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1 Introduction

The aim of this work was to investigate the ability of gene expression data in predicting sur-
vival of colon cancer patients. Considered the net contribution of the gene, we adjusted for
other prognostic factors and we estimated the conditional effect of each single gene, given the
rest of the genetic information. A popular approach to screening for prognostic markers is first
classify patients on the basis of gene expression and secondto evaluate if and at which extent
the identified subgroups experience different survival , see for example Alizadehet al. (2000),
Winnepenninckxet al. (2003), Gui & Li (2004), Vasselliet al. (2003). While widely used, the
previous approach misses the crucial point because there could be difference in gene expres-
sions detected at step 1 which do not relate to prognosis. A more efficient way would classify
patients on the basis of predictive ability of gene expression values. Several methods have been
proposed, for a complete review see Dupuy & Simon (2007). TheSignificance Analysis of Mi-
croarrays (SAM) (Tusher, Chu, & Tibshirani, 2001) has been generalized to censored survival
data (available as the "survival" option in thesamr function loaded in R software by Tibshirani,
Hastie, Chu, Narasimha). These procedures are usually based on a marginal approach: they in-
vestigate the effect of gene expression without taking intoaccount for other potential prognostic
variables (e.g. age, gender, stage of disease) and assessing the effect of each gene separately. A
relevant issue not addressed is estimating the net contribution of gene expression in predicting
survival, once accounted for patient, tumor characteristics and competing candidate genes.

In our work the statistical analysis was based on a two-step procedure, to reduce the com-
plexity of penalized regression and to use standard software. First, we specified Cox regression
models (Cox, 1972) to evaluate the association between eachsingle gene expression and sur-
vival, taking into account for other prognostic variables.We then ranked genes in order of
prognostic value, measured by generalized score statistic. Second, we specified a Penalized
Cox regression model (Draper & Smith, 1981) to investigate the conditional effect of the se-
lected top genes. In penalized models, a constraint is introduced on the coefficients, so that the
effective number of parameters to be estimated is reduced.

Ad hoc codes have been written to calculate the generalized score test statistic and to rank
genes. The Penalized Cox regression model was fitted using the estimation algorithm imple-
mented in the survival library of R-software, e.g. Gray (1992).

2 Materials and methods

19 colon cancer patients were followed up to at least5 years. Clinical and treatment variables
as well as gene expression of2587 genes were recorded at diagnosis (e.g. Cavalieriet al, 2007).
The adopted model was

h(t) = h0(t) exp (βjxj + Zγ) (1)
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whereh(t) denotes the hazard rate,h0(t) the baseline hazard,Z the design matrix for the
covariates andγ the associated vector of coefficients,xj the expression value of thejth gene and
β the regression coefficient.β is the log hazard rate ratio for a unit increase in gene expression.
Genes are then ranked by the generalized score of the partiallikelihood function

l(βj) =
∏

case

(

exp(βjxj + Ziγ)
∑

l∈Ri(t)
exp(βjxj + Ziγ)

)

(2)

whereRi(t) gives the number of the subjects at risk at timet.
Let The statisticS =

∂l(βj)

∂β
This statistic can be calculated easily for all genes,j = 1, ..., J ,

without fitting the model for all the genes. After, we specified a Penalized Cox regression
model to investigate the conditional effect of the top genes. In penalized models, a constraint
is introduced on the coefficients, so that the effective number of parameters to be estimated is
reduced. In our case, the number of parameters is higher thanthe number of observations. The
G top ranked genes were included simultaneously in the Cox model:

h(t; z1, z2, ..., zm, x1, x2, . . . , xG) = h0(t) exp(γZ +

G
∑

j=1

βjgj) (3)

where as in(1) the subscripti was dropped for brevity, and
∑30

j=1 β2
j < s(θ).

As an effect all the gene expression coefficients were shrunktoward zero. The amount of
shrinking is controlled by the parameterθ. Large values ofθ corresponds to a strong constraint,
while small values ofθ produces less smoothed coefficients.

3 Results

Ranking genes by generalized score test statistics, resulted in a list of 30 top genes, which have
successively been included in the Penalized Cox regressionmodel. Estimates of the gene ex-
pression coefficients were obtained for different values ofthe penalty parameter theta. Increas-
ing theta, the coefficients become close to zero. It is interesting to note the trade-off between
smoothness and variance of the coefficients. A smallerθ implies a lower amount of smoothing,
but a too small theta increases the variance. In brief withθ = 0.9, we found that the Duke’s
stage of the tumor was the most relevant prognostic factor out of age, gender and site. Two over
the 30 top genes resulted to be weakly related to survival: DNAI2 and TNXL2. The estimated
coefficient for these two genes was negative indicating thata high expression of the gene cor-
responds to a reduced risk of death. To give an idea of the variability associated to our results,
we calculated the bootstrap distribution of the rank for each of the 30 top genes selected at the
first step of the analysis, e.g. Pepeet al. (2003). Using 500 bootstrap samples, we found that
the mean rank range from 329.39 to 1223.822. This indicate that the variability in ranking is
large and we can expect that also variability in penalized regression results is large. We limited
the number of prognostic variables because of the small sample size.

4 Discussion and Conclusions

We investigated the net contribution on survival of differential gene expression, given other rel-
evant prognostic variable. We take into account for the interplay among genes, specifying a
model where several genes are present at the same time. Due todimensionality problem, esti-
mating the conditional effect of each gene given all other relevant genes is a prohibitive task.
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For subsets of hundreds of genes, use of penalized techniques, like LASSO or LARS, has been
suggested in the linear regression context and this proposal has been extended to survival anal-
ysis, e.g. Tibshirani (1997). LASSO and LARS bound by a constant the sum of the absolute
values of the genes effect coefficients. In our work we use a ridge regression approach which
imposes a constraint on the sum of the squared coefficients. The penalty introduced by LASSO
procedure is stronger in the sense that the most of the estimated coefficients are exactly zero.
Using the ridge regression instead, we needed to a priori restrict the number of genes included in
the model. Methods for smoothing parameter selection were proposed in the literature, usually
based on Cross Validation. In this paper we based our choice on the belief that extremely large
effects of genes expressions are unrealistic. This agrees with a Bayesian interpretation of the
penalized regression: the coefficients are estimated from data, subject to the prior knowledge
that smaller values of the coefficients are more likely than larger values. Choosing the smooth-
ing parameter is equivalent to express how big we believe thegenes coefficients might be. In
this paper we applied a two-steps procedure. The main drawback concerns the fact that we can
not detect genes which are conditionally but not marginallyassociated with survival. However,
this procedure has the advantage to use standard R functions. A major problem of this study is
relative to the small sample size and the consequent small power of the analysis.
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