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Abstract

With competing risks data, one often needs to assess the treatment and covariate effects on the
cumulative incidence function. Fine and Gray proposed a proportional hazards regression model
for the subdistribution of a competing risk with the assumption that the censoring distribution and
the covariates are independent. Covariate-dependent censoring sometimes occurs in medical
studies. In this paper, we study the proportional hazards regression model for the subdistribution
of a competing risk with proper adjustments for covariate-dependent censoring. We consider a
covariate-adjusted weight function by fitting the Cox model for the censoring distribution and
using the predictive probability for each individual. Our simulation study shows that the covariate-
adjusted weight estimator is basically unbiased when the censoring time depends on the
covariates, and the covariate-adjusted weight approach works well for the variance estimator as
well. We illustrate our methods with bone marrow transplant data from the Center for
International Blood and Marrow Transplant Research (CIBMTR). Here cancer relapse and death
in complete remission are two competing risks.
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1 Introduction

Biomedical research often involves competing risks in which each subject is at risk of
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failure from K different causes. For competing risks data, one only observes the first event to
occur and this precludes the occurrence of another event. Also, one often wishes to estimate
and model the cumulative incidence function (CIF), which is the marginal probability of
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failure of a specific cause. The standard approach of modeling CIF is to model the cause-
specific hazard functions for all causes. Let A(t; Z) be the kth conditional cause-specific
hazard (k= 1, 2 for simplicity), where Z is given set of covariates. The CIF of cause 1 given
by Zis

Fy (t;Z)=P (f <t, e:l\Z) :fé/\l (8;2) exp [—ff; {M (4, 2) + X2 (u;2)} du] ds,

where 7 is the failure time and < indicates the type of failure. Here, all cause-specific
hazards need to be modeled adequately and correctly. Note that the cumulative incidence
function F4(t; Z) is a subdistribution function since F1(oo; Z) < 1. Prentice et al. (1978) and
Cheng et al. (1998) proposed using Cox (1972) proportional hazards model for all causes.
Alternatively, Shen and Cheng (1999) considered a special additive model, and Scheike and
Zhang (2002, 2003) proposed and studied a flexible Cox-Aalen model, which allows some
of the covariates to have time-varying effects. Since the cumulative incidence function of a
specific cause is a function of cause-specific hazards for all causes, it is difficult to
summarize the covariate effect (Zhang and Fine, 2008) and to identify the covariate effect
on the cumulative incidence function. However, regression methods have been developed to
directly model the cumulative incidence function. Fine and Gray (1999) (FG) developed a
regression method to directly model the CIF by modeling the subdistribution hazard
function through a Cox type regression model,

i (t,Z)=—dlog {1 — F}, (t;2Z)} /dt=\}, (t) exp (B} Z) based on early work by Gray
(1988) and Pepe (1991). FG proposed using an inverse probability of the censoring
weighting (IPCW) technique to estimate the regression parameter By and cumulative

baseline subdistribution hazard function A}, (t) = [£ A} (s) ds. This approach has been
implemented in an R-package, cmprsk. FG's model has been considered and used
extensively in cancer studies, epidemiological studies, and many other biomedical studies
(Scrucca et al., 2007; Wolbers et al., 2009; Kim, 2007; Lau et al., 2009). Let

r(t)=1 {C > (f N f) } and G¢(t) = P(C > t), where C is the censoring time. Fine and

Gray's approach is based on the fact that £ [T (t)/Ge {(f A C) A f} |Data] =1 provided
that censoring time is independent of the covariates, and FG proposed using the Kaplan-
Meier estimator to estimate the unknown censoring distribution G¢. However, in biomedical
research studies, the censoring time may depend on some of the covariates and the treatment
group. In a clinical trial, patients may be more likely to drop out with some specific value of
covariate characteristics, and one treatment group may have a higher dropout rate than the
others (Mai, 2008). DiRienzo and Lagakos (2001a,b) showed that when the distribution of
censoring depends on both the treatment group and the covariates, in general the null
asymptotic distribution of the score test is not centered at zero when the model is
misspecified, the tests of treatment group effect can be severely biased. Heinze et al. (2003)
showed that if the censoring distributions are not similar in the two comparison groups, the
log-rank test and fitting a regression model, such as fitting a proportional hazards model,
may not be valid. For the competing risks data, one can show that

E [r (t) /G { (T A C) At Data} |Data] =1, where G { (T A C) At|Datal is the
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conditional censoring distribution given by Data. Thus, parameter estimates using the
inverse probability of censoring weighting approach with the Kaplan-Meier estimator may
be biased when the censoring distribution depends on some of the covariates. To adjust the
IPCW when censoring distribution depends on some of the covariates, Fine and Gray (1999)
suggested using a stratified Kaplan-Meier estimator for the discrete covariates and assuming
the Cox model for the continuous covariates. In this study, we considered a regression
model for the censoring distribution, such as a Cox proportional hazards model, and using
the predicted censoring probability for each individual subject for the weight function. With
the Cox model adjusted weight, we derived an efficient variance estimator which includes
variation contributed from estimated censoring distribution, and we performed a simulation
study to examine the bias that would arise without adjusting covariates for estimating the
censoring distribution, potential bias reduction and robustness of using the Cox model for
the censoring distribution. Furthermore, Fine and Gray proposed using a stabilized factor

G (t) with inverse weight ™ () G (t) /G, {(f A C) A t}. Our simulation indicates that
this stabilized weight improves the efficiency and reduces the bias, but not enough. With the
Cox model adjusted weight function, we also considered using a stabilized weight

r(t) G, (t| X =2) /G, { (f A C) A t|X=$} to improve efficiency and to reduce bias,
where X is the covariates, which is associated with the censoring distribution and could be a
subset covariates of Z.

The outline of the remainder of the paper is as follows. In Section 2 we describe the
competing risks data structure. We introduce a regression-adjusted inverse weighted
estimation for the proportional subdistribution hazards model and present the asymptotic
results that can be used for inference. Simulation studies are provided in Section 3. In
Section 4 we analyze two real data sets, which were originally studied by Kumar et al.
(2012) and by Ringdén et al. (2012) using data from the Center for International Blood and
Marrow Transplant Research (CIBMTR). Concluding remarks are provided in Section 5.
The proof of the main asymptotic result and the simulation procedure are given in Appendix
A and B, respectively.

2 Data and covariate adjusted censoring weight

Let 7; and C;j be the event time and right censoring time for ith individual, respectively. ; €
{1,...,K} indicates the cause of failure. For simplicity, we assume K = 2 in this study. Let

Ti=min (ﬁ, Ci) and Ai=5 (ﬁ < C'i). We observe n independent and identically
distributed (i.i.d.) data {T;, &, Ajej, Zi} fori =1, ..., n, where Z;i = (Zi1,..., Zig)" are
associated covariates. We assume that (7}, ¢,) are independent of C; given covariates of Z;.
We are interested in modeling the cumulative incidence function of cause 1, Fy(t; Z). Based
on Gray (1988) subdistribution hazard technique, Fine and Gray (1999) proposed a
proportional subdistribution hazards model

—dlog {1 —F1 (t,2)}

AN (t:,2)=
1(a ) dt

=A1o (1) exp {552} (21)

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

HE et al.

Page 4

There is a direct relationship between the CIF and subdistribution hazard function:

F, (t;Z)=1— exp {— (ff)/\iko (u) du) eﬂ(}Z} .

Let N} (t) =1 (ﬁ <t 61‘:1) be the underlying counting process associated with cause 1.
For right censored competing risks data, N} (¢)and Y;* (t) =1 — N} (¢~)are not fully
observed. For a censored individual, they are only observed up to the censoring time C;.

Define 7i (t) =1 {Ci 2 (ﬁ N t) } Then r; (t) N} (t)and r; (¢) Y; (¢) are computable for all
times t. Let Gg(t; Z) = P (C = 1|Z) be the conditional censoring distribution. Based on the
assumption that given covariates Z the event time and censoring time are independent and
the models are formulated as standard regression models conditional on Z, it then follows

that given Z
T,¢, Z} ‘Z]

—E {E{Nl(t) \T,e,Z}%Z}

r(N'(t)
E { G (TAt;Z)

_ r)N' (1)
Z} =LK {E {GC(T/\t;Z)

FG proposed using an inverse probability of the censoring weighting (IPCW) approach to fit
the model (2.1) and proposed an IPCW weight function

~ KM ~ KM ~ KM . . .
WfM () =r; (1) G, (t) /G, (Ti At), where G, (t)is the Kaplan-Meier estimator for
the unknown censoring distribution. FG proposed estimating the unknown regression
coefficient 3 by solving the score equation

Sy (w) V] (u) Z; eap {Wﬁ} wi ™ (w) N} (u) =0,

Ui (B) :Zi:fo {Zi - ijJKJW (u) le (u) exp {/BTZj} '

where < is is end of the study time point, and denote the estimate as BKM. FG showed that

under regularity conditions and the condition that the censoring distribution is independent

of covariates, ﬁAKM is consistent for B and derived large sample properties for

~KM

Vvn (BKM - /30) and vn {Alo (t) = Ado (t)}, where the cumulative baseline
subdistribution hazard A%, (t) =[5 A}, (u) is estimated by

KM 1
~ KM t wit ™ (u) ANy (u)
Ay (1) :Zfo 3y, . e .
T Sjwit (w) Y (u) exp {ﬂKMZj}

It has been shown that in biomedical research studies the censoring time may depend on
some of the covariates and the treatment group. To make asymptotically unbiased inference,
we needed to model the censoring distribution and to estimate the censoring survival
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probability, G¢(T A t; Z;), for each individual. In this study, as suggested by Fine and Gray
(1999), we considered the commonly used Cox proportional hazards model for the censoring
distribution,

Ao (t;Xi) =g (t) erp {VgXi}7

where X is the covariates associated with the censoring distribution and can be a function or
subset of Z;. In practice one can use the standard model checking procedure to check the
Cox model assumption for the censoring distribution and use the standard model building
procedure to identify the risk factors which are associated with the censoring time. Let x; be
the fixed observed value for the ith individual's covariates, we estimate the predicted

censoring survival probability G (t;z;) =P (C>t| X;=x;) =exp {—A, (t) exp (1J=;)}
by

A, COX N ~

G () =exp {~Ag, (8) ezp (372}, (@2)

where 4 is a maximum partial likelihood estimate for yo and ]\CO (t) is the standard Breslow

estimator for the cumulative baseline censoring hazard A, (t) =[{ Ao, (u) du. Note that, any
administrative censoring events at time t are not considered as events in the regression
estimation. In this study, we considered a covariate-adjusted IPCW weight function

. ~ COX A COX
Wy % () =ri ()G, () /G (T A tsa).

7

We estimated f in model (2.1) by solving the score equation

(u)dN}! (u) =0, (23)

Z]-@JCOX (u) le (u) Zjexp {B7Z;} } 4 COX
S0 () V] () eap (5725} J

UCOX (ﬂ) :ng {Zz -

and denoted the estimate as BCOX. Then we estimated A, () by

~ COX

~COX 1
_ t ;" (u) ANy (u)
Ay (1) —Zi:fo £,00%

()} () eap {5025}

Under regularity conditions (given in Section 6.1)), it can be shown that (see (6.6))

T e

where Q = lim_ N coxBo). 1coxB) = —0{Ucox(B)}/dB, and Q can be estimated by
Q=n"'I, (B) Furthermore (see(6.4)),

n 20 (Bo) :n—l/zzi ( ?OXMJJ?OX) +05 (1), where explicit expressions for ¢°OX
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and ¢ SX are given in the Appendix A. The quantities can be estimated by plug-in

estimators denoted by ¢€OX and COX, respectively. It follows that V7 (ﬁcox - .30)
converges in distribution to a mean zero Gaussian distribution with an asymptotic variance
that can be estimated by

. cox_nz (‘)[,cox) QZW{ICOX (BCOX> }—1 {Z(é\SOX_HZ}?OX)@?} {ICOX (@COX) }71,

7
where a®2 = aaT for a column vector a.

cox i
Similarly (see (6.10)), \/_{Alo (t) ~ } 1/22 W™ () +o,, (1), which

converges weakly to a mean zero Gaussian process with asymptotlc variances, which can be
estimated by

S (=3 {5 o)

i

Explicit expressions for W9 (t) and Ii’,cxgx (t) can be found in the Appendix A.

For a given set value of covariates, 7, the predicted CIF of cause 1 can be estimated by

K]V[ ~KM
(t;z0) =1 — exp {_Alo (t) exp (ﬂxmzo)}or

ACOX ~
(t:20) =1 — exp {_Alo (t) exp (ﬁ cox 0)}respectively. Fine and Gray (1999)

derived the large sample property for v/ {F1 (t;z0) — I (t;zo)} when the censoring
distribution is independent of the covariates. When the censoring distribution depends on the
covariates through a Cox model, by the functional Delta method it follows that

COX
Vn {F1 (tiz0) — F1 (t;Zo)} converges in distribution to a Gaussian process with mean

zero and asymptotic variances, which can be estimated by

{1 - FCOX (t;Zo)} Z{W (t; Zo)}27

7

where

CO COX

Wy (t20) =exp (Bloy 2 ){A10 ) (Woe ) 20T as (t)}

Resampling techniques can be used to construct confidence bands for A7 (¢) and F(t;Zp)
(Lin et al., 1994; Scheike et al., 2008).
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3 Simulations

3.1 Study 1

We compared the finite-sample performance of the estimator using the covariate-adjusted
censoring weight to the unadjusted estimator using the Kaplan-Meier estimator for the
censoring distribution. Two simulation studies were considered to examine the potential bias
reduction with the covariate-adjusted censoring weight estimator. For the first study, we had
one binary covariate. For the second study, we considered one binary covariate and one
continuous covariate. In both studies, we compared the performance of estimators using two

weights, & (t)and 9% (¢), respectively.

The regression model below has one binary covariate Z. Given Z, the cumulative incidence
functions are given by

exp(BZ)

Fy (t,2)=1 — {1 —p(l —e*t)}

and

B (,2)=(1 — p)eﬁp(ﬂz) {1 _ e—tew(ﬁz)} ,

where p = Fq(oo|Z = 0). We let p=0.66 and Z be a Bernoulli random variable, with value 1
for half of the sample and O for the other half. For each setting, we simulated 10,000
replicates with sample size of n = 100 and 300, respectively (detailed simulating procedure
is given in Appendix B). We set 3 = 1 and considered the following three simulation
scenarios.

Scenario 1 Censoring times are independent of Z:
Generate censoring times from an exponential distribution ~ exp(Ac)

Set Ac = 0.556 for 30% censoring, A¢ = 1.342 for 50% censoring

Scenario 2 Censoring times depend on Z by a Cox model:
Generate censoring times from a Cox model, A¢(t/2) = ¢ exp(Bc2)
Set Bc = 2.5 and ¢ = 0.137 for 30% censoring
Set B¢ = 2.5 and ¢ = 0.391 for 50% censoring

Scenario 3 Censoring times depend on Z, not by a Cox model:
C~U(0.25, 4.00), if Z=0, C~ U(0.07, 1.12), if Z = 1 for 30% censoring
C~U(0.25, 2.00), if Z=0, C~ U(0.06, 0.46), if Z =1 for 50% censoring

The regression coefficient p was estimated by the methods described in Section 2. We report
the average of bias (Bias), the sample standard deviation of 3 (SD), the average of estimated

standard error (5) using formula given in Appendix A, average of standardized bias

(Std- B=FE { |8 — B1/6), the coverage probability of B, and the mean squared error (MSE).

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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Table 1 shows the simulation results. We also examined the potential bias of estimating the

cumulative baseline subdistribution hazard, A%, (¢), using both weights at a set of time
points, t = (0.25, 0.5, 0.75, 1.00)T. Figure 1 shows the simulation results.

The simulation results show that when the censoring time depends on the covariate (scenario
2 and 3), the unadjusted estimator produces significantly biased results, and the estimator
using the covariate-adjusted censoring weight provides satisfactory results where the biases
are all close to zero. Both estimators give satisfactory variance estimates and have almost
identical sample standard deviations (see scenario 2 and 3 in Table 1). Regarding the
cumulative subdistribution hazard estimators, estimates using the Cox model adjusted
weights have smaller biases compared to those using the unadjusted Kaplan-Meier weight at
almost all time points (see Figure 1). Simulation results also indicated that the estimator
using the Cox model adjusted weight provides satisfactory results when the Cox model is
not the true model for the censoring distribution (see scenario 3 in Table 1 and Figure 1). In
scenario 1, where the censoring distribution is independent of the covariate Z, both
estimators provide satisfactory results in estimating the covariate effect and cumulative
baseline subdistribution hazard function. Both estimators also have almost identical sample
standard deviation and similar MSE, which indicate that the potential efficiency losses from
modeling the censoring distribution are minimal when using covariate-adjusted censoring
weights.

The regression models below have one binary covariate Z; and one continuous covariate Zy.
Given Z; and Z,, the cumulative incidence functions are given by
_ N\ exp(B1Z1+P222)
Fy (t:21:25) =1 — {1 —p (1 —e t)}

and

Fo (623, 22) =(1 - ) VAT [ ot

We let p = 0.66, and Z; is a Bernoulli random variable, with a value 1 for half of the sample
and 0 for the other half. Z, is a N(0,1) random variable. We set ; = 1, B, = 0.5 and
considered the following four scenarios.

Scenario 1 Censoring times are independent of Z; and Z,
Generate censoring times from an exponential distribution ~ exp(\¢)

Set Ac = 0.547 for 30% censoring, A¢ = 1.352 for 50% censoring

Scenario 2 Censoring times depend on Z; by a Cox model
Generate censoring times from Ac(t|Z) = hc exp(Bc1Z1)
Set Bcy = 2.5. Set A¢ = 0.137 for 30% censoring,
Ac = 0.397 for 50% censoring

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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Scenario 3 Censoring times depend on Z; and Z, by a Cox model
Generate censoring times from A¢(t|2) = Ac exp(Bc1Zy + BeaZo)
Set ey = 2.5, B = 2.5. Set A = 0.082 for 30% censoring,
Ac = 0.389 for 50% censoring

Scenario 4 Censoring times depend on Z;, not by a Cox model
C~U(0.25, 4.00), if Z, =0, C ~ U(0.07, 1.14), if Z, = 1 for 30% censoring
C~U(0.25, 2.00), if Z; = 0, C ~ U(0.06, 0.438), if Z; = 1 for 50% censoring

For each setting, we simulated 10,000 replicates with n = 100 and 300. The regression
coefficients B, and 3, were estimated by the methods described in Section 2. Table 2 shows
the simulation results. We also examined the potential bias of estimating the cumulative
baseline subdistribution hazard, A%, (¢), using both weights at a set of time points t = (0.25,
0.5, 0.75, 1.00)" for selected scenarios. Figure 2 shows the simulation results.

This simulation study shows similar results as in study 1. The unadjusted estimator produces
biased results when the censoring distribution depends on the covariates (scenario 2 to 4),
and the estimator using the Cox model adjusted weight provides a good bias reduction. Both
estimators give satisfactory variance estimates for both parameters. Regarding the
cumulative baseline subdistribution hazard estimates, estimates using the Cox-adjusted
weight have smaller biases at almost all points (see Figure 2).

Both simulation studies show that the unadjusted estimator produces significant biased
results when the censoring time depends on the covariates and the proposed estimator using
covariate adjusted weight works well in bias reduction.

4 Real data examples

4.1 Example 1

We considered data from multiple myeloma patients treated with allogeneic stem cell
transplantation from the Center for International Blood and Marrow Transplantat Research
(CIBMTR) (Kumar et al., 2012). The CIBMTR is comprised of clinical and basic scientists
who share data on their blood and bone marrow transplant patients with the CIBMTR Data
Collection Center located at the Medical College of Wisconsin. The CIBMTR has a
repository of information regarding the results of transplants at more than 450 transplant
centers worldwide. The data used in this paper consist of patients transplanted from 1995 to
2005, and we compared the outcomes between transplant periods: 2001-2005 (N=488)
versus 1995-2000 (N=375) (Kumar et al., 2012). Two competing events are multiple
myeloma relapse and treatment-related mortality (TRM) defined as death without relapse.
The CIBMTR study (Kumar et al., 2012) identified that donor type and prior autologous
transplantation were associated with relapse or TRM. The variables considered in this
example are transplant time period (GP (main interest of the study): 1 for transplanted in
2001-2005 versus 0 for transplanted in 1995-2000), donor type (DNR: 1 for Unrelated or
other related donor (N=280) versus 0 for HLA-identical sibling (N=584)), and prior
autologous transplant (PREAUTO: 1 for Auto+Allo transplant (N=399) versus 0 for
allogeneic transplant alone (N=465)).

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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First, we fit a Cox model for the censoring distribution where relapsed or dead individuals
are considered as censoring subjects. The hazard ratios (HR) are: HR(GP)=6.42 (P <
0.0001); HR(DNR)=0.48 (p = 0.0018); HR(PREAUTO)=1.73 (p = 0.0013). These results
indicate that the censoring distribution depends on the transplant time period, donor type and
prior autologous transplantation. Next, we fit a proportional subdistribution hazards model
(2.1) with the Kaplan-Meier estimated unadjusted weight and the Cox model adjusted
weight, and we computed the predicted cumulative incidence probability for a patient who
received an HLA-identical sibling donor allogeneic transplantation in 1995-2000 or in
2001-2005 (see results in Table 3—4 and Figure 3). Both weights give similar estimates for
TRM. However, for cancer relapse, the regression estimate of the main treatment effect are

(5=0.38 and 3=0.54 by unadjusted weight and Cox model adjusted weight, respectively. At
three years after transplant, the differences in cumulative incidence of relapse between late
and early transplant (TX) patients are 0.09 (CIF=0.34 for the late TX versus CIF=0.25 for
the early TX) and 0.13 (CIF=0.35 for the late TX versus CIF=0.22 for the early TX) by
unadjusted weight and Cox model adjusted weight, respectively. The unadjusted weight
underestimates the effect size of CIF of relapse by 4% compared to the point estimate using
the Cox model adjusted weight (Table 4). Underestimated effect size counts about 14%
(0.04/((0.22+0.35)/2)) of estimated average CIF, which leads to quite a large relative bias.

4.2 Example 2

We considered another CIBMTR study data set (Ringdén et al., 2012) that consists of 177
myeloma patients who received a reduced-intensity conditioning allogeneic transplantation.
Cancer relapse and TRM were two competing risks in this study. 105 patients received prior
autologous transplant, and 72 patients received allogeneic transplant alone. We were
interested in transplant type effect on relapse and TRM. Let PREAUTO be the indicator of
transplant type (1 for Auto+Allo transplant versus 0 for Allogeneic transplant alone). Here
the censoring distribution depends on the transplant type (p = 0.0047). We fit a proportional
subdistribution hazards model (2.1) for PREAUTO with unadjusted weight and Cox model

adjusted weight, respectively. For relapse, we have 3 —0.34(6=0.25),

cox

A

exrp (/6c0x> =0.71 and BKM: —0.41 (6=0.25); exp (3,@\,,) =0.66, Here the Cox model
adjusted weight reduces a relative bias of 21% ((0.41 - 0.34)/0.34).

5 Concluding remarks

We have shown that the competing risks regression based on IPCW techniques may be
biased when the censoring distribution depends on the covariates and the biases could be
significant for fixed sample sizes. We considered a regression model for the censoring
distribution, and used the Cox proportional hazards model to predict the censoring weight
for each individual.

Clearly, using the Cox model to estimate the censoring weights rely on this model fitting
well. Our methodology may be adapted to deal with other regression models for the
censoring distribution, for example additive hazards models that are more flexible. Efficient
variance estimator, which includes variation contributed from estimated censoring
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distribution, needs to be derived for any alternative model-based weight function, and a
computing package needs to be further developed as well.

The censoring time could depend on a time-dependent covariate, but in this case the
predictions given the fixed covariates of the competing risks regression model may be hard
to get, and this is generally not directly feasible. As Kalbfleisch and Prentice (2002) pointed
out that the predicted survival probability is no longer feasible for a random (internal) time-
dependent covariate. Further study will be needed.

Recently, the inverse probability of censoring weighting (IPCW) technique (Robins and
Rotnitzky, 1992) has been used extensively for right-censored survival data and,
specifically, for completing risks data. It has been shown that regression modeling of the
censoring distribution can be used to improve the efficiency of the IPCW technique (Bickel
et al., 1993; Van der Laan and Robins, 2003; Scheike et al., 2008) even if the censoring
distribution is independent of the covariates. In this study, we showed that the covariate-
adjusted IPCW technique can be used to reduce bias for modeling the subdistribution hazard
function when censoring depends on the covariates. In general, the covariate-adjusted IPCW
technique should be considered to improve efficiency and reduce bias.

We have developed an R-package, wtcrsk, which is available on CRAN.

6 Appendix A

Here we present regularity conditions and give detailed proofs for the asymptotic properties

of BCOX and ]\foox (t)- Similar arguments can been seen in Ghosh and Lin (2002). First,
assuming the censoring distribution depends on covariates X through a Cox proportional
hazards model where X could be a subset covariates of Z,

Ac (t;X) =Aco ( ) exrp {70 }

Let NZ,C (t) =I (T; < t;A;=0), Yi(t) = I(Tj = 1), Uc(y) be the partial likelihood for the
censoring time, and

S ( ZY t) XPF exp {yT X}, for k=0,1,2

s(ck) (v,t)=FE {Yl (t) X?kewxl} , for k=0, 1, 2.

Further, let

S® (3,t) == ZACOX ()Y (t) Z5%exp {872}, for k=0,1,2.

COX

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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s, (8,6 =B {Y] (£) G5O (6X1) Z5%e” D1} for k=0,1,2,

COX

where GSOX (t:X) =exp{—A, (t) exp (y§ X)}and A, (1) =/} Ao (u) du.

We assume the following regularity conditions to be hold throughout the appendix.

6.1 Assumptions
(A1)
(A2)
(A3)
(B1)

(B2)
(B3)

(C1)

(C2)
(C3)

6.2 Preliminaries

{7 Xi, Zi, Y1, By, &}, i = 1, ..., n, are i.i.d. instances of {7, X, Z, YL A, €}
7 and C are independent conditional on X, Z.
There is a maximum follow-up time © < co such that P(T > 1) > 0.

The hazard for the right-censoring times is A\, (¢;X) =X, (¢) ezp {7{ X },
where [T, (t) dt<ooand v ¥, for a compact ¢.

The covariates X are bounded almost surely.

The matrix
3 (y0,t) s (70, 1) o2
Q.=[; |-¢ L -g ’ 5 (0, 1) Ay, (£) dt
‘ fo |:S(CO) (’Y()at) {SE‘O) (fYOat)} ¢ ( ’ ) « ( )

is positive definite.

The subdistribution hazards for cause one is A} (¢|Z) =\, (t) ezxp (3] Z), Where
JoATo (t) dt<oc and Ao = %, for a compact 4.

The covariates Z are bounded almost surely.

The matrix
(2) t (1) t
g [Speod) {2 BBl wal L0 (o015, 0
Scox (/30’ t) Scox (/30’ t)

is positive definite.

To estimate the censoring distribution we use Cox regression with the roles of -and C
exchanged. Any administrative censoring events at time © are not considered as events in the
regression estimation. From assumption (B1) the censoring process NE(t), for 0 <t < <, has
intensity on the Cox model form. For this process, conditions (A1), (A2), (A3), (B1), (B2),
and (B3), are sufficient to fulfill the conditions for the large sample results on the Cox model
of Andersen and Gill (1982) (see their Theorem 4.1).
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Let 4 and ]\co be the Cox estimates of yg and Acg, and let

~COX N A
Go (X =exp {~A, (1) exp (17 X0) }

By the arguments given by Andersen and Gill (1982), see also Equation (2.1) of Lin et al.
(1994), we have

COX

(t:X5)

GCOX tX
—Geox (1x,) = Ze Xy

+o, (n_1/2> ,

COX.,j

) (70, ) } e(vaxz-mu <t]| ¢
¢ i dM3(u)
s9 (70, u) J

Zf {hT (t,0,X;) Q" {Xj -

where Q¢ was defined in (B3), and

(707 )

s
b (t,u, X) =e(6X) [t _ U{X (C> o)
Sc 0,V

} dAg, (v) 5

and

Mg () =NE (t) = [oYi (w) exp {1 X} dAg, (u),

is a martingale with respect to the censoring filtration. Note that by (6.1),

OX(t;X,;) GgOX X))
égOX(Ti/\t;Xi) GOX(T;NGX;)
~,COX
=I(T;<t) -

GoOM(T1X0) ~GEOX (T X )}

°"<T1,X >GC°X<E,X )
OX (4, X;) (6.2)
=~ 1(Ti<t) ez

(1) Tx,;
1 % O-1 8¢ () 0T (T, <u<t) C
g nJ;fu:o [hT (.15 X1) {XJ sg” (v0,u) } * 5% (0,u) Moox; (1)
+o, (nil/Z) .

Let w X (t) =r; (t) GSO (1:X;) /GEOX (T; A t; X;). From the i.i.d. assumption (A1) and
the boundedness implied by (A3), (B1), (B2), (C1) and (C2)

(8:1)

{ Goo% (1:x,) GOOX (1:X,)

i=1 nid C?SOX (T AtX;) GO (TingX)

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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uniformly int e [0, t] and B € %, by (6.2) and the uniform weak law of large numbers. Also
note that, by the same assumptions, the limit is bounded from above and bounded away from
zero, and we may take derivatives by differentiating under the integral sign.

6.3 Asymptotic normality of n=12Ucox(Bo)
The IPCW score function (2.3) for p evaluated at g is

UCOX (,30) ZJO {Z ﬁ)@} QEZCOX (t) d]\{il (t)

(,ox (/80: )

it
=% i {2 ) weox gy anet o
1= COoxX ?

n (1)
+Z:1']6 {ZZ - M} {ﬁ)iCOX (t) — wlCOX (t)} d]ull (t) +0P (nl/2) .

SSx (Bost)

The first term on the right-hand side above is a sum of mean zero i.i.d. random variables.
From (6.2), the second term on the right-hand side is

no sgox (Bos ) G X)) GEOX(1Xy)
Zfo {Zi — = 0 } i (t) { ~COX GSOX (T.:X,) dM} (t)

=1 (‘OX (ﬂOa ) G (TZ,X)
S 6.3)
+o, (nl/Q) ,
where
a” ()
n (1
i Lo )
roeeni Scox (/807 )
(EX) T (u <
hTmibst%l{x-—s&(%””}+f e PO
S (707”) Sc (VU’U)
Thus,
L 1 = COX COX
NG Uqox (Bo) = \/—; ( +; ) +o, (1), (6.)
where

(1
C“ﬁ% —ﬁﬁﬁﬁ}wmwwﬁm,
'S(‘OX (50 ) t)

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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COX_ ) (1) aMS (1)

COX,i

and (mc OX+1/JCOX> are independent and identically distributed zero-mean variables.

6.4 Consistency and asymptotic normality 5___

I

COX

Consider the derivative of Ucox(p) with respect to p. Let

~ Ccox B, élczx B’ “ S
(8)= - B—E;Ucox (ﬁ)‘ =5 { S0 Eg, ? { o gg, 3} } ;w?ox () dN (t).

By the same boundedness arguments as used in connection with (6.2), n”1(B) converges in
probability uniformly in B to a continuous limit such that limp_, . N2 cox(Bo = €2). From
Assumption (C3),  is positive definite, and from the previous section we know that
n~1Ucox(Bo) = 0p(1). Thus, by the argument in the proof of Theorem 2 of Foutz (1977),

Box CONVerges in probability to fo.

Because Ucox (3COX) =0, it follows that

leox (Pox)
V/n —~cox \Fcox
TU ( ) 1f(l) cox {/BU—HJ (Bcox B ﬂ())} dv \/ﬁ (ﬂfox ﬂ()) ©

Then by the consistency of Beoxrn oloox {ﬁo-HJ (5COX - ﬂo) } dv 5> @, By (C3), Qs
invertible and (6.5) gives that
\/ﬁ ('écox - /80) =0! {%Ucox (/30)} +0, (1)

n 6.6
ot {28 (9% 0% | o, 1), 7

which is essentially a sum of bounded independent and identically distributed variables and
thus by the central limit theorem it is asymptotically normally distributed with mean zero
and variance matrix

Zgong—lE { (§100X+¢fox) (é:oxﬂplcox)T}Q—l.

COX
The variance matrix Z can be estimated by a plug-in estimator

S5 (W52 n R (o)} {50 e ()}

K3

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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where

. Sy (Booxst .
&= z—# WO (t) il (1)
SE8x (Boox-t)

ACOX
_fu 0 11) (U) d‘]\[COX (U)

- S (Boox:t)
— N7 _ Peox Weox: B | s cox
= j;ft:Tj {ZJ S(O) <A t) w; (t)

cox ﬁcox’

S (A,u) ] XN (u<t)
) +

- ~1
h’T (t7Tj’ Xj) {Ic (7)} ! {Xi - ?0 S(O) ('3’ u) d]\/{COX,j (t)
C bl

__U() 5 | 5P 00) (s(@ (m)@? o
Ic (7) - _ZIO { SC(:O) (’y, t) 5((;0) (’y’ t) dNZ (t)

WX (1) anT,,, , (1) =0 (t) N} (1) -0 X (1) V(1) exp (Blo0Z:) dAyy - (1)

~ C R ~
M (o (1) =N (t) = Yi (1) exp (37 Xi) dAy, (2) .-

6.5 Consistency and weak convergence of 35/°*

We first note that A (t) is uniformly consistent for A, (¢) = [ A" () du. To see this,
write

ACOX( )d]\fl

~ COX 1 1
A —A%, ( - _ ~COX
10 (&)—=Af( ZJ COX (Bos ) ZJO { COX ('écox’u) Sé%)x (ﬁo,U)} i (w)
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By the arguments in Section 6.2, the consistency of 3___and the boundedness away from

COX

zero and smoothness of S

oy the right-hand side of (6.7) converges to zero in probability,
uniformly int € [0, T].

Consider the first term on the right-hand side of (6.7). By the same argument as used for
establishing (6.3),

1 & thoX(u)dM.l(u) _1 wCOX( w)dM( 1 _cox(u) co (u) )
w2 o g g O dM;
i=1 ° S(ng(ﬁo’u) Zf Sm)){(ﬁ ZJ S(O)x(ﬂo,u) ) (6.8)
w€ s s]V[ _ .
=1 Z ft O (B, u)( )+ﬁzf0qi2) (u,t) d]\’[ccoxd (u) +o, (n 1/2) ’
Scox =1
where
Y (u,t)
i 1N 1
=— Iim =
n—oon (0)
j=1 SCOX (507 U)
3(}) ('YO>U) e(’Y(T’Xj)I u<v
[h T (0T X5) {Xi -0 }+ © o < )-I w§OX (v) dM] (v).
[ Sc (WO&U) Sc (’}’O,U) J

Similar to (6.5), by a first-order expansion, the last term on the right-hand side of (6.7), is

SCox Boaw) | T ntsn @COX ()N (w) (4 12
I {sﬁ"?im} S o) (Beox = o) o (n717)

—h] (1) 11 Z (TICOX'H/JEOX) +o, (n71/2) ,

(6.9)

where

(1)
o 6) = — i S )

A¥ du.
Scox (IBO:U) 1 (U) ¢

Combining (6.5), (6.8) and (6.9),

COX

Vi R 0 - Mo 0 =W 0, ), o0

where

WEoK () —py (WM (1)

+/0a? (u,) aMS, () +h] () Q7" (nEO¥+y£OX).

Scox Bo,u)

The Wy COX (1) terms are i.i.d. stochastic processes forming a Donsker class indexed by t. To

see this, note that Az}, M, cox.; and EO% are of bounded variation and thus Donsker and that

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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sums of bounded Donsker classes are Donsker (van der Vaart, 1998, Example 19.20,

~ COX N
Example 19.11). Thus, vn {Alo (t) = Ajo (t)} converges weakly to a mean-zero

Gaussian process with variance Sy, - () = { e (t)} The variance can be estimated
by a plug in estimator, EAm (t) —n_lz {W } , where

~COX 1
~ COX o+ W5 (u) dM; (u)
Wi (t
Ay ( ) 0 (0)

coX (ﬁcox ) u)

+178? (u, t) AT DA

COX,i ( )+iLA( )Qi (ACOX'H/G

@ (u,t)

e gesx(; %)

. A1
ijOX (v) d]\ffj (v)

foor xaat [x SP G O
X ('Ua Jo J) [¢ Z_Séo) (fy,u) SéO) (’AY’U)

n s (3
iLA )= — lzjt Siox (ﬁgom u) 4COX () . ().

EECNORPIE

7 Appendix B

Cumulative incidence functions for cause 1 and 2 are generated from

F(t)=1- {1 —p (1 _ 671) }emzv(betaZ)

By () =(1 = p)*?P?) {1 — e terr 0D}

where 0 < p < 1. Generating data step (need to set parameters p and  first):
1. Generate covariate Z

2. Based on p, B and Z, compute P; and P, (probability of type 1 and type 2 failures):
P1 = Fi(00) =1 - (1 - p)®PB2) and P, = Fy(c0) = (1 - p)&PE2)

3. Generate an uniform r.v. Uy ~ U(0, 1). Generate cause of death indicator, 3, by

s [ L <P
"] 2, Otherwise

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.
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4. Basedon =k, k=1,2, compute the conditional probability

Fi.(t)  Fp(t) Fr(t)

Fy, (t) =P (Ty < t]6=k) =P (6=k) Fj(c0) P

5. Generate second uniform r.v. U, ~ U(0,1). Then use inverse distribution method to

generate Ty based on £, (¢).

References

Andersen PK, Gill RD. Cox's regression model for counting processes: A large sample study. The
Annals of Statistics. 1982; 10:1100-1120.

Bickel, P.; Klassen, C.; Ritov, Y.; Wellner, J. Efficient and Adaptive Estimation for Semiparametric
Models. Springer-Verlag; New York: 1993.

Cheng SC, Fine JP, Wei LJ. Prediction of cumulative incidence function under the proportional
hazards model. Biometrics. 1998; 54:219-228. [PubMed: 9544517]

Cox DR. Regression models and life tables (with discussion). J. Roy. Statist. Soc. Ser. B. 1972;
34:187-220.

DiRienzo A, Lagakos S. Bias correction for score tests arising from misspecified proportional hazards
regression models. Biometrika. 2001a; 88:421-434.

DiRienzo A, Lagakos S. Effects of model misspecification on tests of no randomized treatment effect
arising from Cox's proportional hazards model. J. R. Statist. Soc. B. 2001b; 63:745-757.

Fine JP, Gray RJ. A proportional hazards model for the subdistribution of a competing risk. Journal of
the American Statistical Association. 1999; 94:496-5009.

Foutz R. On the unique consistent solution to the likelihood equations. Journal of the American
Statistical Association. 1977; 72:147-148.

Ghosh D, Lin DY. Marginal regression models for recurrent and terminal events. Statistica Sinica.
2002; 12:663-688.

Gray RJ. A class of k-sample tests for comparing the cumulative incidence of a competing risk. The
Annals of Statistics. 1988; 16:1141-1154.

Heinze G, Gnant M, Schemper M. Exact log-rank tests for unequal follow-up. Biometrics. 2003;
59:1151-1157. [PubMed: 14969496]

Kalbfleisch, JD.; Prentice, RL. The Statistical Analysis of Failure Time Data. Wiley; New York: 2002.

Kim H. Cumulative incidence in competing risks data and competing risks regression analysis.
Clinical Cancer Research. 2007; 13:559-565. [PubMed: 17255278]

Kumar S, Zhang M, Li P, Dispenzieri A, Milone G, Lonial S, Krishnan A, Maiolino A, Wirk B, Weiss
B, Freytes C, Vogl D, Vesole D, Lazarus H, Meehan K, Hamadani M, Lill M, Callander N,
Majhail N, Wiernik P, Nath R, Kamble R, Vij R, Kyle R, Gale R, Hari P. Trends in allogeneic
stem cell transplantation for multiple myeloma: a CIBMTR analysis. Blood. 2012; 118:1979—
1988. [PubMed: 21690560]

Lau B, Cole S, Gange S. Competing risk regression models for epidemiologic data. American Journal
of Epidemiology. 2009; 170:244-256. [PubMed: 19494242]

Lin DY, Fleming T, Wei L. Confidence bands for survival curves under the proportional hazards
model. Biometrika. 1994; 81:73-81.

Mai, Y. PhD thesis. University of Maryland; 2008. Comparing Survival Distributions in the Presence
of Dependent Censoring: Asymptotic Validity and Bias Corrections of the Logrank Test.

Pepe MS. Inference for events with dependent risks in multiple endpoint studies. J. Amer. Statist.
Assoc. 1991; 86:770-778.

Prentice RL, Kalbfleisch JD, Peterson AV, Flournoy N, Farewell VT, Breslow N. The analysis of
failure time data in the presence of competing risks. Biometrics. 1978; 34:541-554. [PubMed:
373811]

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

HE et al.

Page 20

Ringdén O, Shrestha S, Tunes da Silva G, Zhang M, Dispenzieri A, Remberger M, Kamble R, Freytes
C, O. Gale R, Gibson J, Gupta V, Holmberg L, Lazarus H, McCarthy P, Meehan K, Schouten H,
Milone G, Lonial S, Hari P. Effect of acute and chronic GVHD on relapse and survival after
reduced-intensity conditioning allogeneic transplantation for myeloma. Bone Marrow
Transplantation. 2012; 47:831-837. [PubMed: 21946381]

Robins, JM.; Rotnitzky, A. AIDS Epidemiology-Methodological Issues. Birkhduser; Boston: 1992.
Recovery of information and adjustment of dependent censoring using surrogate markers; p.
24-33.

Scheike TH, Zhang M-J. An additive-multiplicative Cox-Aalen model. Scandinavian Journal of
Statistics. 2002; 28:75-88.

Scheike TH, Zhang M-J. Extensions and applications of the Cox-Aalen survival model. Biometrics.
2003; 59:1033-1045.

Scheike TH, Zhang M-J, Gerds T. Predicting cumulative incidence probability by direct binomial
regression. Biometrika. 2008; 95:205-20.

Scrucca L, Santucci A, Aversa F. Competing risk analysis using R: an easy guide for clinicians. Bone
Marrow Transplant. 2007; 40(4):381-387. [PubMed: 17563735]

Shen Y, Cheng SC. Confidence bands for cumulative incidence curves under the additive risk model.
Biometrics. 1999; 55:1093-1100. [PubMed: 11315053]

Van der Laan, MJ.; Robins, JM. Unified Methods for Censored Longitudinal Data and Causality.
Springer; 2003.

van der Vaart, A. Asymptotic Statistics. Cambridge University Press; 1998.

Wolbers M, Koller M, Witteman J, Steyerberg E. Prognostic models with competing risks: methods
and application to coronary risk prediction. Epidemiology. 2009; 20(4):555-561. [PubMed:
19367167]

Zhang M-J, Fine J. Summarizing differences in cumulative incidence functions. Statist. Med. 2008;
27:4939-49.

Scand Stat Theory Appl. Author manuscript; available in PMC 2017 March 01.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

HE et al.

Bias-KM 30% Cen Bias-COX 30% Cen Bias-KM 50% Cen

Page 21

Bias-COX 50% Cen

Scenario 1 N=100 8 4
g oot FUSNRESS ) et B
N0 g
g PSR S PRSP Y
g4
Scenarlo2:  N=100 g | /
H —
g e
Neso g / [
g e
8
Scenario3:  N=100 g | //
H ——
g e R B
N0 g '/./"
H .
g e
g J
T P T P s
% w s oo om 1w » © 2 100

Figure 1.

Simulation results (1 covariate) for biases of cumulative baseline subdistribution hazards at t

=(0.25, 0.5, 0.75, 1) T with 30% and 50% censoring, respectively.
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Simulation results (2 covariates) for biases of cumulative baseline subdistribution hazards at
t=(0.25, 0.5, 0.75, 1.00)T with 30% and 50% censoring, respectively.
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Figure 3.
Predicted cumulative incidence probability of relapse and TRM for a patient who received

an HLA-identical sibling donor allogeneic transplantation.
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Table 3

Fit a proportional subdistribution hazards model.

Unadjusted weight

Cox model adjusted weight

Variable

»é; exp(B) (95% CI); P

»é; exp(B) (95% CI); P

RELAPSE

GP

0.38; 1.47(1.16-1.86); 0.0017

0.54; 1.71(1.34-2.20); < 0.0001

DNR

0.39; 1.48(1.18-1.86); 0.0007

0.35; 1.42(1.13-1.78); 0.0027

PREAUTO

0.41; 1.51(1.19-1.91); 0.0007

0.42; 1.53(1.21-1.93); 0.0004

TRM

GP

-0.59; 0.55(0.42-0.73); < 0.0001

-0.56; 0.57(0.43-0.75); < 0.0001

DNR

0.57; 1.76(1.38-2.25); < 0.0001

0.55; 1.73(1.35-2.20); < 0.0001

PREAUTO

-0.38; 0.68(0.51-0.91); 0.0099

-0.37; 0.69(0.52-0.92); 0.0117
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Table 4

Page 28

Predicted CIF of relapse and TRM for a patient who received an HLA-identical sibling donor and allogeneic
along transplantation

Unadjusted Weight

Cox model adjusted Weight

1995-2000 2001-2005 1995-2000 2001-2005

Time | £ ososcry | Famswecyy |1E1—Fa|| Frgswcny | Faesweny |[F1— Fof
RELAPSE
1vYear | 0.16 (0.13-0.19) | 0.23(0.18-0.27) 0.07 0.15 (0.13-0.17) | 0.24 (0.18-0.30) 0.09
3Year | 0.25(0.20-0.29) | 0.34 (0.28-0.40) 0.09 0.22 (0.20-0.25) | 0.35 (0.28-0.42) 0.13
5Year | 0.29 (0.24-0.34) | 0.40 (0.33-0.46) 0.11 0.26 (0.24-0.30) | 0.41 (0.33-0.49) 0.15
TRM

1Year | 0.38(0.32-0.43) | 0.23(0.18-0.28) 0.15 0.37 (0.34-0.41) | 0.23(0.17-0.29) 0.14
3Year | 042 (0.37-0.48) | 0.26 (0.20-0.32) 0.16 0.42 (0.38-0.46) | 0.27 (0.20-0.33) 0.15
5Year | 0.44(0.38-0.49) | 027 (0.21-0.33) 0.17 0.43 (0.39-0.47) | 0.27 (0.21-0.34) 0.16
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