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dependencies. This again ensures the asymptotic exactness of inferential
procedures. An analogous necessity is the use of the Greenwood-type vari-
ance estimator for Nelson-Aalen estimators which is particularly preferred
in tied data regimes. All theoretic arguments are transferred to bootstrap-
ping Aalen-Johansen estimators for cumulative incidence functions in com-
peting risks. An extensive simulation study as well as an application to real
competing risks data of male intensive care unit patients suffering from
pneumonia illustrate the practicability of the proposed technique.
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1. Introduction

In non- and semiparametric survival analysis, one of the most frequent assump-
tions is imposed by the existence of hazard rates. Such a rate quantifies the
instantaneous probability of an event occurrence given the survival up to the
present time. In the case of its existence, it can be expressed with the help of
the survival function and its first derivative. On the other hand, the survival
function can then be written as an exponential function that involves an inte-
gral of the hazard rate. In this case, the occurrence of several individuals with
exactly the same event time is theoretically excluded.

However, following [21], p. 65, there are two reasons for tied survival times,
i.e. at least two individuals having exactly the same recorded event time: either
due to rounding of continuous underlying data or because the event times are
genuinely discrete, such as the “number of menstrual cycles until pregnancy”
in a “study of effectiveness of birth control methods”. In case of rounding, the
recorded event times are usually rounded to the whole day, week, month, year, or
some other fixed time unit. This rounding procedure almost always implicates
the appearance of tied event times. Strictly speaking, this rounding of times
alters the underlying survival function by inflicting discrete components. In this
case, the product-integral representation of the survival function does not reduce
to the above-mentioned exponential function formula; cf. [15].

There are many procedures which are able to cope with tied survival data.
The perhaps most famous of those is the Kaplan-Meier estimator [17] which
consistently estimates survival functions possibly having discrete components;
cf. e.g. Section 3.9 in [24]. Furthermore, the classical bootstrap for survival data,
as proposed by [13], is able to reproduce the limit distribution of the Kaplan-
Meier process, even if ties are present; cf. [1]. For estimating its unknown limit
variances (or those of the related Nelson-Aalen estimators) it is well-known (e.g.
[3]) that Greenwood-type estimators should be utilized in the presence of ties:
They result from predictable variation processes of martingales which are “suf-
ficiently general to handle discrete, continuous, and mixed cases” [16, p. 164].
Furthermore, the same authors state on p. 171 that, in contrast to other variance
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estimators, the Greenwood estimate “has the advantage of providing a natural
bridge between the discrete and continuous cases”. [2] even found a general
preference (also under left-truncation) for this kind of estimator. There is a vast
number of further work with a focus on estimation or model fitting under tied
survival data. We only briefly mention the following: In Section 7.6 of [9], it is
suggested for the modeling of discrete-time survival models with covariates to
either replace the proportional hazards model by a logistic model involving the
discrete hazard function or to treat tied data as if they were generated from
continuous-time models. [14] discusses the use of logistic regression techniques
for fitting parametric survival curves while allowing for ties in the case of cen-
sored data. Smoothing techniques for discrete survival data and model checking
methods are described in [23].

Due to the complicated limit behaviour of process-valued estimators in sur-
vival analysis, such as the general Aalen-Johansen estimator for state transition
probabilities in Markovian multi-state models (e.g. Chapter IV.4 in [3]), re-
sampling methods are mandatory for deducing inference methods. The perhaps
most convenient resampling method in non- and semiparametric survival anal-
ysis is not the classical bootstrap but rather the wild bootstrap; cf. [18], [20],
[5]. One of its advantages is the capability of creating martingale residuals with
approximately the right variances in semiparametric applications, even in the
case of various different covariates. Typically, however, large sample properties
of the wild bootstrap are verified by using the assumption of existing hazard
rates which is sometimes too restrictive as discussed above. See [6] and [7] for a
wild bootstrap treatment of, respectively, the general Nelson-Aalen and Aalen-
Johansen estimators under absolute continuity.

In this article, we will consider the nonparametric inference problem of con-
fidence band construction for cause-specific cumulative hazard or cumulative
incidence functions in the case of right-censored competing risks set-ups. At the
same time, we allow these true, underlying functions to have both, discrete and
absolutely continuous components. While this allows for theoretical generality,
it practically also implies that data may be collected with different levels of
precision. Even though the underlying unknown functions are altered in this
process, the wild bootstrap adjustment as developed in this article shall be able
to reproduce the asymptotic distribution of the estimators in any case.

The present article is organized as follows: In Section 2, we first discuss the
consequences resulting from not using Greenwood-type estimators and from
utilizing the usual wild bootstrap procedure. We propose a discontinuity ad-
justment for the wild bootstrap in Section 3, accompanied by our first main
result: a conditional central limit theorem for this new technique. In the follow-
ing Section 4, we show that the Nelson-Aalen estimators for different competing
risks are in general asymptotically dependent. Therefore, we present in a next
step an extension of the first proposal for the wild bootstrap adjustment that
guarantees the correct limit dependence structure between the components for
different risks. This technique has some direct implications on resampling the
Aalen-Johansen estimator for cumulative incidence functions as these depend
on all cause-specific hazard functions and, therefore, also on their dependencies.
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We present conditional central limit theorems corresponding to this set-up in
Section 5, where also variance estimators for these Aalen-Johansen estimators
and tlme—sunultaneous confidence bands for cumulative incidence functions are
deduced. The performance of these bands in terms of coverage probabilities is
analyzed in a simulation study in Section 6 and there it is compared to the be-
haviour of confidence bands based on the usual, unadjusted wild bootstrap. In
this connection, we consider different variations of discretization coarseness and
discretization probabilities. All considered resampling techniques are applied to
a real data example with competing risks in Section 7, where confidence bands
for the probability of an alive discharge of male patients with pneumonia from
intensive care units are constructed. We conclude with a discussion in Section 8.
All proofs and various detailed derivations are presented in Appendices A-E.

2. Implications of the unadjusted wild bootstrap

In general, we will assumme that there are discrete components in the event
time distribution and that the event, if observed, can be classified to one out of
k € N, k > 2 different causes, i.e. competing risks. If T' denotes a random event
time, this implies that the function

li —P Teltt+ At =1
ot) = lim S P(Te[t,t+ A] [T >1)
does not exist. Suppose that n € N i.i.d. individuals participate in our study, but
that their observability may be independently right-censored by i.i.d. censoring
variables. Based on these observations, all available collected information is
described by the counting and at risk processes,

N;i(t) = 1{“ individual i is observed to fail in [0,¢] due to risk j” }

and Y;(t) = 1{* individual ¢ is under observation at time ¢t —” }

respectively, with j = 1,...,k and 4 = 1,...,n. This notation may be used to
extend the arguments below to also incorporate independent left-truncation in
the sense of [3], Chapter III. For the rest of this section, we fix an arbitrary
j€{l,...,k} and define H}“(t) = E(N;1(t)) and H(t) = E(Y1(t)). Now, the
sum N;(t) = I, Nji(t) has the compensator

Aj(t):i/\ JY )dA;( ZJY )dA; (

i=1

where A;(t) = So )tdH #°(u) is the cumulative hazard function for a type
Jj event. Therefore (Mj (t) = N;j(t) — Aj(t))e=0 is a square-integrable martin-
gale. The Nelson-Aalen estimator for A;(t) is defined as the stochastic inte-
gral A = So ~1dN;, where we let 0/0 = 0. The limit covariance func-
tion of the normalized process W; = \/H(A] — A;) is determined by the pre-
dictable and optional variation processes of the square-integrable martingales
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Mli - Nu (t) — Ah‘(t) denoted by <M1i>(t) and [Mlz] (t), respectively, which
simplify considerably in the special case of absolute continuity; cf. Section I1.4
in [3] for detailed derivations.

In the case of ties, however, the differing structure of both variation processes
cause asymptotic (co)variance functions which differ from those in the absolutely
continuous case. Therefore, the Greenwood-type variance estimators

"1 A4~
20 iqA
a-(t)fnfo dA;

should be utilized which are uniformly consistent for the true asymptotic vari-

ance
t P .
o2(t) = J 1228444,
. H

on any compact interval [0, K] < [0, 00) such that A;(K) < oo irrespective of the
presence of ties. These variance estimators are obtained by replacing all unknown
quantities in any of the variation processes of the martingale representation
of A; by their canonical estimators. Note that ignoring the ties and using the
estimator n Sé Yfld//l\j instead of 57 (t) would result in a consistent estimator for

Sé H='dA; # 03(t). The difference between both quantities obviously increases
the more the survival times are discretized. See e.g. Example 3.9.19 in [24] for a
textbook treatment of the Nelson-Aalen estimator in the presence of ties using
empirical processes. The variances of Aalen-Johansen estimators show a similar
behaviour when comparing the absolutely continuous case with the case allowing
for ties.

Now, the typical wild bootstrap procedure, as applied in survival and event
history analysis (see e.g. [18], [20], [5] or [6]) exhibits a similar shortcoming as
the non-Greenwood-type estimators: Applied to Nelson-Aalen estimators, this
widely used resampling procedure produces stochastic processes which, given all
data, converge in distribution on Skorohod spaces to Gaussian processes with
variance functions being the limits of nSé Y~'dA; # 63(t). This is due to the
nature of how martingale residuals are replaced in the resampling step: the (in-
dependent) martingale increments dMj;(u) in the martingale representation of
\/ﬁ(flj — A;) are replaced by independently weighted counting process incre-
ments, i.e., by §&dN;;(u). Here, the wild bootstrap weights &; are i.i.d. with zero
mean and variance 1. Given Nj;(u), however, the resampled residual has the
conditional variance

var(§dNji(u) | Nji(u)) = var(§)dNj;(u) = dNji(u) # (1 — AA;(u))dNji(u).

But only the latter would have succeeded in recovering the correct asymptotic
variance structure. We see from these calculations that the usual wild boot-
strap generally overestimates the variance of the Nelson-Aalen estimator in the
presence of ties. A similar problem persists when considering asymptotic covari-
ances between multiple components of the Nelson-Aalen estimator: In the case
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of ties, the Nelson-Aalen estimators are in general not asymptotically indepen-
dent, whereas the commonly applied wild bootstrap only produces independent
components; cf. [6]. However, a negative correlation between all Nelson-Aalen
estimators arises quite naturally: if several type j events occur at a certain point
of time, then this reduces the number of possible type ¢ # j events at the same
time. All these properties obviously also have implications on Aalen-Johansen
estimators and their resampling counterparts which will be treated later on.

3. Adjusted wild bootstrap: single Nelson-Aalen estimators

The non-trivial problem described in the previous section calls for a general so-
lution. In the present article, we exemplify the subsequent solution in the right-
censored competing risks set-up. Extensions and modifications to wild bootstrap
versions of more general Nelson-Aalen estimators or of Aalen-Johansen estima-
tors in general Markovian situations may be obtained in a similar manner, but
the limit variances will be much more complicated. The crucial defect in the
wild bootstrap resampling scheme described above is that the martingale incre-
ments dM;;(u) should not be replaced by &dNj;(u) but rather by something
which — considered again as a martingale — reproduces the correct (co)variation
structure. Therefore, we suggest to replace

dMji(u) by dMji(u) = /1 — AA;(u)dNj;(w),
which has a promising conditional variance:
var(dMji(u) | Nji(u)) = var(&) (1 — AA;(u))dNji(u) = (1 — AA;(u))dNjq(u);

remember that we desired variances approximately equal to (1-AA; (u))dN,; (u).
This results in the following wild bootstrap resampling version of the normal-
ized Nelson-Aalen estimator:

n t
W;(t) = v/n fiJ A1 —AA(u) =22
! z; 0 ’ Y (u)
In a way similar to [6], one can show that (Wj(t))mm k] is a martingale with
respect to the filtration (F)epo,x] given by
JT"t = U(fiNji(u)7Nji(U)7)/i(U) tuE [Oa t]a vE [Oa K],Z = 1a s 7”)'

It is easy to see that its predictable and optional variation processes are given
by

and 3t [0 =n 262 [ (01— ad;() S,
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As explained above, the Greenwood-type variance estimator 8]2- is uniformly

consistent for 0]2. Assuming the existence of the fourth moments of §;, a simple
application of Chebyshev’s inequality shows the (conditional) consistency of the
second estimator; the uniformity in the conditional convergence in probability
follows from a Pdlya-type argument. The conditional weak convergence of the
finite-dimensional marginal distributions of the wild bootstrapped Nelson-Aalen
process follows easily by an application of Theorem A.1 in [5]. This also shows
that the proposed wild bootstrap approach succeeds in maintaining the correct
asymptotic covariance function which had been our aim in the first place.
Denote by D = {t € [0,K] : Z?:l AA;(t) > 0} the subset of time points
for which ties among any event type are possible. Throughout the rest of the
article, we assume the following technical condition in order to conclude the
conditional tightness of the wild bootstrapped Nelson-Aalen process.

Condition 3.1. The set of discontinuity time points D has finitely many ele-
ments.

In practical applications, this assumption is naturally satisfied: A finite end-
of-study time and measurements on a daily or weekly basis result in a finite
lattice. A proof of conditional tightness finally yields the following conditional

central limit theorem for the Nelson-Aalen process, where —%, denotes conver-
gence in distribution:

Theorem 3.2. Assume Condition 3.1. Given Fo and as n — o, we have for
each j =1,... k the following conditional weak convergence

I//I\/j 4, Uj ~ GCLU,SS(0,0’?) in outer probability

on the cadlag function space D[0, K| equipped with the supremum distance
topology, where U; is a Gaussian zero-mean martingale with variance function

t—o3(t).

The theorem entails that the modified wild bootstrap succeeds in reproducing
the same limit process of the Nelson-Aalen process, in particular, if ties are
present. Its proof is given in Appendix B. We conclude this section with an
application of the present approach to the Kaplan-Meier estimator.

Remark 3.3. Consider the case of only one risk, i.e. k =1 and W = W;. The
Kaplan-Meier estimator for the survival function S(t) = P(T > t) is S(t) =
[ To<u<: (I — A(duw)), t € [0, K], and it exhibits the martingale representation

bW (dw)

Ws(®) = V(S = 50) = SO | 171709 o%(D-

Thus, the discontinuity-adjusted wild bootstrapped normalized Kaplan-Meier es-
timator s .

Wy =g [ Wdw)
0l —AA(u)
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and Theorem 3.2 in combination with the continuous mapping theorem yields
the correct limit process distribution, i.e. a zero-mean Gaussian process with
covariance function given by

sAt dA(U)
) 5050 |

where s A t = min(s,t); cf. e.g. Example 3.9.31 in [2/].

4. Resampling the multivariate Nelson-Aalen estimator

When resampling a functional of a multivariate Nelson-Aalen estimator such as
the Aalen-Johansen estimator, it is mandatory to also take the covariance struc-
ture between all cause-specific Nelson-Aalen estimators into account. In order to
reflect this in the resampling scheme, a further adjustment needs to be done as
we will see below. In the absolutely continuous case, the asymptotic covariance
function of two different cause-specific Nelson-Aalen estimators vanishes due to
their asymptotic independence; cf. [3], Theorem IV.1.2. In the presence of ties,
however, the situation is quite different: Here we have for the martingales M;
and My; of Section 2 that both variation processes, (My;, Ma;» and [My;, Ma;]
do not vanish; cf. the derivations in Section II.4 in [3]. The following theorem
describes the asymptotic dependence structure of a multivariate Nelson-Aalen
estimator in detail.

Theorem 4.1. As n — o, we have on the product cadlag function space
D¥[0, K], equipped with the max-sup-norm, that

(W1, Wa,...,Wi) -5 (U1, Us, ..., U,

where Uy, Us, ..., Uy are zero-mean Gaussian martingales with variance func-
tions

1 —AA;(u)
t—o2(t) = | —=——L—=dA; =1,2,...,k
O—]() J;) H(U) J(u)7 J s 4y )

and covariance functions (for j # £)

sAt
(s5,1) > cou(U; (), U(t)) = —f AAL) 44 (w) = 0505 A 1),
0 H(u)

We refer to Appendix C for a derivation of this asymptotic covariance func-
tion. In order to account for this dependence structure in a joint convergence
consideration, the wild bootstrap of the previous section needs to be adjusted
once more. The general aim is to find resampling versions of the martingales
M;j; that will yield the asymptotic variances 0‘]2 (t) and also the negative cor-
relation described by oje(s A t). To this end, the wild bootstrap multipliers
involved in one of the resampled Nelson-Aalen estimators need to be involved
in the remaining resampled cause-specific Nelson-Aalen estimators as well. Fur-

thermore, they are required to a appear with alternating signs. Therefore, let
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&einj, 0 =1,...,k, i=1,...,n, beiid. random variables with E({111) = 0 and
E(€2,,) = 1, which are also independent of the data. Denote by N = Z§=1 N;

the number of all kinds of events and by A= Z§=1 ﬁj the all-cause Nelson-
Aalen estimator which estimates the all-cause cumulative hazard function A =
Z§=1 Aj. We propose the following wild bootstrap version of the multivariate
Nelson-Aalen estimator (Wi,..., W) in terms of its single components:

W) = ﬁifm Lt N Aﬁ(u)% + \/gésign(ﬁ—j)
X z—il [fjei Jot A/ Aﬁj(u)% + &eji Lt A/ AA@(U)%],

where sign(z) = 1{x > 0} — 1{x < 0} is the signum function. Ignoring, for the
time being, the second part of the above representation of Wj, we see that the re-
sulting asymptotic covariance function would be (s,t) — SSM(I —AA(u))dA;(u)
which is too small and, additionally, the covariance structure of several cause-
specific Nelson-Aalen estimates would not be reflected accordingly because of
the mutual (conditional given Fy) independence of the first parts of W1, ..., Wi.

Now, the second parts of Wj,j =1,...,k, remedy both problems at the same
time. First, further variability is introduced due to the addition of other condi-
tionally independent terms. Second, the involved signum function ensures the
required negative covariances between all resampled Nelson-Aalen estimators
and the asymptotic covariances exactly equal the required ones.

Note that the same asymptotic effect would have been achieved by choosing

the second part of W;(t) to be VY sign(C—5) 3" Ee Sé A/ A/Alj(u)%if;‘)
(even more choices are possible) but we decided in favor of the variant in the
previous display which is symmetric in j, ¢ =1,... k.

Theorem 4.2. Assume Condition 3.1. Given Fy and as n — o0, we have the
following conditional weak convergence on the product cadlag function space
D*[0, K], equipped with the max-sup-norm:

(I//I\/l, Wg, ce Wk) LR (U1,Us,...,Ug) in outer probability,

where (Uy,Us, ..., Uy) is the same Gaussian martingale as in Theorem 4.1.

The proof is given in Appendix D. Note that, if we are interested in just a
single univariate Nelson-Aalen estimator, the present approach yields the same
limit distribution as the wild bootstrap technique proposed in Section 3. Hence,
it does — asymptotically — not matter which of both techniques is applied to the
univariate Nelson-Aalen estimator.

Variance and covariance estimators (also for the wild bootstrap versions) are
again motivated by the predictable and optional covariation processes of the
involved martingales. The resulting estimators turn out to be same as those
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obtained by the plug-in method:

53 (t) = nL =24 ?(21;(“) dA;(u),

) = - [ AW 43,0),

1 < j # £ < k, are the usual Greenwood-type (co)variance estimators and

)=n AR, dNJZ(u)
Z ']j’LJ’ AA]( )) ( )

n 2 Z mJAA szz ) Z%JAAE ngz())}

Z;é] i=1
- le dN;i(u
JJ@ =35 25j€1j AA : Zgéﬂj ) Y;(())]a

1 < j # ¢ < k, are the optional process-type (co)variance estimators moti-
vated from the wild bootstrap martingale properties. Assume that all £;1; have
finite fourth moments. By applications of Glivenko-Cantelli theorems in combi-
nation with the continuous mapping theorem, the Greenwood-type (co)variance
estimators 8]2- and 7, are shown to be uniformly consistent for O'J2- and oy, Te-
spectively. For the wild bootstrap-type (co)variance estimators, we can parallel
the arguments in the proof of Theorem 3.2, after first assuming the existence of
fourth moments E(&7;;) < co: In points of continuity of all cumulative hazard
functions, i.e. on [0, K]\D, Rebolledo’s martingale central limit theorem applies
and it also implies the uniform consistency of the optional variation process in-
crements. In points of discontinuity, which are finitely many by assumption, we
approximate 52 by 82 and apply the conditional Chebyshev inequality (given
Fo) in order to show the negligibility of the differences 032 — a in probabil-
ity. The last argument can be repeated for the covariance ebtlmators A final
application of the continuous mapping theorem yields
'\12’ 5']2 LO’? and 8]«@, 5jg LO’jg

uniformly on [0, K] in (conditional outer) probability for all j # £ as n — oo,
where - denotes convergence in probability.

5. Resampling the deduced Aalen-Johansen estimator

We wish to extend the results of the previous section to functionals of the multi-
variate Nelson-Aalen estimator. In particular, we focus on resampling the Aalen-
Johansen estimator for a cumulative incidence functlon in the presence of ties.
Denote these cumulative incidence functions by Fj(t) = So (u),j =

, k, which specify the probabilities to have a type j event durmg the time
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interval [0,t]. For ease of presentation, we consider the situation of k =

competing risks which is achieved by aggregating all but the first risk to be

the second competing risk. Utilizing the functional delta-method in combi-

nation with the weak convergence results for the Nelson-Aalen estimator, we

as Well obtaln a weak convergence theorem for the Aalen-Johansen estimator
= SO —)dA; (u) for Fy(t):

Theorem 5.1. As n — o0, we have on the cadlig space D[0, K]

We, = va(F — F) -5 Up,

’ ].—FQ(U—)—Fl(') Fl(u_)_Fl()

where Up, is a zero-mean Gaussian process with covariance function

02 . (8 t) ._)J‘SAt (1 — FQ(U—) — Fl(S))(l — FQ(U—) — Fl(t)) dA1(u)
AR H(u) 1 AA(w)
. JS/\t (Fl('LL—) — Fl(S_))(Fl(’LL—) — Fl(t)) dAQ(’LL)
H(u) 1—AA(u)
S%(u=) AA1(u) Ads(u)
" Jé:jt (w) (1 —AA(uw))?

Remark 5.2. The general result for more than two competing risks is obtained
by replacing Us, As, and Fy in the above representation by U — Uy, A— Ay, and
1— S — Fy, respectively.

For the application of the functional delta-method, note that the Aalen-
Johansen estimator in the present competing risks framework is a combination
of the Wilcoxon and the product integral functional applied to the multivariate
Nelson-Aalen estimator. Both of these functionals are Hadamard-differentiable
as shown for example in Section 3.9 of [24]. A derivation of the above asymptotic
covariance function is presented in Appendix E. R

Now, an appropriate wild bootstrap version of y/n(F; — F}) is given by plug-
ging in the canonical estimators for all unknown quantities and the wild boot-
strapped martingales for all unknown counting process martingales, i.e.

—~ _ '1—ﬁ2(u—)—ﬁ1() M u
WFl(t)—JO AR AW ( J L Ad() AWz (u),

where 171\/1 and I//I\/g are again the wild bootstrap versions of the Nelson-Aalen
estimators as presented in Section 4. Using similar martingale arguments as in
Appendix B, we obtain the following conditional central limit theorem for the
wild bootstrap version of the Aalen-Johansen estimator:

Theorem 5.3. Assume Condition 3.1. Given Fy and as n — o, we have the
following weak convergence on the cadlag function space D|[0, K], equipped with



3684 D. Dobler
the sup-norm:
W, N s Fy in outer probability,

where Up, is the same Gaussian process as in Theorem 5.1.

_If based on the same wild bootstrapped multivariate Nelson-Aalen estimator
(W17 .. Wk) one can similarly argue that the JOlnt convergence of all resam-
pled Aalen—Johansen estimators, say (Wpl, .. WFk) towards the same limit
distribution of (v/n(F; — Fj))k_; holds.

Remark 5.4 (The weird bootstrap). Note that the very same proofs may
be applied to verify that the above conditional central limit theorems hold for
the weird bootstrap as well. This resampling scheme corresponds to choosing
&oi + 1 ~ Bin(Y(X;), max(1,Y(X;))™"), where X; is the censoring or event
time of individual i, whichever comes first. This is a particular choice of the
data-dependent multiplier bootstrap of [12]. In their article, heuristic arguments
for the second order correctness under absolute continuity of the data have shown
that centered unit Poisson variates and weird bootstrap multipliers perform fa-
vorably in comparison to standard normal wild bootstrap weights. In order to
also check the preference of either of the first two resampling procedures in the
present set-up, where ties are allowed, we included the weird bootstrap in the
subsequent simulation study, yielding competing inference methods.

An estimator for 0%1 and its wild bootstrap variant are obtained similarly as
such estimators for the Nelson-Aalen (co)variances, i.e. via plug-in:

s R sAt (171/;\12(111,) ﬁl( ))(]_ ]/'7\1( 7)*ﬁ1(t)) 52(u
71 (s,1) L 1 f?(“» doi(u)

sAt (ﬁl(u_) _F Fi(s))(F1(u—) — ( ) (a2
snt (1 _ FQ( ) (S))( 1(u— ) )) ~
+L (1— AA())? e
+J-s/\t (1_132(“ ) — Fl(t))( 1(u ) — ﬁ1(5))d3 (u)
0 (1 — AA(u))? o

Similarly, 5%1 is obtained by replacing all estimators 832» and ¢, j # ¢, by their
wild bootstrap counterparts 5? and &,¢, respectively. Their uniform (condi-
tional) consistencies for 07, on [0, K] follow immediately by the uniform consis-
tency of the Nelson-Aalen (co)variance estimators and the continuous mapping
theorem.

Remark 5.5 (Deduced confidence bands). Following the lines of [5], time-
simultaneous confidence bands for Fy can be deduced. In particular, let ¢(s) =
log(—log(1—s)) be a transformation applied to Fy in order to ensure band bound-
aries between 0 and 1 and let g1(s) = log(1l — 2 (s))/p(s) and g2(s) = log(1 —
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Fi(s))/(1 + p2(s)) be weight functions leading to the usual equal precision and
Hall-Wellner bands, respectively; see [3]. Here p*(s) = 67, (s)/(1—F1(s))?. Let g1
and go be their wild bootstrap counterparts, i.e. the variance estimates 3%1 are re-
placed by 5%1, The confidence bands for Fy are then derived from the asymptotics

of the supremum distance Ziy = SUDyefy, 1,] |\/ﬁgg(u)(¢(ﬁ'1(u)) — ¢(Fy1(u)))]
and its wild bootstrap counterpart Zy, = SUD ety ts] |§g(u)¢’(ﬁ1(u))ﬁ\/pl (u)|,
where [t1,t2] < [0, K] and £ € {1,2}. Let qo.95,¢ be the conditional 95% quan-
tile of 215 gwen the data. The resulting asymptotic 95% confidence bands are
1-(1— ﬁ‘l(s))exp(in_mqo.gs?e/gz(8)), s€[t1,ta], L€ {1,2}.

6. Small sample behaviour

We empirically assess the difference between the common wild bootstrap ap-
proach and the adjusted wild bootstrap proposed in this article via simulation
studies. We simulated the wild bootstrap procedures based on standard nor-
mal and centered unit Poisson multipliers as well as the weird bootstrap of
Remark 5.4. These methods are compared in terms of the simulated coverage
probabilities of the confidence bands described in Remark 5.5. We consider a
simulation set-up motivated by [10], i.e. we chose the cause-specific hazard rates
a1(t) = exp(—t) and aq(t) = 1 — exp(—t) which yield the cumulative function
of the first risk Fy(¢t) = 0.5(1 — exp(—2t)). In order to allow for tied data, we
pre-specify different discretization lattices and round different proportions of
the population to the nearest discretization point. In particular, we choose the
discretization lattices to be {0, %, %, ...}, where k € {5,10,20}, and the dis-
cretization probabilities to be p € {0,0.25,0.5,0.75,1}. The resulting theoretic
cumulative incidence functions
FPM(2) :pF1(@ - O;) +(1—p)Fi(t)

for p > 0 are presented in Figure 1. Here [s] denotes the integer closest to s € R.
For simulating data, which have the desired cumulative incidence function F} ’k,
it is mandatory to first round the event times T}, and then generate the event
types g; in a second step, according to the formula

[T;k] Fi(u+ ﬁ) — Fy(max(u — ﬁ,O))
P(51=1|7=u)= 1 1 )

k S(max(u — 55,0)) — S(u+ 5z)
where S : t — exp(—t) denotes the survival function of the continuous random
variables T;.

Censoring is introduced by i.i.d. standard exponentially distributed random
variables. If the ith survival time is discretized, then we discretize the ith cen-
soring time as well. Finally, we take the minimum out of each such pair and
mark an individual as censored whenever the (discretized) censoring time pre-
cedes the (discretized) survival time. The sample size increases from n = 50 to
n = 250 in steps of 25. We choose the time interval, along which asymptotic
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95% confidence bands shall be constructed, to be [0.25,0.75]. The simulations
have been conducted using R version 3.2.3 [22] using 10,000 outer Monte Carlo
iterations and 999 wild bootstrap replicates.

Tables 1 to 3 contain the simulated coverage probabilities of equal precision
and Hall-Wellner bands for simulation set-ups with a discrete component in the
cumulative incidence function, i.e. p > 0. The columns of simulation results
corresponding to the common wild / weird bootstrap procedures are entitled
old, whereas the columns showing the results of the respective adjusted wild /
weird bootstrap are entitled new.

At first, we start with a discussion on the choice of multipliers. For equal pre-
cision bands and in almost all set-ups, there is a pronounced superiority of the
wild bootstrap with centered unit Poisson multipliers and the weird bootstrap
over the respective coverage probabilities of the bands based on standard normal
weights. This is true for the common resampling procedures as well as for the
proposed adjusted bootstraps. For Hall-Wellner bands, this superiority is not as
much pronounced and sometimes even the confidence bands based on standard
normal multipliers yield the most accurate coverage probabilities. But in cases,
where this is so, the deviance is only very small. The phenomenon, that standard
normal multipliers yield a worse performance than those with skewness equal
to one, is in line with the findings of [12] where also heuristic theoretic argu-
ments for a second-order correctness of both superior resampling procedures are
provided. As there is, all in all, not much of a difference between the simulated
coverage probabilities of the centered unit Poisson wild bootstrap and the weird
bootstrap, we only focus on the results of the Poisson choice. In general, the
equal precision bands appear to be more accurate than the Hall-Wellner bands,
except for some very small sample set-ups or sometimes for p = 1.

In almost any scenario, the discretization-adjusted wild bootstrap yielded
coverage probabilities closer to the nominal level in comparison to the unad-
justed wild bootstrap. The deviances between these coverage probabilities of
each of those two resampling procedures appear to be larger the higher the
discretization probability p and the coarser the discretization lattice is. For in-
stance, this difference even amounts to 4.1 percentage points in case of the
Hall-Wellner bands, n = 50, kK = 5, and p = 1 and to 3.8 percentage points in
case of equal precision bands and the same n, k and p.

In case of k € {5,10}, the coverage probabilities of the common wild boot-
strap do not appear to converge at all towards 95% as the sample size increases.
Instead, the simulated probabilities fluctuate around 93% or even 92%. On the
other hand, the discretization-adjusted equal precision wild bootstrap bands
yield much better coverage probabilities which are greater than 94% or at least
in the high 93%-region for larger sample sizes. In contrast to the unadjusted
procedure, we observe for small samples and for the adjusted confidence bands
coverage probabilities closer to the nominal level for higher discretization prob-
abilities p. This is only reasonable as p = 100% corresponds to a multivariate,
but not an infinite-dimensional statistical problem. We do not see this tendency
for the unadjusted procedure in case of k € {5,10}, which again stresses that it
is not suitable for these kinds of tied data regimes.
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The better coverage probabilities of the adjusted wild bootstrap may be ex-
plained by means of the asymptotic covariance function crl%1 (s,t) given in The-
orem 5.1: This covariance is generally increased in comparison to the case of no
ties which would lead to the covariance

[ 1= rw - N0 - @ - e 2

N JS” dAs(u)

(F1(u) = Fi(s)) (Fi(u) = Fi(t) —= =~
0 H(u)
The unadjusted wild bootstrap, however, only results in processes with limit
distributions having the latter covariance. That is, the unadjusted wild boot-
strap does not account for the increased variability due to tied data and this
is reflected in its bad performance in the simulation study. Similarly, when fo-
cus is on inference methods for cumulative hazard functions, the common wild
bootstrap generally overestimates the variability of the Nelson-Aalen estimator.

Finally, Table 4 shows the corresponding results for the scenario in which
the continuous F} is the true cumulative incidence function and the usual wild
bootstrap technique yields asymptotically exact inference procedures. Here, it
surprises to see that the adjusted wild bootstrap again yields more accurate
confidence bands than the unadjusted procedure. Therefore, there is apparently
no loss at all in utilizing the discretization adjustment, even if the data contain
no ties.

All in all, we conclude that the proposed discontinuity adjustment should
always be applied in order to greatly improve the coverage probabilities of con-
fidence bands for F} * The present simulation results show this improvement,
which amounts to up to two or three percentage points for smaller samples
and in many conducted simulation scenarios. As the standard normal variate-
based wild bootstrap disappoints in general, our final advice is to combine the
present discontinuity adjustment with the wild bootstrap based on the Poisson-
distributed random variables or the weird bootstrap. Additionally, equal pre-
cision bands should be preferred to Hall-Wellner confidence bands due to the
slight but frequent superiority of the first in terms of coverage probabilities.

Note that, even with the best combination of the kind of confidence band
and the choice of multipliers, the adjusted wild bootstrap proposed in this
article still produces slightly too narrow confidence bands. For instance, this
phenomenon has been observed similarly by [4], [12] and [11]. In the latter it
is seen that the Kolmogorov-Smirnov-type statistic applied to Aalen-Johansen
estimators in right-censored competing risks set-ups and in combination with
the wild bootstrap yields a quite liberal test procedure when testing equality
of cumulative incidence functions. In their simulation studies, moderately large
sample sizes are required in order to obtain empirical type I error rates close
to the nominal level. This behaviour may be due to the infinite dimensionality
of the problem of constructing nonparametric confidence bands for cumulative
incidence functions.
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equal precision Hall-Wellner
set-ups N(0,1) | Poi(l) —1 weird N(0,1) Poi(l) — 1 weird
p n | old new| old new | old new | old new | old new | old new

50 [87.3 88.5(89.4 90.6 [88.9 90.4 |88.7 89.9 | 89.3 90.8|88.9 90.2
75 189.5 90.4|91.6 92.291.1 92.0 |89.8 90.6 | 90.6 91.5 |90.4 91.3
100 | 90.6 91.3]92.3 93.0|92.2 92.6 [90.5 91.1 | 90.9 91.8 |91.1 91.9
125191.2 92.0(92.4 93.1 {934 93.8|90.9 91.7 | 91.1 91.8 |91.1 91.9
25% [ 150 [91.1 91.7 (925 93.0 |93.4 93.8|91.4 91.7| 91.5 92.2 |92.2 92.7
175191.7 92.1]93.1 93.2 (93.2 93.6|91.8 92.2 | 92.8 93.2 |92.7 93.2
200 (92.0 92.5|93.3 93.8 |93.6 94.1|92.2 92.7 | 92.2 92.6 |92.3 92.7
2251925 93.0193.3 93.7|93.6 94.0|92.2 92.7| 92.8 93.2 |92.6 93.1
250 (92.5 92.9(93.7 93.9|93.4 93.8 924 93.0 | 92.5 93.1 924 92.7
50 | 87.4 89.3(89.1 91.3|89.8 91.3|87.7 90.4 | 88.5 90.9 |88.8 91.1
75 189.4 91.0|91.3 92.7|91.0 92.6 |89.2 91.1 | 89.5 91.4|89.9 91.9
100 |1 90.0 91.5]92.4 93.6|91.9 93.3 [89.9 91.6| 90.3 91.9|90.6 92.2
125190.6 91.9]93.0 93.9|92.3 934 (909 923 | 91.3 92.7 |91.0 924
50% | 150 |90.6 91.9|92.4 93.4|93.0 94.1|91.0 92.3 | 91.3 92.8 |91.2 92.6
175191.2 92.2192.6 93.5|92.7 93.791.4 92.7| 91.8 92.8 |91.1 924
200{91.2 92.3|92.3 93.3|93.2 94.2|91.8 93.0| 92.2 93.6 |91.8 929
225914 92.6|92.7 93.7 (93.3 94.2|91.7 929 | 91.7 93.0 |91.9 93.1
250191.7 92.8193.1 94.3|93.1 94.1 |91.4 92.8 | 92.0 93.2 |91.7 93.0
50 | 87.2 90.689.1 91.6 |89.5 92.1 874 90.8 | 8.7 92.1|88.3 91.8
75 190.1 92.6|91.0 93.2 |91.3 93.8|90.0 92.4 | 90.6 93.4 |90.1 93.2
100 1 90.6 92.9|92.1 94.2(91.6 93.8 |89.9 92.6 | 90.3 93.3 |90.2 93.0
125190.8 93.0]92.1 94.3|91.8 94.1 [90.5 93.0 | 91.0 93.4 |91.0 93.6
75% | 150 {90.8 93.1]92.0 93.9 {923 94.4|90.6 93.0 | 91.2 93.8 |91.2 93.7
175190.8 93.191.7 93.9 |92.3 94.091.0 934 | 91.5 94.0|90.9 934
200 {90.9 93.1]|92.5 94.5(925 94.5|91.3 93.5| 91.0 93.5 |91.3 934
225191.2 93.41925 94.5|92.2 94.1 |91.6 93.8 | 91.7 93.5 |91.1 93.6
250 [ 91.8 93.8|92.4 94.4 (92,7 94.5|91.4 93.6 | 91.6 93.8 |92.0 94.2
50 | 87.7 92.0(89.1 929 |89.6 93.2 |89.0 92.9 | 89.6 93.7|89.7 93.4
75 [88.8 92.7190.3 93.7 [90.2 93.6 |90.3 93.7 | 90.7 94.3|90.2 94.0
100 |1 89.9 93.3190.9 94.1 |90.5 93.8 [90.6 94.0 | 91.2 94.4|90.6 94.1
125(89.8 93.1{90.9 93.9 [90.4 93.6 [91.3 94.6 | 91.8 94.8|91.6 94.6
100% | 150 | 89.6 93.290.8 94.0 | 91.0 93.9 |91.6 94.6| 91.4 94.5 |91.2 94.6
175190.1 93.2190.5 93.5|91.3 94.0 [91.5 94.6 |91.95 94.8 | 91.0 94.2
200{90.3 93.6|91.1 94.0 |91.1 94.1 |91.8 94.7| 91.8 94.7|91.8 94.7
225(90.0 93.1|91.3 94.2 [91.1 94.3 |91.9 94.9| 91.9 94.8 |91.6 94.6
250 [ 89.7 93.2190.9 939 [90.8 939|924 94.9| 91.9 94.8 |91.4 94.5
TABLE 1

Simulated coverage probabilities of equal precision (left) and Hall-Wellner bands (right) in
per cent where k = 5. Those closest to the nominal level of 95% are printed in bold-type.
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equal precision Hall-Wellner
set-ups N(0,1) | Poi(l) —1 weird N(0,1) | Poi(l) —1 weird
p n | old new | old new | old new | old new | old new | old new

50 [ 87.7 88.6(89.4 90.7 [89.9 90.8 |87.2 88.7[89.3 90.5 [89.0 90.4
75 189.2 90.2|191.9 92.691.8 924 |89.2 90.1[90.9 91.6 |90.7 91.5
100 | 90.7 91.2 1924 93.1 |93.1 93.3[90.5 90.9|91.9 92.6 [91.4 91.9
125|91.1 91.693.1 93.5|93.4 93.8(91.5 92.0|92.5 929 [91.6 92.3
25% | 150 [91.6 92.2|93.5 93.8|93.5 93.8 925 92.8|92.3 92.9 [92.2 92.7
175191.8 92.1]93.9 94.2|93.8 93.9 [92.6 929|929 93.1 |92.7 93.2
200 {919 92.4|93.8 93.9|93.7 93.9|92.3 92.8|92.7 92.9 |92.8 93.2
2251924 92.8193.5 93.9|93.7 94.0|929 93.4|93.0 93.3|93.0 934
250 (92.2 92.694.0 94.3 |94.2 94.6|92.4 92.8|92.9 93.3 |93.2 93.5
50 | 87.2 88.6(89.2 90.7 |89.2 90.5 |87.3 89.1|88.9 90.5 |89.2 90.8
75 189.8 90.8|91.5 92.5|91.2 92.2 |89.9 91.2|91.1 92.3 |90.7 91.8
100 [ 90.2 91.3]92.6 93.3 92,5 93.5[91.2 92.4|91.1 923 |91.5 92.6
125191.2 92.1]93.0 93.7|93.1 93.8(91.1 92.2|91.6 92.5 919 92.8
50% | 150 |91.6 92.5|93.3 94.0|93.2 94.0|92.0 92.8|91.9 92.8 |92.0 93.0
1751927 93.3[92.7 93.3 |93.1 93.7(924 93.1|92.5 93.2 [92.7 934
200192.2 929]93.4 94.0 |93.5 94.2|92.2 928|924 934|926 93.3
2251922 93.0(94.1 94.8|93.1 94.0 |92.3 93.2|92.8 93.4 [92.9 93.6
250193.0 93.5|93.7 94.2|93.4 93.9 |92.1 92.7|92.7 93.4 |92.1 92.7
50 | 87.6 89.8(89.2 91.4|89.0 90.9 |88.2 90.6|88.3 91.0 |89.5 91.7
75 [89.5 91.5|92.0 93.4[91.4 93.0 |190.4 92.2|91.3 93.0 |90.4 92.3
100 {90.3 91.9]92.5 93.8 |92.5 94.0|91.3 92.7[91.0 92.7 |91.2 93.0
1251914 92.9]92.9 94.0 [92.8 94.1|91.8 93.292.0 93.3 |91.6 93.1
75% | 150 | 91.5 92.8193.2 94.5|93.2 94.2 {91.7 92.9|91.7 93.0 |91.9 93.3
175191.5 92.8[93.0 94.2 |93.7 94.6 |92.3 93.6|92.5 93.8 [92.1 93.3
200 {92.0 93.1]93.9 94.9|93.8 94.9|92.3 93.5|92.1 93.5 [92.1 93.5
2251922 93.1|93.6 94.6|93.2 94.1 {924 93.6|92.4 93.9 929 94.1
250 (92.5 93.8(93.5 94.6 |93.7 94.8|92.7 93.8|92.4 93.7 |92.6 93.7
50 | 88.3 91.1[90.2 92.890.3 92.7 [89.0 92.0|89.5 92.7 [89.6 92.8
75 189.8 92.2|91.7 93.9[91.8 93.6 |91.1 93.6|91.1 93.6 |90.9 93.8
100 | 90.5 92.7[92.1 94.0 |92.1 94.0 [90.8 93.1|92.1 94.3 |91.7 93.8
125191.1 93.2]92.6 94.4 |92.7 94.5]92.1 93.8[92.1 94.2 |92.3 94.3
100% | 150 | 91.4 93.4 |92.8 94.6 | 92.8 94.8 [92.0 93.9|92.6 94.7 | 92.6 94.6
175191.6 93.6 [92.8 94.6 |92.8 94.8 (924 94.2|92.9 94.7 (923 94.4
200 {91.5 93.5[93.0 94.8 |93.3 95.0|92.3 94.2|93.1 94.9 [93.0 94.9
2251923 94.0(92.9 94.7 |93.4 95.0|92.7 94.3|93.3 94.9 [93.1 94.9
250 [91.8 93.8(92.8 94.6 |93.0 94.7|93.3 94.9|92.7 94.4 929 94.6
TABLE 2
Simulated coverage probabilities of equal precision (left) and Hall-Wellner bands (right) in
per cent where k = 10. Those closest to the nomanal level of 95% are printed in bold-type.
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equal precision Hall-Wellner
set-ups N(0,1) | Poi(l)—1 weird N(0,1) | Poi(l) —1 weird
p n | old new| old new | old new | old new | old new | old new

50 |87.2 88.0|89.9 909 |90.2 90.7 |88.4 89.5|89.9 91.2|89.1 90.1
75 189.8 90.3|92.2 92.5|91.8 924 |90.4 91.0]90.7 91.4 |90.7 91.5
100 | 91.0 91.6|93.1 93.5|92.7 93.1 |91.4 91.9|91.8 92.3 [91.9 92.3
125]92.1 92.3| 94.0 94.2|93.3 93.7 [91.7 92.2192.5 93.0 [92.5 92.9
25% | 150 [ 91.9 92.4|93.6 93.8|93.7 93.9|92.1 92.5|92.6 92.8 [92.9 93.3
1751924 92.7|94.0 94.4| 942 94.4|92.2 92.6(92.8 93.0 |92.8 93.1
200 {92.8 93.0]|94.2 94.4|93.8 94.1 {93.0 93.3|92.6 93.0 |93.0 93.2
225193.2 93.4]94.5 94.8|94.0 94.2|93.1 93.3|93.0 93.3|93.2 934
250192.8 93.1]|93.9 94.1 | 942 94.4|92.9 93.0(93.6 93.7 |93.1 93.3
50 [ 88.0 89.2|89.6 90.9| 89.6 90.8 |88.8 90.0|89.3 90.7 | 89.5 90.9
75 189.9 90.7| 924 93.3|92.3 93.0 (904 91.4(91.3 92.3 |90.9 91.9
100 | 91.0 91.7]93.2 93.7|93.0 93.7|91.7 92.5|92.0 92.7 [91.9 92.6
125192.0 925|934 93.8|93.9 94.2 (921 92.8|92.5 93.1 [92.1 92.6
50% | 150 |91.9 92.5|93.6 94.0 | 94.0 94.3|92.1 92.6|93.1 93.6 |92.6 93.2
175193.0 93.4|94.0 94.4|94.1 94.5[924 93.0|93.0 93.3 [93.0 93.5
200(92.8 93.1|94.1 94.4|93.7 94.0 (929 93.2|93.1 93.5|92.7 93.3
225192.8 93.3|94.2 94.5|94.3 94.7|92.7 93.0/93.2 93.9 |93.5 939
250193.0 93.3]93.9 94.3|93.8 94.0 |93.4 93.6|93.0 93.5|92.7 93.3
50 [ 88.4 89.9|90.8 92.1]90.5 92.0(89.2 90.8|89.7 91.5|89.7 914
75 190.3 91.5|92.7 93.9] 929 93.7|91.0 92.2|91.3 924 |91.2 923
100 | 91.4 92.5]93.3 94.2|93.0 939 |91.2 92.1|924 93.2 |92.3 934
1251914 92.3|93.8 94.6 | 93.6 94.1 [92.2 93.2(92.6 93.4 [92.5 93.5
75% |150(92.7 93.3| 94.0 94.8| 93.5 94.3 |92.6 93.4|93.1 94.0 |92.7 93.5
1751924 93.1| 944 95.0| 94.1 94.8 92,5 93.2|93.3 93.9 [92.7 934
200 [ 93.0 93.8|94.1 94.7|94.0 94.6 |92.7 93.4|93.3 94.2 |93.1 93.8
225193.3 939|944 95.0| 94.1 94.7 929 93.5|93.2 94.0 |93.6 94.1
250 193.0 93.6|94.3 94.9|94.3 94.8 |93.3 94.0|93.8 94.4 |92.9 93.7
50 [88.9 90.7|91.0 92.8 |91.2 92.790.1 92.3|90.7 92.8 {90.5 92.9
75 191.0 92.6|93.2 94.3|93.0 94.2 |[91.2 92.7(92.6 94.1 |91.9 934
100 [ 92.0 93.3|93.7 95.0| 93.7 94.7 [92.0 93.6|93.1 94.4 [92.5 93.8
1251929 93.9]93.7 94.9|94.1 95.1|924 93.5]93.3 94.6 |93.6 94.6
100% | 150 | 92.8 93.9| 94.2 95.1| 94.6 95.5 |92.8 94.1|93.5 94.6 |93.3 94.4
175193.2 94.3|94.9 956 |94.9 95.7 |93.2 94.4|93.7 94.8 |94.0 94.9
200 (935 945|944 953|946 953|939 94.7|93.8 94.8 939 94.8
225194.1 94.8|94.6 95.6 | 94.7 954 |93.7 94.6 |94.3 95.1|93.7 94.7
250193.1 94.3|95.0 95.8 |94.8 95.6 |93.6 94.6|93.9 95.0|94.2 95.1
TABLE 3
Simulated coverage probabilities of equal precision (left) and Hall-Wellner bands (right) in
per cent where k = 20. Those closest to the nomanal level of 95% are printed in bold-type.
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equal precision Hall-Wellner
set-ups | N(0,1) | Poi(l) —1 weird N(0,1) |Poi(l)—1 weird
n old new | old new | old new | old new | old new | old new

50 87.1 88.1189.6 90.4 | 89.4 90.5|87.6 88.6|88.8 90.0 |88.7 89.8
75 89.4 90.291.8 92.3|91.6 92.1 {90.2 90.8|90.7 91.5|90.7 91.5
100 |90.7 91.2|93.2 93.4| 924 92.7(90.8 91.3|91.1 91.6 |91.8 92.2
125 914 91.8|93.0 93.4|93.2 93.5|91.7 92.1[92.0 92.3 |91.6 92.2
150 |91.3 91.5|93.6 93.9|93.5 93.8 923 92.5(92.6 92.9 |92.9 93.2
175 1925 92.6|93.9 94.1 | 94.1 94.4|92.3 92.5|92.5 92.8 |92.9 93.2
200 92.9 93.0(93.7 93.8|93.5 93.8|92.7 92.9|92.9 93.0 |93.2 93.3
225 [92.7 92.9(93.9 94.1 |94.2 94.2|93.0 93.1|92.6 92.7 |93.3 93.7
250 93.2 93.4(93.7 93.8 |94.3 94.3|92.8 93.0(92.9 93.1 |93.1 93.3
TABLE 4
Simulated coverage probabilities of confidence bands for Fy in per cent where p = 0. Those
closest to the nominal level of 95% are printed in bold-type.

7. Real data example

We applied the present discretization adjustment to the sir.adm data-set of the
R package mona. It consists of competing risks data of patients who are in an
intensive care unit (ICU), where the event of primary interest, “alive discharge
out of ICU”, competes against the secondary event “death in ICU”. For seeing
the difference between the common and the new approach more clearly, we
analyzed the subset of all male patients suffering from pneumonia. Out of these
n = 63 individuals, five have been right-censored and 41 out of all 44 type 1
events fell into the time interval [5,55], which we chose for confidence band
construction. Due to the worse performance of the wild bootstrap based on
standard normal multipliers as seen in Section 6, we only derived centered unit
Poisson variate-based bands. In order to minimize the computational error in the
quantile-finding process, 99,999 wild bootstrap iterations have been conducted.
The confidence bands resulting from the weird bootstrap almost coincide with
those just described. Therefore, they are not shown.

The resulting confidence bands are presented in Figure 2. For both kinds of
bands, (equal precision bands in the upper panel, Hall-Wellner bands in the
lower panel), we see that the discretization adjustment leads to a widening in
comparison to the unadjusted bands. This is in line with the discussion and
the simulation results of Section 6, where the unadjusted bands appeared to be
the most liberal, i.e. the narrowest. In particular, the adjusted equal precision
bands cover an additional area of 2.1 percentage points at the terminal time
point ¢ = 55, whereas this deviance even amounts to 3.3 percentage points for
the Hall-Wellner bands. This might not appear to be much at a first glance at the
plots in Figure 2. But in fact, it may be the cause for a formidable improvement
of the bands’ coverage probability: The simulation results of Section 6 for k& = 20,
discretization probability p = 100%, and sample sizes n € {50, 75} suggest that
the adjusted wild bootstrap procedure might improve the coverage probabilities
of both kinds of bands by approximately two percentage points. With a view
towards the liberal behaviour of the unadjusted bands, these enhancements of
the coverage probabilities are highly worthwhile.
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F1a 2. Asymptotic 95% equal precision (upper) and Hall-Wellner bands (lower panel) for the
cumulative incidence function of the competing risk “alive discharge out of ICU” for male
patients suffering from pneumonia.

8. Discussion and future research

In this article, we analyzed a discontinuity adjustment of the common wild boot-
strap applied to right-censored competing risks data. This adjustment is abso-
lutely necessary, as ties in the data introduce an asymptotic dependence between
multiple cause-specific Nelson-Aalen estimators and the asymptotic variances of
univariate Nelson-Aalen estimators are decreased in general. The common wild
bootstrap fails in reproducing these effects since it establishes independence for
all sample sizes. The problem is even more involved for Aalen-Johansen estima-
tors of cumulative incidence functions, which are non-linear functionals of all
cause-specific hazards. Simulation results reported the striking liberality of the
unadjusted bands which also fail to keep the nominal level asymptotically. In-
stead, the discretization-adjusted wild bootstrap greatly improves the coverage
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probability. This effect is more pronounced the more discrete the event times
are. But even in the absolutely continuous case, the suggested procedure ap-
pears to perform preferably. Therefore, we advise to always use the adjustment
when right-censored competing risks data shall be analyzed. The real data ex-
ample reveals that the discontinuity adjustment does actually only lead to slight
widening of the common wild bootstrap-based bands which is already enough
to improve the coverage accuracy greatly.

The presented wild bootstrap approach may be extended to more general
Markovian multi-state models since the martingale arguments of Appendix B
still apply. A still open question is, whether the common wild bootstrap also
fails in case of tied survival data which are assumed to follow the Cox propor-
tional hazards model [8]. See [19] for the wild bootstrap applied to absolutely
continuous survival data following the Cox model. And, if it fails, whether the
method proposed in this article requires further modification.

Appendix A: Detailed derivation of the asymptotic variance of the
Nelson-Aalen estimator

Define H*¢(t) = ZLI ENj1(t) as the probability that an uncensored event due
to any cause occurs until time ¢. According to [24} p. 383f we have /n(A —

A) =% § Mve(du)/H (u), where MU (t) = G(t)—§, G( ) is a zero-mean
Gaussian martingale. Its variance function is determlned by

BGU(s)GU(t) = H"(s A t) — H"(s)H"(¢t),
EG(s)G(t) = H(s v t) — H(s)H(t),
EG“C( )G(t) = (H"(s) — H"(t—))1{t < s} — H"*(s)H(2).

Note that A(t) = So H"¢(du)/H (u). Thus, for s < t, the covariance function of
Me at (s,t)

B(M"(5) M (1) ]

H —
=HUC(S) _ Hu(‘ Hu(‘ f J‘ u M U ) _

(g)m”dm%mdm%u)

_ ' uc(g) — uc u<s uc [7 U dHuc(u)
L[(H (s) = H*(u=))1{u < s} — H*(s) H( )]713(”)

‘f“HW(t)—H“% v <t} - HW(t)H(v)]dHT()U)

—H"(s) — H"(s)H"(t f f |amrewyarrew)

f f Jamre(w)ar )

— (H"(s) + H"“(1))A(s) + 2J: H(u—)dA(u) + 2H"(s) H"(t)
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1

— e (s) + HY(s) HY (1) + L () — 1w = 5t

+ LS(A(U) — H"(w))dH"(u) — (H"“(s) + H"“(t)) A(s)

QL H"(u—)dA(u)
—H"(s) + H"(s)H"(t) + H" () A(s) — H"(t)H"(s) f HY(u)d A(u)
f H(u)dH"(u) + f S(A( )~ H () dH" (u)

—Hv(s) — H"(s)A f H (u)dA(u) + fA( YAH " (u)

0

+2 f " (u—)dA(u)
—H"(s f H"(u)dA(u j H" (u—)dA(u)
fH )dA(u JAH“C w)dA(u JH (1 — AA(u))dA(u)

We conclude, as in [24], that

— AA(u)
o H(u)
as n — o, where Gauss again indicates that the limit process is a Gaussian
martingale.

The very same calculations hold true if each H"® is replaced with H}'* for
the subdistribution function of an uncensored type j event, j = 1,..., k. There-
fore, we have for Nelson-Aalen estimators for cause-specific cumulative hazard
functions that, as n — o0,

(u) ~ Gauss (O, dA(u ))

H

\/ﬁ(ﬁj — 4j) <, ) M (u) ~ Gauss (0,0?(-)),

where M}“(t) = Gy(t So (u) involves similar quantities as M™°, but
which are now cause—spemﬁc

Appendix B: Consistency of the wild bootstrap for the univariate
Nelson-Aalen estimator

Proof. Without loss of generality, assume that 0, K € D for simplifying notation.
Write D = {do,d1,...,ds} with the natural ordering d; < dj;4q for all j =
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J
0,1,...,J —1. Then [0, K\D = |J (dj_1,d;). For simplifying the notation, we
j=1

subsequently only consider the Nelson-Aalen estimator corresponding to the first
competing risk. As argued in [6], it is now straightforward to show that each
process (I//I\/l (t) — Wl(dj_l))t on each interval [d;_1,d;), j = 1,...,J, defines
a square-integrable martingale. Since such martingales can be extended to the
right boundary of the time interval, we may define the boundary values W1 (d;)—
V/[71 (dj—1) := limyg, V/[71 (t) — I//I\/l(dj,l), and this procedure introduces square-
integrable martingales on the whole [d;_1, d;].

First, we notice that the conditional weak convergence in probability of the
processes (Wi(t) — Wi(d;j—1)): on each interval [d;_1,d;], j = 1,...,J, is al-
ready implied by exactly the same Rebolledo’s martingale central limit theo-
rem arguments as in [6]. Denote the limit Gaussian martingale processes as
([3’13-(t))te[djfhdj]7 j =1,...,J. Due to the martingale extension above, Re-
bolledo’s limit theorem implies the almost sure continuity of U;; on each time
interval. Furthermore, these are zero-mean processes with variance function
t—oi(t) = oi(dj-1).

Due to the continuity of the limit processes (71]' on the intervals [d;_1, d;], we
are able to switch from the Skorohod topology to the more convenient sup-norm
metrization; see the discussion in Section IL.8 in [3]. At each ¢ = d;, the weak
conditional convergence in distribution of AI//I\/l(dj) holds in probability by the
already argued convergence of all finite-dimensional conditional distributions.
Therefore, the independence of the (bootstrapped) Nelson-Aalen increments
imply that, as n — o0, the conditional distribution of

(Am(d@, Wi (to) — Wi(do), AW (dy),

~-,I//I\/1(tJ—1)—ﬁ\/l(dJ—l),Aﬁ\/l(dJ)>te[d dlootsreldr—sids]

given Jy converges weakly in probability to the distribution of

(Ur(do), Ur1(t1), Ur(da), - .., Urg(ts), Ur(d))yefdo,da]o tseldy—1.dy]

on the product Space R x D[dg,d1] X R x -+ x D[dj_1,ds] x R equipped with
the sup-max-norm. Here, all components are independent, and the normally
distributed random variables U, (d;) have mean zero and variance Ao (d;), j =
1,...,J.

Applying the following functional, which is continuous with respect to the
max-sup-norm,

’(/J R x D[do,dl] XRx -+ x D[dJ_l,dJ] x R
—> D[do,dl] X - X D[djfl,dL]] X R,
(anyl(tl)vwlvu'ayJ(tJ)va)tl ..... ty
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— (.Z‘o + yl(tl), To + Z/1(d1) +x1 + yz(tg), R

o + 2 (y;(d;) + ;) + ys(ts), x0+2 (y;(d +xj))

j=1 t1,...,ty

to the previous limit theorem, the continuous mapping theorem implies that,
given Fy and as n — oo, the conditional distribution of

Wi(ty), ..., Wi(ts), Wi(d )
( 1( 1) 1( J) 1( J) tle[do,dl],...,tje[dJ,1,d]]

converges weakly (on the product-function space D[dg,d1]x---xD[dj_1,ds] xR
equipped with the max-sup-norm) in probability to the distribution of

(Ui(t1), ., Ui (), U1 (d))

tre[do,d1],..,trelds—1,ds]

Here the right boundary values are again considered as the left-hand limits
given by the martingale extension theorem. The process (U1 (t))¢e[o, k] is a zero-
mean Gaussian martingale with variance function ¢ — o?(¢) with, in general,
discontinuous sample paths.

Finally, we apply the continuous functional

¢I D[do,dl] X oo X D[d]_hdJ] xR — D[O,K],

J
(Yi(t1), - s ys(ts)s @)ty oty — ( Dyi(t) Ay () + 2y 1{1{}@))
j=1 te[0,K]
in order to obtain the desired conditional weak convergence for (I//I\/l (t)tef0, K]
in probability. O

Appendix C: Derivation of the asymptotic covariance of multiple
Nelson-Aalen estimators for cumulative cause-specific
hazards

Consider the situation of two competing risks. In order to derive the asymptotic
covariance of two cause-specific Nelson-Aalen estimators, we first note that, as
n — oo,

2
V(A —A) = Y V(A - A) L U + Uy = U
j=1
by the continuous mapping theorem. The covariance function of U is given by

eon(U(0),U0) = s a1y = [ LA

0 H(u) d4f)

but on the other hand

cov(U( 2 cou( U;(t)) + cov(Ui(s), Ua(t)) + cov(Ur(t), Ua(s)).
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Solving for the unknown covariances on the right-hand side of the previous
display, we obtain

cov(Uy(s),Ua(t)) +00U(U1( ), Ua(s))
SAt 1— AA 2 SAt 1—AA
e Zj L2 g )

0
o sSAt AAl(U) ) SAt AAQ( )
- | S - | S
AL

Due to symmetry and inductively, it follows that

oi0(s A t) = coo(U (), Us(t)) = —f AA 44, ()

0 H(u)
for j #¢, j,0 =1,...,k, even in the situation of k € N competing risks.

Appendix D: Consistency of the discretization-adjusted wild
bootstrap for the multivariate Nelson-Aalen estimator

The proof of tightness follows along the same lines as that of Theorem 3.2
because the wild bootstrapped Nelson-Aalen estimators retain their martingale
properties. It only remains to calculate the finite-dimensional marginal limit dis-
tributions. These are calculated with the help of Theorem A.1 in [5]: Therefore,
we abbreviate

n k n k n
= Z &§jjiln,jjit+ Z sign(f—j) Z §jtidn,jei+ Z sign(f—j) Z ejiZn ji-

i=1 =1 i=1 =1 i=1
Further, consider arbitrary points of time 0 < t; < --- < t,, < K and the vector

(Wi(t1), s Wiltn), Wa(t1), ..., Waltm) -, Wi(t), .., Wa(tm)).

Due to analogy, it is enough to calculate the entries corresponding to both pairs
(Wl(tl) Wl(tg)) and (W1 (t1), Wg(tg)) of the limit of the matrix

f 1= (1{] = i [ ,sz ta) in(tb)

+ Z Zn ,Jli ta n,jli tb + Z Zn AJi a)Zn,Zji(tb)]
23 b#7

10 #5333 200 050) + 202500

a,b=1,...m; j,j=1,....k
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We start by calculating the entry for a = 1,b = 2,j = j = 1, that is,

n k
Z [ 116 (1) Zn 110 (t2) + Z Zn10i(t1) Zn 10i(t2) + Z T 01i(t1) Zn, elz(tz)]

=n N ftl Y(u) - AN(U) lez’(U)

=Jo Y (u) Y2(u)

’“ AN1 th() "t AN (1) ANy (u)
z=22 ZJ Y2(u) M;L Y (u) YQ(u)]

o[ ()le(U)
R CO R

Ll
2

g ftl AN (u) dNe(u )+th1 AN¢(u) le(u)]

1 k
2l ) vw Tt Ve v
f Y (u) — ANy (u) ANy (u)
o V2w Y(u)

Here, the last equality follows from AN;dN, = AN,dN; for all ¢. By the
Glivenko-Cantelli theorem in combination with the continuous mapping the-
orem, it follows that the quantity in the previous display converges to o3 (¢1) in
probability as n — oo. R

Now, consider the entry of I' fora =1,b=2,j = j = 2:

Z [ n,12i(t1)Zn 121(152) +Zn 21z(t1)Zn,21i(t2):|

l[n AN (u) AN (u) . ANy (u) ANy (u)]
2L o Y2(u) Y(u) o Yu) Y(u)

By the same arguments as before, this is a consistent estimator for o12(¢1) as
n — o0.

Appendix E: Derivation of the asymptotic covariance function of an
Aalen-Johansen estimator in the competing risks
set-up

In order to derive the the covariance function of

1 Bn) - Fi() () - Fi()
[ v T AR R v T )

at any (s,t) € [0, K]?, we exemplarily calculate the covariance function of the
first integral and the covariance function between both integrals. Hence, as the

covariance function (s,t) — o3(s A t) of U; only increases along the diagonal,

$1— Fy(u—) — Fi(s) 1 — Fy(u—) — Fi(t)
cou JO Ay ), JO A AU (w)
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) Jm (1= Po(um) = A= Ba(um) = B®) 4 2

. (- MA@
_ snt (1—Fy(u—)—F1(s))(1 — Fo(u—) — F1(t)) 1—AA;(u) "
-, (u) 0~ Ad(u)2 )

Furthermore, we similarly have for the covariance between both integrals that

51— Fy(u—) — Fi(s) P F(u—) — Fy(t)
cov([0 dUl(u),J0 —dUg(u))

1—AA(u) 1—AA(u)
_f”u—awa—ﬂwmmwa—ﬂwham)
0 (1 — AA(u))? .
ML= Fy(u—) = Fi(9))(Fi(u=) — Fi(£))  AA(u)
-, Ti(u) 0 Ad(u)? 42

Finally, including also the remaining two analogous terms, we obtain the fol-
lowing asymptotic covariance function of the Aalen-Johansen estimator for the
first cumulative incidence function as the sum of all four covariance functions:

o ft (1— Fy(u—) — ”(S)‘ Folum) = () (1 = ifx%%? dAi(w)
N Lw (Fi(u—) - ﬂ(ﬁ)&( u=) = Fi(t)) (1 = ﬁj?fg;z dAs(u)
i Lm (1= Fyfu) — (o)) ) SR daa(u)
—LTtO_waﬁ_Fﬁafﬁwﬁ_ﬁﬂﬂxlfiiQ»%de.

Expanding the terms 1 — AA; = 1 — AA + AAy (similarly for j = 2) and
rearranging all integrals, the covariance function simplifies to

r” (1= Fo(u—) = Fi(s))(1 = Fo(u—) — Fi(t)) dAi(w)

0 H(u) 1—AA(u)
N J“t (Fi(u=) = Fa(s))(Fa(u=) = Fi(t)) dAs(u)
0 H(u) 1—AA(u)

+fAm—&wa—ﬂwwmeA—ﬂ@ﬂ

AAl(’U,)
H(u)(l — AA(u))?
|- Fy(u) — Fu(t) dAi(u)

< [(1 = Fa(u=) — Fi(t)) — (Fi(u=) — Fy(1))] dAz(u)
(

zf“a—&w> Fi(s))

H(u) 1— AA(u)
N Jsm (Fi(u=) = Fa(s))(Fr(u—) — F1(t)) _dAz(u)
0 H{(u) 1— AA(u)

u<sAt H( )( A( ))2 .
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The latter representation of the covariance function shows that this covariance
function in general increases when ties in the data are present.
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