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Abstract: Variable screening for censored survival data is most challeng-

ing when both survival and censoring times are correlated with a ultrahigh-

dimensional vector of covariates. Existing approaches to handling censoring of-

ten make use of inverse probability weighting by assuming independent censoring

with both survival time and covariates. This is a convenient but rather restrictive

assumption which may be unmet in real applications, especially when the cen-

soring mechanism is complex and the number of covariates is large. To accom-

modate heterogeneous (covariate-dependent) censoring that is often present in

high-dimensional survival data, we propose a Gehan-type rank screening method

to select features that are relevant to the survival time. The method is invariant

to monotone transformations of the response and of the predictors, and works

robustly for a general class of survival models. We establish the sure screening

property of the proposed methodology. Simulation studies and a lymphoma

data analysis demonstrate its favorable performance and practical utility.

Key words: Gehan-type rank statistics; High-dimensional survival data; Het-

erogeneous censoring; Sure screening property; U-statistic; Variable screening.
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1 Introduction

Variable screening has been proven to be a useful tool in ultrahigh-dimension data analysis.

With many more features than observations, a screening procedure can first help to filter

out a majority of noise variables. The analysis with remaining variables would then become

much easier and more effective. In their pioneering work, Fan & Lv (2008) proposed a

Pearson correlation-based independence screening for ultrahigh-dimensional linear models

and established its desirable sure screening property. Such a screening procedure has been

further extended to generalized linear models (Fan & Song, 2010) and additive models (Fan

et al., 2011).

In biomedical applications, the response variable of interest is often a possibly right-

censored survival outcome. For such censored data, the approach of Fan & Lv (2008)

may not be applied directly, especially for model-free approaches. An important recent

work of variable screening for ultrahigh-dimensional variable selection with survival outcome

was done by Song et al. (2014). Assuming that the censoring time independent of both

failure and covariates, they proposed a novel model-free censored rank screening procedure

based on an inverse probability-of-censoring weighted Kendall’s τ . Under suitable regularity

conditions, they established its sure screening property. For other approaches to ultrahigh-

dimensional feature screening with survival outcomes data, we refer to Fan et al. (2010)

and Zhao & Li (2012) for the Cox proportional hazards model-based methods, to Gorst-

Rasmussen & Scheike (2013) for the additive hazards model-based method and to He et al.

(2013) and Wu & Yin (2015) for quantile-based methods. However, all these methods are

developed for the situation where the censoring time does not depend on the covariates, a

rather restrictive assumption which may be unmet in practice as demonstrated in our real

data example in Section 6.

In this paper, we propose a Gehan-type rank screening approach for variable screening

with survival outcome data. Compared with existing methods, it has several advantages.

First, it naturally incorporates censoring without the need to know its conditional survival

function, thus allowing heterogeneous censoring and bypassing the difficulty of the local

Kaplan-Meier estimation. Second, the method is invariant under monotone transformations

of the response and predictors and does not require any finite-moment assumption for the

covariates. Third, the proposed method is a model-free approach and works robustly in a

2



general class of survival models. Numerical studies demonstrate its favorable finite-sample

performance especially when the censoring is heterogeneous or the censoring rate is high.

The rest of the paper is organized as follows. The next section introduces the main

method. Section 3 examines the screening properties of the proposed method under certain

conditions in a general class of transformation models. Section 4 establishes a general result

about the sure screening property for the proposed Gehan-type rank screening. Simulation

results are reported in Section 5, while in Section 6, the method is applied to a real data set.

Section 7 gives some concluding remarks. All technical proofs are given in the Appendix.

2 Gehan-type Rank Screening

Let Y denote the survival time, C the censoring time, and Z = (Z1, ..., Zpn)T the pn-

dimensional vector of covariates. We observe an independent and identically distributed

sample {Xi,∆i, (Zi1, ..., Zipn)T : i = 1, ..., n}, where Xi = min(Yi, Ci), ∆i = I(Yi ≤ Ci), and

I(·) denotes the indicator function. We assume that Y and C are conditionally independent

given Z. Such conditional independence is commonly assumed in regression analysis of

survival data. The dimensionality of pn is allowed to increase very rapidly with the sample

size as we are considering variable screening procedures in an ultrahigh-dimensional setting.

Following Fan & Lv (2008) and Song et al. (2014), let M∗ denote the index set of the

active variables for the survival time Y :

M∗ = {k : pr(Y > y|Z) depends functionally on Zk, k = 1, ..., pn}.

Likewise, let MC
∗ denote the index set of the active variables for the censoring time C:

MC
∗ = {k : pr(C > y|Z) depends functionally on Zk, k = 1, ..., pn}.

We consider variable screening procedures to estimate M∗ while allowing MC
∗ to be arbi-

trary and completely unspecified. The existing approaches require that MC
∗ is an empty

or known singleton set, a convenient but rather stringent assumption. Intuitively speaking,

when the censoring time does not depend on the covariates, the active set for Y is the same

as those for X or ∆ and variable screening can be conveniently done based on either of

them. Variable screening is most challenging when the survival-covariate dependence and

the censoring-covariate dependence are intertwined with each other. This is the setting to

be investigated in this paper.
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The censored rank screening (Song et al., 2014) uses Kendall’s τ (Kendall, 1962) to select

active variables, where marginal Kendall rank correlation coefficient for the kth variable,

denoted by τk, is defined as P (Y1 < Y2, Z1k < Z2k)−1/4. As some Y s are unobserved due to

censoring, it adopts the inverse probability-of-censoring weighting technique to estimate τk

by making the homogeneous censoring assumption, i.e. C is independent of Z and Y , that

justifies the use of the Kaplan-Meier estimation of the survival function of the censoring

time.

We propose a different approach to screening covariates that can bypass the inverse

probability weighting, thereby avoiding the restrictive homogeneous censoring assumption.

Our method is motivated by the Gehan extension of the Wilcoxon-Mann-Whitney rank test

statistic to cover censored data (Gehan, 1965)

Ŵk = n−2
n∑
i=1

n∑
j=1

{∆iI(Xi ≤ Xj)(Zik − Zjk)}. (2.1)

The Gehan statistic may be viewed as an extension of the Mann-Whitney pairwise com-

parisons, by replacing all pairs with all comparable pairs. Unlike the rank statistic used in

Song et al. (2014), it naturally incorporates the information of censoring without the need

to know the conditional survival function of censoring. There is also a close connection

between (1) and the class of rank-based estimating functions for censored survival data (Jin

et al., 2003).

To allow possible nonlinear covariate-survival relationship and to make our method less

sensitive to extreme values of Zk, we dichotomize Zk to Zk(t) = I(Zk ≤ t) according to

a threshold value t. The difference in survival between groups with Zk ≤ t and Zk > t is

assessed by the following Gehan test statistic:

Ŝk(t) = n−2
n∑
i=1

n∑
j=1

[∆iI(Xi ≤ Xj){Zik(t)− Zjk(t)}].

When Y and Zk are independent, Ŝk(t) is expected to fluctuate around zero as it has a

zero mean. In fact, it is not difficult to show that it is of order Op(n
−1/2) as n1/2Ŝk(t)

converges weakly to a zero-mean Gaussian process. Note that Ŝk(t) captures the overall

survival difference when the subjects are dichotomized into two groups according to the kth

covariate Zk into (Zk ≤ t) and (Zk > t) groups. Here t can be any value in the range of

the kth covariate Zk. From data, we observe n values of Zk: Z`k, ` = 1, ..., n. It is natural

4



to use Ŝk(Z`k) to capture the discrepancy when Zk is dichotomized by Z`k, for ` = 1, ..., n.

Therefore, to capture the overall covariate-survival association across the whole spectrum of

Zk, we propose the following Cramér-von Mises-type marginal utility for the kth predictor:

D̂k = n−1
n∑
`=1

Ŝ2
k(Z`k).

It is straightforward to see that the above defined marginal utility D̂k is invariant under

monotone transformations of the response as well as the predictor. Alternatively, we can

write D̂k =
∫
Ŝ2
k(t)dL̂k(t), where L̂k denotes the empirical distribution of Zk. Let S̃k(t) =

nŜk(t)/(n− 1) and Sk(t) = E{S̃k(t)}. It is easy to see that

Sk(t) = E[∆1I(X1 ≤ X2){Z1k(t)− Z2k(t)}].

Define Dk = E{S2
k(Zk)}, which is clearly the limit of D̂k as n → ∞. When Y and Zk are

independent, Sk(t) = 0 for all t, implying Dk = 0. On the other hand, if Sk(t) 6= 0 for some

t in the support of Zk, then Dk 6= 0. It follows that the departure of Ŝk from zero is related

to the dependency of Zk on Y and that the value of D̂k indicates the level of importance

of the corresponding predictor variable in its relation to the survival time. Therefore, we

propose to select the set

M̂γn = {k : D̂k ≥ γn, k = 1, ..., pn},

as an approximation to M∗, where γn is a pre-specified threshold that depends on n. In

the next section, we investigate screening properties of the proposed method in a general

class of transformation models.

3 Gehan Screening In A General Class of Transformation
Models

For a variable screening procedure to exhibit desirable sure screening properties, the mag-

nitude of the screening utility for the active set must be of a non-vanishing order to be

distinguishable from those for the inactive set as stated in the following regularity condition.

Condition A. For some 0 ≤ α < 1/2 and c0 > 0, mink∈M∗ Dk ≥ c0n−α.
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To quantify the magnitude of the Gehan screening utility, consider a general class of trans-

formation models given by

H(Y ) = m(Z1, ..., Zpn) + ε, (3.2)

where H is an increasing transformation function, m(·) is unspecified and ε is independent

of Z and has a density function. Clearly, M∗ is the smallest subset M such that m(·) is a

function only of covariates inM. LetM0 = {1, ..., pn} and ZB = {Zj : j ∈ B} for a set B ⊂

M0. Write Z−k = ZM0/{k}. Define mk(Zk) = E{m(Z)|Zk}, and m−k(Z) = m(Z)−mk(Zk).

Without loss of generality, assume E(ε) = 0 and E{m(Z)} = 0. Otherwise, they can be

absorbed into H since H is an unspecified monotone function. Likewise, E{mk(Zk)} = 0

and E{m−k(Z)} = 0. As in Song et al. (2014), assume that mk(x) is monotone in x for each

k inM∗. Model (3.2) includes many popular regression models in survival analysis such as

the linear transformation model (Clayton & Cuzick, 1985) and the accelerated failure time

model (Kablfleisch & Prentice, 2002).

The following conditions are sufficient to ensure that Condition A holds in model (3.2).

Condition 1. For any k ∈ M∗, there exists Z̃−k independent of Zk and m(Z) = mk(Zk) +

m̃−k(Z̃−k), for some m̃−k(·).

Condition 2. There exists a positive constant η such that the variance of H(Y ) −mk(Zk)

is uniformly bounded above by η2, for all k ∈M∗.

Condition 3. For any k ∈ M∗ and Z̃−k given in Condition 1, the conditional survival

distribution of C given Z, denoted by G̃(t|Z), satisfies − log G̃(t|Z) = ak(t, Zk) + bk(t, Z̃−k)

for some functions ak(·) and bk(·).

Condition 4. There exists a survival function G0(·) such that for any x ∈ R,

inf
z

pr(H(C) ≥ x|Z = z) ≥ G0(x).

Condition 5. For G0 given in Condition 4, there exists τ > 0 such that E[G0{H(Y )}] ≥ τ .
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Condition 6. Let Qk be the distribution function of mk(Zk) and f be the density func-

tion of ε. Then, for some 0 ≤ α < 1/2 and c > 0, Qk and f are Lipschitz with constants ξk

and ψ such that max
k∈M∗

ξk ≤ (216cη)−1ψ−1/2τ7/2nα/2, where η and τ are given in Conditions

2 and 5.

Condition 1 means that each variable in the active set influences the regression function

through its marginal projection. Note that in the general transformation model, the effect

of Z is assumed to be m(Z). Condition 1 is hence similar to the additivity assumption

in the additive regression model and can be checked by fitting two separate nonparametric

regression models with and without additivity separately and then examine the discrepancy

between two fitted models. Conditions 2 and 6 control the magnitude of detectable signals.

Condition 2 assumes an upper bound of the variance of the difference between H(T ) and

mk(Zk). This is generally true when the underlying functions H and mk satisfy certain

mild regularity conditions. Condition 3 says that there is no interaction between variables

in the conditional cumulative hazard function of censoring given covariates. This condition

can be similarly checked by fitting two nonparametric models with and without interaction

assumptions and then examine the discrepancy between two fitted models. This assump-

tion will be restrictive in some applications when the interaction is present but substantially

relaxes the homogeneous censoring assumption and allows heterogeneous censoring to some

extent. Condition 4 assumes a uniform lower bound for the conditional survival function

of H(C) given covariates Z. Condition 5 states that this bound is not degenerate. In the

homogeneous censoring case, Condition 4 is trivially satisfied with G0 taken as the common

survival function of H(C); furthermore, Condition 5 is equivalent to the following condition:

Condition 5’. There exists τ > 0 such that pr(Y ≤ C) ≥ τ .

The above condition ensures that the proportion of uncensored observations does not decay

to zero. This is quite reasonable because when the proportion of uncensored observations

tends to zero, it is unlikely for us to obtain useful information regarding relevant predictors

even if the other model assumptions are appropriate. To get a better understanding of

Conditions 1-6, in the following, we also illustrate it in more detail in the model (3.3), as
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we will see, often in a more specific model, the conditions 1 to 6 will become much less

restrictive and easier to check than in the general setting.

Propostion 1. Conditions 1-6 imply Condition A.

In the aforementioned conditions, Conditions 3-5 are for the censoring mechanism, while

Conditions 1, 2 and 6 are for the underlying model of the survival time. To better illus-

trate them, we next consider the variable-transformation linear normal model (Mai & Zhou,

2015) given by

H(Y ) = gT (Z)β + ε, (3.3)

where g = (g1, ..., gpn)T and H, g1, ..., gpn are strictly monotone univariate transformations.

It is also assumed that g(Z) ∼ N(0,Σ) with Σjj = 1 for j = 1, ..., pn, and ε ∼ N(0, σ2) is

independent of Z. This model has close connections to many transformation models in the

literature; for example, see Breiman & Friedman (1985) and He & Shen (1997). Without

loss of generality, assume that β = (βD, 0), where D = {1, ..., sn} =M∗ ⊂M0.

Propostion 2. For model (3.3), we have the following results.

(i) Condition 1 always holds.

(ii) If βTDΣDDβD + σ2 ≤ η2, then Condition 2 holds.

(iii) If min
k∈M∗

|ωk| ≥ 108cητ−7/2π−3/4σ−1n−α/2, where ω = Σβ, then Condition 6 holds.

Propositions 1 and 2 suggest that under mild conditions, Condition A holds and the mag-

nitude of the Gehan screening utility for the active set is distinguishable from those for

the inactive set. In the next section, we show that the proposed method enjoys the sure

screening property whenever Condition A holds.

4 Sure Screening Property

We present the following theorem establishing the sure screening property of the Gehan

screening procedure.
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Theorem 1. (i) For any 0 ≤ α < 1 and c > 0 , if n ≥ (20/c)1/(1−α) + 10, then

pr( max
1≤k≤pn

|D̂k −Dk| > 2cn−α) ≤ 2pne
−c1n1−2α

,

where c1 = c2/20.

(ii) Suppose that Condition A holds and γn ≤ c0n−α/2. Then, for all n ≥ (80/c0)
1/(1−α)+10,

pr(M∗ ⊂ M̂γn) ≥ 1− 2sne
−c2n1−2α

,

where c2 = c20/320 and sn is the cardinality of M∗.

Theorem 1 implies that our screening procedure can handle nonpolynomial dimensionality

of order log pn = o(n1−2α) with α ∈ [0, 1/2). No tail probability conditions for covariates

are needed due to the dichotomization of covariates in constructing the screening utility. It

is easy to see that this Gehan rank screening method is invariant under monotone transfor-

mations of the response and covariates. It enjoys the desirable sure screening property as

long as Condition A holds, without the need to further specify a model structure. The re-

sults in Section 3, however, from model-based perspectives, illustrate that the sure screening

property indeed holds with mild regularity conditions in a general class of survival models.

In practice, it is important to specify the threshold values γn in screening procedures to

select the size of the important set. As in Fan & Song (2010) and Song et al. (2014), we

show that the size of set M̂ can be controlled for the variable-transformation linear normal

model. Let α ∈ [0, 1/2).

Theorem 2. Consider model (3.3) and let ω = Σβ. Suppose that Conditions 3-5 hold,

βTDΣDDβD + σ2 ≤ η2, and min
k∈M∗

|ωk| ≥ 108cητ−7/2π−3/4σ−1n−α/2. Then, for γn = 2c0n
−α,

there exists a constant c4 such that for n ≥ (40/c0)
1/(1−α) + 10,

pr{|M̂γn | ≤ c4nαλmax(Σ)} ≥ 1− 2pne
−c3n1−2α

,

where c3 = c20/40, λmax(Σ) is the largest eigenvalue of Σ, and c0 is given in Condition A.

The above results shows that if the largest eigenvalue of Σ is of polynomial order, then

the model after screening is also of polynomial size with probability tending to 1, indicating

that the size of the selected set can be effectively controlled.
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5 Simulation Studies

To implement the Gehan screening method for its practical use, we propose the following

procedure. Data consist of {Xi,∆i, (Zi1, ..., Zipn)T : i = 1, ..., n}.

The Gehan Screening procedure:

Step 1: For each k = 1, ..., pn, calculate the marginal Gehan score D̂k.

Step 2: Rank D̂k, k = 1, ..., pn from the largest to the smallest:

D̂k1 > D̂k2 > ... > D̂kpn .

Step 3: If the size of the model is chosen to bem, then the set of predictors are {Zk1 , ..., Zkm}.

Step 4: In practice, for parsimony and by the sparsity assumption, we let m ≤ n/ log n.

For prediction purpose, the size of the final model is chosen by using five-fold cross valida-

tion to maximize the number of concordant pairs. Let Z(m) = (Zk1 , ..., Zkm)T . In the bth

random split of data, let β̂bm be the estimated regression coefficients from the model relating

T to Z by H(T )− = βTZ + ε with the training data. The validated prediction accuracy is

evaluated by the number of concordant pairs:

C(m) =
1

B

B∑
b=1

n∑
i=1

n∑
j=1

δiI(Xi < Xj)I(ZT(m),iβ̂
b
m > ZT(m),j β̂

b
m),

where B is the number of splits in the five fold cross validation. The size of the final model

m̂ is chosen to maximize C(m) for m = 1, ..., bn/ log nc. Note that using thresholding con-

stants γn or the size of the final model m is equivalent once the marginal Gehan score is

obtained and ranked. Furthermore, instead of using model (3.2) for estimation, for sim-

plicity, we use linear transformation model because general nonparametric transformation

model is difficult to estimate when there are multiple predictors.

We conduct simulations to investigate the performance of the proposed Gehan rank in-

dependence screening procedure. For comparison, we consider three alternative methods:

feature aberration at survival times screening (Gorst-Rasmussen & Scheike, 2013), partial

likelihood ratio screening, and censored rank independence screening (Song et al., 2014).

For partial likelihood ratio screening, we fit a marginal Cox model for each covariate and

the screening is based on the marginal partial likelihood ratio test statistic.

Example 5.1 We consider the following model adapted from Song et al. (2014):

H(Y ) = −βTZ + σε,
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where the ultrahigh-dimensional covariates Z = (Z1, ..., Zpn)T follow a multivariate nor-

mal distribution with mean zero and correlation matrix Σ = (0.8|i−j|)(i, j = 1, ..., pn),

H(t) = log{0.5(e2t − 1)}, β = (1.8T5 , 0
T
5 ,−1.8T5 , 0

T
pn−15)

T and σ = 0.5. We considered the

sample sizes n = 100 and 200, and set the number of covariate pn to 2000. Three error

distributions were considered: the standard extreme value distribution, which corresponds

to a proportional hazards model; the standard logistic distribution, which corresponds to

a proportional odds model; and the standard normal distribution, which corresponds to a

normal transformation model. The censoring time was generated from a uniform distribu-

tion on [0, θeκ
TZ ], where θ was chosen to yield a censoring rate of 20% or 40% and κ was set

to be 0pn or (3T3 , 0
T
4 , 3,−3, 0,−3T3 , 0

T
pn−13)

T , corresponding to the scenarios for homogeneous

censoring and heterogeneous censoring, respectively.

To assess the performance of the screening procedures, we first report the minimum

model size which is the smallest number of covariates needed to include all the active pre-

dictors. The smaller the minimum model size a screening procedure has, the better it

performs as it results in a more parsimonious model. We present the median and interquar-

tile range of the minimum model size over 100 replications. Secondly, we calculate the

proportion, out of the 100 replications, that all of the active predictors are selected for a

given model size bn/ log nc, where bxc denotes the integer part of x. We denote this pro-

portion by PAll. A screening procedure yielding PAll closer to 1 is considered to be more

effective.

The simulation results are summarized in Tables 1 and 2. Based on the results, the

performances of four procedures are affected differently by heterogeneous censoring or high

censoring rate. The censored rank screening deteriorated greatly when the censoring rate

is high while the feature aberration at survival times screening and partial likelihood ratio

screening is much less effective when censoring is heterogeneous. In general, our proposed

method performs robustly and substantially better than the other three procedures in terms

of PAll and the minimum model size.

Example 5.2 To examine the performance of the screening procedures in the nonlinear

scenario, we consider the following nonlinear transformation model,

H(Y ) = −Z2
1 − cos(Z2)− Z3

6 − sin(Z7)− Z8 + σε.
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The censoring time was generated from a uniform distribution on [0, θeκ
TZ ], where κ was

chosen to be 0pn or (1, 0T6 , 1, 1, 0
T
pn−9)

T , and the rest of the set-up is the same as in Example

1. The simulation results are summarized in Table 3. As in Example 1, the proposed method

exhibits favorable performance over the three existing approaches in terms of both the min-

imum model size and the selection proportion, especially when censoring is heterogeneous

or the censoring rate is high.

It is important to note that although we relax the assumption on the censoring mechanism,

the screening test statistics D̂k, k = 1, ..., pn involve δi, i = 1, ..., n. Hence, the censoring

mechanism affects the performance of the proposed method. For example, as pointed out

by an anonymous referee, if two breast cancer populations with the same set of relevant

genes were observed, the information available to us will differ for both identifying relevant

genes and making predictions as the censoring mechanism will play an important role. This

dependence can be similarly compared with the sample size. If we have the same breast

cancer population with two different sample sizes, the chance of identifying relevant genes

and obtaining accurate prediction will be higher if we have a larger sample size. For a

homogeneous censoring mechanism which does not depend on the covariates, this is easy to

understand, the higher censoring rate will be equivalent to the smaller sample size. For the

covariate-dependent censoring, the dependence pattern may not be that direct. To assess

the impact of the censoring mechanism on the screening results, we report the results for

the Gehan method for varying censoring mechanisms and censoring proportions. We let

κ = γ(1, 0T6 , 1, 1, 0
T
pn−9)

T . We let γ = 0, 0.3, 0.6 and 1 to vary different censoring mecha-

nisms. The results are summarized in Table 4. It can be seen that the performance of the

proposed method is indeed affected by the sample size, the censoring mechanism and the

censoring proportion.

6 Real Data Example

We apply the proposed screening method to the diffuse large B cell lymphoma (DLBCL)

microarray data of Lenz, et al. (2008). The dataset contains the survival times of 181

patients treated with a combination chemotherapy with cyclophosphamide, doxorubicin,

vincristine and prednisone (CHOP). The primary goal of the study is to identify genes that

12



are associated with the survival of lymphoma patients. The original data have 54675 probe

sets or covariates. A pre-selection procedure was conducted to filter out the genes with

lower variations if a sample variance for a gene was smaller than the 10th percentile for

that gene. There are 3833 genes after the filtering process. The median survival time was

3.58 years. During the follow-up, 105 patients died of lymphoma, and the other 76 patients

were censored, yielding a censoring rate of 41.9%.

The top 10 selected genes are reported in Table 5. There are 28 genes selected by at

least one screening method. Out of the 28 genes, none were selected by all four screenings.

Five genes, 1554413 s at, 1569344 a at, 229839 at, 231049 at, and 240898 at, were selected

by only three screenings and the censored rank screening did not select any of them. Four

genes were selected by only two screenings and the rest 19 genes were selected by only one

screening. To check whether censoring is heterogeneous, we fit the Cox proportional hazards

model relating the censoring time to the aforementioned five genes which were selected

by at least three screenings under a given model size of 10. Three genes, 1554413 s at,

1569344 a at, and 229839 at, are statistically significant with p-values 0.043, 0.001, and

< 0.001, respectively. This indicates the presence of heterogeneous censoring and it is better

to employ screening procedures which can accommodate this phenomenon. In Table 6, we

present the selection results for seven genes, LOC283922/PDPR, MFAP4, UPB1, SCARA5,

TMEM56, DNM1L, and JMJD1A, for a given model size of 9 or 34. Note that n = 181

and bn/ log nc = 34. Hence, 34 is the largest model size we consider. We also consider

model size 9 since for the Gehan method, the model size with 9 achieves the maximum

concordance based on the five-fold cross-validation and the linear transformation model.

These biologically relevant genes have been reported to be associated with DLBCL (Wang

& Wang, 2010). The minimum model sizes for including all seven genes are 139, 3767,

308, and 111, for the Gehan rank screening, censored rank screening, feature aberration

at survival times screening, and partial likelihood ratio screening, respectively. The results

show that the proposed Gehan-type rank screening and the Cox regression-based partial

likelihood screening can more easily detect these genes, requiring model sizes smaller than

the other two screenings. The results also show that the proposed Gehan-type rank screening

behaves quite differently from Song et al. (2014), even though both are rank based methods.
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7 Remarks

This paper proposes a variable screening for ultrahigh-dimensional survival time data. It is

based on the well-known Gehan test statistic, which is an extension of the Mann-Whitney

rank test statistic. The new method is easy to implement and requires only conditional

independence between survival and censoring times given covariates, thus allowing hetero-

geneous censoring. Both simulation studies and a real data analysis show that the method

performs quite well, even with moderate sample sizes and substantial censoring proportions.

The real data analysis also shows that the proposed method can behave quite differently

from Song et al. (2014), which is also a rank-based screening but uses inverse probability

weighting.

An important aspect in classical regression analysis of survival data is the incorporation

of time-dependent covariates. The proposed approach does not allow for time-dependent

covariates. However, this may not be an issue of significance under the current setting of

high-dimensional variable screening in which very few if any covariates are time-dependent.

Furthermore, the main purpose of the screening is to narrow down the number of covariates

to a manageable level.

The Gehan rank test statistic is only a member of the class of weighted log-rank test

statistics (Kalbfleisch & Prentice, 2002). Suitable choice of the weight function can increase

the power and efficiency of the corresponding test. In view of Jin et al. (2003), it may be

possible to extend the proposed Gehan rank screening to a more general approach that is

based on the class of weighted log-rank test statistics.

Appendix: Proofs

Proof of Theorem 1. For part (i), by definition,

D̂k = n−5
n∑

i,j,h,m,`=1

φk(i, j, h,m, `) (A1)

is the von Mises statistic associated with the kernel φk, where

φk(i, j, h,m, `) = ∆iI(Xi ≤ Xj){Zik(Z`k)−Zjk(Z`k)}∆hI(Xh ≤ Xm){Zhk(Z`k)−Zmk(Z`k)}.
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Define the symmetric kernel

φ1k(i, j, h,m, `) = (5!)−1
∑
p

φk(i1, i2, i3, i4, i5),

where
∑
p

denotes summation over the 5! permutations (i1, i2, i3, i4, i5) of (i, j, h,m, `). For

φ1k, the corresponding U -statistic is

Unk =

(
n

5

)−1 ∑
1≤i<j<h<m<`≤n

φ1k(i, j, h,m, `)

= {n(n− 1)(n− 2)(n− 3)(n− 4)}−1
∑
∗
φk(i, j, h,m, `),

where
∑
∗

denotes summation over all distinct i, j, h,m, ` from {1, 2, ..., n}. It is easy to see

that Unk is an unbiased estimate of Dk. Note that −1 ≤ φk(i, h, j, k, `) ≤ 1. As in the

proof of Lemma 5.7.3 (page 206, Serfling, 1980), we have |D̂k −Unk| ≤ 2{n5−n(n− 1)(n−

2)(n− 3)(n− 4)}n−5 ≤ 20/n. By Hoeffding’s inequality (page 201, Serfling, 1980; Lemma

A2, Song et al., 2014), for t > 0,

pr(|Unk −Dk| ≥ t) ≤ 2e−bn/5ct
2/2.

Therefore, for any k,

pr(|D̂k −Dk| > 2cn−α) ≤ pr(|D̂k − Unk| > cn−α) + pr(|Unk −Dk| > cn−α)

≤ pr(20/n > cn−α) + 2e−c
2[n/5]n−2α/2.

Hence, for n ≥ (20/c)1/(1−α),

pr( max
1≤k≤pn

|D̂k −Dk| > 2cn−α) ≤ 2pne
−c2[n/5]n−2α/2.

Let c1 = c2/20. For n ≥ (20/c)1/(1−α) + 10,

pr( max
1≤k≤pn

|D̂k −Dk| > 2cn−α) ≤ 2pne
−c1n1−2α

.

For part (ii), note that on the event

An ≡ {max
k∈M∗

|D̂k −Dk| ≤ c0n−α/2},

by Condition A, we have D̂k ≥ c0n
−α/2, for all k ∈ M∗. With γn ≤ c0n

−α/2, we have

M∗ ⊂ M̂γn . Therefore, when n ≥ (80/c0)
1/(1−α) + 10,

pr(M∗ ⊂ M̂γn) ≥ pr(An) = 1− pr(Acn) ≥ 1− 2sne
−c2n1−2α

. 2
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To prove Proposition 1, we need the following lemma. First define G̃0k(u) = EG0{u +

mk(Zk)}. Let fk be the density function of ε + m̃−k(Z̃−k). Note that EG0{H(Y )} =

E[G0{ε+ m̃−k(Z̃−k) +mk(Zk)}] =
∫∞
−∞ fk(u)G̃0k(u)du, for any k ∈M∗.

Lemma A1. (i). If Conditions 2 and 5 hold, then

min
k∈M∗

∫ ∞
−∞

f2k (u)G̃3
0k(u)du ≥ τ7/2/(9η).

(ii). If Condition 6 holds, then for any k ∈M∗,∫ ∞
−∞

f2k (u)du ≤ ψ1/2.

Proof of Lemma A1. For part (i), by Markov’s inequality and Condition 2, for any

k ∈M∗, ∫
|u|≥(7η2/τ)1/2

fk(u)G̃0k(u)du ≤ (7η2/τ)−1
∫

|u|≥(7η2/τ)1/2

u2fk(u)du ≤ τ/7.

Under Condition 5, for any k ∈M∗,
∫∞
−∞ fk(u)G̃0k(u)du ≥ τ . It follows that∫ (7η2/τ)1/2

−(7η2/τ)1/2
fk(u)G̃0k(u)du ≥ 6τ/7.

By Hölder’s inequality,∫ (7η2/τ)1/2

−(7η2/τ)1/2
f
3/2
k (u)G̃

3/2
0k (u)du ≥ {

∫ (7η2/τ)1/2

−(7η2/τ)1/2
1du}−1/2{

∫ (7η2/τ)1/2

−(7η2/τ)1/2
fk(u)G̃0k(u)du}3/2 ≥ τ7/4/(3η1/2).

(A2)

By the Cauchy-Schwarz inequality and (A2),∫ ∞
−∞

f2k (u)G̃3
0k(u)du ≥ {

∫ ∞
−∞

fk(u)du}−1{
∫ ∞
−∞

f
3/2
k (u)G̃

3/2
0k (u)du}2 ≥ τ7/2/(9η).

For part (ii), under Condition 6, fk is Lipschitz with constant ψ. For any k ∈M∗,

1 =

∫ ∞
−∞

∫ ∞
−∞

fk(u)fk(v)dvdu ≥
∫ ∞
−∞

∫ u+ψ−1/2

u−ψ−1/2

f2k (u)dvdu−
∫ ∞
−∞

∫ u+ψ−1/2

u−ψ−1/2

fk(u)|fk(u)−fk(v)|dvdu

≥ 2ψ−1/2
∫ ∞
−∞

f2k (u)du−
∫ ∞
−∞

∫ u+ψ−1/2

u−ψ−1/2

fk(u)ψ|v − u|dvdu ≥ 2ψ−1/2
∫ ∞
−∞

f2k (u)du− 1.

Hence, for any k ∈M∗, ∫ ∞
−∞

f2k (u)du ≤ ψ1/2. 2

Proof of Proposition 1.For k ∈M∗ and t ∈ R,

Sk(t) = E[I(Y1 ≤ Y2 ∧ C1 ∧ C2){Z1k(t)− Z2k(t)}]
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= E[I(Z1k ≤ t, Z2k > t){I(Y1 ≤ Y2 ∧ C1 ∧ C2)− I(Y2 ≤ Y1 ∧ C1 ∧ C2)}].

Without loss of generality, assume mk(·) is monotone increasing. Define J = I(Y1 ≤

Y2 ∧C1 ∧C2)− I(Y2 ≤ Y1 ∧C1 ∧C2), µik = mk(Zik), νik = m̃−k(Z̃i,−k), πik = µik + νik, and

C̃i = H(Ci), i = 1, 2. Let f(·) be the density function of ε and G(·|Z) be the conditional

survival function of H(C) given Z. Note that

J = I(ε1 + µ1k + ν1k ≤ C̃1 ∧ C̃2)I(ε1 + µ1k + ν1k ≤ ε2 + µ2k + ν2k)

−I(ε2 + µ2k + ν2k ≤ C̃1 ∧ C̃2)I(ε2 + µ2k + ν2k ≤ ε1 + µ1k + ν1k).

Therefore,

E(J |Z1k ≤ t, Z2k > t, µ1k, µ2k, ν1k, ν2k) =∫ ∫
f(u)f(v)G(u+ π1k|µ1k, ν1k)G(u+ π1k|µ2k, ν2k)I(u ≤ v + µ2k − µ1k + ν2k − ν1k)dudv

−
∫ ∫

f(u)f(v)G(u+ π2k|µ1k, ν1k)G(u+ π2k|µ2k, ν2k)I(u ≤ v+µ1k −µ2k + ν1k − ν2k)dudv

=

∫ ∫
f(u)f(v)G(u+π1k|µ1k, ν1k)G(u+π1k|µ2k, ν2k)I(u ≤ v+µ2k −µ1k + ν2k − ν1k)dudv

−
∫ ∫

f(u)f(v)G(u+π2k|µ1k, ν2k)G(u+π2k|µ2k, ν1k)I(u ≤ v+µ1k−µ2k + ν1k− ν2k)dudv.

The last equality holds since for any t, G(t|µ1k, ν2k)G(t|µ2k, ν1k) = G(t|µ1k, ν1k)G(t|µ2k, ν2k)

by Condition 3. By the exchangeability of ν1k and ν2k, it can be shown that

E(J |Z1k ≤ t, Z2k > t, µ1k, µ2k) = E(J̃ |Z1k ≤ t, Z2k > t, µ1k, µ2k),

where

J̃ = I(ε1 + µ1k + ν1k ≤ C̃1 ∧ C̃2)I(ε1 + µ1k + ν1k ≤ ε2 + µ2k + ν2k)

−I(ε1 + µ2k + ν1k ≤ C̃1 ∧ C̃2)I(ε1 + µ2k + ν1k ≤ ε2 + µ1k + ν2k).

On the event {Z1k ≤ t, Z2k > t}, we know that µ2k − µ1k ≥ 0; thus

J̃ ≥ I(ε1 + µ1k + ν1k ≤ C̃1)I(ε2 + µ2k + ν2k ≤ C̃2)I(|ε1 + ν1k − ε2 − ν2k| < µ2k − µ1k).

Let E∗ denote the expectation with respect to ν1k and ν2k and conditional on the event

{Z1k ≤ t, Z2k > t} and µ1k, µ2k. Under Condition 4,

E(J̃ |Z1k ≤ t, Z2k > t, µ1k, µ2k)

≥ E∗
∫ ∫

f(u)f(v)G0(u+µ1k+ν1k)G0(v+µ2k+ν2k)I(|u+ν1k−v−ν2k| < µ2k−µ1k)dudv.
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Hence,

Sk(t) ≥ E{I(Z1k ≤ t, Z2k > t)I(|ε1 + ν1k − ε2− ν2k| < µ2k −µ1k)G0(ε1 + π1k)G0(ε2 + π2k)}.

It suffices to prove the result for large n. Let Zk be an identical and independent copy of

Z1k and Z2k. Note that

E{Sk(Zk)}

≥ E{I(Z1k ≤ Zk < Z2k)I(|ε1+ν1k−ε2−ν2k| ≤ µ2k−µ1k)G0(ε1+µ1k+ν1k)G0(ε2+µ2k+ν2k)}

≥
∫ ∞
−∞

∫ u

u−cn−α/2
fk(u)fk(v)E{I(Z1k ≤ Zk < Z2k)I(µ2k−µ1k ≥ cn−α/2)G0(u+µ1k)G0(u+µ2k)}dudv

≥
∫ ∞
−∞

∫ u

u−cn−α/2
f2k (u)E{I(Z1k ≤ Zk < Z2k)G0(u+ µ1k)G0(u+ µ2k)}dudv

−
∫ ∞
−∞

∫ u

u−cn−α/2
f2k (u)E{I(0 < µ2k−µ1k < cn−α/2)}dudv−

∫ ∞
−∞

∫ u

u−cn−α/2
|fk(v)−fk(u)|fk(u)dudv

≥ 6−1cn−α/2
∫ ∞
−∞

f2k (u)G̃3
0k(u)du− 2ξkc

2n−α
∫ ∞
−∞

f2k (u)du− 2−1ψc2n−α

≥ 6−1cn−α/2{τ7/2/(9η)− 12ψ1/2ξkcn
−α/2 − 3ψcn−α/2} > cn−α/2τ7/2/(120η).

The second last inequality holds by Lemma A1 and Condition 6. It follows that Dk =

E{S2
k(Zk)} ≥ [E{Sk(Zk)}]2 ≥ c2n−ατ7(120η)−2. Let c0 = τ7c2(120η)−2. Hence, mink∈M∗ Dk ≥

c0n
−α. 2

Proof of Proposition 2. (i). In model (3.3),

mk(Zk) = E[gT (Z)β|Zk] = ωkgk(Zk),

and

m(Z) =

sn∑
j=1

gj(Zj)βj .

For any k ∈ D, let Z̃−k = (Z̃−k,1, ..., Z̃−k,k−1, Z̃−k,k+1, ..., Z̃−k,pn)T , where Z̃−k,j = gj(Zj)−

Σkjgk(Zk), for j 6= k. Note that Z̃−k is independent of Zk. Furthermore, Condition 1 holds

since

m̃−k(Z) = m(Z)−mk(Zk) =

sn∑
j=1

gj(Zj)βj − ωkgk(Zk) =

sn∑
j=1,j 6=k

Z̃−k,jβj = m̃−k(Z̃−k).

(ii). This follows from the fact that

var(H(Y )−mk(Zk)) = var(ε+ m̃−k(Z̃−k)) ≤ σ2 + var(m(Z)) = σ2 + βTDΣDDβD.
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(iii). Let Φ and φ be the standard normal distribution function and density function,

respectively. Note that Qk(·) = Φ(·/ωk) and f(·) = σ−1φ(·/σ). Condition 6 holds since

ξk ≤ (2π)−1/2(|ωk|)−1 and ψ = 2−1π−1/2σ−2. 2

Proof of Theorem 2. On the event {Z1k ≤ t, Z2k > t},

0 ≤ J̃ ≤ I(C̃1 ∧ C̃2 − µ2k < ε1 + ν1k ≤ C̃1 ∧ C̃2 − µ1k) + I(|ε1 + ν1k − ε2 − ν2k| ≤ µ2k − µ1k),

Let c5 = 3(2π)−1/2σ−1. Note that

0 ≤ E{J̃ |Z1k ≤ t, Z2k > t, µ1k, µ2k} ≤ c5(µ2k − µ1k).

Thus,

0 ≤ Sk(t) ≤ c5E{I(Z1k ≤ t, Z2k > t)(mk(Z2k)−mk(Z1k))} ≤ c5E{|mk(Z2k)−mk(Z1k)|}.

It follows that

0 ≤ Dk ≤ c25[E{|mk(Z2k)−mk(Z1k)|}]2 ≤ c25E{mk(Z2k)−mk(Z1k)}2 = 2c25ω
2
k.

If Dk ≥ c0n
−α, then ω2

k ≥ c−25 c0n
−α/2. Since var{H(T )} = βTDΣDDβD + σ2 ≤ η2,

we have
pn∑
k=1

ω2
k = βTΣΣβ ≤ η2λmax(Σ). Hence, the size of {k : Dk ≥ c0n

−α} ≤

2c25η
2λmax(Σ)nα/c0. Because the size of {k : D̂k ≥ 2c0n

−α} is at most the size of

{k : Dk ≥ c0n−α} on the event {max1≤k≤pn |D̂k −Dk| ≤ c0n−α}. Taking c4 = 2c25η
2/c0, we

have

pr[|M̂γn | ≤ c4nαλmax(Σ)}] ≥ pr( max
1≤k≤pn

|D̂k −Dk| ≤ c0n−α).

The conclusion follows from part (i) of Theorem 1.
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Table 1: Simulation results for Example 5.1 in the case of homogeneous censoring with true
model size p0 = 10: reported are the median and interquartile range of the minimum model
size needed to include all active predictors, along with the proportion PAll that all of the
active predictors are selected for a given model size
Error CP (%) Method Median IQR PAll Median IQR PAll

n=100 n=200
Normal 20 GR 12 5.3 0.81 11 2.0 1.00

CR 12 5.0 0.89 11 2.0 1.00
FAST 13 6.0 0.80 11 2.0 1.00
PL 12 5.3 0.87 11 2.0 1.00

40 GR 13 8.3 0.77 11 2.0 1.00
CR 138 556.0 0.17 29 96.8 0.54
FAST 16 14.5 0.66 11 2.0 1.00
PL 13 7.0 0.82 11 2.0 1.00

Extreme value 20 GR 13 14.0 0.72 11 2.0 1.00
CR 13 12.0 0.73 11 2.0 1.00
FAST 17 18.3 0.62 11 2.0 0.99
PL 13 12.0 0.71 11 2.0 0.99

40 GR 13 10.5 0.75 11 2.0 1.00
CR 81 333.3 0.26 14 44.3 0.71
FAST 15 12.3 0.68 11 2.0 1.00
PL 13 8.0 0.80 11 2.0 1.00

Logistic 20 GR 13 9.3 0.76 11 2.0 1.00
CR 13 7.0 0.83 11 2.0 1.00
FAST 14 17.3 0.67 11 2.0 1.00
PL 13 7.0 0.79 11 1.0 1.00

40 GR 14 11.0 0.74 11 2.0 1.00
CR 133 412.0 0.14 19 60.3 0.63
FAST 15 13.5 0.71 11 2.0 1.00
PL 13 6.3 0.85 11 2.0 1.00

IQR, interquartile range of the minimum model size; CP, censoring proportion; GR, pro-
posed Gehan rank screening; CR, censored rank screening of Song et al. (2014); FAST,
feature aberration at survival times screening of Gorst-Rasmussen& Scheike (2013), PL,
partial likelihood ratio screening.
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Table 2: Simulation results for Example 5.1 in the case of heterogeneous censoring with
true model size p0 = 10: reported are the median and interquartile range of the minimum
model size needed to include all active predictors, along with the proportion PAll that all
of the active predictors are selected for a given model size

Error CP (%) Method Median IQR PAll Median IQR PAll
n=100 n=200

Normal 20 GR 19 32.5 0.56 12 2.0 0.99
CR 22 36.3 0.49 12 2.0 0.99
FAST 49 109.8 0.26 14 7.0 0.89
PL 33 79.5 0.44 12 3.3 0.96

40 GR 47 100.5 0.29 13 6.0 0.91
CR 122 306.8 0.06 17 24.0 0.75
FAST 158 377.5 0.07 23 47.5 0.62
PL 98 330.3 0.11 16 24.0 0.76

Extreme value 20 GR 18 21.0 0.58 11 1.0 1.00
CR 20 28.0 0.56 11 1.0 0.99
FAST 53 92.0 0.21 13 3.3 0.97
PL 34 59.5 0.37 12 2.0 0.98

40 GR 40 78.8 0.23 12 3.0 0.98
CR 133 249.5 0.11 15 16.5 0.77
FAST 149 248.8 0.11 23 60.3 0.69
PL 80 174.8 0.22 15 26.0 0.75

Logistic 20 GR 17 28.3 0.59 11 2.0 0.99
CR 18 24.3 0.58 12 2.0 0.98
FAST 40 93.5 0.28 14 9.8 0.89
PL 23 56.5 0.45 13 5.0 0.93

40 GR 43 71.0 0.26 13 4.0 0.95
CR 87 252.3 0.09 17 22.3 0.77
FAST 128 243.5 0.03 25 48.5 0.61
PL 84 157.5 0.14 18 31.3 0.71
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Table 3: Simulation results for Example 5.2 with sample size n = 200 and true model
size p0 = 5: reported are the median and interquartile range of the minimum model size
needed to include all active predictors, along with the proportion PAll that all of the active
predictors are selected for a given model size

Error CP (%) Method Median IQR PAll Median IQR PAll
homogeneous censoring heterogeneous censoring

Normal 20 GR 12 4.0 0.90 12 10.0 0.87
CR 13 8.3 0.86 19 53.3 0.65
FAST 16 29.8 0.72 54 212.3 0.42
PL 13 9.3 0.89 17 76.5 0.62

40 GR 12 5.3 0.91 21 35.3 0.71
CR 14 12.0 0.80 75 327.3 0.36
FAST 19 36.3 0.68 165 351.0 0.24
PL 15 12.0 0.81 57 141.3 0.42

Extreme value 20 GR 13 5.0 0.93 16 14.3 0.84
CR 13 10.0 0.86 46 84.3 0.47
FAST 18 21.0 0.79 131 259.8 0.23
PL 13 7.0 0.85 46 145.3 0.47

40 GR 14 10.0 0.87 17 38.3 0.72
CR 15 21.3 0.80 83 250.5 0.35
FAST 20 57.5 0.64 129 415.0 0.21
PL 15 31.0 0.74 51 216.0 0.47

Logistic 20 GR 12 6.0 0.93 13 16.8 0.81
CR 14 9.3 0.83 30.5 82.5 0.54
FAST 20 37.3 0.68 89 214.5 0.34
PL 13 10.5 0.82 29 93.0 0.57

40 GR 14 20.3 0.80 17 97.3 0.62
CR 17 29.0 0.74 124 463.3 0.33
FAST 32 124.5 0.55 232 515.5 0.24
PL 16 58.5 0.65 75 326.5 0.38
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Table 4: Simulation results for varying censoring mechanisms and censoring proportions

Error CP (%) γ Median IQR PAll Median IQR PAll
n=100 n=200

Normal 20 1 19 32.5 0.56 12 2.0 0.99
0.6 17 21.5 0.66 12 2.0 0.99
0.3 15 10.9 0.75 11 2.0 1.00
0 12 5.3 0.81 11 2.0 1.00

40 1 47 100.5 0.29 13 6.0 0.91
0.6 32 75.2 0.35 13 5.0 0.93
0.3 25 38.9 0.56 12 3.0 0.96
0 13 8.3 0.77 11 2.0 1.00

Extreme value 20 1 18 21.0 0.58 11 1.0 1.00
0.6 16 17.0 0.65 11 1.0 1.00
0.3 14 15.0 0.69 11 1.0 1.00
0 13 14.0 0.72 11 2.0 1.00

40 1 40 78.8 0.23 12 3.0 0.98
0.6 29 50.2 0.37 12 3.0 0.99
0.3 17 20.6 0.59 11 2.0 0.99
0 13 10.5 0.75 11 2.0 1.00

Logistic 20 1 17 28.3 0.59 11 2.0 0.99
0.6 15 16.2 0.63 11 2.0 0.99
0.3 14 12.7 0.70 11 2.0 1.00
0 13 9.3 0.76 11 2.0 1.00

40 1 43 71.0 0.26 13 4.0 0.95
0.6 31 50.3 0.40 12 3.0 0.97
0.3 20 25.1 0.61 12 3.0 0.99
0 14 11.0 0.74 11 2.0 1.00

Table 5: Top 10 selected genes for lymphoma data

Order GR CR FAST PL
1 229839 at 241647 x at 236981 at 229839 at
2 206439 at 216233 at 1554413 s at 1569344 a at
3 1554413 s at 240563 at 1569344 a at 237493 at
4 237493 at 1558999 x at 1553499 s at 236981 at
5 231049 at 223864 at 240898 at 240898 at
6 1569344 a at 1562727 at 231455 at 1553499 s at
7 226869 at 1565799 at 231049 at 231049 at
8 240898 at 220393 at 1568752 s at 243713 at
9 212713 at 1553441 at 229839 at 1554413 s at
10 243713 at 1561765 at 1568751 at 237797 at
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Table 6: Selection results for seven biologically relevant probe sets in the lymphoma study;
selected genes are indicated by a X symbol

Probe set Gene symbol GR CR FAST PL GR CR FAST PL
Model size 9 Model size 34

1558999 x at LOC283922/PDPR X X X X
212713 at MFAP4 X X X X
224043 s at UPB1
229839 at SCARA5 X X X X X X
237515 at TMEM56 X
237797 at DNM1L X X
242758 x at JMJD1A X X
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