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This course introduces both traditional statistical inference methods and
modern machine learning methods for survival analysis, In the first semester,
we study nonparametric, semiparametric, regularization, and survival tree
approaches to general survival data, In the second semester, the course
covers joint analysis of survival data and longitudinal covariate data, support
vector machine, Bayesian learning, and some advanced learning methods for
survival data,
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107/09/10~ . .
1 Survival data: right-censored data and
107/09/16 | -
interval—censored data
107/09/17~
5 .
107/09/93 Survival model and hazard rate
107/09/24~ . )
3 107/08/30 Nonparametric method: Kaplan—Meier and
Nelson—Aalen estimators for right-censored data
107/10/01~ ) . . .
4 Nonparametric method: Self-consistency estimator
107/10/07 .
for interval—-censored data
107/10/08~ ) i .
5 Semiparametric method: Cox regression for
107/10/14 .
right—censored data
107/10/15~ . . . :
6 Semiparametric method: Other regressions for
107/10/21 .
right—censored data
107/10/22~ ) i .
7 Semiparametric method: Cox regression for
107/10/28 | -
interval-censored data
107/10/29~ . . . :
8 Semiparametric method: Other regressions for
107/11/04 | >
interval—censored data
107/11/05~ . e .
9 Regularization: Lasso—Cox and Ridge—Cox for
107/11/11 .
right—censored data
107/11/12~ .
10 X 3B
107/11/18 ATt
107/11/19~ .. .
11 07/11/95 Regularization: Elastic Net-Cox and
Adaptive—Ridge—Cox for right—censored data




107/11/26~
12 Regularization: Lasso—Cox and Ridge—Cox for
107/12/02 | .
interval—censored data
107/12/03~
13 107/12/09 Regularization: Elastic Net—Cox and
Adaptive—Ridge—Cox for interval—censored data
107/12/10~
14 L07/19/16 Survival trees: an introduction to classification and
regression trees
107/12/17~ . ) .
15 Survival trees: survival trees for right—censored
107/12/23
data
107/12/24~
16 Survival trees: survival trees for interval-censored
107/12/30
data
107/12/31~
17 Survival trees: survival trees for interval—-censored
108/01/06
data
108/01/07~ .
18 08/01/13 AR A
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Survival Analysis: Techniques for Censored and Truncated Data (2005), JP
¥ sk h Klein, ML Moeschberger
’ An Introduction to Statistical Learning with Applications in R (2017) James,
Witten, Hastie, Tibshiran
ey Some reference papers
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