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Abstract

In this paper we consider different approaches for estimation and assessment of covariate effects for
the cumulative incidence curve in the competing risks model. The classic approach is to model all
cause-specific hazards and then estimate the cumulative incidence curve based on these cause-
specific hazards. Another recent approach is to directly model the cumulative incidence by a
proportional model (Fine and Gray, J Am Stat Assoc 94:496-509, 1999), and then obtain direct
estimates of how covariates influences the cumulative incidence curve. We consider a simple and
flexible class of regression models that is easy to fit and contains the Fine-Gray model as a special
case. One advantage of this approach is that our regression modeling allows for non-proportional
hazards. This leads to a new simple goodness-of-fit procedure for the proportional subdistribution
hazards assumption that is very easy to use. The test is constructive in the sense that it shows exactly
where non-proportionality is present. We illustrate our methods to a bone marrow transplant data
from the Center for International Blood and Marrow Transplant Research (CIBMTR). Through this
data example we demonstrate the use of the flexible regression models to analyze competing risks
data when non-proportionality is present in the data.
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1 Introduction

For competing risks data one often wishes to estimate and model the cumulative incidence
function (CIF), the marginal probability of failure for a specific cause. Traditionally, the
standard approach has been to estimate and model the cause-specific hazards, A(t) for k = 1,
..., K causes (Fig. 1).

The cumulative incidence curves and cause-specific hazard functions for all causes contain the
same information represented in different ways, thus leading to a different understanding of
the subject matter. Both quantities are generally of interest. For simplicity we restrict attention
to the situation with just two different causes of “death”, cause 1 and cause 2. In the later bone
marrow transplant example these are disease relapse and treatment related mortality (TRM,
defined as death in remission), respectively. Let Ay(t; X) be the hazard of the kth cause failure
(k =1, 2) conditional on a set of covariates x. The cumulative incidence curve of cause 1 given
by covariates x is defined as
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Pi(tx) =P(T <t,e=1|z)

= [ (s:) exp I—‘ [ sy + A (usz)du | ds,
0 0

where T is the time of “death” and ¢ indicates the cause of failure ¢ € {1, 2}. One can thus
estimate the cumulative incidence function by estimating all cause-specific hazards and
plugging them into the above expression.

When the cause-specific hazards depend on covariates the cause specific hazards, A(t; X) must
be modeled. Cheng et al. (1998) studied the estimation of cumulative incidence probabilities
based on Cox’s regression model for both causes and Shen and Cheng (1999) considered a
special additive risk model. Both models do not allow the covariates to have time-varying
effects. Recently, Scheike and Zhang (2002, 2003 proposed and studied a flexible Cox-Aalen

model, A (t;a, z0)={a] ()i} exp (8] 24}, k=1,2, where Xy is the covariates with first element
to be 1 for all subjects. Here, some covariates, xi have additive and time-varying effects and
other covariates, Z, have constant multiplicative effects. Quite generally one can use the Aalen-
Johansen product limit estimator to estimate the cumulative incidence curves (Andersen et al.
1993). The product limit estimator and other estimators based on estimating the causespecific
hazards are valid as long as, for example, the censoring time and the event time are independent
given the covariates of interest.

Modeling and prediction of survival probabilities and cumulative incidence curves must be
based on well fitting model of the cause specific hazards. It is therefore crucial to carefully
investigate the goodness-of-fit of a suggested model, and that the model is sufficiently flexible
to reflect the important aspects of the data. Scheike and Zhang (2003) demonstrated by practical
examples that when time-varying effects are present in the data, then, obviously, to give good
predictions the applied models must be able to reflect this structure.

Even though estimates of the cumulative incidence curve are relatively easy to obtain by the
above procedure, one problem is that it is hard to summarize the effect of covariates on the
cumulative incidence curve in a simple way. Typically, the important covariate effects for the
cause-specific hazards will influence the cumulative incidence curve significantly, but it is
possible that an effect on the cause specific hazard for cause 1 is countered by an adverse effect
on the overall survival, and then even though the covariate may be highly significant for all
cause-specific hazards it may not affect the cumulative incidence curve for cause 1. Also, it is
possible that some covariates influence the cumulative incidence function, but it may not be
significantly associated with any of the cause-specific hazards. Therefore it is hard to identify
covariates which predicts the cumulative incidence probability through modeling of the cause-
specific hazards.

Fine and Gray (1999) (FG) developed a regression method to directly model the cumulative
incidence function by modeling A;(t;x)= — d log {1 — Py(t;)}/dt. This approach is based on
earlier work by Gray (1988) and Pepe (1991). FG proposed a Cox type regression model where

A (t:x)=27,(1) exp {8 ). This leads to a model for the cumulative incidence curve on the form

Pi(;x)=1— exp {—ATO(I) exp (ﬁTm)},
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where A"fo(l)=f:,/lio(u)du. FG used an inverse probability of censoring weighting technique to
estimate £ and Aj,(7), and studied the large sample properties. This approach is implemented
in the cmprsk package for R developed by Robert Gray.

In this framework it is easy to decide if covariates significantly affect the cumulative incidence
curve for a specific cause of failure. Clearly the FG model may not fit the data well and we
here consider models that can remedy this problem. We aim in particular at representing time-
varying effects in the data that can not be covered by the Cox type model.

We consider a class of general models,

MP(t;2)}=g{n), v, z},

where h is a known link function, g is a known regression function, and #(t) and y are unknown
regression functions and regression parameters, respectively (Scheike et al. 2008 (SZG)).

In this paper we focus on the two classes of flexible models: the semiparametric multiplicative
model

cloglog{l — Py(t:@, )}=n()"z+y"z (1)

and the semiparametric additive model

—log {1 — Py(t;z, 2)}=n(t) "+(y 2), @)

where xisa (p + 1)-dimensional covariate (X = (1, Xy, ..., Xp)), and z is g-dimensional covariate.
These flexible models allow covariates, X, to have time-varying effects and let the other
covariates, z, have constant effects. For survival data (K = 1), the semiparametric additive
model (2) has been proposed and studied by Mckeague and Sasieni (1994). When x = 1, the
multiplicative model (1) reduces to the FG’s Cox type model and the additive model (2) reduces
to the Lin and Ying’s (1994) special additive model, and additive model (2) reduces to the
Aalen’s fully nonparametric additive model when z = 0.

For both models one of the aims of this paper is to suggest tests for the hypothesis that a specific
covariate, Xj has a constant effect over time. In the multiplicative setting this amounts to the
hypothesis Hg: #j(t) = », and in the additive setting Ho: 7 (t) = # - t. This leads to a very useful
goodness-of-fit test for model validation and it is implemented in the function comp.risk in
the timereg package for R developed by the authors. The test is constructive in the sense that
it shows exactly where non-proportionality is present in terms of the covariate effects by simply
considering the estimates of #j (t).

The approach we advocate in this paper is to start out with a model where all effects initially
have non-parametric effects, and then reduce model complexity by successive testing to find
an appropriate semiparametric model that fit the data well. One advanage of this procedure is
that the model reduction in each step is kept to a relatively low degrees of freedom.

The paper is structured as follows. In Sect. 2 we review how one can estimate the parameters
of the model and the asymptotic results that can be used for inference. Section 3 establishes

how to estimate the cumulative incidence curves and how to make confidence bands. Section
4 presents some test procedures for model identification. Section 5 contains a worked example
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where all the methods are applied to data from the Center for International Blood and Marrow
Transplant Research (CIBMTR). Finally, Sect. 6 contains a discussion. The detailed formula
for the variance estimations are given in the Appendix A. Appendix B gives the relevant R
code for the worked example.

2 Direct binomial estimation

Let T; and C; be event time and right censoring time for the ith individual, respectively, and
let g € {1, 2} denote the failure type. Let Nj(t) = R(T; <t, & = 1) be the counting process
associated with cause 1 and define the indicator A; = Q(T; < C;) that is one when the observation
is uncensored. We observe n independent identically distributed (i.i.d.) replications of (Tj, &,
Xi, Zi) where Ti= min(Ti, Ci), & =& Aj, Xj = (1, Xityer ey Xip)T, and Zi= (Ziln---: Ziq)T. We
assume that (Tj, ;) are independent of C; given covariate (X, Z;j). We denote the censoring
distribution as G¢(t|X;, Z;) = P{C >t|X;, Zj}. We consider data collected in the time period [0,
7).

For right censored competing risks data, the counting process, N;(t), is observed only up to the
censoring time for censored individuals. Now consider the inverse censoring weighted
response AiN;(t)/G.(T; |X;, Z;) that has the mean equal to the cumulative incidence function,
since

E AiNi(1) —E|E AiNi() |Xf’ Z;
G| X:. 2 Go(Ti] X2

E| X120
=E(N0)| X, Zi)———
(,(.(1,-|X,~.Z,->

=P1(t; X, Z;).

Both multiplicative model (1) and additive model (2) can be represented as a basic
semiparametric model,

hMP(t;x, 2)}= {n(t)T:c+g(% t)} ;

where his a known link function, x = (1, Xy,..., Xp) isa (p + 1) x 1 vector, g is a known function
which is differentiable with respect to y, and z is a q % 1 vector. The proposed semiparametric
model allows some effects to vary nonparametrically with time and other effects to have
constant parametric effects. In practice the aim is to find a model that fits the data and is as
simple as possible. We suggest to do this by backwards model selection based on a test for
time-varying effects. To do this we start by showing how to estimate the parameters of the
model.

In practice the censoring distribution G(t; X;, zj) is unknown, but it can be estimated by a
Kaplan-Meier estimator or by a predicted value for each individual based on a regression model
to improve the efficiency (see Scheike et al. 2008). For simplicity, we use Kaplan-Meier
estimator that we denote as G;. To estimate the regression function #(t) and regression
parameter y, we consider the score equations at time t for #(t) and y on the form

AiN;
Uy, n(),7) =ZD,,.i(t,n(t),7)wf(t)(A (t)_Pl(t§iBisZi))
; G(T))
=D} (t,1(1), YW () {R(1) = P{"(1,1(1),7)} =0 @
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_ f . X AiNi() .
Uye0.7) =3[ Dyt 00wi) (882 = Pi. i)

=D} t.n(0). »W () {R(t) - P\t n(1). )} di=0 "
0 4

where P (1, 5(1), ) is the n x 1 vector of Py(t, X;, z), R(t) is the n x 1 vector of adjusted
responses (AiN;(t))/G(Ti), D,(t, n(t), ) and D,(t, »(t), y) are the n x (p+1) and nxq matrixes
with ith row of Dy, i(t, (1), ) = 0 P1(t; X;, z)/on(t) and D,,i(t, #(t), y) = 0 P1(t; x;, zj)/0, at each
fixed time point t, respectively, and W(t) = diag(w;(t)) where w;(t) are possible weights. The
weights may be used to improve the efficiency of the estimators. The weights should for
example reflect the variance of the considered response, but in our case with the additional
uncertainty from the censoring distribution and the semiparametric model the optimal weights
have a very complicated form that we have not been able to derive, see Nadeau and Lawless
(1998) for derivations of optimal weights in a related but simpler situation.

To solve these score equations simultaneously we proceed by Taylor expanding
P\"(1,n(1), ) around the current value of the estimates (7®) (t, ) to get

PP, v~ PPETP0,79)
+Dy (1,710, 79) {n()) - 70 1))
+Dy (1,700, 7%) {y - 7).

Replace it into the score Eq. 3 and Eq. 4, and denote
Dl(]k)(t):D’](t”,']“(k)(t)”,};(k))’ D;/\')(t):Dy(t”ﬁ(k)(t)’fy‘(/\'))’ Pl(k)(t):Pl(n)(t”"]“(k)(t)",}7(/\'))’ to get
approximated score equations

D 0)"W ) |R(®) - P(0) ~ D, 0) {n(0) -7 )} - DY) {y -7 }| =0 )

IDY "W | R - P1) - D) {n) - 700} - DY) [y -7} | di=0 o
0 6

Solving Eq. 5 for (t) and plug it into Eq. 6, and then solving Eqg. 6, we get (k + 1)th iterate
step estimator for p,

: 2 7 Wt %
fy‘(K+1):’,>7(1\)+{C;, )} B; ) )

where
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Y =[DP o'W H® o) DP (ndt

0
BY =[DPO"WnHY0) (R() - PP} d
0

H®@) =1-DP0s7Pw) ' DP@™W @)
20w =DP "W oD .

Plug the current estimator &*1) into (5), to get the (k+1)th iterate estimator for #(t)
2 2 % -1 T 2
D= FOO+HL 0} (DPwY W {Rw) - PP

2 N —1 2
—D;‘){C;“} B(yk)} o

The estimates of #(t) will be piecewise constant functions that change their value only after
Cause 1 events. The proposed method is closely related to the work by Koul et al. (1981) who
did standard regression analysis for right censored survival times by using the modified
response AT/G.(T). Solving these score equations can be accomplished by standard software
for GLM-models, that also lead to standard errors that are conservative (Scheike et al. 2008).

Under regularity conditions it can be shown that v/n(y — y) is asymptotically Gaussian with
an asymptotic variance that can be estimated by

izné;l IZ{VAVH(TNW] C,',

1

where a®? = aa' for a column vector a, C, is evaluated at (, 7) and explicit expression for
W1i(7) is given in the Appendix A. Similarly it can be shown that V) — n(t)} is

— -1 —
asymptotically Gaussian and has the same limit distributions as VP{-#,(t)} Z,-WZi(t)Gi’
where (Gy,..., Gy) are i.i.d. standard normals (Scheike et al. 2008) and an expression for Wy
can be found in the Appendix A. It follows that the variance of \/n{7(t) — n(¢)} can be estimated
by

> =nlFm)" [Z{Wz,.(t)}ﬂ (A)"

and that a (1 - &) x 100% confidence band for #(t) over a fixed time interval can be constructed
using resampling techniques. It is similar to the method of constructing the confidence band
for the predicted cumulative incidence function (see details in the following section).

3 The cumulative incidence function

It is important to estimate the predicted cumulative incidence function for a given set of
covariates, (X, z). We estimate it by

Fl(t;:l:, 2)=h"! {a:T’ﬁ(t)+g@, Z t)} .

Lifetime Data Anal. Author manuscript; available in PMC 2009 December 1.
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where h™1is inverse of the link function. Let d/ 1 (t; X, z) be the derivative of h 1 and evaluated
at (t, x, z, 7(t), 7). By the functional delta method it can be shown that the asymptotic distribution

of Vn{P(t;x, ) — Pi(t:;x, 7)) has the same limit as

§P1 (t:x,2)=n [dllgfl(t;a:, z)] ZW3,-(1;£IJ, 2)G;

where (Gy,..., Gy) are standard normals and

o P, S

Wy(tz, =" {0} W) Hg(y. 2.0/ (C)) Wii(n).
It therefore follows that (P, (1;x, z) — Py (#;z, )} converges towards a Gaussian process with
a variance that can be estimated by

o —~ 2 =
(ril (t;a:,z):nldh 1(1;3:,1)}] Z{W3,~(l;m,z 1.
i

To construct the confidence band for P4 (t; x, ), t € [t, to], we simulate L realizations of

Bp1(t;x,2)/op1(t;x,2), denoted as Eﬂf(l;w,Z)/apl (t:z,2).for1=1,...,L. A (1 - a) 100%
confidence band for P1(t; x,z) over the interval [ty, to] is given by

Pi(t;x, ) £ CooPi(ti, 2),
where C, is the (1 - &) 100th percentile of the sample
sup §§,’l>(t;a:, 2)/cPi(t;x,2)

telty,n]

forl=1,..., L.

4 Tests for model identification

The direct modeling of the cumulative incidence function has received a lot attention recently
and has proven itself a very useful tool to learn about the effects of covariates in the competing
risks setting. The models we have considered in the previous contain nonparametric effects as
well as parametric effects,

Py(t;m, 2)=h"" {&"n()+8(r. 2.1}

The significant effect for zj, j = 1,..., g, can be examined by testing Ho: y; = 0 with the test

statistic of y; /c’f§ which has a standard Normal distribution asymptotically, where ?r‘i is the
square root of the jth diagonal element of fy.

To see whether a coefficient, #j(t) is significant (Ho: 7j(t) = 0, t € [0, t]), we consider the test
statistic

Lifetime Data Anal. Author manuscript; available in PMC 2009 December 1.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Scheike and Zhang

Page 8

. Tt
TI= sup 1;(1)

1 - )
€[ 0,7] [EJ(I)
n

=/
where Z,,(’) is the jth diagonal element of fﬂ(t). The percentile of the observed test statistic

can be computed by the resampling technique since under the null \/ﬁ{ﬁj(f)} has same
asymptotic distribution as

x/ﬁZ[{f,,a)}’le,-(r)G,]j

where (Gy,..., Gp) are iid standard normals.

To check if the coefficient, #; (t) is significantly time-varying, we consider to test Ho: #j(t) =
hy(nj, t) t € [0, 7], where 7j is a constant and hy is specific know function. Under the
multiplicative model hy (5, t) = #j, and under the additive model hyzj, t) = »;t. Under the

multiplicative model, the constant effect can be estimated by 7,=7"" || ;ﬁj(t)dt, and similarly
under the additive model.

We use the test statistic

T{: sup "ﬁj(l) - 77,-’,
€[ 0,7]

for the multiplicative model. Under the null hypothesis, \ {ﬁj(’) - '7/'} is asymptotically
equivalent to the distribution of

F 0

P (v 17
x/ZZ|m,<r>} ‘ {Wzi(l) o | Wzi(S)dS} Gi| |
J

where (Gy,..., Gy) are iid standard normals. Similarly, the percentile of the observed test
statistic can be computed by resampling technique. The additive model has a similar iid
decomposition that can be used for resampling.

In practice, we may first fit a general fully nonparametric model

Pi(sm)=h"" & n(0)},

where x contains all covariates, and plot the estimated regression coefficient functions with its
(1 - o) 100% confidence intervals/bands. Visually inspecting these plots and combine the test
results given by T, and T, will lead to a reasonable well fitted semi-parametric regression
model. These model identification procedures will be applied in the real data examples given
in the next section.

Lifetime Data Anal. Author manuscript; available in PMC 2009 December 1.
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Some goodness-of-fit test procedures have been proposed to identify the best fitted model
between semiparametric multiplicative model (1) and semiparametric additive model (2)
(Mckeague and Utikal 1990). These non-nested tests can be extended to our current setting. In
this study, we considered that these two classes of models are flexible and it should fit the data
well.

5 Worked example

We consider a transplant outcome data set from The Center for International Blood and Marrow
Transplant Research (CIBMTR). The CIBMTR is comprised of clinical and basic scientists
who confidentially share data on their blood and bone marrow transplant patients with
CIBMTR Data Collection Center located at the Medical College of Wisconsin. The CIBMTR
is a repository of information about results of transplants at more than 450 transplant centers
worldwide. The data used in this paper consists of 1,537 adult patients (age > 18 years old)
who received a HLA-identical sibling transplant from 1994 to 2004 for acute myelogenous
leukemia (AML) or acute lymphoblastic leukemia (ALL) and transplanted in first complete
remission. All patients received bone marrow transplantation or peripheral blood stem cell
transplantation. Two competing risks are treatment related mortality (TRM, defined as death
in remission) and disease relapse. The variables considered in this example are age (AGEM:
continuous variable and centered at mean value of 38 years), disease type (ALL: 1 for ALL
(28%) vs. 0 for AML (72%)), time from diagnosis (DX) to first complete remission (CR1)
(DXCR1GT45D: 1 for > 45 days (45%) vs. O for < 45 days (55%)), Karnfosky performance
score (KARLESO: 1 for 0-80 (22%) vs. 0 for 90-100 (78%)), donor-patient gender match
(FM: 1 for female to male (24%) vs. 0 for otherwise (76%)), and donor graft type (PB: 1 for
peripheral blood stem cell (50%) vs. 0 for bone marrow (50%)).

First, we consider the cause-specific hazard approach. For TRM, we fit the data to a regular
Cox model and test the proportionality by adding a time-dependent covariate, A1g(t)exp
{p1Z1 + p2Z1 x log(t)}. The test indicates that the donor-patient gender match (P = 0.0238)
and the donor graft type (P < 0.0001) have a time-varying effect, and the other four covariates
are all significant with P < 0.05. For relapse, all covariates have a constant effect and only the
disease type (P < 0.0001) and time from DX to CR1 (P = 0.0443) are significant based on
cause-specific hazard regression modeling approach. Since the cumulative incidence function
(CIF) of each cause of failure is a function of both cause-specific hazards of TRM and relapse,
we are not be able to clearly see which covariate that has a time-varying effect and which
covariate that has a significant effect directly on the CIF of TRM and relapse.

We now directly model the CIF of TRM. To use the direct modeling approach we need to
estimate the unknown censoring distribution. Based on Cox regression model, we find that the
censoring distribution does depend on the covariates of disease type, Karnofsky performance
score and donor graft type. We therefore estimated the inverse probability censoring weights
for each individual using a Cox model. It turns out however, that for this data, there is no big
difference compared to using the simple Kaplan-Meier weights.

To illustrate the basic principles suggested, we start by considering the fully non-parametric
multiplicative model (1) and additive model (2). First, we fit a multiplicative model with all
time-varying effects, the estimated regression functions, »j (t) with 95% pointwise confidence
intervals are given in Fig. 2. It shows that all six covariates have a constant effect on TRM
which leads to a different conclusion compare to the result based on the cause-specific hazard
approach. This is confirmed by testing the time-varying effect of each component Hy : #j(t) =

7j using T{ (see Table 1). Five hundred resampling processes are used to compute the P-value
of the supremum test. Successive testing showed that the CIF was adequately modelled by the
model where all covariates have constant effects, that is the FG Cox type model. The estimates
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of the FG model for TRM are given in Table 1. We see that patient age and donor-patient sex
match have strong effects, disease type, time from diagnosis to 1st CR and Kar-nofsky
performance have only mild effects, and donor graft type has a marginal effect (P = 0.0602).
The estimate £ indicates an increase in TRM incidence rate. For example, £ (ALL) = 0.646
shows that patient with ALL disease has a higher incidence of TRM than AML patients.

Next, we fit an additive model with all time-varying effects, the estimated regression functions,
1j(t) with 95% pointwise confidence intervals are given in Fig. 3. It seems that patient age has
a mild time-varying effect. Age appears to have a stronger effect the first 40 months since
transplantation and no effect thereafter. To see if this finding is significant we considered the
formal test for test for time-varying effect and this showed that age was adequately modelled
by a constant effect. Successive testing of time-varying effects using the a series of

semiparametric additive model for each variable using T% (see Table 2), shows that all six
covariates are well approximated by constant effects. We therefore fit a parametric additive
model (see Table 2) which gives a similar conclusion to the multiplicative model.

To physicians and patients, it is important to get an idea about the cumulative incidence
probability for a specific patient. We therefore compute the predicted CIF for a given set value
of covariates. For the illustration purpose, we consider two group of patients: a Case 1 patient
with good prognostic factors (AML patient, time from diagnosis to CR1 is less than 45 days,
Karnofsky performance score of 90-100, donor-patient gender match of other than female to
male, donor graft type of BM, and age of 25 years old) and a Case 2 patient with poor prognostic
factors (ALL patient, time from diagnosis to CR1 is longer than 45 days, Karnofsky
performance score of 0-80, donor-patient gender match of female to male, and donor graft
type of PB, and age of 45 years old). Figure 3 indicated that age may have a mild time-varying
effect. To accommodate such potential time-varying effect, we also considered a flexible semi-
parametric additive model where AGEM is included in the nonparametric part of the model
(denoted as “Additive Model 2” in Fig. 4). Figure 4 shows the predicted CIF of TRM with
95% confidence intervals as well as 95% confidence bands for a case 1 patient and a case 2
patient based on a parametric multiplicative model, a parametric additive model (denoted as
“Additive Model 1”) and the additive model with flexible age effects (“Additive Model 27).
We note that the predictions are quite similar based on these three models, exactly as we would
expect since all models were validated.

We now consider the cumulative incidence function for relapse. We start by considering a
nonparametric multiplicative model where all covariates have a time-varying effect, we found
that the disease type (P < 0.0001) has a strong time-varying effect (see Fig. 5). The successive
testing lead to a model with flexible time-varying modeling of disease type and with all other
covariates having constant effects (see Table 3). Similarly, successive testing for the additive
model resulted in a model with disease type having a strong time-varying effect (P < 0.0001)
and karnofsky score having a mild time-varying effect (P =0.022) (see Table 4). This consistent
with the regression coefficient plot of n]-(t) for the karnofsky score (Fig. 5) that shows an initial
large effect and is followed by an adverse effect (comparing the slopes of the estimates early
and late on the timescale). For simplicity and due to the relatively weak time-varying effect,
we finally fit a semiparametric model for relapse where only the disease type having a time-
varying effect (see Table 4). We further validated that the predictions for these two models
were quite similar.

We again estimate the CIF of relapse for Cases 1 and 2 patients. To accommodate the time-
varying effect of disease type, we estimated the CIF of relapse based on the flexible
multiplicative model (“Multiplicative REL”) and the flexible additive model (“Additive REL")
that we validated above (see Fig. 6). Both flexible models give similar predictions. We
estimated the CIF of relapse for a simple FG model (“FG REL”) for comparison and the
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difference between the predictions are not dramatic in this example with the relatively low
CIF.

For this example the multiplicative and the additive model provide quite similar predictions
when the models are flexible and allowed some covariates to have a time-varying effect. It is
also noteworthy that the models may have different time-varying effects (see Fig. 2 and Fig.
3), which of-course is a consequence of the different link-functions. Itis generally quite difficult
to say which link function should be preferred, but in our experience the additive link function
has the best numerical and small sample performance and is therefore to be preferred.

6 Discussion

We have illustrated how flexible models for the cumulative incidence may be used to obtain
amore detailed understanding of the phenomenon in question. When the flexibility of the non-
parametric effects are needed it may lead to quite different predictions for the cumulative
incidence functions for the different causes.

For the BMT data we saw that the FG model was able to describe the cumulative incidence for
treatment related mortality but not for the risk of relapse. The lacking flexibility of the FG
model was found using the goodness-of-fit approach that showed that the non-proportionality
primarily can be attributed to the effects of the disease type. A similar conclusion was reached
for the additive model. Both models lead to quite similar predictions, and we showed how to
obtain the confidence bands for the nonparametric regression coefficients and predicted
cumulative incidence functions.
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Appendix A

Here we give brief derivation for the variance estimation of n(3 — y) and Vn{77(r) — 5(1)}. First,
by Taylor approximation,

Vi = )= VnC;5' By+o,(1) ©)
where Cy, B,, D,(1), D,(1), H(1), R(1), Pl‘”)(t) are defined in Sect. 2 and are all evaluated
at the true value of {»(t), y}. Let

B,=B,+A,, (10)

where
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(# A;N;
N [ Dyt - KDy} wito { - Pt Zi)} dt
=0 UL

=Z}4y.,-(z>dt

G(T) - Gc(T‘)
A, —Zf (D)= KDy O DAND =22 St
K(1) DT<r>W(r)D,,(t){f,,(z>}
Since
G.(T;) - GAT)) —ITi <) ME(s)
AN(1)—=——" ~ pANi(D) 7
NS oGy 7 Go(T) Zf C<TI5 5

where Mf(S) is the martingale associated with the censoring times and Y.(s) = > Yi (s = i ¥
(Ti = s). Then 4,, can be approximated by

D, (1) - KD, i(t)} wi(DA;Ni(1)

A, ~ pZ}}Z{ : Gc(ff) F(s < T; < p)dt

i 00
dMI.F(.s')
Yo(s)

_Z f{ q;((‘ )’)dM,.C(s)}dt
=Z [ttt
i 0

where
D, (1) - KD, ;i wj(t)A;N;(1)
qy(s,t)zz{ L G(T’;}W’ L A(s<T; <),
i el
Thus,
Vi@ = Y=, VnCy' Y Wii(0)
where

Wli(T):Z} {fy.i(t)+¢y.i(T)] dt
i 0
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The limiting processes of C, and W; () can be estimated by plug in the estimators {n(t), 7}

and A71,C (1) into the corresponding processes, denoted as CAJ, and Wi; (7). Then the asymptotic
variance of \/n(y — ) can be consistently estimated by

S Gy lZ{val,-(r)}@] G,

1

Similarly, it follows that

VD) = ), Vil 2,0) Y Wi

where

Wait)= {£,.i()+, (1) = DY (OW () Dy ()C; ' Wi(7)
Lpi0)=Dy i(Owit) { $53 = P1(t, @1, 7))

o Dy ow ANy | dMEGs)
¥ni=[ {; Gu(T) 'ﬂ‘SSTfS’} Vo)

0

¥y, (1) and Wo; (t) can be consistently estimated by the plug in estimators, denoted as &,,(t) and
Wi (t), and the variance of v {17(¢) — n(1)} can be estimated by

zu(r):n{afzf,\,(t)}_l [Z{Wzi(t)}®2] {,/?,\,(r)}_l.

4

Appendix B

In this appendix we show how the modeling was implemented using the timereg package that
can be downloaded from http://staff.pubhealth.ku.dk/~ts/timereg.html.

>library(timereg) ## version 1.1.0
>times<-data$dftime[data$cause==1]
# timepoints used

for estimation
>times<-times[-(1:10)]
# removes initial

time-points for

stability

>

>## Fit a nonparametric multiplicative model
>outf<-comp.risk(Surv(dftime,cens==0)~

+  agem+al l+dxcrilgt45d+karle80+fm+pb,data,cause,times,
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causeS=1,
+ resample.iid=1,model="prop")
>summary (outf)
>plot(outf) ## plot nonparametric effect with it
95\% CI

>
>## Fit a parametric multiplicative model
(Fine and Gray model)

>outfg<-comp.risk(Surv(dftime,cens==0)~

+ const(agem)+const(all)+const(dxcrlgt45d)+const
(karle80)+const(fm)+const(pb),

+ data,cause,times,causeS=1,resample.iid=1,
model=""prop"')

>summary (outfg)

>

>## Fit a nonparametric additive model >outal<-comp.risk(Surv(dftime,cens==0)

+ agem+all+dxcrilgt45d+karle80+fm+pb,data,cause,times,

causeS=1,
+ resample.iid=1,model="additive")
>summary(outal)
>plot(outal) ## plot nonparametric effect with it
95\% ClI

>

>## Fit a parametric additive model >outa2<-comp.risk(Surv(dftime,cens==0)~

+ const(agem)+const(all)+const(dxcrlgt45d)+const
(karle80)+const(fm)+const(pb),

+ data,cause,times,causeS=1,resample.iid=1,model=
"additive'™)

>summary (outa2?)

>

>## Fit a semiparametric additive model where
fagem' has a nonparametric effect

>outa3<-comp.risk(Surv(dftime,cens==0)~

+ agem+const(all)+const(dxcrlgt45d)+const(karle80)
+const(fm)+const(pb),

+ data,cause,times,causeS=1,resample.iid=1,model=
"additive')

>summary (outa3)

>

>## Given set of covariates values

>covgiv=data.frame(agem=c(-13,7),all=(0,1) ,dxcrlgt45d=

c(0,1),karle80=c(0,1),
+ fm=c(0,1),pb=c(0,1))

>

>## predictions based on parametric multiplicative model

>outl<-predict(outfg,

covgiv) >

>## predictions based on parametric additive

model >out2<-predict(outa2, covgiv)

>
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>## predictions based on semi-parametric
additive model>out3<-predict(outfg, covgiv)
>
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Figure illustrating the competing risks model
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Fitting nonparametric and parametric multiplicative model for TRM

Table 1

Page 22

Variable Nonparametric models Parametric model
Test of constant effect B(SE; P)

AGEM 0.648 0.0269 (0.0046; <0.0001)
ALL 0.646 0.2920 (0.1190; 0.0139)
DXCR1GT45D 0.990 0.2120 (0.1060; 0.0454)
KARLESO 0.784 0.2980 (0.1200; 0.0133)
FM 0.088 0.3640 (0.1150; 0.0015)
PB 0.312 0.0578 (0.1110; 0.0602)
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Fitting nonparametric and parametric additive model for TRM

Table 2

Page 23

Variable Nonparametric models Parametric model
Test of constant effect B (SE; P)

AGEM 0.140 0.0001 (0.00002; <0.0001)
ALL 0.256 0.0012 (0.0006; 0.0311)
DXCR1GT45D 0.548 0.0011 (0.0005; 0.0194)
KARLESO 0.856 0.0012 (0.0007; 0.0619)
FM 0.092 0.0015 (0.0006; 0.0129)
PB 0.630 0.0004 (0.0005; 0.4240)
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Table 3

Fitting nonparametric and semiparametric multiplicative model for relapse
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Variable Nonparametric models Semiarametric model
Test of constant effect B(SE; P)

AGEM 0.248 0.0009 (0.0069; 0.9000)

ALL <0.001 -

DXCR1GT45D 0.264 0.2710 (0.1660; 0.1030)

KARLESO 0.578 0.3510 (0.1830; 0.0550)

FM 0.378 —0.3040 (0.2040; 0.1360)

PB 0.230 0.3110 (0.1700; 0.0668)
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Table 4

Fitting nonparametric and semiparametric additive model for relapse
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Variable Nonparametric models Semiparametric model
Test of constant effect B (SE; P)

AGEM 0.236 0.000007(0.000012; 0.5700)

ALL <0.001 -

DXCR1GT45D 0.608 0.00052 (0.00028; 0.0645)

KARLESO 0.022 0.00025 (0.00043; 0.4390)

FM 0.302 —0.00032 (0.00030; 0.2880)

PB 0.084 0.00027 (0.00027; 0.3290)

Lifetime Data Anal. Author manuscript; available in PMC 2009 December 1.



