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This course introduces both traditional statistical inference methods and
modern statistical learning methods for survival analysis. In the first
semester, we focus on the traditional methods, including the estimation of a
survival function; the comparison of two survival curves; the Cox
regression, and model selection, In the second semester, we focus on
statistical learning methods, including the regularization, survival tree,
random survival forest, support vector machine, and boosting learning
approaches. The implementations of the analysis methods by using R
software are also included.
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