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Abstract: Patients who undergo hematopoietic stem cell transplantation (HSCT)
often experience multiple bacterial infections during the early post-transplant pe-
riod. In this article, we consider a semiparametric regression model that correlates
patient- and transplant-related risk factors with inter-infection gap times. Existing
regression methods for recurrent gap times are not directly applicable to studies
of post-transplant infections because the initiating event (i.e., the transplant) is
different to the recurrent events of interest (i.e., post-transplant infections). As
a result, the time between a transplant and the first infection and that between
consecutive infections have distinct biological meanings and, hence, follow different
distributions. Moreover, risk factors may have different effects on these two types of
gap times. Therefore, we propose a semiparametric estimation procedure that lets
us simultaneously evaluate the covariate effects on the time between a transplant
and the first infection and on the gap times between consecutive infections. The
proposed estimator accounts for dependent censoring induced by within-subject
correlation between recurrent gap times and length bias in the last censored gap
time due to intercept sampling. We study the finite sample properties through
simulations and apply the proposed method to post-HSCT bacterial infection data
collected at the University of Minnesota.

Key words and phrases: Accelerated failure time model, gap times, recurrent events,
semiparametric method, weighted risk-set method.

1. Introduction

Infections after hematopoietic stem cell transplantation (HSCT) are often
a major source of mortality and morbidity among transplant patients. During
the early post-transplant period, bacterial infections are the predominant type of
infection. Hence, characterizing the underlying early bacterial infection process
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and identifying the risk factors are of primary interest in clinical practice. Our
motivating data were taken from 516 patients who received their first HSCT
using unrelated umbilical cord blood (UCB) as the graft source between 2000
and 2010 at the University of Minnesota. Transplant patients were then followed
prospectively, with infectious events recorded until the occurrence of a disease
relapse, a second transplant, death, or loss of follow-up. It is well known that
the greatest risk of infection in patients who undergo HSCT occurs prior to
the engraftment of donor blood cells. Engraftment, especially neutrophil cell
engraftment, which is crucial to fighting against bacterial infections, may require
as long as 42 days after a transplant. Thus, in our analysis, we focus on bacterial
infections observed within 42 days of a transplant. The goal of this research is to
identify important risk factors for early-phase bacterial infections. Specifically,
we are interested in the effect of patient- and transplant-related factors on the
time from a transplant to the first bacterial infection and on the interoccurrence
times (i.e., gap times) from one bacterial infection to the next recurrent infection.

As pointed out by Wang and Chang| (1999), analyses of recurrent gap time
data can be challenging because of the unique sequential structure of the data.
In particular, gap times beyond the first event time are subject to dependent
censoring induced by the correlations between gap times of the same subject,
even when the overall censoring time is independent of the recurrent event pro-
cess. Moreover, it is noteworthy that the last censored gap times tend to be
longer than the completely observed gap times, owing to intercept sampling. As
a result, conventional regression methods for univariate time-to-event data or
multivariate clustered survival data are not directly applicable to recurrent gap
time data. In the literature, regression methods for recurrent gap time data have
been developed by modeling either the hazard functions of gap times (Huang
and Chen| (2003); Sun, Park and Sun (2006])) or the (transformed) gap times
directly (Chang| (2004} referred to as “Chang’s method” hereinafter); Lul (2005);
Strawderman| (2005)). More recently, quantile regressions have been studied for
recurrent gap time data to account for data heteroscedasticity (Luo, Huang and
Wang| (2013)). However, these methods assume that all events, including the ini-
tiating event, are of the same type, and that all gap times, including the time to
the first occurrence of the recurrent events, have the same marginal distribution.
As a result, applying these methods to study post-transplant infections can lead
to incorrect inferential results because the time from the initiating event (i.e.,
the transplant) to the first infection and the gap times between recurrent infec-
tions have different clinical implications. Recently, Lee et al. (2016]) considered a
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nonparametric estimation of the joint distribution of the time from a transplant
to the first infection and the gap times between consecutive infections. To the
best of our knowledge, no regression methods have been developed for recurrent
gap time data under the setting described above.

In this paper, we propose a semiparametric regression model that allows the
time from a transplant to the first infection and the time that elapses between
consecutive infections to have distinct baseline distributions and different degrees
of association with the covariates. In particular, we assume that the covariate
effects are linearly related to the first event time and the gap times on a log-
arithmic scale, and that the within-subject correlation can be characterized by
a subject-specific random variable (i.e., frailty). The proposed model is similar
in form to the accelerated failure time (AFT) model for univariate survival data
(Kalbfleisch and Prentice| (2002, Chap. 7, and references therein)), which is more
attractive than the hazard-based regression models owing to its direct interpre-
tation of the covariate effects on survival time. Moreover, the distribution of
the frailty is left unspecified, which distinguishes the proposed approach from
parametric frailty models (Liu, Wolfe and Huang| (2004)); Huang and Liu (2007);
Zeng and Lin| (2008)).

The proposed estimation procedure is motivated by the regression method
for multistate data developed by [Huang (2002, referred to as “Huang’s method”
hereinafter). Note that by restricting the analysis to data up to the second
infection, Huang’s method can be applied directly to study the covariate effects
on bivariate gap times. However, this approach inevitably leads to a loss of
information because patients can experience more than two infections during
the course of follow-up. In our data example, some patients experienced as
many as six infections. Moreover, the number of infections is informative about
the distribution of the gap times. It is likely that patients with a higher risk
of infection experience more infections, and thus have shorter gap times. To
make better use of the observed data, we extend Huang’s method by applying
the weighted risk-set method discussed in |[Luo and Huang| (2011) to the gap
times beyond the first infection, making use of the exchangeability between the
uncensored gap times.

The remainder of this article is organized as follows. In Section 2, we first
describe Huang’s method, after adapting it for the simplified bivariate gap time
data, and then propose an estimation method for the recurrent infection data. In
Section 3, we investigate the performance of the proposed method by conducting
a series of simulation studies. In Section 4, we apply the proposed method to
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the post-HSCT bacterial infection data collected at the University of Minnesota.
Concluding remarks are presented in Section 5.

2. Methods
2.1. Model setup

We first introduce the notation required to describe the recurrent infection
process after a transplant. Let X° denote the time from a transplant to the first
infection and let on, 7 =1,2,..., denote the gap times between two consecutive
infections. The collection of all gap times for subject i, ¢ = 1,...,n, is denoted
as N; = {X?,Yi?,j = 1,2,...}, in the absence of censoring. Let A; denote a
p x 1 vector of baseline covariates collected at the time of transplantation. We
assume that the log-transformed time from a transplant to the first infection and
the log-transformed gap times from one infection to the next are linearly related
to the covariates, as follows:

log X7 = 7io + AT Bo + €,

log Y} =it + Al B1+ 5,5 =1,2,...,
respectively, where By and 81 are p x 1 vectors of coefficients specific to the first
event time and the following gap times, respectively; (vio,vi1) is the subject-
specific latent random vector shared by times from the same subject; and ¢;;,¢ =
1,...,n,7 =0,1,..., are identically and independently distributed (i.i.d.) ran-
dom errors from an unspecified continuous distribution. The latent vector (o,
~i1), which can be continuous or discrete, is used to account for the heterogeneity
among patients and the correlation between gap times within the same subject.
The distribution of the latent vector is left unspecified, but is required to have a
finite second moment. As a result, the joint distribution of (X?, Y9 V9, ...) is
not completely specified. Thus, the proposed model is a semiparametric model
rather than a fully parametric model.

Let C; be the censoring time from a transplant, whose survival function is
G(t) = Pr(C; > t), with a maximum support 7¢ < oo. We denote the number
of observed infections before time C; by m;. The random variable m; is finite
and satisfies Pr(m; > 1) > 0. When m; = 0, X? > C;; when m; = 1, X? <
C; and X? +Y$ > C;; and when m; > 1, XD + Z;"’:l_l YZ'(]J < C; and X? +
Z;nzl Yl? > (. The censoring time C; is assumed to be independent of N;,
(vio, vi1), and A;. In practice, however, this random censoring condition may be
a strong assumption. Extensions of the proposed estimation procedure to handle
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conditional independent censoring are discussed in Section 2.3.

In our analysis of post-HSCT infections, we focus on early-stage bacterial
infections within 42 days of a transplant. We do not expect to see a trend in
such a short follow-up period, in general; in other words, we expect the ex-
changeability condition on the gap times between consecutive infections to hold,
approximately. As shown in Section 2.3, the exchangeability condition is crucial
to the development of the proposed estimation procedure.

2.2. Existing method for bivariate gap time data

To evaluate the covariate effects on the time from a transplant to the first
infection and on the gap times from one infection to the next, we can apply
Huang’s method by fixing the number of states to two. In this section, we adapt
Huang’s method for bivariate gap time data.

Define ZZQ = XZQ and Z?l = XZQ—FYZ-? as the time from a transplant to the first
and the second infection, respectively. For any two subjects, indexed by 7 and 7/,
the difference in their covariates is denoted by A;; = A; — A;. The transformed
times from a transplant to the first and the second infections are defined as

Zio(bo) = exp(Ajbo) X7,
Zoi,l(b) = exp(Az;,bo)XZO + exp(Az;,bl)Y;-(l),

7
respectively, where b = (bl ,b1)T for i,i' = 1,...,n. Given A; and A;, it
follows that Z7,,(bo) shares the same distribution with Z9,, and Z3,,(b) shares
the same distribution with Z9; when by = By and b; = B; under the model
assumption. By constructing the transformed time to the second infection as the
sum of two transformed gap times XZQ and Yi(l), the covariate effects on each gap
time can be evaluated distinctively. Note that when A; = A,/ the transformed
times reduce to ZI-O0 and Z9. Although the goal is to assess the covariate effects on
the lengths of the interoccurrence times between events, the introduction of the
time-to-event notation is necessary to properly address the problem of induced
dependent censoring on gap times after the first infection. Now, consider the
bivariate vectors {Z%, Z,,(bo)} and {Z2, Z%,,(b)}. It is obvious that, given A;
and Ay, {23, Z%,,(Bo)} has the same distribution as {Z2,,(B80), Z0y}, denoted
by {Z3n, Z3o(Bo)} ~ {Z0:10(Bo), Zis}, and that {Z}y, Z3, (B)} ~ {Z91(B), Zin },
where B = (BE,B%)T. Let OL(,-) denote a symmetric and continuous scalar
function, such that Op(t,s) = Op(s,t). We set Or(t,s) = 0if t Vs > L,
where a V b = max(a,b), for L < 7¢. Then, it follows that, conditional on
A and Ay, O {Zjy, Ziyo(bo)} ~ OLo{Zig, Z)i(bo)} and O, {Z}y, Zjy (b)} ~
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Or, {22, 22,1(b)}, for constants Ly < 7¢ and L; < 7¢ and b = 8. This implies
that, when evaluated under the truth, E[ (A, Air, Bo)Aii OL {28, Z2,0(Bo)}] =
0 and E[w(A;, Ay, B1)AiOL,{Z%, 2%, (B)}] = 0, where w is a continuous and
symmetric scalar weight function satisfying w(aj, as,b) = w(ag,ai, b) for fixed
b.

Let the observed times from a transplant to the first two infections and the
corresponding censoring indicators be denoted as Z;g = ZZ% NCi, Njg =1 (ZZQO <
Cy), Zin = Z?l ANC;, and Ay = I(Z?]L < (), respectively, where a Ab = min(a, b).
The observed gap times are X; = Z;0 and Y;; = Z;1 — Zjg, respectively. The
observed analogs of Z3,,(bg) and Z%,,(b) are then defined as

Ziino(bo) = exp(AL bo)X;
Ziin(b) = exp(A /bo)X + exp(AL b)Y, (2.1)

respectively. Recall that G(t) is the survival function for the censoring time.
Then, under the random censoring assumption, we can easily show that
B [ ANioOr, {Zio, Ziio(Bo)}
G(Zio A Lo)
B [ 101, {Zi1, Ziin (
G(Zzl VAN L1
Therefore, it follows that

E l:E |:w(AZ7 A’i’aIBO)A

A, A] — E[01,{Z%, Z%0(B0)}| Ai, As] and

}‘AZ,A ] B[00, {25, Z5,(8)}| Ai, Av] .

ANioOry {Zio, Ziio(Bo)
G(ZZ() A LO

Or, {Zun, Ziin1(B)}
BB | w(As, Ay, B1) Ay 2100 1200 Zii A Ay l| =0.
|: |:'LU( 1y L3 7ﬂ1) G(Zﬂ/\Ll )
Then, we obtain the following estimating functions, which are in the form of
U-statistics:

e DNioOro{Zio, Ziio(bo)}
Do(bo) =n 2 ’LU(A“ Ai/, bO)Aii’ AO s (22)
Z Z Go(Zio N Lo)

}‘Al,AZ«” =0 and

=1 =1
" A; Zi, Zig
b)=n"") > w(AiAvb)Aw 101, i, 1(b)}7 (2.3)
Cr(Zi A L)
i=1 =1 1 il 1

where Go(t) and G (t) are the Kaplan—Meier estimators of the censoring time
survival function G(t) using the data {(Zj0,1— Aj),i =1,...,n} and {(Z;1,1

Aj1),i =1,...,n}, respectively. The artificial limits Lo and L; are 1mposed to
handle the case in which Z9 o and Zlol have larger maximum support than 7. Note
that subjects whose first or second infection times are censored contribute only to
the denominator in functions and for the estimation of the censoring
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time survival function. To obtain the estimator of By, we solve Dy(by) = 0,
denoting the solution as B,. Then, we solve Dl{(BOT,blT)T} = 0 to derive the
estimator of B1. We denote the resulting estimator of B, derived using Huang’s
method, as f.

As discussed in Huang| (2002)), the log-rank estimation approaches of the uni-
variate AFT model can be applied directly to the data to estimate 8y. However,
such approaches cannot be used to estimate 81 when the association between
the first event time and the gap time between the first and second infections
cannot be completely characterized by the observed covariates. The gap time
between consecutive infections is subject to informative censoring induced by

within-subject correlation. The estimating equations based on the U-statistic
functions in (2.2) and (2.3 properly address this issue.

2.3. Proposed method for post-transplant recurrent infection data

As mentioned earlier, applying Huang’s method for multistate data to our
recurrent infection data by ignoring the data beyond the second infection will
inevitably lead to a loss of information. Moreover, the number of infections, m;,
is informative about the gap time distribution. Thus, we extend Huang’s method
for bivariate gap time data described in Section 2.2 by applying the weighted
risk-set technique discussed in Luo and Huang| (2011). Luo and Huang (2011)
demonstrated that the weighted risk-set method can be used to pool exchangeable
gap times within a subject to improve the efficiency of the estimation. The
weighted risk-set technique was used in the one-sample estimation method for
post-transplant recurrent infection data by Lee et al.| (2016). We apply the
technique to our proposed regression method in a similar fashion. To proceed,
we define m; = m; — 1 for m; > 2, and m; = 1 for m; < 2. Then, we denote
the observed uncensored gap times beyond the second infection by Y;; = Yf; for
J =2,...,m, where m; > 2. Obviously, we have A;; = 1 for j = 2,...,m].

Under the assumptions in Section 2.1, the observed uncensored gap times, Y;;, j =

1,...,m}!, are ii.d., conditional on m;, (v0,7i1), and A;. Therefore, it follows

that the observed uncensored gap time pairs, (X;,Y55),j = 1,...,m}, are also
conditionally i.i.d. Thus, the exchangeability between the observed uncensored
gap time pairs follows. Under this condition, we can replace Z;; with Z;; =

X;+Yi;,5 =1,...,mf, and the sum of the transformed gap times, Z;;1(b) in

7

() with Z;ij(b) = exp(ALbg)X; + exp(AL b)Y, forj =1,...,m;. Asa
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result, we can prove that

Az OL { g m }
E J 1 J> J A
§ |: Zz] A Ll myg, ’7207'711)

B [ ilOLl{Zila nl(b)}]
G (Zil VAN Ll) '
Hence, we propose replacing the estimating equation based on with the
following estimating function for the estimation of £7:

_ n n 1 AZ OL { i, ZZ (b)}
Di(b) =n"" w(Ai, Ay, b1)Agi | — ! 92 2 . (2.4)
;z’zl m; ; Gl(Zij A Ly)

The estimator B, is derived by solving D* {(ﬂo ,bIT} = 0, where By is derived
in the same way as in the existing method discussed in Section 2.2. As discussed
earlier, the last censored recurrent gap times are usually longer than the un-
censored gap times, owing to intercept sampling. Thus, to avoid bias the last
censored gap times of subjects with m; > 2 are not used in Equation (2.4)). Under
the regularity conditions (C1)—(C3) listed in Web Appendix A.1, nl/z(ﬂ —B) is
asymptotically normal, with mean zero and variance X~1Q(X71)7, which can be
estimated consistently by f}_lﬁ(i_l)T. The definitions of ¥, Q, &, and O and
the detailed proofs can be found in Web Appendices A.2-A.5.

Compared with Dq(b) in , we use additional uncensored recurrent gap
times beyond the second infection in the construction of . Hence, the pro-
posed estimation method is expected to provide a more efficient estimation on 81
than when applying Huang’s method to data up to the second infection. We show
the efficiency gain of using the proposed estimator over Huang’s method in Web
Appendix A.6. Here, we choose Or(t,s) =log[{(tV s) A L}] —log(L) and w =1
to achieve numerical stability of the proposed estimation procedure. Specifically,
with these functions, the estimating equations become monotone and a unique
solution is attainable. Other choices for O, and w are discussed in Huang| (2002)).

Note that the estimating functions and , and the proposed estimat-
ing function are all constructed based on the random censoring assumption.
We can relax this assumption by allowing the censoring to depend on the covari-
ates and to be conditionally independent of the gap time distribution, given A.
As pointed out by Huang (2002), the estimators of the censoring time survival
function, Go(t) and G1(t), in the estimating functions can be replaced with con-
sistent estimators of the conditional survival function, G(¢ | A). If the covariates
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have finite numbers of values, such as the treatment arms in randomized trials,
G(t | A) can be estimated nonparametrically by the covariate-specific Kaplan—
Meier estimator Gj(t | A), using data (Z;;,1 — Ay;) for i such that A; = A
and j = 0,1. When A involves continuous covariates, we can postulate a semi-
parametric regression model, such as the proportional hazards model, for the
censoring distribution. Note that modeling the censoring mechanism may not be
robust. As an alternative, we can adopt the local Kaplan—Meier estimator to es-
timate G(¢ | A) nonparametrically (Dabrowska (1989); Wang and Wang| (2009)).
Under the conditional independent censoring assumption, we have

B [AioOLO {Zio, Zio(Bo)}

G(Zio A Ly | AZ)

Az’yAi’:| = E [OL,{Zit, Zi}o(Bo)}| Ai, Ai]

and

& AZJOL{ K zzy }
- (3 Wy /1 AZ7A
z; S B Bl O )

_E[OLI{ zlv z )}‘A“AZ’]
Thus, following the same spirit of (2.2) and ([2.4]), we obtain the following esti-

mating functions:

e DNioOro{Zio, Ziso(bo)}
Dj(bg) = n? E E w(Ai, Ay, bo)Ajir ——— : (2.5)
G(](Zio A Ly | Al)

i=14'=1
e 1 & DO {Zij, Ziij(b)}
D$*(b) =n 2 w(A;, Ay, b1) Ay | — J T LT T ,
! zzlz’zl m; ]Zl Gl(Zij A Ly ‘ Al)

(2.6)

where G(t | A),j = 0,1, are consistent estimators of G(t | A). We denote
the solution to D§(bg) = 0 as B, The estimator B, is obtained by solving
D‘{*{(ﬁg, b)Y = 0. Let B = (Ba,BlT)T In Web Appendix B, we provide proofs
of the asymptotic properties of 8 under the conditional independent censoring
assumption when the covariate-specific Kaplan—Meier estimator is used for the
estimation of G(¢ | A). Similar techniques can be used to establish the asymptotic
properties when a semiparametric regression model is used to estimate G(t | A).

3. Simulation Studies

We conducted a series of simulation studies to evaluate the performance of
the proposed method, each with 1,000 data sets and n = 150 and 300 subjects
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per data set. We generated the time to the first infection and the gap times
between two consecutive infections for each subject using the following model:

log(X}) = i + A Bo + €io,

log(Y]) = vi1 + Af B1 +€ij, i = 1,2,
respectively, where A; = (A;1, A;2)T, with A;; sampled from a Bernoulli distri-
bution with probability 0.5 and A;2 sampled from a uniform distribution (0, 1).
The true covariate effects are g = (—0.5,0.5)7 and B; = (0.5,0.5)". We gener-
ated the mutually independent error terms ¢;; from a normal distribution with

mean zero and variance 0.25, and the subject-specific latent vector (v;o, ;1) from

a bivariate normal distribution with a unit mean and the variance—covariance

2
gy P01
9 .
popo1 07

Note that p accounts for the degree of association between the (transformed) time

matrix

to the first infection, log(X}?), and one of the (transformed) gap times after the
first infection, log(Yi?). In addition, o7 indicates the level of correlation between
two (transformed) gap times after the first infection, log(Yi?) and log(Yi(J)-,). We
set 03 = 0.5, and consider o7 = 0.1 or 0.5 and p = 0 or 0.5 in different scenarios.
The censoring time Cj,i = 1,...,n, is sampled independently from a uniform
distribution (0,U), where U = 10,30, or 50. The average number of infections
observed per subject (m) increases with U.

We apply the proposed method to the simulated data, and select constant
values smaller than the largest observed follow-up time of Z;y and Z;; for Lg and
L1, respectively. For comparison purposes, we also applied Huang’s method and
Chang’s method. The simulation results are summarized in Tables 1, 2, and 3 for
varying ranges of censoring times. The proposed method and Huang’s method
are virtually unbiased across all settings. The empirical standard deviations and
the standard errors are close to each other, and the coverage probabilities are
reasonably close to the nominal level. Note that the two methods share the
same estimator for the covariate effects on the time to the first infection (By).
However, the proposed method yields more efficient results than Huang’s method
does when estimating the covariate effects on the gap times after the first infection
(B1) in all settings. The efficiency of the proposed method relative to Huang’s
method increases as additional recurrent infections are observed per subject (i.e.,
as m increases in Tables 1 to 3).

As expected, biased results are obtained from Chang’s method, which as-
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Table 1. Summary of simulation results for censoring time C' ~ Unif(0,10): The table
displays the true coefficients (True); the mean of the point estimates (Est); the Monte
Carlo standard deviation of the point estimates (SD); the mean of the standard error
estimates (SE); and the coverage probability (CP) of the 95% confidence intervals for the
proposed method (Proposed), Huang’s method (Huang), and Chang’s method (Chang).

Bo B1
Proposed/Huang Proposed Huang Chang
Ay Ay A Ay A Ay Ay Az
n p o True —0.5 0.5 0.5 0.5 0.5 0.5 — —
m® = 1.31; er§ = 0.36; cr = 0.77
150 0 0.1 Est —0.507 0.498 0.494 0.488 0.494 0.491 —0.398  0.415
SD 0.172 0.315 0.190 0.342 0.191 0.347 0.153  0.269
SE 0.175 0.303 0.197 0.350 0.200 0.354 0.152  0.263
CP 0.953 0.930 0.950 0.935 0.952 0.936 — —
m = 1.42; cry = 0.37; c¢ro = 0.76
0.5 Est —0.502 0.510 0.512 0.495 0.512 0.494 —0.405  0.462
SD 0.177 0.303 0.270 0.493 0.276 0.500 0.161  0.283
SE 0.175 0.304 0.266 0.463 0.270 0.470 0.160  0.278
CP 0.950 0.949 0.943 0.913 0.939 0.920 — —
m = 1.35; cr;y = 0.36; c¢ro = 0.75
0.5 0.1 Est —0.500 0.492 0.497 0.496 0.499 0.498 —-0.376  0.411
SD 0.178 0.318 0.194 0.341 0.198 0.345 0.148  0.282
SE 0.175 0.304 0.194 0.344 0.198 0.350 0.151  0.259
CP 0.939 0.928 0.950 0.940 0.943 0.945 — —
m = 1.52; cry = 0.36; cro = 0.74
0.5 Est —0.501 0.493 0.510 0.500 0.512  0.499 —0.387  0.442
SD 0.173 0.311 0.259 0.477 0.264 0.481 0.157  0.273
SE 0.175 0.302 0.257 0.451 0.262 0.457 0.158  0.272
CP 0.950 0.944 0.931 0.920 0.931 0.922 — —
m = 1.31; cry = 0.36; cro = 0.77
300 0 0.1 Est —0.500 0.504 0.500 0.501 0.500 0.501 —0.388  0.418
SD 0.121 0.213 0.137 0.239 0.139 0.241 0.105  0.180
SE 0.124 0.216 0.138 0.244 0.139 0.247 0.107  0.183
CP 0.946 0.958 0.952 0.961 0.948 0.960 — —
m = 1.43; cry = 0.36; cro = 0.76
0.5 Est —0.494 0.501 0.491 0.500 0.492 0.500 —0.405  0.445
SD 0.121 0.221 0.186 0.330 0.187 0.331 0.110  0.197
SE 0.124 0.216 0.184 0.322 0.187 0.326 0.111  0.192
CP 0.952 0.943 0.944 0.935 0.944 0.942 — —
m = 1.35; e¢ry = 0.36; cre = 0.75
0.5 0.1 Est —0.501 0.503 0.494 0.501 0.495 0.503 —0.376  0.418
SD 0.119 0.217 0.135 0.246 0.138 0.250 0.105  0.183
SE 0.124 0.216 0.137 0.245 0.139 0.249 0.106  0.182
CP 0.950 0.948 0.955 0.950 0.950 0.951 — —
m = 1.53; cry = 0.36; cro = 0.74
0.5 Est —0.499 0.490 0.491 0.518 0.492 0.520 —0.386  0.433
SD 0.129 0.218 0.183 0.321 0.184 0.326 0.111  0.191
SE 0.125 0.217 0.182 0.320 0.184 0.324 0.110  0.190
CP 0.940 0.951 0.941 0.939 0.941 0.944 — —

a—: True B—values do not exist;

b
c

d

m: average number of observed infections per subject;
cry: average proportion of subjects without any infections;
crq: average proportion of subjects with the first or the second gap times censored.
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Table 2. Summary of simulation results for censoring time C' ~ Unif(0,30): The table
displays the true coefficients (True); the mean of the point estimates (Est); the Monte
Carlo standard deviation of the point estimates (SD); the mean of the standard error
estimates (SE); and the coverage probability (CP) of the 95% confidence intervals for the
proposed method (Proposed), Huang’s method (Huang), and Chang’s method (Chang).

Bo B1
Proposed/Huang Proposed Huang Chang
Ay Ay A Ay A Ay Ay Az
n p o True —0.5 0.5 0.5 0.5 0.5 0.5 — —
mP = 3.15; cr§ = 0.14; er§ = 0.32
150 0 0.1 Est —0.504 0.498 0.491 0.484 0.493 0.484 —0.028  0.451
SD 0.161 0.284 0.162 0.257 0.171 0.267 0.120  0.197
SE 0.163 0.282 0.156 0.269 0.164 0.283 0.115  0.191
CP 0.948 0.949 0.935 0.954 0.930 0.959 — —
m = 3.69; cry = 0.14; cro = 0.35
0.5 Est —0.501 0.510 0.497 0.475 0.498 0.474 —0.100  0.428
SD 0.167 0.293 0.210 0.360 0.214 0.366 0.134  0.236
SE 0.164 0.286 0.203 0.351 0.209 0.361 0.130  0.224
CP 0.950 0.939 0.931 0.936 0.929 0.944 - —
m = 3.23; ¢r; = 0.14; cro = 0.32
0.5 0.1 Est —0.497 0.504 0.484 0.496 0.487 0.497 —0.030  0.445
SD 0.162 0.297 0.163 0.275 0.170 0.290 0.124  0.195
SE 0.163 0.282 0.155 0.267 0.162 0.280 0.117  0.196
CP 0.955 0.938 0.929 0.951 0.934 0.949 — —
m = 3.87; cry = 0.14; c¢ro = 0.34
0.5 Est —0.505 0.499 0.490 0.485 0.488 0.484 —0.093  0.420
SD 0.164 0.291 0.198 0.354 0.204 0.367 0.135  0.239
SE 0.163 0.283 0.197 0.344 0.203 0.355 0.131  0.224
CP 0.954 0.942 0.941 0.944 0.941 0.939 — —
m= 3.15; c¢ri= 0.14; cro= 0.32
300 0 0.1 Est —0.501 0.508 0.498 0.490 0.496 0.492 —0.034  0.446
SD 0.110 0.213 0.115 0.204 0.119 0.210 0.082  0.148
SE 0.117 0.204 0.115 0.199 0.120 0.207 0.083  0.139
CP 0.967 0.951 0.946 0.941 0.950 0.936 — -
m = 3.71; cry = 0.14; c¢ro = 0.35
0.5 Est —0.495 0.496 0.501 0.484 0.500 0.484 —0.105  0.417
SD 0.117 0.213 0.142  0.260 0.147 0.263 0.092  0.160
SE 0.117 0.204 0.146 0.253 0.150 0.259 0.092  0.158
CP 0.947 0.941 0.944 0.936 0.949 0.945 — —
m = 3.23; cry = 0.14; cro = 0.32
0.5 0.1 Est —0.498 0.498 0.496 0.490 0.496 0.494 —0.032  0.434
SD 0.115 0.211 0.112 0.197 0.117 0.204 0.085  0.148
SE 0.117 0.204 0.114 0.198 0.119 0.206 0.084  0.141
CP 0.953 0.949 0.951 0.949 0.952 0.943 — —
m = 3.90; cry = 0.14; cro = 0.35
0.5 Est —0.499 0.497 0.499 0.506 0.502  0.509 —0.094 0.412
SD 0.117 0.205 0.140 0.245 0.144 0.252 0.092  0.167
SE 0.117 0.204 0.143 0.248 0.147 0.255 0.094  0.160
CP 0.954 0.945 0.949 0.956 0.954 0.955 — —

a—: True B—values do not exist;

b
c

d

m: average number of observed infections per subject;
cry: average proportion of subjects without any infections;
crq: average proportion of subjects with the first or the second gap times censored.
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Table 3. Summary of simulation results for censoring time C' ~ Unif(0,50): The table
displays the true coefficients (True); the mean of the point estimates (Est); the Monte
Carlo standard deviation of the point estimates (SD); the mean of the standard error
estimates (SE); and the coverage probability (CP) of the 95% confidence intervals for the
proposed method (Proposed), Huang’s method (Huang), and Chang’s method (Chang).

Bo Bi
Proposed/Huang Proposed Huang Chang
Ay Ay Ay Az Ay Az Ay Ay
n p o0} True —-0.5 0.5 0.5 0.5 0.5 0.5 —@ -
m? = 5.25; er{ = 0.08; erd = 0.19
150 0 0.1 Est —0.496 0.503 0.499 0.491 0.497 0.492 0.141 0.472
SD 0.154 0.278 0.141 0.244 0.154 0.265 0.098 0.167
SE 0.158 0.275 0.141 0.244 0.154 0.266 0.095 0.161
CP 0.951 0.945 0.942 0.955 0.934 0.950 — —
m = 6.23; cr; = 0.08; crg = 0.22
0.5 Est —0.500 0.511 0.502  0.475 0.500 0.475 0.067 0.417
SD 0.155 0.278 0.195 0.333 0.204 0.348 0.124 0.211
SE 0.158 0.275 0.191 0.331 0.199 0.346 0.120 0.207
CP 0.951 0.950 0.948 0.938 0.943 0.939 — —
m = 5.32; cry = 0.08; cry = 0.19
0.5 0.1 Est —0.504 0.508 0.491 0.498 0.490 0.498 0.139 0.466
SD 0.156 0.285 0.145 0.245 0.159 0.263 0.099 0.175
SE 0.157 0.273 0.141 0.242 0.153 0.263 0.099 0.167
Cp 0.947 0.936 0.942  0.940 0.931 0.945 - -
m = 6.46; cry = 0.08; cry = 0.22
0.5 Est —0.498 0.503 0.498 0.470 0.500 0.468 0.068 0.426
SD 0.153 0.281 0.191 0.332 0.198 0.349 0.125 0.228
SE 0.158 0.274 0.186 0.323 0.195 0.338 0.124 0.214
CP 0.951 0.943 0.933 0.933 0.936  0.930 — —
m=5.24; c¢ry= 0.08; cro= 0.19
300 0 0.1 Est —0.499 0.499 0.502 0.491 0.502 0.491 0.138 0.467
SD 0.110 0.201 0.107 0.176 0.114 0.189 0.069 0.122
SE 0.113 0.197 0.106 0.184 0.114 0.197 0.069 0.117
CP 0.956 0.953 0.942 0.957 0.942 0.964 — —
m = 6.26; cr; = 0.08; cry = 0.22
0.5 Est —0.495 0.507 0.496 0.493 0.497 0.492 0.060 0.429
SD 0.111 0.203 0.138 0.241 0.143 0.247 0.087 0.151
SE 0.113 0.197 0.139 0.240 0.145 0.249 0.086 0.147
Cp 0.954 0.941 0.949 0.943 0.952 0.945 — -
m = 5.32; cry = 0.08; cry = 0.19
0.5 0.1 Est —0.501 0.499 0.501 0.489 0.502 0.494 0.137 0.463
SD 0.109 0.205 0.105 0.181 0.115 0.196 0.070 0.127
SE 0.113 0.197 0.106 0.183 0.114 0.196 0.071 0.120
Cp 0.958 0.936 0.951 0.952 0.948 0.950 - -
m = 6.46; cr; = 0.08; cry = 0.21
0.5 Est —0.498 0.493 0.495 0.498 0.496 0.498 0.064 0.426
SD 0.115 0.198 0.135 0.246 0.139 0.258 0.087 0.151
SE 0.113 0.197 0.136 0.236 0.142 0.245 0.088 0.152
CP 0.949 0.956 0.958 0.944 0.956 0.936 — -

%—: True B-values do not exist;

bm: average number of observed infections per subject;

€cry: average proportion of subjects without any infections;

dery: average proportion of subjects with the first or the second gap times censored.
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Table 4. Summary of simulation results under the conditional independent censoring as-
sumption: The table displays the true coefficients (True); the mean of the point estimates
(Est); the Monte Carlo standard deviation of the point estimates (SD); the mean of the
standard error estimates (SE); and the coverage probability (CP) of the 95% confidence
intervals for the proposed estimator (Proposed) and Huang’s method (Huang).

Bo B1
Proposed/Huang Proposed Huang
Ay Az Ay Az Ay Az
n p o7 True -0.5 0.5 0.5 0.5 0.5 0.5
m® = 2.83; erf = 0.16; cr§ = 0.40
150 0 0.1 Est —0.497 0.504 0.502  0.494 0.504  0.495
SD 0.155 0.160 0.125  0.127 0.145  0.143
SE 0.158 0.159 0.139 0.139 0.153  0.154
CP 0.953 0.951 0.968  0.958 0.959  0.958
m = 3.32; cr; = 0.16; cro = 0.42
0.5 Est —0.502 0.500 0.503  0.489 0.505  0.494
SD 0.149 0.154 0.186  0.193 0.198 0.214
SE 0.158 0.159 0.199  0.200 0.210 0.212
CP 0.957 0.964 0.951  0.966 0.954  0.954
m = 2.91; c¢ry = 0.16; cre = 0.40
0.5 0.1 Est —0.495 0.499 0.503  0.493 0.504  0.495
SD 0.153 0.155 0.123  0.129 0.142  0.147
SE 0.158 0.159 0.138  0.139 0.152  0.153
CP 0.952 0.951 0.976  0.962 0.965 0.953
m = 3.48; cry = 0.17; cro = 0.42
0.5 Est —0.502 0.503 0.505  0.496 0.504  0.495
SD 0.149 0.161 0.179  0.180 0.196  0.195
SE 0.158 0.158 0.195 0.198 0.207  0.210
CP 0.956 0.954 0.948  0.970 0.949  0.966
m = 2.84; c¢ry = 0.17; c¢ro = 0.40
300 O 0.1 Est —0.501 0.497 0.505  0.502 0.507  0.503
SD 0.106 0.106 0.087  0.085 0.094  0.096
SE 0.111 0.112 0.100  0.099 0.108  0.107
CP 0.966 0.964 0.975  0.967 0.974  0.968
m = 3.32; ¢r; = 0.16; crg = 0.42
0.5 Est —0.497 0.500 0.504  0.497 0.505  0.498
SD 0.104 0.106 0.128  0.136 0.134  0.147
SE 0.112 0.112 0.141  0.141 0.148 0.148
CP 0.957 0.961 0.965  0.957 0.965  0.949
m = 2.90; cry = 0.16; cry = 0.40
0.5 0.1 Est —0.501 0.498 0.503  0.497 0.503  0.496
SD 0.101 0.107 0.083  0.083 0.094  0.092
SE 0.112 0.112 0.100  0.099 0.108 0.108
CP 0.962 0.962 0.983  0.980 0.976  0.977
m = 3.50; cr; = 0.16; cro = 0.42
0.5 Est —0.497 0.502 0.497  0.498 0.497  0.498
SD 0.105 0.110 0.117  0.131 0.126  0.138
SE 0.111 0.112 0.138  0.139 0.145  0.146
CP 0.958 0.950 0.977  0.959 0.980 0.958

“m: average number of observed infections per subject;
cry: average proportion of subjects without any infections;

b

€cry: average proportion of subjects with the first or the second gap times censored.
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sumes that all gap times, including the time from a transplant to the first infec-
tion, are equally distributed. Specifically, the method fails to capture the different
effects of covariate A1 on the two different types of time variables, namely, the
time from a transplant to the first infection, and the gap times between recurrent
infections (—0.5 and 0.5, respectively), in the simulated data. Under the simula-
tion setting, covariate A; = 1 is associated with a shorter time from a transplant
to the first infection, but a prolonged gap time from one infection to the next.
Chang’s method ignores this distinction, which diminishes the estimated “overall
effect” of A;. The covariate effect of As is set to be the same for the two types
of time variables (0.5 for both), but the estimated effect of this variable on the
pooled gap times based on Chang’s method is found to be biased from 0.5. This
suggests that if one of the covariates in Chang’s method has differential effects
on the two types of gap times, the estimation of the effect of other covariates,
which do not have differential effects, would also be affected.

We also conducted simulation studies to assess the performance of the pro-
posed method under conditional independent censoring. Here, we considered a
setting where the two covariates A; and A, are generated independently from a
Bernoulli distribution with probability 0.5. The censoring time is generated from
a uniform distribution (0, 20) if A; = 1, and from a uniform distribution (0, 30)
if Ay = 0. The results are shown in Table 4, and are similar to those under the

random censoring condition.

4. Application

To illustrate the proposed estimation method, we analyze the post-HSCT
bacterial infection data introduced in Section 1. The data were drawn from 516
HSCT recipients who used unrelated UCB as the graft source. Because we are
interested in the incidence and characteristics of infections after HSCT for both
pediatric and adult patients (Saavedra et al.| (2002); Barker et al.| (2005)); Yazaki
et al. (2009)), we stratify the data into two group at the time of transplant:
pediatric patients (< 18 years old, n = 155) and adult patients (> 18 years
old, n = 361). Patient- and transplant-related characteristics for the overall
group, and for the pediatric and adult groups separately, are summarized in Web
Table S1.

We focus on early-phase bacterial infections experienced within 42 days of
a transplant. The follow-up for the recurrent infection process was terminated
by the 42-day cutoff (89%), death (5%), relapse (4%), or a second transplant
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Table 5. Summary of number of patients who experienced k£ number of bacterial infec-
tions within 42 days of a transplant, £ =0,1,...,6.

No. patients No. of infections observed for a patient
Group (%) 0 1 2 3 4 5 6
All Patients 516 266 152 69 15 10 2 2

(100) (51.6)  (29.5) (13.4)  (2.9) (1.9) (0.4) (0.4)

Child 155 92 45 14 3 1 0 0
(100) (59.4)  (29.0)  (9.0) (1.9) (0.7) (0.0) (0.0)
Adult 361 174 107 55 12 9 2 2

(100) (48.2) (29.6) (152) (3.3) (25) (0.6) (0.6)

(2%) before day 42. Among the 25 deaths, only seven were related to infection;
of these, three (< 1% of all patients) were related to bacterial infection. Hence,
we do not expect a serious violation of the independent censoring assumption in
our data. Infectious episodes are defined according to the criteria described by
Barker et al.| (2005). A total of 397 bacterial infectious episodes were observed
for all patients, 86 in children and 311 in adults, during the first 42 days after a
transplant. On average, each patient experienced 0.77 infections, with children
experiencing fewer infections than adults (0.55 vs. 0.86). A detailed summary
of the infections can be found in Table 5. About 59% of pediatric patients and
48% of adult patients experienced no infections. Among all patients, about 81%
(88% of child and 78% of adult patients) had the time from their transplants
to the second infection censored. To ensure that the gap times after the first
infection were similarly distributed, we conducted the trend test of [Wang and
Chen| (2000) for each patient group. We found no evidence of a trend in these
gap times (p-value = 1.00 and 0.51 for children and adults, respectively). Hence,
the exchangeability condition is a reasonable assumption for the gap times after
the first infection in our data.

First, we conducted univariate regressions to identify potential risk factors.
The regression parameters were estimated using the proposed method under the
random censoring assumption. The estimated regression coefficients and the
asymptotic standard error estimates are presented in Table 6 (upper panel). We
found that for pediatric patients, younger age, single donor (vs. double donors),
and higher total nucleated cell (TNC) dose are significantly associated with a
prolonged time to the first bacterial infection. However, a higher CD34 dose
level was associated with shorter recurrent gap times between consecutive bac-
terial infections. For adult patients, older age was significantly associated with



SEMIPARAMETRIC RECURRENT GAP TIME MODEL 1505

a longer time to the first bacterial infection. Furthermore, a non-myeloablative
regimen without anti-thymocyte globulin (ATG), as compared to a myeloablative
regimen, was significantly associated with both a longer time to the first infec-
tion and longer gap times between two consecutive infections. Other factors,
including cytomegalovirus (CMV) serostatus, human leukocyte antigen (HLA)
matching, and graft-versus-host disease (GVHD) prophylaxis, were not found to
be associated with either type of time variable for either patient cohort.

Multivariable regressions were conducted using all covariates considered in
the univariate analysis. The results are shown in the lower panel of Table 6.
For pediatric patients, the single donor type and higher TNC dose remained
significantly associated with the time to the first infection. However, age lost its
significance. No factor showed significant association with the gap times after
the first infection. The loss of significance of age may be due to the confounding
effect of other factors, because we found that age was associated with both the
number of donors and the TNC dose level among pediatric patients. Specifically,
double UCB stem cells were used more frequently for older children, and older
children tended to require a higher TNC dose than younger children did, based
on our data. For adults, age remained a significant factor for the time to the first
infection, but the effect of receiving a non-myeloablative regimen without ATG on
the time to the first infection, compared with receiving a myeloablative regimen,
became nonsignificant in the multivariable regression. In addition, the CD34
dose level became marginally significant for the gap times between infections for
adult patients.

5. Concluding Remarks

In this article, we proposed a semiparametric regression model for recurrent
gap time data that allows covariates to have different effects on the first event
time and on the following gap times. In our data, patients’ recurrent infection
process was initiated by the event of a transplant, which is a different type of
event to recurrent events (i.e., infections). Hence, the first event time (i.e., time
from a transplant to the first infection) and the following gap times (i.e., gap
times between two consecutive infections) may have different clinical significance
and, thus, should be modeled differently. Unlike many existing recurrent gap
time regression models (e.g., [Huang and Chen (2003)), our proposed model has
the flexibility to assess the potentially different covariate effects on the two types
of gap times. Note that the proposed method still needs the exchangeability
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Table 6. Summary of regression analysis of risk factors for early bacterial infections
for children and adult patients: Estimated regression coefficients (standard error) are
presented for the univariate regression in the upper panel and the multivariate regression
in the lower panel.

Children Adults
Variables 15¢ gap > 279 gap 1% gap > 2" gap
Univariate Regression

Age at Transplant

(Years) —0.09 (0.03*)  —0.05 (0.06) 0.03 (0.01*) 0.0 (0.01)
CMYV Serostatus

Positive vs. Negative —0.49 (0.37) 0.67 (0.35) —0.10 (0.23) —0.01 (0.27)
Type of Transplant

Double vs. Single —0.81 (0.28*) —0.08 (0.52) —0.38 (0.41) —0.49 (0.38)
Conditioning Regimen (vs. Myeloablative)

Non—myeloablative w ATG NI NI 0.50 (0.32) 0.18 (0.46)

Non—myeloablative wo ATG NI NI 1.26 (0.23%) 0.85 (0.36%)
HLA Match Score

5-6/6 vs. 4/6 —0.74 (0.39)  —0.54 (0.78) 031 (0.26)  0.19 (0.29)
GVHD Prophylaxis

CSA/MMF/MTX vs. Other  —0.74 (0.38)  0.34 (0.37)  —0.29 (0.61)  —1.32 (0.85)
CD34+ Dose Level

High vs. Low —0.01 (0.43) —1.72 (0.69*) 0.05 (0.27) —0.44 (0.37)
TNC Dose Level

High vs. Low 1.02 (0.32)  —0.29 (0.49)  —0.13 (0.27)  —0.19 (0.32)

Multivariable Regression

Age at Transplant

(Years) —0.03 (0.04)  —0.11 (0.06) 0.03 (0.01*)  —0.02 (0.02)
CMYV Serostatus

Positive vs. Negative —0.36 (0.29) 0.77 (0.43) 0.01 (0.22) —0.12 (0.26)
Type of Transplant

Double vs. Single —0.87 (0.39%) —0.32 (0.66)  —0.21 (0.49)  —0.46 (0.63)
Conditioning Regimen (vs. Myeloablative)

Non—myeloablative w ATG NI NI —0.43 (0.45) 0.883(0.54)

Non—myeloablative wo ATG NI NI 0.56 (0.30) 1.43 (0.43*)
HLA Match Score

5-6/6 vs. 4/6 —0.61 (0.38)  —1.06 (0.73) 0.16 (0.22) 0.11 (0.28)
GVHD Prophylaxis

CSA/MMF/MTX vs. Other ~ —0.07 (0.43) 0.84 (0.88) 0.05 (0.82) 1.04 (1.58)
CD34+ Dose Level

High vs. Low —0.70 (0.43)  —1.32 (1.01) 0.14 (0.28)  —0.89 (0.42%)
TNC Dose Level

High vs. Low 1.42 (0.45*)  —0.75 (0.76)  —0.16 (0.26) 0.14 (0.45)

*P-value < 0.05; NI: Conditioning regimen is not included in the model for pediatric patients
because 97% of children in our data received the myeloablative conditioning regimen.
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condition on the gap times between the same type of recurrent events as found
in many existing recurrent gap time models. Hence, it is advisable to examine
this condition using the trend test (Wang and Chen| (2000))) before applying the
proposed method.

When the exchangeability condition on recurrent gap times beyond the first
infection time is not satisfied, we can apply the multistate gap time model (Huang
(2002))) to the data. The covariates’ effects on the gap times between two con-
secutive infections are not constrained to be the same in the model. Note that
the number of states in Huang’s method, which corresponds to the number of
infections in our case, needs to be pre-specified. However, if the number of states
is large, the events of higher states may become rare, which could result in an
inefficient estimation.

Our study focuses on early-phase infections after transplantation and on
the effects of factors that do not vary over time, for example, patient- and
transplant-related characteristics. When a longer follow-up period is of inter-
est, the recurrent gap time structure may become more complex and, thus, may
be affected by time-varying variables. Therefore, extending the model to han-
dle time-dependent covariates is warranted. In addition, informative censoring
may become a nontrivial issue in a study with longer follow-up times. In this
case, informative censoring events such as death can be modeled jointly with
the recurrent infection process using the method considered by Huang and Liu
(2007).

Supplementary Materials

Web Appendices A and B, and Web Table S1 referenced in Sections 2.3 and
4, respectively, are available online as supplementary material.
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