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Abstract: Statistical analysis of high-dimensional data has been attracting more and more attention due to
the abundance of such data in various fields such as genetic studies or genomics and the existence of many
interesting topics. Among them, one is the identification of a gene or genes that have significant effects on
the occurrence of or are significantly related to a certain disease. In this paper, we will discuss such a prob-
lem that can be formulated as a group test or testing a group of variables or coefficients when one faces
right-censored failure time response variable. For the problem, we develop a corrected variance reduced par-
tial profiling (CVRPP) linear regression model and a likelihood ratio test procedure when the failure time of
interest follows the additive hazards model. The numerical study suggests that the proposed method works
well in practical situations and gives better performance than the existing one. An illustrative example is
provided.
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1 Introduction

Statistical analysis of high-dimensional data has been attracting more and more attention due to the abund-
ance of such data in various fields such as genetic studies or genomics and the existence of many interesting
topics. Among them, one is the identification of a gene or genes that have significant effects on the occur-
rence of or are significantly related to a certain disease for the purpose of predicting survival rates among
others [1-4]. In this paper, we will discuss such a problem that can be formulated as a group test or testing a
group of predictor variables or coefficients such as genes or genomic factors when one faces right-censored
failure time response variable. By high-dimension, we usually mean that the number of predictor variables
denoted by p is much larger than the sample size n, and it is well-known that for these situations, tradi-
tional statistical methods cannot be applied. In other words, some new procedures that allow p > n are
required.

Let T denote a failure time variable of interest and Z a p-dimensional vector of covariates or predictor
variables. For regression analysis of failure time data, one commonly used model is the additive hazards
model (AHM) given in the form of the hazard function of T as

p
At1Z) = Qo0 + > Boj Z(0) ey

j=1

given Z [5, 6]. In the above, A(t) is an unknown baseline hazard function, So = (Bo1, -+, Bop)" @ p-dimensional
vector of unknown regression coefficients or parameters, and Z = (Zy, -+, Z,)". Note that in contrast to other
models, model (1) describes the additive covariate effects, the type of effects that are often of more interest
in many areas such as social sciences [6]. Of course, one may want to consider other models such as linear
transformation models if other types of effects are of interest and more comments on this can be found below.
Also many authors have discussed the model above for both the traditional situation with a fixed p and the
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high-dimensional situation concerning various topics of interest. However, it seems that there exists little
literature on testing the hypothesis

Hy 3B0,d =0 wvs. H :ﬁo,d +0, (2)

or the effects of a set of the predictor variables for the high-dimensional situation. In the above, d = {d;, ---, d4}
isasubsetof {1, ---, p}and fo,a = (Boa; >+, Poa,) " denotes a g-dimensional sub-vector of f. In genomics among
others, it is often the case that a group of genes rather than a single gene may be significantly related to or
responsible for a certain disease and thus it is of interest to perform a group test like the hypothesis Hy above.

As mentioned above, many authors have discussed the analysis of high-dimensional data or more spe-
cifically the analysis of high-dimensional data under the failure time context or concerning the test of
hypotheses similar to Hy. For example, [7-10] investigated the parameter estimation problem related to
model (1), and [11] and [12] considered a hypothesis test problem similar to that above but with ¢ = p under
the context of linear regression models. In addition, [13, 14], [15] and [16] studied similar testing problems
under the context of failure time analysis and generalized linear models. Note that all methods above con-
cern the test on the whole set of the predictor variables or coefficients simultaneously and cannot apply to
the test of Hy or on a subset of the coefficients as they cannot provide a valid p-value. More recently Zhong et
al. [4] discussed the test problem regarding a single coefficient (g = 1) and developed a variance reduced par-
tial profiling (VRPP) linear regression model for the derivation of their test statistic. Furthermore they briefly
considered the testing of the hypothesis Hy and generalized the proposed test statistic for the g > 1 case.
However, as discussed below, the generalized test procedure may not work properly even for g = 2 when the
predictor variables or covariates within the set d are highly correlated.

In the following, to test the hypothesis Hyp, we will develop a corrected variance reduced partial profil-
ing (CVRPP) linear regression model and present a new test statistic. Of course, the proposed test procedure
applies to the g = 1 situation too. To present the proposed test statistic, we will first define some notation and
review the VRPP linear regression model and the test statistic given in Zhong et al. [4] in Section 2. Section 3
discusses the proposed CVRPP model and the resulting likelihood ratio test along with its implementation.
In Section 4, we will present some results obtained from a simulation study conducted to evaluate the per-
formance of the test procedure and they suggest that it works well in practical situations. An illustration is
given in Section 5 and Section 6 provides some discussion and concluding remarks.

2 Notation and review

Consider a failure time study and let T and Z be defined as above. Suppose that T follows the model (1) and
the main objective is to test the hypothesis Hy defined in eq. (2) for given d. Also suppose that there exists a
right censoring time denoted by C and the observed data have the form { X;, A;, {Zl-j(t)}il; i=1,-,n}given by
n independent subjects, where X; = min(T;, C;) and A; = I(T; < C;) with T;, C; and Z; defined as T, C and Z
but with respect to subject i. As mentioned above, the focus will be on the situation where p is greater than n
and also we will assume that the censoring time C is independent of T given the covariates Z(t) = (Z;(t))
which will be assumed to be centralized such that E(Z;;(t)) = 0.

Furthermore let X(t) = (O'jk)p denote the p x p covariance matrix of Z and define the counting process

J,k=1
N;(t) = I(X; < t, A; = 1), the risk indicator Y;(t) = I(X; > t), and the martingale

nxp’

t P
Mi(t) = Ni() - /0 Yi(w) (o) + > BojZi(0)}du, €)

j=1

i=1,..,n Alsodefine Y(¢t) = (Y1(t), ---, Yo ()7, Y = Y(O)ATY(£))!, which is a n x 1 vector, and dA = (d4;(¢), -,
dA,(t))" for a vector of A = (A4(t), ---, Ax(t))". Then several authors have shown that we have the equation
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(I, - V11N = Z(t)Bodt + (I, - ¥17)dM, (4)

(see Martinussen and Scheike [9, 10]), where Z(t) = (Z;(t), -, Zp(t)) = (I, - Y17) diag {Y(t)}Z(t), a n x p matrix.
Note that the equation above has two important features. One is that the first term on the right hand side is
linear in regression parameter Sy and the other is that the second term on the right hand side involves the
martingale difference and thus can be treated as a random error. In other words, one can treat eq. (4) as a
linear regression model when making inference.

For a subset A c {1, -, p}, let Z4(t) denote the n x |A| submatrix of Z(¢) including the columns corres-
ponding to A with |A| denoting the dimension of A, and for the time being, we assume that d = {1}. That is,
we are only interested in a single regression parameter f3y; for notation convenience. To test Hy in this case,
Zhong et al. [4] suggested to estimate 81 by using the eq. (4) first and then to apply the resulting Wald test
statistic. For this, note that if Z;(¢) is perpendicular to all other Zj(t) forj > 1, then one can easily estimate o
by multiplying ZlT (t) on both sides of eq. (4). On the other hand, it is apparent that this is not likely true in
practice. To address this, Zhong et al. [4] proposed to obtain a relaxed orthogonalization by dividing all other
Zj(t) or {2, ..., p} into two parts S; and S{ based on the measure Q; = E{ fOT Zk(t)Z-j(t)dt} for any k,j € {1, ..., p},
where S; = {l € {2, -+, p} : |Qu| > n*} for a pre-specified constant n* and S{ denotes the complementary set of
{1,5} }

Given Si, for estimation of o1, Zhong et al. [4] suggested to partially profile out the effect of Zs, by
multiplying I, — PZsl on both sides of eq. (4), which gives

(In = Py ) (U = VINAN = (I — Py )Zpy (0ot

+ (I = Py ) Zs (0 Bosg dt + (I = Py ) (L - V1) dM, )

where Py, = Zs, (2;1251)‘12;, the projection matrix corresponding to Zs,. Furthermore they proposed to

replace Bo,sg by some reasonable initial estimator /?0,35 in the second term on the right hand side of the equa-
tion above and to move the term to the left side, for which they call the resulting equation as the VRPP linear
regression model. By applying the linear regression model idea described above to the VRPP model and after
taking the integration, Zhong et al. [4] suggested the following variance reduced partial profiling estimator
(VRPPE) of B0

A T ~ ~ _1
por = ( [z -y (0

t T ~ “
‘ ( /0 Z(0) 1y - P AN - /0 G )Zsi:(t)dtﬁo’sg> . ©)

In addition, they suggested to estimate its asymptotic variance by frﬁl /n with
) T 5 -2 t N
& - (n-l /0 210, - Py, )Zl(t)dt> nl /0 210 4, - Py VA (0dN.

It follows that one can test Hy using the Wald statistic based on ﬁo,l, which was shown to follow asymptotic-
ally a normal distribution.

For general d with g << min(p, n), by replacing S; with S = u;.il Sq;, Zhong et al. [4] suggested to construct
a Wald test statistic similarly as above, which was shown to asymptotically follow the x? distribution, where
Sdi is defined exactly as S; except for the jth component of the set d. However, a couple of serious issues can
occur with this test procedure. One is that it is easy to see that in general, the sets d and S; may have or share
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some overlapping elements and it is apparent that the number of the overlapping elements will increase
with the rising dimensionality p or the highly correlated relationship. This would mean that the parameter
estimation throw away a lot of relevant information and yield some serious errors. This can be even more
serious if the Zj’s corresponding to the set d are highly correlated and it can be seen below that this can
happen even with g = 2. Another issue is that the convergence to the x? distribution can be quite slow and
thus cannot be relied on for practical situations. In the next section, we will address these issues and propose
a new test procedure.

3 Alikelihood ratio test procedure

Now we will present a new test procedure based on the likelihood ratio principle. For this, we will first present
a different partition procedure for {d, Sy, Sg} given a set d and develop a CVRPP linear regression model. The
proposed new test statistic for Hy will then be derived.

To describe the new partition procedure, let Qg denote the correlation matrix given by the covariance
matrix Q = (Qki)i,jd' Then define the number matrix Q.4 such that its jth column is the permutation of
(1, ---, p) determined by the correlations between ZJ- and all the Z,’s, the jth column of Qg, in the decreasing
order. It is apparent that the first row of Q4 will be (1, ---, p). Now for a given subset d c {1, ---, p} and an appro-
priately chosen integer [ € {2, ---, p} to be discussed below, define the new subset or partition Sé to include all
different numbers in the submatrix Q4[2 : I, d] minus the elements in d. For the notation convenience, we
will continue to use S; to denote Sfi and as before define S(Cj as the complementary set of {d, S;}.

For the development of the CVRPP linear regression model based on the new partition procedure, for
eachi=1,...,norattimet = Xy, ..., Xp,, define

Ui = (I = P, () An =V 00 ANK)— (P ) s (Xi)fo, 55,5

Vi= (=P ) Zy(X) AX;
and
€1 = (nFyy) (= YN IAMX)
Then as the VRPP linear regression model (2.10) in Zhong et al. [4], we have
Ui =ViBoa+e€i, fori=1--n. 7)

Note that €; has mean zero and serves as a random error similar to that in a classical linear regression model.
To further deduct the variance or simplify the model above, let f 4 denote the estimator of By 4 as that given
by eq. (6) with the new partition, and define &; = U; — V; B 4. It is apparent that we can rewrite eq. (7) as

Ui=Vifoa+é€+e€, fori=1,--,n, (8)

where €/ = €; - €.
Note that one can naturally estimate the covariance matrix of € by X, = V;Zg , V', where Xg . =

AT'BA with A = [; Z;(t)(l - Pst YZ4(t)dt and B = I Z;(t)(l - std )Z4()dN. Define D; = diag(diag(Ze,)),

1
a diagonal matrix given by the variances of the components of €;". By multiplyiing D, * to both sides of eq. (8),
we obtain that

[N

-1 1 1 _
D, 2 U; =D, ViBoa+D;2é+D,

1

€. ©)
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_1
Note that each component of D, * €] has mean 0 and variance 1. This suggests that one can simplify the

1
equation above by replacing D, ? €} with the random error §; satisfying E(¢;) = 0, and E(§;€]) = I,. In other
words, instead of model (9), we can consider the CVRPP linear regression model

- _1 1
Ui=D;”Vifoa+D;” é+&, fori=1,--,n, (10)
- _1
for testing the hypothesis Hy in eq. (2), where U; = D; 2U; and the &;’s are generated from the multivariate
standard normal distribution N(0,, I,;) for simplicity.
Under model (10) and for each i, a natural test statistic for Hy is apparently given by the likelihood ratio
statistic Af.,') = |Zg)| / |Z§’,)|, where
O _ X _piie _privaD V(i - D e - Doivp®
ZQ = H(Ul - Di € — Di Viﬁo’d) (Ui - Di €i _Di Viﬂo,d)

and

SR Y R DUCHPI.
2 = —(U;-D;2&)"(Ui - D; 2 &),

=

the estimators of the covariance matrix of €; under the null and alternative hypotheses, respectively, and
ﬁg’)d = (ViTDi‘lv,-)’(Vl.T Di_l/z(fli - D;%éi)), the estimator of By 4 based on the CVRPP model. The critical region
based on Ag) has {A,(qi) < Ag)}, where {Ag)} is a suitably chosen number. In reality, for testing Hy, it would
be natural to combine all A,(P’s together for a couple of reasons. One is that it is not easy to find A(oi) and for
it, of course, one could apply some resampling methods. However, this clearly would be time-consuming in
computation. Another more important reason is that it is apparent that one has to combine all individual
testing results together, which may not be straightforward or could be difficult. On the other hand, if we
assume X; = min(Xy, ---, X,,) without loss of generality, one can find out through studying the U;’s that one
only needs to focus on the eq. (10) with i = 1 or the statistic Aﬁ,l). Furthermore, it follows from Theorem 8.4.5
in Anderson [17] that one can test the hypothesis Hy by using the likelihood-based statistic

_ (-9 a-AY)

T
gAY

, (11)

whose distribution can be approximated by the F-distribution with the freedom degrees of g and n — q. Con-
sequently, the critical region {Ag) < Ag)} is equivalent to {Tr > F,(q, n — q)}, where Fy(gq, n — q) is the a-upper
quantile of the F-distribution F(gq, n - q).

Note that to implement the likelihood ratio test procedure above, one needs to choose [ in the determin-
ation of Q4. For this, by following Zhong et al. [4], we suggest first to select a subset L c {2, -+, p} and then
to search the optimal I over the range of L. More specifically, the subset L should be chosen such that both
Sq and Sg exist and the dimension of S, is less than 30% of the whole set. For given L, one can choose the
smallest [ within L such that D,,(S4,) < 5/(log p/n), where

Dn(sd,z)=?gsa£n< [ zoa-r, pruoa) [ zioa-r, o

If no such [ exists, one can use ! that minimizes Dp(Sg,;) within L.
Two other issues related to the implementation of the proposed test procedure is the determination of
ﬁo,sf in eq. (6) and the generation of the &;’s in the CVRPP model (10). For the former, Zhong et al. [4] pointed

out that any initial estimator satisfying |[§0,5§ - B0’5§| = 0p{/(log p/n)} can be used and suggested to use a
LASSO type estimator for its fast computation. For the latter, it is apparent that the test result may depend on
the values of the generated €;’s. To address this, for a given data set, we suggest to repeat the process many
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times as discussed in the example below. For the simulation study in the next section, only one sample will
be used.

4 A simulation study

In this section, we present some results obtained from a simulation study conducted to assess the perform-
ance of the likelihood ratio test procedure proposed in the previous sections. In the study, by following
Zhong et al. [4], we generated the true failure times T;’s based on model (1) with 8y = (2,1, 0.5, 0,0, 0, 0, 0,
0,0,1,2,0.8,1.2,1, 01;_15)T and assumed that the Z;’s follow the multivariate normal distribution with mean 0
and covariance matrix X = (p/"7!) for (1 < i,j < p) subject to the constraint Z[Bo > -1, where 0,_15 is a vector of
p—15 zeros. Furthermore the censoring times C;’s were generated from the uniform distribution (0, cy), where
co was chosen to give the required percentage of right-censored failure times. In addition to the proposed test
statistic Tr, for comparison, we also considered the x? test statistic given in Zhong et al. [4], which will be
denoted as Tz below, and obtained the corresponding test results for each situation considered. The results
given below are based on 1,000 replications.

Tables 1 and 2 give the estimated size and empirical power of the test procedures based on T, and T for
testing the hypothesis Hy : fo,q = O with the dimension of d being g = 1,2, 5,10 or 20, p = 100, 200 or 600,
and n = 100. Here we tookp = 0.6 and L = {5,---,10}, and for the power estimation, we set foq = 14, the
g-dimensional vector with all components equal to 1. Table 1 corresponds to the situation with 25% of right-
censored failure times (co = 2), while Table 2 considered the situation with 35% of right-censored failure times
(co = 1). One can see from the tables that with g = 1, both test procedures seem to give the expected nominal
size 5% but the proposed new likelihood ratio test procedure was clearly more powerful than that based on
T;. For the cases with g > 1, it is apparent that the test procedure based on Tz cannot be applied, while the
new procedure based on T still gave the expected nominal size 5%. Furthermore the new procedure seems
still to have good power but the power seems to depend on both p and n as expected. We also investigated
other set-ups with different values of p, different set L and other percentages of right censoring as well as
different values of p and n and obtained similar results.

Table 1: Empirical sizes and powers of the test procedure given
in Zhong et al. [4] and the proposed one with 25% right censoring

percentage.
Sizes Powers

d (p,n) Tz Tr Tz Te
(100, 100) 0.051 0.040 0.176 1

{5} (200, 100) 0.056 0.041 0.141 1
(600,100) 0.046 0.053 0.108 1
(100, 100) 0.128 0.043 0.124 1

{5, 6} (200, 100) 0.117 0.047 0.139 1
(600,100) 0.133 0.049 0.133 1
(100, 100) 0.321 0.041 0.243 1

{6 : 10} (200, 100) 0.309 0.053 0.207 1
(600,100) 0.261 0.055 0.180 1
(100, 100) 0.403 0.047 0.342 1

{16 : 25} (200, 100) 0.423 0.053 0.324 1
(600, 100) 0.375 0.049 0.233 1

(100, 100) 0.464 0.050 0.366 0.997
{16 : 35} (200, 100) 0.458 0.059 0.329 0.974
(600, 100) 0.360 0.048 0.202 0.868
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Table 2: Empirical sizes and powers of the test procedure given
in Zhong et al. [4] and the proposed one with 35% right
censoring percentage.

Sizes Powers
d (p, n) Tz Tr Tz Tr
(100, 100) 0.058 0.052 0.142
{5} (200, 100) 0.051 0.056 0.116

(600,100)  0.044  0.056 0.081
(100, 100) 0.155 0.051 0.126
{5, 6} (200, 100) 0.119 0.055 0.111
(600, 100) 0.116 0.057 0.131
(100, 100) 0.303  0.062  0.293
{6 : 10} (200,100)  0.286 0.058 0.272
(600, 100) 0.295  0.046 0.218
(100, 100) 0.437  0.052 0.356
{16 : 25}  (200,100)  0.439  0.039 0.371
(600, 100) 0.423 0.050  0.289
(100, 100) 0.514  0.049  0.443  0.998
{16 : 35}  (200,100)  0.486 0.055  0.433 0.981
(600,100)  0.426 0.061 0.252  0.907

PR R R R Rk R Rk R R

To further assess the performance of the two test statistics Tr and Tz, we also obtained the quantile plots
of the two test statistics against the F-distribution and the y2-distribution, respectively, with proper degrees
of freedom. Figure 1 presents some representatives of such plots based on the simulated data with p = 600,
n = 100 and 25% right-censored data. In the figure, the plots on the left side correspond to Tr and the F-
distribution, while the plots on the right side are for T, and the y2-distribution. The top two plots are for
the case of d = {5}, one dimension, the two plots at the middle for the case of d = {5,6}, two dimen-
sion, and the two plots at the bottom for the case of 10-dimensional d = {16 : 25}. They suggest that with
the one-dimensional d, both F-distribution and y2-distribution provide reasonable approximations to the
distributions of Tr and T, respectively. When the dimension of d is greater than one, the F-distribution
approximation is still appropriate, but the y?-distribution approximation is clearly not valid anymore.

Table 3: Empirical sizes and powers of the test procedure given
in Zhong et al. [4] and the proposed one with the misspecified

model.
Sizes Powers
d (p, n) Tz Tr Tz Tr
(100, 100) 0.264 0.051 0.504
{5} (200, 100) 0.256 0.052 0.523

(600,100) 0.242  0.049 0.523
(100,100)  0.492  0.047  0.589
{5, 6} (200,100)  0.487  0.065 0.553
(600, 100) 0.503 0.053  0.586
(100, 100) 0.672 0.053 0.583
{6 : 10} (200,100)  0.668 0.045 0.533
(600,100)  0.623 0.054 0.501
(100, 100) 0.665 0.045  0.489
{16 : 25} (200, 100) 0.616  0.040 0.433
(600, 100) 0.527 0.055 0.354  0.998
(100, 100) 0.524  0.044  0.460  0.949
{16 : 35}  (200,100)  0.487 0.051 0.384 0.792
(600,100) 0.377  0.064 0.225 0.386

N e e e e T T Y S T S NY
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Figure 1: Q-Q plots for the proposed test statistic Tr and the test statistic T, given in Zhong et al. [4].

In practice, one possible question of interest is the sensitivity of the test procedure proposed in the previous
sections with respect to model (1). To investigate this, we performed some simulation studies and Table 3
presents the results obtained exactly in the same way as those given in Table 1 except that the failure times
were generated from the following Cox’s proportional hazards model

p
At12) = Ao exp | 3 BoiZi(®

j=1

instead of model (1), where all the function or parameters are defined as in model (1). One can see from the
table that the results gave similar conclusions to those in Table 1 and in particular, they suggest that the pro-
posed test procedure is still valid and does not seem to be sensitive to model (1). In addition, as with Figure 1,
we also obtained the corresponding quantile plots of the two test statistics against the F-distribution and the
x?-distribution, respectively, with proper degrees of freedom, and again they gave similar conclusions.
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5 An application

Now we apply the likelihood ratio test procedure proposed in the previous sections to a set of the data on the
kidney cancer discussed in Sultmann et al. [18] and Zhong et al. [4]. The data set consists of 74 patients and
in addition to the censored survival times (in months), some genomic and non-genomic information was also
observed. Specifically, for each patient, 4,224 microarray gene expression was measured. For non-genomic
factors, in addition to gender and age, the patients were classified into three groups based on their renal
cell carcinoma (RCC), clear cell (ccRCC) type, papillary (pRCC) type and chromophobe cell (chRCC) type. One
objective of interest is to evaluate the effects of the non-genomic factors on the survival rate given the genomic
factors. In the following, by following others, we will focus on the 60 patients whose survival times are either
observed or censored.

To perform the analysis, for each patient, we will define X; = 1 if the RCC type is ccRCC and X; = 0
otherwise, X, = 1 if the RCC type is pRCC and X, = O otherwise, and G = 1 if the patient is male and G = 0
otherwise. In addition, we will use Ag to denote the age of the patient and Z,, a 4224-dimensional vector, to
denote the gene expression. By using the notation above, model (1) becomes

AtIZ) = Ao(6) + PrXa + BoXo + B3G + By Ag + B5Z,,

and the main goal is to test the hypothesis Hy with d = {1,2, 3, 4}. In the above, Z = (X;, X, G, Ag,Z;)" and
Bs is a 4224-dimensional vector of unknown parameters.

Table 4: The p-values obtained for kidney cancer data.

L = Procedure in Zhong et al. [4] The proposed procedure
c¢(5:10) 0.8732 0.5024
c(5:20) 0.8732 0.5057
c¢(5:30) 0.8732 0.5014
c(5:50) 0.8732 0.4990
c(5:100) 0.8732 0.4939

Table 4 gives the average p-values obtained by the proposed likelihood ratio test for testing Hy based on
10,000 sets of the generated €;’s. To see the possible effect of the selection L on the results, we considered
several choices for L including L = {5:10},L = {5:20},L = {5:30},L = {5:50},and L = {5:100}. For
comparison, we also included the p-values given by the test procedure proposed in Zhong et al. [4]. One can
see from the table that both test procedures suggest that conditional on the genomic factors, the non-genomic
factors did not seem to have any significant effects on the patient’s survival rate. In addition, the results seem
to indicate that the selection of L did not seem to have much effect on the test results.

6 Discussion and conclusion remarks

In the previous sections, we have considered a group test problem in the high-dimensional situations with
the response variable of interest being a failure time arising from the additive hazards model. As discussed
above, the problem occurs quite often and in many areas, especially in genetic studies or genomics where the
determination or identification of a group of genes significantly related to a certain disease is often of interest.
Also due to the dimensionality, traditional methods cannot be apply. For the problem, corresponding to the
approach given in Zhong et al. [4], a new partition algorithm was presented. Furthermore, a likelihood ratio
test procedure was developed and the numerical studies suggested that the proposed approach seems to
perform well in practical situations and gives better performance than that given in Zhong et al. [4].
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More research is clearly needed for the investigation of some issued related to the problem discussed
here and the generalization of the proposed test procedure to other situations. One is the goodness-of-fit test
for model (1). In standard failure time data or the data with low dimensions, some procedures have been
developed for checking the appropriateness of the additive hazards model (1) and one typical way is to apply
some residual-based statistics [19]. For the high-dimensional situation considered here, however, it does not
seem to exist an established procedure for checking model (1) or other commonly used regression models for
failure time data. It is apparent that one can define residuals similarly but the similar statistics may not have
similar properties in the high-dimensional situations.

Note that in the preceding sections, the focus has been on the group test and it is apparent that one may
be also interested in estimation of regression parameters. For this, it is clear that one can employ some exist-
ing penalized methods or develop some new methods based on the new partition procedure. In the proposed
approach, it has been assumed that the failure time of interest follows the AHM and in practice, this may not
be true. In other words, it may be useful to develop similar approaches for the situations where the failure
time follows other models such as the proportional hazards model or linear transformation model. However,
such generalizations may not be straightforward since under these situations, the relationship (4) may not
exist. Finally, of course, the development of some theoretical justification for the proposed test procedure
would be helpful too.
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