods to modern Bayesian, in order to
commemorate the 250th anniversary of Bayes theorem discovery. New ideas in stochastic simulation based
on cloud computing, statistics combined with information science, Bayesian statistics mingled with
frequency will change our big data research methods.
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