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Abstract: Dependent censoring arises in biomedical studies when the survival outcome of interest is censored by competing risks. In survival data with
microarray gene expressions, gene selection based on the univariate Cox regression analyses has been used extensively in medical research, which
however, is only valid under the independent censoring assumption. In this work, we utilize copula-based dependence models to develop an alternative gene
selection procedure. Simulations show that the proposed procedure adjusts for the effect of dependent censoring and thus outperforms the existing method
when dependent censoring is indeed present. The non-small-cell lung cancer data is analyzed to demonstrate the usefulness of our proposal. We
implemented the proposed method in an R “compound.Cox” package.

5. Data Analysis

We revisit the non-small-cell lung cancer data of Chen et al.?
The data contains 125 lung cancer patients (63 training + 62
testing) in which 38 patients died while the others were
univariate selection based on Cox regression analyses which (5, 7;, Aqj, Lyj ) = censored.

are used extensively in medical research’-S. Zai[ L% +10gm (4 Bi, vi Agin Ty | ) +log dA () ] We compare univariate selection with our proposed method

3.2 Semiparametric estimation

We adopt the semiparametric MLE of Chen® in which the
forms of A,; and I;;are unspecified. For any given o, we
maximize the full likelihood

1. Introduction

For survival data with microarrays, the primary task is selecting
a small fraction of genes that are relevant to survival. The
simplest approach is to select subsets of genes by using

The aforementioned univariate selection critically relies on In terms of selecting the top = 16 genes among the 485 genes.
the independent censoring assumption®; survival time and +Z(1—5i)[ijij+log i (G By vinNojn Iy ) +logdly; ()] - The two gene selection methods used on the training set
censoring time need to be statistically independent at a given ! resulted in two different lists of the top genes (see below):
gene. For our motivating example of non-small-cell lung cancer ~ —2_ @, [exp{-A,, (t)e™™ } exp{ - T, (t,)e’™ ¥,
data of Chen et al.?, some patients die soon after metastasis |

The 16 most strongly associated genes based on two methods

Where, fOr' (I)a = — |Qg Ca and Da,k (u1’ uz) — _@(Da (ul’ uz)/auk , Univariate selection Proposed method

occurs (Figure below). Therefore, their censoring and survival ; No. Gene Coefficient P-value Gene  Coefficient P-value
times may be positively dependent. M (6B 7 Ao Ty la) =D, [exp{ = Ay (t)e™™ }exp{ T} (t)e”™™ }] 1  ANXA5  -1.09  0.0039  ZNF264 0.51 0.0004
v {_A (t)eﬂixii }I(kzl)e {_1" (t)eijii }I(k:2) 2 DLGZ2 1.32 0.0041 MMP16 0.50 0.0005
l un g cancer case XD 0] XD 0] : 3 ZNF264 0.55 0.0079 HGF 0.50 0.0010
. g ¥ | , The first component of the MLE is denoted by (). The = =-== == %0%%s  Hes 049 00012
L, == 1nming ]: L.-I. } Patient ID = 365 . ] 5 CPEB4 0.59 0.0162 NF1 0.47 0.0016
o el Ag<- 68 4 yeacs i standard errorse{ 5;(«)} can be computed from the observed
. z . Censoring Time SAVIBIIIE ANEY A0S information matrix®. The P-vglue is computed by the Wald test. .. v 0.92  0.0419 ENG -0.37  0.0139
We implement the computation R compound.Cox package®. 16 HMMR 052 00481 CKMTIA  -041  0.0155
fz. ( ('):. =0 ) Su rVivaI t| me For a fUture SUbJeCt W|th COvanate X = ( X1 ..... Xp )’, the SurV|Va| Gray shading = appear in both univariate selection and the proposed method.
_ — T —— } >e precs)llctlon cag be madﬁ by tAh(e )E)ro(grlo(stl)c mdgx((ljl)) defined We compare the performance of the two methods in terms of
ntr = _ — X. — R ] - . .
’ { Metastasis) as Pli@) =P (a)x , where pla) =(/(a),- fy(a the ability to separate the good and poor prognosis groups in
the testing sets (see Fig. below):
* T and U may positivelybe dependent 3.3 Choice of association parameter J ( J )
i fiahili i ' 10
If the independent censoring assumption is violated, univariate Pk“Thto (;[hren ”O”Lde%tlfl?.?t:'lt){n?fr rgo?pnetlrr\]g nsk(s) (rjata r, thﬁ .
: : : o . T .
Cox regression analyses may not correctly identify the effect of o oo ?]’ pﬁv' e”,' ° 1o da on o Urapp doac L n =62 testing set
each gene and thus may fail to select truly effective genes. maximizing the narrells Concordance measure ( cindex ) 5 e
defined as
= = = ——————— = {1t <t )I(PL (@) > Pl ()8 +1(t, <t )I(PI (@) > Pl ()5, } .
‘ ~ 2. Univariate Selection —  [VN= | ! ’ !  celect16ecne Predict
The approach called univariate selection is performed using a ;{'(ti <)o+t <)o)} 1. Univariate selection
univariate Cox regression for each gene, one-by-one. Then @ Therefore we set & = argmaxCV () . 2. Proposed method -

subset of genes that have low P-values is selected from the -
univariate analysis. |

4. Simulations

Specifically, let X; = (X, ..., %, )’ be genes from individual i. We - We compare the performance of the proposed method with the
observe (1,9, % ), where t; =min{T,,U; } and 6, = KT, <U; }. univariate selection via simulations. Data are generated from _

Plia) = -EII:'::E:I 3 Bl E‘lﬁ () %

Univariate Cox regression on proportional hazard models the Clayton copula with exponential margins: 'he proposed method leads to a slightly better separation of
sx - the good and poor prognoses (P-value = 0.112) compared to
h(t|x;)=hy; (e, j=1..,p Pr(T, >t,U, >u|x ) =(ep{-t" }* +exp{-ue"™ ¥*-1)"*. thatin the univariate Cox regression method (P-value = 0.146)
is performed one-by-one for each |. The resultant estimator 3;is \We set p=v e R™ which yields approximately 50% censoring. (see Fig below);
USGd tO Obtam the P'Value fOI' the Wald teSt fOI' Hoj :ﬂj ZO. One We Compare the performance Of gene Se'ec“on in terms Of Univariate Cox Proposed method
selects genes thqt exhibit smaller P-values than a threshold. sensitivity and specificity. Let (P, -~ ,P,) be a vector of P-values - o T[
The estimator 4; can correctly identify the true #; underthe  obtained by a gene selection method (univariate selection or | —, """ e e
so-called “independent censoring” assumption®: proposed method) and let P, be the ¢ smallest P-value. Then, _ l i} LLHH
p p ) é © é ©
Assumption | (Independent censoring): Sensitivity = {;'(Pj <P £ 20)/ ;'(ﬂ j * 0))>><100 (%) - L
The survival time T; and censoring time U, are conditionally is the percentage of selecting truly effective genes while 7 7
independent given a gene X; foreach J=1... p . - : : 5 - 5 -
Specificity =4 > 1(P; > Ry,, B; =0)/ > 1(8;=0) 1x100 (%) m m
— 3. Proposed method | is the percentage of not selecting non-effective genes. o 1w ® @ o o w @
Larger values of sensitivity and specificity correspond to ortne Vorihs

3.1 Copula-based model
We propose adjusting for the effect of dependent censoring by
modeling the dependency with a survival copula®?3:

better gene selection ability. We report the results in terms of
the average of 50 Monte Carlo replications (see below).

6. Conclusion

Comparison based on n = 100 samples and 50 replications. 1) We Propose a COPU|a-baSGd gene selection method.
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