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We consider the problem of predicting survival times of patients from their genomic 
profiles via linear regression modeling of log-transformed failure times. The ‘partial least 
squares’ (PLS) and ‘least absolute shrinkage and selection operator’ (LASSO) methodologies 
are used for this purpose where we first modify the data to account for censoring. A major 
objective of this work is to investigate the performances of PLS and LASSO in the context of 
genomic data where the number of covariates is very large and there are extremely few 
samples. 

We demonstrate that LASSO outperforms PLS in terms of prediction error when the 
list of covariates includes a moderate to large percentage of useless or noise variables; 
otherwise, PLS may outperform LASSO. For a moderate sample size (one hundred with ten 
thousand covariates), LASSO performed better than a no covariate model (or noise based 
prediction).  

We also consider a regularized version of PLS that seems to have better performance 
than the regular PLS. 

Three approaches of handling right censored data - reweighting, mean imputation and 
multiple imputation are considered. The mean imputation method appears to best track the 
performance of the full data PLS or LASSO.  
 
 


