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EMPIRICAL BAYES VARIABLE SELECTION AND ESTIMATION
FOR THE COX’S PROPORTIONAL HAZARD MODEL WITH HIGH
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Abstract

Cox’s proportional hazard model is one of the most popular models in survival analysis. To analyses high
dimensional data, Bayesian variable selection methods combined with Markov chain Monte Carlo (MCMC)
algorithms have been explored for such tasks due to easy implementation. However, it has been known that they
are slow to converge to stationary distribution especially for high dimensional case so. We therefore employ
iterated conditional modes/medians (ICM/M) algorithm which is empirically faster and easy to implement.
The objective of this dissertationis to study the performance of the proposed empirical Bayes variable
selection method using the ICM/M algorithm. The effects from the ratio of sample size to the number of
independent variables and the percentage of censored data are discussed here.
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® Empirical Bayes thresholding method (Johnstone and Silverman, 2004)
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