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ABSTRACT
In many microarray studies the primary objective is to iden-
tify, from large panel of genes, those which are prognostic
markers of a censored survival endpoint such as time to dis-
ease recurrence or death. Often, these genes are considered
prognostic in the sense that their respective expressions are
associated, in an appropriate sense, with the survival end-
point of interest. From a practical point of view, this re-
quires not only specifying a appropriate measure of associa-
tion and a suitable statistic thereof, but also, as the number
of genes is large, proper handling of the consequential issue
of multiplicity. In this paper, we will address the afore-
mentioned issues by utilizing a general correlation measure
and a non-parametric statistic thereof, and by controlling
the family-wise error rate by employing permutation resam-
pling. Comprehensive simulation studies are conducted to
investigate the statistical properties of the proposed proce-
dure. The proposed procedure is demonstrated with mi-
croarray data.
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1. INTRODUCTION
In the early microarray studies, the primary objective has
been focused, as for example in [5], on identifying genes
which express differentially in different phenotypes. A new
trend of microarray studies these days, however, is to dis-
cover the relationship between gene expression level and ag-
gressiveness of a disease (such as cancer) or existence of
tumor residue after tumor resection. The most popular and
often useful endpoint in this type of studies may be time
to a clinical event, such as disease recurrence or death. In

this context, a gene is often considered to be prognostic if
its expression level is associated with the survival endpoint.
The times to such events are usually subject to censoring
due to loss to follow up or termination of the study.

When considering or devising a statistical method for anal-
ysis of such studies, the following issues need to be taken
into account. First, one needs to choose a measure of as-
sociation which properly quantifies the dependence, or for
that matter the lack thereof, between the survival endpoint
and each of a large number of genes. Secondly, one needs
to specify a statistic which robustly estimates this measure
of association for each gene. Finally, given that the number
of genes under consideration is rather large, it is imperative
to ensure that the overall error-rate is, in some appropriate
sense, adequately controlled.

A heuristic approach to this end may be to partition the
subjects into two groups: event versus no event, and pro-
ceed by using a standard approach, such as two-sample t-test
statistic, to identify genes differentially expressing between
the two groups (see for example [1] and [12]). This approach,
however, can be biased as the subjects in the study usually
have different follow up periods.

[11] and [9] reduce the dimension of gene expression data
using a method like principal component analysis and fit a
Cox’s regression model using the derived components as co-
variates. This approach fails not only to test on the marginal
correlation of a gene (or a principal component) and the sur-
vival variable but also to adjust for the multiplicity of the
testing procedure.

[3] identified a prognostic gene with p-value calculated by
fitting a Cox’s regression model without adjusting for mul-
tiplicity of the original genes. [15] fit an univariate Cox
regression model on each gene expression level and applied
[4] approach to the resulting univariate (or unadjusted) p-
values to adjust for the multiple testing procedure. [13] also
fit univariate Cox’s regression models on gene expression
levels and applied a method called SAM ([14]) to discover
prognostic genes.

For each gene, [6] sort the expression level observations and



partition all patients into two groups using each order statis-
tic as a cutoff: one group for those patients who have gene
expression levels smaller than the cutoff and the other for
those who have gene expression levels equal to or larger than
the cutoff. The (standardized) logrank statistic is calcu-
lated to compare the survival distribution between the two
groups. They take the largest logrank statistic with respect
to all possible cutoffs for each gene. Finally, they apply
Bonferroni method to identify prognostic genes adjusting for
multiple testing. They argue that the choice of maximum
logrank test statistics causes anti-conservativeness, but it
will be compromised by the conservative Bonferroni adjust-
ment. This method does not provide an accurate control of
the family-wise error rate (FWER).

In this paper, we will review a measure of rank correla-
tion between a continuous variable and a survival variable.
This measure was originally proposed by [10] and was sub-
sequently used by [8] to compare two correlated surrogate
markers which are prognostic for patient’s survival time. We
use this rank correlation measure to associate each gene ex-
pression level with a survival variable, and discover prognos-
tic genes using a single-step multiple testing method out-
lined by [7], which uses a permutation method to derive
adjusted p-values for the genes. Simulation studies are con-
ducted to evaluate the performance of the proposed proce-
dure. To demonstrate the applicability of the procedure to
real microarray data a case study is presented.

2. MULTIPLE TESTING USING A RANK
CORRELATION

At first, we investigate a rank correlation between the ex-
pression level of a gene (a continuous variable) and a survival
endpoint. Suppose that there are n subjects. For patient
i, Ti denotes the time to an event (such as tumor recur-
rence or death), called survival time hereafter. The sur-
vival time may be censored due to loss to follow-up or study
completion, so that we observe Xi = min(Ti, Ci) together
with censoring indicator ∆i = I(Ti ≤ Ci), where Ci is the
censoring time which is assumed to be independent of Ti

given gene expression level. Let Yi(t) = I(Xi ≥ t) and
Ni(t) = ∆iI(Xi ≤ t) be the at-risk and the death processes
for patient i, respectively. Let Y (t) =

∑n
i=1 Yi(t).

Let m denote the number of genes under consideration and
(Zij , 1 ≤ j ≤ m) denote the expression levels of m genes
from patient i. Usually the gene expression data within
each subject are correlated.

As a general measure of association between the expression
level for gene j and the survival data, we use

Wj =

n∑
i=1

∫ ∞

0

(Rij −
∑n

i′=1 Ri′jYi′(t)

Y (t)
)dNi(t), (1)

where Rij is the rank of Zij among (Z1j , ..., Znj). Note that
Wj has a form of covariance between Rij and death process
Ni(t). W takes a large positive (negative) value if the gene
tends to overexpress in the high (low) risk patients, and dis-
tribute around 0 if the gene expression does not have any
impact on the survival.

W is rank-invariant with respect to Z as well as T . Fur-

thermore, W is the same as the score test based on Cox’s
partial likelihood for a proportional hazards model in which
the rank of Zi is used as a time-independent covariate, see
[10].

[8] used this measure to compare two correlated markers
(‘genes’ here) which are prognostic for survival time. Con-
trary to [10], we do not assume any (semi-)parametric model
between survival and gene expression level in this paper.

We want to identify genes that are associated with survival
time. We consider hypotheses,

Hj : T and Zj are not associated, (2)

versus

H̄j : T and Zj are negatively associated, (3)

i.e., gene j tends to overexpress in high-risk patients. Then,
we may reject Hj in favor of H̄j for a large value of Wj . Let
H0 = ∩m

j=1Hj , under which no genes are associated with
survival time. Given FWER α, we want to find a common
critical value cα that satisfies

P{∪j=1,...,m(Zj ≥ cα)|H0} = P ( max
j=1,...,m

Zj ≥ cα|H0) ≤ α.

(4)
In order to solve (4), we need to know the joint distribution
of (Z1, ..., Zm) under H0. However usually this is not avail-
able in a closed form due to the extremely high dimension
of the random vector. So, we propose to use a permuta-
tion method to approximate the null distribution of the test
statistics.

In order to maintain the correlation structure among m
genes, we keep the m gene expressions (Zi1, ..., Zim) to-
gether. We generate permutation data under H0 by sep-
arating the survival data (Xi, ∆i) from the gene expres-
sion data (Zi1, ..., Zim), and randomly matching the sur-
vival data with the gene expression data. For a permutation
(j1, ..., jn) of (1, ..., n), a permutation sample is generated as
{(Xji , ∆ji , Zi1, ..., Zim), i = 1, ..., n}. Since our test statis-
tics depend on the gene expression data only through their
rank, we may replace the gene expression data with their
ranks, i.e. a permutation sample is given as

{(Xji , ∆ji , Ri1, ..., Rim), i = 1, ..., n}.
From the b-th permutation sample, we calculate the test

statistics w
(b)
1 , ..., w

(b)
m and w̄(b) = maxm

j=1 w
(b)
j . The number

of possible permutations, n!, as for example for a moderate
sample size n = 10, we have n! = 3, 628, 800, is typically
rather large. We may choose a reasonably large number of
these permutations, say B = 10, 000. Then, from (1), cα

is approximated by the [B(1 − α) + 1]-st order statistic of

w̄(1), ..., w̄(B), where [a] is the largest integer that is smaller
than a.

An adjusted p-value for gene j is defined as the minimum
FWER at which Hj will be rejected. So, with an observed
test statistic value Wj = wj for gene j, the adjusted p-value
is given as

pj = P ( max
j′=1,...,m

Wj′ ≥ wj |H0), (5)



which can be estimated from the permutations:

pj ≈
∑B

b=1 I(w̄(b) ≤ wj)

B
. (6)

Jung (2003) investigated a similar testing procedure for mul-
tiple two-sample t-tests.

If we want to identify the genes either positively or nega-
tively associated with survival time, then we may use two-
sided tests. For marginal two-sided tests, we want to find a
common critical value c̃α that satisfies

P ( max
j=1,...,m

|Wj | ≥ c̃α|H0) ≤ α. (7)

We can approximate c̃α using the same permutation method
described above except that we obtain

w̄(b) = max
j=1,...,m

|W (b)
j |

from the b-th permutation data. Adjusted p-value for gene
j, with observed test statistic Wj = wj , also should be mod-
ified as

pj = P ( max
j′=1,...,m

|Wj′ | ≥ |wj ||H0), (8)

which is approximated as

pj ≈
∑B

b I(w̄(b) ≤ |wj |)
B

. (9)

Given FWER α, we may reject Hj if Wj > cα or pj < α.
Calculation of cα involves sorting of (w̄(b), 1 ≤ b ≤ B), so
that the testing procedure using adjusted p-values requires
less computing time.

3. NUMERICAL STUDIES
We investigate the performance of our new multiple testing
procedure with a larger number of genes, m. We generate
gene expression data from a multivariate normal distribution
and survival time from a lognormal distribution, which is
negatively correlated with prognostic genes. In type I error
analyses, we generate the data as follows. For iid N(0,1)
random numbers τi, εi0, εi1, ..., εim, we set

log(Ti) = τi

Zij = εij

√
1− ρ + εi0

√
ρ for 1 ≤ j ≤ m.

Then, the survival time is not associated with any genes,
and the gene expression data have a multivariate normal
distribution with zero means, unit variances and a com-
pound symmetric correlation structure with coefficient ρ.
We consider m = 1, 000, n = 20 or 50, ρ = 0, .3 or .6,
and 20% or 40% censoring. A censoring time is generated
from U(0, c0) with c0 chosen for 40% censoring. With c0

fixed at this value, a censoring variable for 20% censoring
is generated from U(c1, c0 + c1) by choosing a proper c1

value. Null distribution of the test statistic is approximated
from B = 1, 000 random sample of n! possible permutations.
Empirical FWER is computed as the proportion of sam-
ples rejecting H0 by our testing procedure with one-sided
FWER=.05 among N = 1, 000 simulations. Simulation re-
sults are reported in Table 1. Our procedure overall has an
empirical FWER close to the nominal level.

For power analyses, the first D genes are set to be prog-
nostic with correlation coefficients r with log(T ). The data
are generated as follows. For iid N(0,1) random numbers
τi0, τi, εi0, εi1, ..., εim, we obtain

log(Ti) = τi

√
1− r − τi0

√
r

Zij =

{
εij

√
1− ρ + ε0

√
ρ + τi0

√
r for 1 ≤ j ≤ D

εij

√
1− ρ + ε0

√
ρ for D + 1 ≤ j ≤ m

It can be shown that corr(log Ti, Zij) = −r/
√

1 + r ≡ η for
1 ≤ j ≤ D and = 0 for D + 1 ≤ j ≤ m; corr(Zij , Zij′) =
(ρ + r)/(1 + r) for 1 ≤ j < j′ ≤ D, = ρ/

√
1 + r for

1 ≤ j ≤ D < j′ ≤ m and = ρ for D + 1 ≤ j < j′ ≤ m.
Note that η is the parameter of interest. We set n = 50,
D = 5, 10 or 15; η = .3 or .6 in addition to the parameters
set for the type I error analyses. The simulation results are
summarized in Table 2. For non-prognostic genes the false
discovery rates, i.e. the probability that Hj is rejected when
Hj is true, are very low. Overall power, i.e. the probability
that any Hj is rejected, and true discovery rate, i.e. the
probability that Hj is rejected when H̄j is true, increase in
η. With η = .3, overall power and true discovery rate are
low. But with η = .6, power and true discovery are very
high. True discovery rate increases in ρ, but power does not
seem to change in ρ.

[2] used oligonucleotide arrays to generate gene expression
data for m = 4966 genes from n = 86 patients with lung
adenocarcinoma. We applied our multiple testing method
to their data to identify prognostic genes. Analysis results
are summarized in Table 3. The columns with ρ < 0 (ρ > 0)
are for testing the one-sided alternative hypotheses that a
gene tends to overexpress in high (low) risk patients. The
columns ρ 6= 0 are for two-sided tests. Adjusted and un-
adjusted p-values are listed for those genes with either one-
sided adjusted p-value smaller than 0.8. We observe that
Gene 385 (BCL2) underexpresses and Gene 1167 (BIRC5)
overexpresses in high risk patients. For all other genes listed
in table 6, the unadjusted p-values are very small. The cor-
responding adjusted p-values for these genes, however, are
not small enough for statistical significance after adjusting
for multiplicity of the testing procedure.

4. CONCLUSIONS
What has been presented and discussed in this paper, is a
comprehensive non-parametric procedure for analyzing mi-
croarray studies whose primary endpoint is a censored sur-
vival variable. For a method to be useful in microarray data
analysis, it must address the following three issues:

i. the ability to quantify the degree of association and
the corresponding statistical significance between each
gene and the survival variable;

ii. the ability to control the overall error rate;

iii robustness against outliers and model misspecification.

As illustrated in the literature review presented in the intro-
ductory section, there is a sizable literature on analyzing mi-
croarray studies whose primary endpoint is a censored sur-
vival variable. What sets the method proposed in this paper



apart, is the fact that it simultaneously addresses all of the
three aforementioned issues. Furthermore, as this method
is inferential, rather than data-driven, it will not only be
useful from the point of view of exploratory data analysis,
but should also serve as an invaluable tool for sample size
and power calculations in designing experiments for which
microarray studies with survival endpoints are planned.

To demonstrate the performance as well as applicability of
the method, we have presented simulation as well as case
studies in section 4. The simulation study suggest that false-
rejection rate (i.e., incorrectly declaring a non-prognostic
gene as prognostic) for this method is virtually negligible.
For moderately sized studies (e.g., n = 50 in this case), the
method will have very good global power (i.e., probability of
detecting at least one of the prognostic genes) as long as the
hypothesized effect size is reasonably large (e.g., η = 0.6 in
this case). In those cases, the method also enjoys good true-
discovery rates (i.e., correctly declaring a prognostic gene as
prognostic). Furthermore, the results in table 1 illustrate
the ability of the method to adequately control the FWER.

The amount of association between the survival endpoint
and the expression level of gene j was quantified estimated
by Wj . One can generate variations of the proposed method
by employing other types of association measures and statis-
tics. Such extensions are subject to active pursuit by the
authors.
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6. TABLES

Table 1: Empirical FWER for nominal 5% FWER
with m = 1, 000, B = 1, 000 and N = 1, 000.

n = 20 n = 50
Censoring ρ = 0 .3 .6 ρ = 0 .3 .6

20% .055 .054 .052 .053 .048 .045
40% .044 .035 .046 .053 .057 .054

Table 2: Empirical rejection rate of each Hj under
n = 50, m = 1, 000, B = 1, 000 and N = 1, 000. Genes
are grouped for prognostic ones (j = 1, ..., D) and
non-prognostic ones (j = D + 1, ..., m). The numbers
in parentheses are empirical rejection rate of any of
these hypotheses, called global power.

η D Censoring Genes ρ = 0 .3 .6
.3 5 20% j ≤ D .001-.006 .001-.003 .002-.009

j > D .000-.002 .000-.002 .000-.003
(.076) (.062) (.071)

40% j ≤ D .000-.003 .001-.004 .003-.012
j > D .000-.002 .000-.002 .000-.004

(.049) (.063) (.079)
15 20% j ≤ D .000-.006 .000-.006 .003-.009

j > D .000-.002 .000-.002 .000-.003
(.084) (.081) (.092)

40% j ≤ D .000-.003 .001-.007 .003-.012
j > D .000-.002 .000-.003 .000-.004

(.061) (.077) (.090)
.6 5 20% j ≤ D .042-.059 .051-.071 .098-.120

j > D .000-.001 .000-.002 .000-.003
(.259) (.268) (.307)

40% j ≤ D .024-.043 .035-.048 .069-.090
j > D .000-.002 .000-.002 .000-.003

(.186) (.199) (.228)
15 20% j ≤ D .041-.066 .051-.072 .097-.129

j > D .000-.001 .000-.002 .000-.003
(.502) (.448) (.459)

40% j ≤ D .023-.044 .030-.050 .070-.096
j > D .000-.002 .000-.002 .000-.004

(.343) (.322) (.347)

Table 3: Analysis results for Michigan Data (n =
86, m = 4966) with B = 10, 000 permutations. Genes
with at least one adjusted one-sided p-value smaller
than .8 are listed. (− meaning a one-sided adjusted
p-value of 1.0000)

Adjusted p-value Unadjusted p-value
Gene ρ < 0 ρ > 0 ρ 6= 0 ρ < 0 ρ > 0 ρ 6= 0
382 – .0125 .0227 – .0000 .0000
485 .7131 – .8794 .0006 – .0009
670 – .7714 .9145 – .0004 .0011
731 .7809 – .9218 .0007 – .0014
772 – .6767 .8490 – .0003 .0006
1167 .0426 – .0769 .0001 – .0001
1176 .5555 – .7504 .0003 – .0005
1517 .1976 – .3229 .0000 – .0002
1604 – .7423 .8961 – .0007 .0010
1749 – .3387 .5101 – .0004 .0004
1858 – .5421 .7314 – .0000 .0003
1875 .6509 – .8300 .0002 – .0005
1916 – .7022 .8687 – .0007 .0010
1983 – .2588 .4099 – .0000 .0002
2573 – .4986 .6919 – .0001 .0003
2623 .3894 – .5720 .0001 – .0002
2952 .6065 – .7926 .0004 – .0010
3002 – .7530 .9043 – .0007 .0009
3249 – .4731 .6666 – .0002 .0006
3328 – .7880 .9236 – .0009 .0014
3503 – .7936 .9254 – .0009 .0014
3800 .3148 – .4847 .0001 – .0004
3926 – .6863 .8571 – .0004 .0008
3948 – .6185 .8007 – .0002 .0003
4081 .3781 – .5570 .0000 – .0000
4665 – .2987 .4593 – .0000 .0000


