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1 More details on the Cox model

The function L is called the ‘pseudo-likelihood’, because it is not a product of
density functions, but a product of conditional probabilities. β̂ is computed
by maximizing this pseudo-likelihood function: β̂ = arg max

β
(l(β)), with l(β) =

log(L(β)), the log-pseudo-likelihood.
Note that the Cox model is not intuitive, in the sense that it links genetic

data to patient survival in an indirect way, through the hazard function. How-
ever, Cox pseudo-likelihood allows censored data to be efficiently dealt with.
Moreover, this yields a robust inference procedure where the baseline function
h0(t) does not need to be modeled or estimated in a parametric way. Finally, the
estimation procedure leads to a convex optimization problem, for which efficient
procedures and packages exist for computing β̂ [Friedman et al., 2010].

2 More details on the penalization methods

The `1 norm forces some coefficient estimates β̂j , j = 1, ..., p to be zero, and
allows the selection to be made. For multivariate Cox selection models, the
genes selected are defined as the genes with nonzero β̂j coefficients. It has
been empirically observed that if there are high correlations between predic-
tors, the ridge penalty provides better prediction performance than the lasso
[Tibshirani, 1997], and that the shrinkage effect of the lasso is too strong for
large effects [Zou, 2006]. The elastic net and the adaptive elastic net penalties
have been developed to tackle these two issues, respectively.

We computed the weight of the penalty, λ, by K-fold cross-validation (K = 5)
using the package glmnet [Friedman et al., 2010] in R version 3.6.0 [R Core Team, 2019].
The weight λ that minimizes deviation in the cross-validation is given by λmin.
We chose α = 0.3 in the elastic net, as the deviance remains stable for different
values of α and the number of genes selected starts to stabilize from this value
(Supplementary Fig. S1). This choice makes it possible to maximize the effects
of the ridge penalty while selecting a subset of genes.

For more details of the mathematical concepts used in this article, we re-
fer the reader to the book ‘The Statistical Analysis of Failure Time Data’
[Kalbfleisch and Prentice, 2011].
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