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Abstract This work is motivated by a nephrology study in Taiwan, where, after shunt
implantation, dialysis patients may experience one of the two types, acute and non-
acute, of shunt thrombosis, and each of them may alternatively recur in a patient. In
this work, treating the two types of shunt thrombosis as competing risks, we assess
covariate effects on the cumulative incidence probability function, or subdistribution,
of gap times to the occurrences of acute shunt thrombosis. To accommodate poten-
tially time-varying covariate effects, we extend a varying-coefficient subdistribution
regression model to recurrent event analysis and propose associated estimation proce-
dures. The inverse probability of censoring weighting technique is employed to ensure
consistent estimation of the regression parameter. Asymptotic distributional theory is
derived for the proposed estimator. Simulation results confirm that the proposed esti-
mator performs well in finite samples. Application of the proposed analysis to the
shunt thrombosis data reveals that dialysis patients with graft shunts and hypertension
are associated with significantly increased incidence of acute shunt thrombosis.
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1 Introduction

Recurrent events are commonly encountered in biomedical studies. Examples include
repeated infections after surgery and tumor recurrences. It is often of great interest
to examine factors influencing times since enrollment to recurrent events and/or gap
times between recurrent events. Regression analysis of recurrent events using either
the calender time (time since enrollment), which is typically termed “total time” in
the literature, or the gap time as the time index has drawn increasing attention; see for
example Prentice et al. [10], Andersen and Gill [1], Wang et al. [17], Zeng and Lin
[16] for analysis based on total time, and Huang and Chen [7], Schaubel and Cai [11],
Lu [9], Sun et al. [15], and Huang and Liu [8] for that based on gap time. Cook and
Lawless [4] provide an excellent review of recurrent event data analysis.

Our work is motivated by a nephrology study conducted by a large hospital in
northern Taiwan, where dialysis patients coming from local hemodialysis clinics were
treated shunt thrombosis arisen as a complication of dialysis. In those patients, there
were two types of shunt thrombosis observed: “acute” and “non-acute” thrombosis.
The two types of thrombosis may alternatively recur in a dialysis patient. Figure 1
depicts several observed patterns of recurrence of shunt thrombosis in the study. The
researchers in this study are mainly interested in the occurrence of the acute shunt
thrombosis, since it would lead to a more aggressive treatment such as surgery. In
contrast, a non-acute thrombosis can be handled by a simpler non-invasive treatment.
Identification of factors influencing the acute shunt thrombosis in dialysis patients is
the major goal of this study.

In the dialysis data mentioned above, the two types of recurrent events, namely the
acute and non-acute shunt thrombosis recurrences, can be viewed as bivariate (multi-
variate) recurrent event data. The data can thus be analyzed by existing methods for
multivariate recurrent events data (e.g., Spiekerman and Lin [14]; Cai and Schaubel
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Fig. 1 Possible patterns of recurrences of shunt thrombosis in dialysis patients
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[2]; Schaubel and Cai [12]), which are usually based on cause-specific hazards mod-
els. However, these methods usually require modeling assumptions for all types of
the events considered. In the shunt thrombosis study, however, such assumptions are
unnecessarily strong since we are only interested in one of the multiple types of the
events, i.e., the acute thrombosis. To relax this limitation, we take an alternative view
of the data and pursue a more flexible analysis framework.

Note that, at each time point, each patient may experience at most one of the two
types of thrombosis. This implies that we may view the two thrombosis events as
two competing risk events. Analysis of competing risks has been a very active area
in biomedical practice, and there have been very flexible analysis tools in this area,
including the subdistribution hazards regression model proposed by Fine and Gray
[6], the mixture regression model by Fine [5], and the binomial regression model by
Scheike et al. [13]. These methods, unlike the models based on cause-specific hazards,
allow us to specify models only for the event types of interest, and to leave models
for other event types fully unspecified. In particular, compared to the subdistribution
hazards regression of Fine and Gray [6] and the mixture regression of Fine [5], the
binomial regression approach provides direct and flexible estimation of the covariate
effects on the overall or cumulative risk for the event of interest, including the time-
varying covariate effects (Scheike et al. [13]). In addition, in the shunt thrombosis
study, physicians are most interested in factors affecting the cumulative risk of the
occurrence of the acute shunt thrombosis reflected in the gap time from the previous
thrombosis event to the next one that is of the acute type. We therefore extend the
binomial regression model in Scheike et al. [13] from the non-recurrent event analysis
to the recurrent event analysis based on gap time, and apply the extended method to
the shunt thrombosis data.

This paper is organized as follows. After introducing the motivation and background
of this work, in Sect. 2 we describe the data and the model considered. The estimation
procedure is presented in detail in Sect. 3. Section 4 reports results from a series of
simulations under various scenarios. The application of the proposed method to the
shunt thrombosis data motivating the current work is provided in Sect. 5. Section 6
contains some concluding remarks.

2 Data and Model

Suppose there are K types of competing risk events under consideration. Without loss
of generality, set K = 2, which is the case in the shunt thrombosis study. Let ¥; be the
time to the jth occurrence of the event measured from enrollment, and A; € {1, 2}
denote the type of the jth event. In the shunt thrombosis data, A; = 1 or 2 means that
the patient suffers from the acute or non-acute thrombosis at the jth event, respectively.
Denote by Z a p-dimensional time-independent covariate vector with the first element
being 1. Let C be the time between enrollment and the censoring event due to drop-out
or the end of study. We assume that C is completely observable and is independent
of Y;’s and Z. Let 17]- =Y; AC and AJ- = A;I(Y; < C)forl < j < M, where
M satisfies Yy;—1 < C < Yy. Consequently, a total of M — 1 events are observed
exactly over the study period. For j > M, set A j=0.
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Let Yo = 0, T; = Y; — Y;_1 denote the gap time between the (j — 1)th and
jth events for j > 1. meg to the existence of the censonng event, T; may not be
observable. What are observable for the gap times are T = Y Yi1forl <j<M.
Fork =1, 2, let NJ(.k) (t) = I(T; <t, Aj = k) be the underlying counting process
for the jth event of type k; here and in the sequel, unless otherwise stated, the time
index ¢ is defined in the gap time scale, namely ¢ is reset to O at the occurrence of each
of the events.

Consider the cumulative incidence function (CIF), also termed the subdistribution
of the gap time T; for type-k competing risk event (k € {1, 2}):

FP) = EINM () =Pr(Ty < 1. A5 = k).
Suppose that the conditional CIF of the gap time 7T given Z follows a transformation
model: . .
FRaz) = g®{z 8P 0}, M

where g® () is a known monotone link function, ,3](1‘) (¢) is the vector of time-varying
effects of Z on the cumulative incidence function of T'; at time ¢, and a prime denotes

transposition. Although g®(Z/ ,3](1‘) (#)} is required to be nondecreasing in ¢ by defi-

nition, ,8(.]{) (¢) is not restricted to be nondecreasing in model (1). Note that in (1) we
have made the simplification that the link function is the same for each recurrence of
competing risk k. Although the proposed procedure will be described under such a
simplified setting, its extension to the general setting where the link function can vary
with j is obvious.

The model (1) is a generalization of the model in Scheike et al. [13] from non-
recurrent event analysis to recurrent event analysis under competing risks. Note that
the CIF F ;k) (+) can be viewed as a subdistribution function for the improper random
variable Tj* =T; x I(Aj = k) + 00 x I(A; # k). In our analysis of the shunt
thrombosis data, we adopt model (1) for directly modeling the CIF conditional on the
covariates of interest, and propose an estimating equation-based approach for inference
on model (1), as detailed in the next section.

Here we introduce several special cases for model (1). If g =1-
exp(—x), then F ) tZ) = 1 — exp{—Z/ ,B(k)(t)} implying an additive cumula-
tive SubdlStI‘lbuthl’l hazard model, namely —log{l — F ) tz2) = 7 ,B(k) (). If

g®(x) = 1 — exp{—exp(x)}, then we have a multlphcatlve cumulative subdistri-
bution hazard model, namely — log{1 — F;k)(t|Z)} = exp{Z/,B](. )(t)}. If g®x) =
exp(x)/{l + exp(x)}, (1) leads to proportional subdistribution odds model given as

FO @z
log [&] — Z’,B](.k)(t).

a1z
The observed data can be written as ( ijs Aij,Zi, Ci,M;; j = 1,.. M,-,i =
1, ..., n), which are n independent and identically distributed replicates of (y;,

7Z,C,M;j=1,...,M). The corresponding gap times are defined as f}j = 17,
?i(j—1)~
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3 Parameter Estimation and Model Assessment

In this section, we apply the inverse probability of censoring weighting (IPCW) tech-
nique to establish estimating equations for model (1). For some k # 0, define the

counting process Ni(]{() =1 (T, i =<t A, j = k) in terms of the observed gap times.
Observe that for k # 0, Ni(]f‘)(r) =I(Tyj <t,Aij =k, Ci > V;j) = Ni(;‘)(z)I(ci >
Yij). Let G(s) = Pr(C > s) be the survival function of the censoring time C with the
calender time used as the time index. By applying double expectation, we have for

k #0,
ViY@
E |z
G(Y;)
NI > Y
j J
—E|E _ Y. Z |Z
HR el
NI > v
—E|E{- “ly; z ‘Z
Rt

=0 =@z ),

motivating us to construct the estimating equation of the form:

n (k)
Sz, []X"f o g<k>{z;ﬂ§“<t)}] =0, @

P G(Yij)

where a(s) is the empirical estimate of the survival function G(s) of the censoring
time C based on the data (C;; i = 1, ..., n) (recall that C is always observable in our
setting). For obtaining the estimate /§J(.k) (1), it suffices to solve (2) only at the observed
gap times f}j with A,-j =kfori=1,...,n.

Note that the estimating equation (2) is based on the assumption that the censoring
distribution G is independent of the covariates. When G does depend on covariates,
it may be estimated by some regression model or the empirical estimates stratified on
dlscretlzed covariate values.

Let ,B (t) be the solution of ,3 ) (t) to (2). Large sample theory of ,B 5®) (1)
can be obtalned analogously to that prov1ded in Scheike et al. [13]. In part1cular

n!/2 {,8](.]{) (t)— ,8](.1() (1)} converges to a zero-mean Gaussian process in B = ({*®°[a, t])?,
where [*°[a, 7] is the set of uniformly bounded functions on [a, t] with g(k) (a) and
G (1) bounded above from O for almost every covariate value. The asymptotic variance
matrix of nl/z{ﬁj(.k)(t) — ﬂj(.k)(t)} can be estimated by

(i) [ Soouol (o)
i=1
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evaluated at the estimated parameters, where

" N @)
AP@ = — Zi | =2L— —g® 1z W
;@ aﬂ(k)(t); |:G(Yij) 4 { iB; ()}i|

_ ZZ Z)¢ (k){Z;ﬁﬁk)(t)}

®)
with ¢ (x) = dg (x) , and

NG 0 1 8
Ul'(j(()(t) =7 |:6(l}7) - g(k) [Z:,Bj(k)(f)]:| - ;Ui,;)(t)hi(yij)
ij

with

ey ,
IO
v = ZZz R CERED WICERI

Yij) (=1

Details of the proof are relegated to the Supplementary Material.

Our proposal, like the original binomial modeling approach, estimates the cumu-
lative incidence regression model at each event (gap) time. In the terminology of
recurrent event data analysis, the modeling framework we adopt belongs to the so-
called marginal model, which aims at assessing factors influencing each occurrence
of the event of interest, without reference to any other occurrences of all types of the
events. When the inference related to multiple gap times is to be made, for example,
when a confidence interval is to be set for ﬁ(k) (1) — ,B(k) (1), the difference between
coefficient vectors at gap times #; and t» respectlvely for the jith and j>th events, one
can simply apply the robust sandwich-type variance estimator of /3](.{() (t1) — ,BJ(.f) (r)
given as

(1:11(1]() (ll))_1 {Z Uij (U]}, (n)] (ﬁ}f) (tz))_l
i=1

to account for the dependence between the gap times, as in the popular generalized esti-
mating equation (GEE)-based procedure for general correlated data and multivariate
failure time data (Wei et al. [18]).

To assess the adequacy of a specified model g®{Z/ ﬁ;k) (t)} for the CIF F;k) (t|1Z)
of the jth event with type k, let 7; be the set of observed time points where the jth
event takes place, and consider a model assessment criterion based on the inverse
probability weighting Brier score given by
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2

(k)

teT-l 1 G( ’/)

which is equivalent to the average of the squared errors ](/i(]k)(t) /5()?[]-) —

g% {Z /SJ(.k) (#)} over all observed times for the jth event of type k, to compare different
subdistribution models such as the proportional subdistribution hazards model or the
proportional odds model. The use of this type of model assessment measure is based
on the fact that the Brier score is a well-known measure for accuracy of probability
forecasts (see for example Wen and Chen [19]), which is suitable for our framework of
cumulative incidence function analysis. The inverse probability weighting is applied
when performing such model assessment to account for censoring.

4 Simulation Study

Simulations are performed to illustrate the finite sample performances of the proposed
analysis under several scenarios, where there are two types of competing risk events
and each of them can recur. To be focused, we consider only estimation results for
the regression parameters ,3;1) (1), 1.e., the coefficient function corresponding to type-1
competing risk. Both the multiplicative cumulative subdistribution hazard model, i.e.,
g(l)(x) = 1 — exp{—exp(x)}, and the proportional subdistribution odds model, i.e.,
gWx) = exp(x)/{1 + exp(x)}, are considered.

A three-dimensional covariate vector Z is considered, where the first element is 1,
the second element is generated from a normal distribution with mean 1 and variance
0.49 and is truncated to have a range of (0, 2), and the third element is a bernoulli
distribution with success probability 0.5. The corresponding regression parameters for

the first occurrence of the event, ﬁl(l)(t) = (,31((1)) (1), ,BH)(Z), ,BS) (1)), is set to:

Bl (1) = h(y - {1 — exp(—1.250)}),
B (1) = 0.5(1 — exp(—1)),
B (1) = 0,
where /(+) is the inverse function of g(l)(.), and y = 0.5, 0.6 or 0.8 is the proportion

of type-1 competing risk at r = oo. The coefficient function ﬁél)(t) for the second
occurrence of the type-1 competing risk is set to

Biy (1) = h(y - {1 — exp(—1.250)}),

O» when Yy = 08’

exp(31)—1 _
:3(1)(0 = 2(1+exp(3t))°’ when Yy = 0.6,
?_‘;’__S]I» when Yy = 057

B (1) =0.
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In all the settings considered, we examine the bias, simulation standard deviation
(SD), the mean of the estimated standard errors (SE), and the empirical coverage prob-
abilities (CP) of the point-wise Wald-type 95% confidence interval for the regression
coefficient functions at four specified time points, which correspond to time points at
which the survival function for the second gap time Pr(T> > ¢|Z = (1,1,0.5)") =
0.8,0.6, 0.4, and 0.2. An independent censoring time is generated from a uniform
distribution in (0, A), where A is chosen such that the censoring rates for (71, 72)
from the type-1 competing risk is about (15, 30 %) or (20, 40 %).

Following Cheng and Fine [3], for the type-1 competing risk, the event times are
assumed to have a positive correlation, and are conditionally independent given the
frailty variable W which is generated from a gamma distribution with both the mean
and variance being 2. Specifically, given the specified type-1 CIF model of F ;1) (t|Z),
the simulated covariate value z and the frailty variable value w, the conditional type-1
CIF given W = w is

FO(lw,2) =Pr(Tj <1, A = 1Z=2. W =w) = exp{ —w- q{F;”(nz)}}

with ¢(-) the inverse Laplace transformation of W. The event times from the type-2
competing risk are assumed to be marginally independent. Let ¢ the simulated value
of the censoring time. The gap times (77, T>) for the first two events of a subject are
then generated by the following procedure.

Step 1: For j = 1, 2, avalue u is generated from a uniform distribution in (0,1). When
u < F;l)(oo|w, z),Aj = land T} is generated from F;l)(t|w, z). Otherwise,
A; =2 and T; should be generated from the conditional distribution Pr(7; <
t|1Z =z, Aj =2), instead of CIF. Set Y; = le:l T;.

Step2: If ¥; < ¢, set Yj =Y, f"j = T; and Aj = Aj. Otherwise, set M = j,
?M =c, fM :c—YM_l,andAM =0.

Under the scenario mentioned above and the CIF of the type-1 competing risk is
given by a multiplicative cumulative subdistribution hazard model for the first two

events, Table 1 shows the results for o) (1) = F{"(t|Z = (1,0,0)) = ¢ (8} (1)),

and for each elements of ﬂ;l)(t) at four given time points, j = 1, 2. To save space,
we only report results with a sample size of 200 and censoring rates (15, 30 %) in the
first two events; results for smaller sample size n = 100 and higher censoring rates
(20, 40 %) in the first two events have similar performance patterns and are displayed in
the Supplementary Material. We can see that in both of the two scenarios, the proposed
estimates are nearly unbiased, and the simulation standard deviations are close to the
means of the estimated standard errors. The resulting coverage probabilities achieve
the nominal level 0.95 well.

Similarly, the proportional subdistribution odds model is applied for g(l) (1) in (1).
We report in Table 2 the results and see the nice performances again for the proposed
estimates.

@ Springer



347

Stat Biosci (2017) 9:339-356

I1S6'0 ¥LT°0 1870 000 0 996'0 LTCO 0€C°0 €000 0 096°0 00€0 00€0 C00'0— 8000 IS6'0 SOI'0 SOI'0 100°0— S€90 €9T'1
8660 99T°0 LLTO +00°0— 0 6¥6'0 0TT0 €£T0 €100 0 26’0 06T0 11€0 0I00— THP0— ¥¥6'0 S60°0 €0I'0 000  ¥L¥O 8ILO
1L6'0 S6T0 S8T0 €00°0— 0 €£6'0 €¥C0 190 €100 0 0r6'0 12€0 0S€0 6100— TL6'0— 6C6'0 1800 880°0 S000  SIEO 00¥0
6960 L6£0 86£0 9000 0 ¥26'0 TTE0 SYE0 6000 0 6260 8CF0 8S¥0 TFO'0— L9L'I— €€6'0 190°0 ¥90°0 9000  LSI'0 SLI'0O 80

7 1U0A9 Je s1ojowered uoIssaISal oY) (g OLIRUADS
¢S6'0 6CC°0 €TT0 0000 0 856'0 T6I'0 ¥81'0 LOO'0  L8E0 9960 LSTO LELTO LOOO— T090— ¥L60 0800 ¥#L0'0 TOO0  TTVO +#8%'1
w60 vrC0 1ST°0 S00°0 0 996'0 €0C°0 T6I'0 9100  08T0 9960 LLTO SSTO STO0— 1S6'0— +96'0 1,00 990°0 TO0'0— 1CE€0 0T8O
7€6'0 €6C°0 €0€0 100°0— 0 9%¥6'0 TPT'0 0ST0 9000  #8I'0 TP6'0 0€€'0 8CTE0 I1T00— TOF'I— 9€6'0 TIO'0 900 €000  8ITO 6S¥°0
796'0 STPF'0 0SY'0 610°0 0 #76'0 SPE0 €S€°0 LTOO0  T60'0 8€6'0 99%'0 €870 L8O0O— 9TI'C— 9¢6'0 L¥O'O L¥O'O 1000 CIT'O +0T0 SO
¥96'0 1CC0 9TCT°0 LOO'0 0 TE6'0 S8I'0 6810 SO00— THe0 TE6'0 9¥TO SSTO SO000— 16¥0— ¥S6'0 0800 €800 OO0  8S¥'0O TSI'T
0€6'0 8€C°0 SST'O 0000 0 TS6'0 L61'0 00T0 1000 8¥CO ¥€6'0 L9TO $8CO 8I00— LS80— TE60 CTLOO 9L00 1000  9¥€0 LBIO
9€6'0 78TO €£€6C°0 SO00— 0 ¥¥6'0 TETO 8ETO TOO0  691°0 8C60 ¥ILO €£€°0 €20°0— 88CT— CE60 #90°0 L9900 €000 I¥TO I11¥°0
8660 96£0 vI¥'0 120°0— 0 v76'0 61€0 8¢€0 TIOOD 8800 TS6'0 I€¥0 TSFO 0SO0— ¥L6'I— TFO6'O ISO0 €500 #00°0  OEI'0 S61°0 90
876'0 STT0 6CCT0 LOO0— 0 CTL6'0 €61'0 TBI'0 6100 6S£0 8960 6£CT°0 6CC0 SO0'0— 8000 9960 9800 7800 TO00— S€9°0 €9CT'1
¥S6'0 CIT0 €1T°0 800°0— 0 8S6'0 LLI'O 9L1'0 S00'0  9STO 7960 9¢T'0 €£T0 1000 THFO0— +96'0 8L00 LLOO ¥000  ¥L¥O 8ILO
956'0 8¥C'0 6€T°0 900°0— 0 096'0 SO0T'0 90T°0 0000  S9I'0 ¥S6'0 9LT'0 S8CTO #00°0— TL60— 9¥6'0 1L0°0 CTLO'O SO00  SIEO 00¥'0
6’0 8SE'0 09¢'0 SI00— 0 8S6'0 €600 16T°0 SIO0 0800 TS6'0 €6£0 68¢0 8Y0'0— L9L'T— 0S6'0 SSO'0 €SO0 TO00  LSI'O SLI'O 80

1 JU2A? Je s1a)owered UOISSOISAI AY) (| OLIBUADS

dd 4§ ds selg oniL, 4D dS dS selg oniL  dD 4s  das selq eni, 4> dS dS selg  oniL

O 5

0 )¢

ORit

ol
S:vm 1

A

{(x)dxo —}dxo — | = (x) :vm 10J S)[nsal uone[nWIS | J[qe],

pringer

as



Stat Biosci (2017) 9:339-356

348

Aypewou dno)dwAse uo paseq [BAIUI RDUIPYUOD 9, G6 JO AN[1qeqold 95BIA0 ST dD) ‘SIOLI PIEPUER)S PAJBWNSD AY) JO UBIW )
SIS ‘uoneraap prepue)s ojdures uonenuis oyl st @S (<7 ‘17) 10 (9 O0¢ ‘S1) punore aIe sajel SULIOSUID dY) PueB ()07 = U YPIm suonedldor ()G Uo paseq aIe SonsneIs ayJ,

€S6'0 S6C°0 00£0 0TO00 0 €56'0 L¥YTO 1ST0O0 LOOO— 66C0 9560 TCE0 9¢€0 0I00— ¢CO9'0— 8S6'0 6600 COI'0 #0000 CTTHr0O +#8¥'1
296’0 96C°0 €8C0 1700 0 LY6'0 S¥T0 6vC0 9000— SCT0 9560 LTEO 0CE0 ¥C0'0— 1S6'0— 6¥6'0 #80°0 €800 CO0O0 ITe0O 0T]0
2960 8¢£'0 0CE0 8CO0 0 9¢6'0 8LT0 88C0 ¥I0O0— LSI'0 LY6'0 €LE0 S8€0 0£00— COV'I— 9¥6'0 0LOO €L00 +00°0 8ITO 6S¥0
996'0 OLY'0 ¥L¥'O SE00 0 660 6L£0 680 TIO0— S800 €560 OISO 8TSO ¥80°0— 9CI'C— ¥¥6'0 CSO'0 TSOO0 €000 CTIT'O ¥0TO SO
6v6'0 C6T0 S6T0 TO0'0— 0 SL60 ¥STO TSTO +00°0 6970 9960 SIE0 0I€0 010°0— T16¥'0— SS60 TOT'0O 0010 €000 8S¥0O TSI'T
6v6'0 8LC0 08T0 900°0— 0 9S6'0 v€T0 CTETO0 $00'0— L8EOD ¥P6'0 €1€0 8IE0 LOOO— LS8O0— +¥#6'0 9800 LS00 9000 9v€'0 L890
866'0 60€°0 LOLO T100— 0 €S6'0 SST0 89C°0 6000— VLTO TY6'0 LvE0 19¢€°0 1100— 88T I— L¥6'0 CTLOO LLOO LOOO I¥CO 11¥0
L96°0 1Tv'0 1T¥'0 CI0'0— 0 0960 I¥€0 8Y€'0 8000— TVI'0 OV6'0 ¥I9¥0 96%°0 1S00— ¥L6'T— 1€6°0 SSO'0 8500 9000 0£I'0 S6I°0 90
dD EN as selg onif, dO N as selg  onif, dO dS as selq NIy, dO dS das serg onif,
03 O O R

ponunuod | Jqel,

pringer

As



349

Stat Biosci (2017) 9:339-356

96’0 €SP0 T9F'0 ¥10°0 0 7960 18¢0 86£0 €££00 0 6v6'0 86¥'0 T11S0 ¥E€00— $SSO  9¥6'0 LOI'O OIT'0 SI00— S€9°0 €9T'1
1660  €9¢€°0 S9¢°0 SI00 0 0960 10€0 S6C0 1100 0 8560 86£0 LOY'O 6200— #0I'0— L¥6'0 S60°0 L60'0 900°0— ¥Lv'O 8ILO
9660  8SE€°0 89¢€°0 TO00 0 €560 L6T0 €600 8000 0 8260 €6£0 SIY0 LLOO— LLL'O— 660 1800 9800 C00'0— SIE0 00+0
6¥6'0 LEV'O ¥E¥0 610°0— 0 €560 8S£0 SLEOD SO00 0 9760 vLY'O v6¥'0 €S0°0— 089'I— #¥6'0 0900 +#90°0 +#00'0  LSI'0 SLI'0 80
T JU2AQ Je s1o)oweIed UOISSaISar oY) g OLIBUADS
976’0  STE0 LYE0 1€0°0— 0 8760 TLTO ¥8T0 ¥20'0 CTLEO 0S6'0 ISE0 9S€0 ¥100— 89¢'0— Tr6'0 ¢8O0 #80°0 100°0— 60¥'0 T9¢'l
560 LIEO 8IE0 6000— 0 7960 €90 ¥ST0 SI00 99T0 #96'0 6¥€’0 0€€’0 S€00— SI80— +96'0 TLOO 6900 €00°0— LOEO 19L°0
7960 €0SE€’0 0¥E'0 LOO'0— 0 9560 68C°0 6LT’0 6C0°0 €LI'0 7960 L8E'0 8LEO 190°0— 9¥E'I— 9¥6'0 1900 0900 €00°0— 90C°0 9T¥'0
96'0 ILVO0 ¥L¥O T110°0— 0 926'0 6L£0 88¢'0 SY0O'0 9800 ##6'0 ¥ISO 0SSO 90I'0— 6£1'C— CC6'0 SYO'0 6¥0°0 0000  SOI'0 6810 SO
8960 TTE0 80£0 0C00— 0 9%6'0 89T°0 99T°0 6000 0OFE0 8960 9¥E€0 6£€°0 €000  6L1'0— 9960 +¥80°0 7800 CO00  SSFO 8EI'T
0¥6'0 0I€0 01€0 STO'0— 0 8560 LSTO 6ST0 7000 TPTO 7960 0OFPE0 8CE0 CTIOO  TLY0— 0960 SLOO +¥LOO LOOO  8EE'0 €990
w60 LEE0 9¥E0 STO0— 0 0S6'0 08C°0 060 9000 I91'0 8960 CTLEO ILL0O 800°0— ¥OTI— 9560 S90°0 +90°0 SO0'0  1€C0 88€0
0L6'0 670 0¢v'0 810°0— 0 8560 09¢'0 6S€0 ¥000 €800 ¥¥6'0 08¥'0 I870 ¥¥0'0— 6L6'I— +¥6'0 0SO0 1SO°0 ¥000  ICI'0 I8I'0 90
7560 08¢0 6L£0 S¥O'0— 0 9560 8IE0 €I€0 LIOO 6S€0 T96'0 86¢£0 16£0 1200 +SS0O  8S6'0 6800 L800 0000  SE€9°0 €9T'1
560 T1€0 CTIE0 ST00— 0 ¥S6'0 6ST0 19T°0 ¥20°0 9ST0 0960 9¢€°0 8CE'0 CO0'0— #OI'0— 9S6'0 TBO'0 0800 0000  ¥L¥'O 8ILO
¢L6'0  0I€0 L6C0 T000 0 TF6'0 LSTO 6ST0 €000 S91'0 T96'0 0¥E0 SPE0 LOOO— LLL'O— 0¥6'0 CTLOO €L0'0 €000  SIEO 00¥'0
096'0 260 ¥LEO 0100 0 ¥76'0 02¢0 0OFE€'0 8100 0800 9¢6'0 6CF0 LSFO SSO'0— 089'1— 8¢6'0 SSO'0 LSOO TOO0  LSI'O SLI'O 80
1 JU2A? Je s1a)owered UOISSOISAI AY) (| OLIBUADS
dd s ds selg onlL, 4D 4S5 ds selg oniL  dD 4s  ds selq oniL 4D s ds selg  oniL
0 O O oG 1

{(x)dxa + 1}/(x)dxa = (x) :vm 10J S)[NSal uone[nWIS 7 d[qe],

pringer

as



Stat Biosci (2017) 9:339-356

350

Aynpeuwntou o1ojdwAse uo paseq [BAIUI 2QUIPYUOD 9 6 JO ANfIqeqoid 93e1dA00 ST D) ‘SIOLId PIBpUR)S PAIBWIISD A} JO UBdW )
SIS ‘uonerasp prepuels ojdwes uonenuis ay) st s (<7 ‘17) 103 (9 O€ ‘ST) PunoIe aIe sajel SULIOSUD Y Pue ‘07 = U YIm suonedrjdar )G Uo paseq aIe SoNsneIs Ay,

0960 ¢O0¥'0 L6E0 0000 0 9960 8¢€0 8¢€’0 TL0'0 88CT0 ¥96'0 vev'0 CTEY'0 LSO0O— 89¢'0— L¥6'0 6600 6600 6000— 6070 C9¢'1
8660 ¥LEO S9¢€°0 ST00— 0 Lv6'0 TI€0 SIE0 6100 9IT0 ¢S6'0 TI¥F0 Scr0 9¢00— SI80— 6¢6'0 ¥80°0 LS00 0000 L0€0 T9L°0
6’0 66£0 vI¥'0 1000— 0 8S6'0 0€€0 6C€0 9100 6¥1'0 L¥6'0 OVP'0 €9%°0 6S0°0— 9vE€'1— THF6'0 6900 €.L0°0 0000 90C°0 9Ty 0
096'0 SIS0 $TS0 TO00 0 TP6'0 SIF0 6£v°0 SIO0 0800 €S6'0 0950 L6S0 TOT'0O— 6£1°C— 6¥6'0 0S0'0 SO0 TOO0 SOT°'0 6810 SO
1L60 €20 66€°0 TO0'0 0 8S6'0 8S€0 S9¢°0 ¥¥0O'0 89¥0 6960 ¢€¥v'0 ¥S¥'0 LPO'O— 6L1°0— 960 +¥OT'0 LOT'O OT00— SSPO 8ET'T
8L6'0 69€°0 €¥€0 8000 0 1€6'0 0I€0 0€€0 €200 08¢0 IS6'0 €00 LIY'O CTPO0— TL9O— 0O¥6'0 9800 0600 €00°0— 8€€0 €990
996’0 ¥LEO LSEO 0000 0 9¢6'0 60€0 ¥E€C0 9100 T9TO0 1S6'0 910 9Tv'0 ¥€00— +vOCTI— +¥P6'0 1L0'0 TLOO TOO0O I1€C°0 88¢€0
96’0 0L¥'0 8870 010°0— 0 0960 08¢0 SOF'0 LOOO TEI'0 9S6'0 LISO 0PSO 1SO0— 6L6'T— L¥6'0 SO0 SSO'0 S000 IZI'0 I81°0 90
dD EN as selg onif, dO dS das serg onif, dO dS as serq onlIy, dO dS as selg  onif,
03 0 O R

ponunuod g Jqel,

pringer

As



Stat Biosci (2017) 9:339-356 351

5 Data Analysis

We apply the proposed analysis based on the cumulative incidence probability model
(1) to the shunt thrombosis data, which was collected by a large hospital in northern
Taiwan. The follow-up time is from November, 1997 to December, 2009, and 2886
dialysis patients with kidney diseases participated in this clinical study. As pointed out
in Introduction, two types of shunt thrombosis, designated as the “acute” and “non-
acute” thrombosis, may recur during the hemodialysis treatment. In the following
data analysis, we are interested in the “acute” type of thrombosis and its cumulative
incidence probabilities in the first two events are analyzed viamodel (1) with j = 1, 2.
Eight covariates besides the intercept are included in model (1) whose effects on the
Jjth gap time to the occurrence of acute shunt thrombosis are to be assessed; see Table
3 for definitions, counts and means (standard deviations) for these covariates across
the first five events stratified by types of thrombosis. For each individual, Y is set to
be the calendar time of enrollment as of November 1st, 1997, and C is set to be the
last date of 2009. After deleting records with missing information, the data set used
in our analysis consists of 2779 subjects.

We fit to the shunt thrombosis data the multiplicative cumulative subdistribution
hazard model, i.e., g(l)(x) = 1 — exp{—exp(x)} in model (1), for the incidence of
acute shunt thrombosis. The estimated coefficient functions for the first event are dis-
played in Fig. 2. We see that, after accounting for the point-wise confidence interval,
the coefficient function of the covariate “hypertension” is essentially positive over the
range of the duration time of the first event except at initial and later time. This result
suggests that dialysis patients with hypertension are associated with higher incidence
of acute shunt thrombosis relative to patients without hypertension. In addition, the
estimated regression coefficient function of the covariate “shunt type” is also signifi-
cantly above zero over the gap time to the first event except for an initial small time
interval. This coincides with the prior knowledge that acute shunt thrombosis is more
likely to arise from a shunt of the graft type than a shunt of the natural type. The other
covariates, however, do not show significant effects on the incidence of the acute shunt
thrombosis over the whole range of the gap time to the first event.

Similarly, Fig. 3 shows the estimated coefficient functions corresponding to the
second event. Among the covariates considered, the “shunt type” is the only covariate
to have statistically significant time-varying effects on the incidence of acute shunt
thrombosis over the whole range of the gap time to the second event except at the
initial time. Hypertension, although exhibits significant effects in the gap time to the
first event, no longer affects the incidence of acute thrombosis in the gap time to the
second event. In further analysis up to the fifth event (results not shown), we find that
the shunt type continues to be a significant covariate for acute thrombosis in the first
five events, while hypertension is a significant covariate for acute thrombosis only in
the first event and its effects on incidence of acute thrombosis diminish in the later
events.

We also fit to the data a proportional subdistribution odds model, i.e., gV (x) =
exp(x)/{1 4+ exp(x)} in model (1), for the incidence of acute shunt thrombosis in the
first j events (j = 1, ..., 5). The results are qualitatively equivalent to those from the
multiplicative cumulative subdistribution hazard model described above, and hence
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Fig. 2 The estimated regression coefficient functions (and point-wise 95 % confidence intervals) corre-
sponding to acute thrombosis under the multiplicative cumulative subdistribution hazard model at the first

event

are omitted here. Additionally, we perform the model assessment based on the inverse
probability weighting Brier score, which gives (22.78586, 17.33794) in the first two
events for the multiplicative cumulative subdistribution hazard model, respectively.
On the other hand, the proportional subdistribution odds model gives slightly large
scores (22.78716, 17.33848) in the first two events. So the multiplicative cumulative
subdistribution hazard model is a better model in the shunt thrombosis data according

to the Brier-based criterion.
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Fig. 3 The estimated regression coefficient functions (and point-wise 95 % confidence intervals) cor-
responding to acute thrombosis under the multiplicative cumulative subdistribution hazard model at the
second event

6 Discussion

In this paper we report an analysis of gap times between repeated occurrences of
shunt thrombosis in dialysis patients, where the shunt thrombosis is classified into two
types of main interest. Instead of treating the two-type shunt thrombosis as a bivariate
recurrent event, we view the “acute” and “non-acute” thrombosis that may occur on a
patient at a time point as two competing risk events. This option allows us to adapt the
tools for regression analysis of competing risks recently developed to study the effects
of certain covariates on the gap time between two shunt thrombosis occurrences. In
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particular, we focus on direct regression analysis of the subdistribution or cumulative
incidence probability function so that we are able to identify factors influencing the
occurrence of a specific type of shunt thrombosis, and to allow for the flexibility of
time-varying effects of the factors.

Our analysis of the shunt thrombosis data reveals that, dialysis patients with the
graft type of shunt tend to have faster occurrence of acute shunt thrombosis. The
subdistribution regression model renders it convenient to perform prediction of the
occurrence of acute shunt thrombosis. Hypertension also leads to increased incidence
probabilities of acute shunt thrombosis, but only for the initial thrombosis event and
not for subsequent recurrences of thrombosis.

The binomial regression model we employ to model the cumulative incidence of
recurrent events is semiparametric in that the functional form of the covariate effect is
left fully unspecified. The resulting semiparametric analysis is thus adaptive to rather
complicated data structures. Fitting such a model to the recurrent event data, we can
examine time-varying covariate effects on each of the recurrent events.

One limitation of the proposed method is that it cannot accommodate covariates
whose values vary over different events. The extension for such time-dependent covari-
ates seems non-trivial and deserves substantial further research.
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