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ABSTRACT

In clinical trials with recurrent events, such as repeated hospitalizations terminating with death, it is important to consider the

patient events overall history for a thorough assessment of treatment effects. The occurrence of fewer events due to early deaths can

lead to misinterpretation, emphasizing the importance of a while-alive strategy as suggested in Schmidli et al. (2023, Statistics in

Biopharmaceutical Research 15, no. 2: 238-248). In this study, we focus on the patient-weighted while-alive estimand, represented as

the expected number of events divided by the time alive within a target window, and develop efficient estimation for this estimand.

Specifically, we derive the corresponding efficient influence function and develop a one-step estimator initially applied to the

simpler irreversible illness-death model. For the broader context of recurrent events, due to the increased complexity, this one-

step estimator is practically intractable due to likely misspecification of the needed conditional transition intensities that depend

on a patient’s unique history. Therefore, we suggest an alternative estimator that is expected to have high efficiency, focusing on
the randomized treatment setting. In addition, we apply our proposed estimator to two real-world case studies, demonstrating the
practical applicability of this second estimator and benefits of this while-alive approach over currently available alternatives.

1 | Introduction

Recurrent events, such as repeated hospitalizations or episodes
of a chronic condition, commonly occur in clinical studies and
significantly impact patient outcomes and overall health trajecto-
ries. In clinical trials and randomized experiments, it is important
to consider the entire history of patient events to accurately
assess clinical treatment effects. The European Medicines Agency
(EMA) in a qualification opinion emphasized that treatments
are expected to impact not only the first event, but also sub-
sequent ones, advocating for clinically meaningful measures of
treatment effect based on recurrent event endpoints, allowing
more insightful statistical analyzes compared to those focusing
solely on the first event (Akacha et al. 2018). Many statistical
methods have been proposed for analyzing recurrent event data,
such as Andersen and Gill (1982), Lin and Wei (1989), Lin et al.

(2000), Liu et al. (2004), Mao and Lin (2016), Prentice et al. (1981),
and Wei et al. (1989). However, the development of estimands
for recurrent events with a causal clinical interpretation has
not yet been thoroughly explored (Imbens and Rubin 2015;
Lipkovich et al. 2020). For clarity, we refer to causal estimands as
those defined within the potential outcomes framework, which
requires envisioning the outcomes for a patient if assigned to
the test treatment versus the outcomes if assigned to the control
treatment (Imbens and Rubin 2015; Pear] et al. 2016).

Recently, Roger et al. (2019) proposed an estimator for the
treatment-policy estimand for recurrent event data, and Schmidli
et al. (2023), building on the EMA’s request, presented an
overview of different estimands for recurrent events terminated
by death. Among these, the while-alive (or while-on-treatment)
strategy was proposed. While-alive estimands which are the focus
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of this paper aim to examine the treatment effect while patients
are alive or, in other words, while intercurrent events—such as
treatment discontinuation, death, intake of rescue medication,
or change of background medication—have not occurred (Mao
2023; Schmidli et al. 2023). Specifically, the aim is to consider
the time alive when aiming to compare the number of recurrent
events. When death occurs, the time during which patients can
experience recurrent events is shortened, making the rate of
these events more clinically meaningful than the total count.
Consequently, in a clinical trial, if we consider the extreme
case where most patients die immediately under the control
treatment while no patients die under the test treatment, almost
no events will be observed for the control group but potentially
many for the test treatment group. This discrepancy can lead to
misinterpretation of the treatment effect, highlighting the need
for a while-alive strategy.

While the average number of events observed in the presence of
death as a semicompeting risk has earned much attention (Baer
et al. 2023; Cook and Lawless 1997; Cortese and Scheike 2022;
Ghosh and Lin 2000; Gray 1988; Mao and Lin 2016; Rytgaard and
van der Laan 2024; Schaubel and Zhang 2010), few developments
have been proposed in the literature regarding the while-alive
strategy. Wei et al. (2023), in a paper related to the EMA request,
approached the while-alive estimand proposed by Schmidli et al.
(2023) mainly under parametric assumptions. Specifically, they
derived the analytical expression for the while-alive event rate
using a gamma frailty model. Instead, Mao (2023) developed
a general nonparametric estimator for the Exposure-Weighted
While-Alive (EWWA) estimand within a robust inference frame-
work. In particular, the focus is on a general class of while-alive
estimands, which measure the instantaneous loss incurred by
the incident (i.e., new) events with weights possibly dependent
on past experience averaged over the Restricted Mean Survival
Time (RMST) within a target time window. For the computation
of a nonparametric estimator, techniques similar to those from
the Ghosh and Lin (2000) for the numerator and the Kaplan-
Meier plug-in estimator for the RMST for the denominator are
employed. By adjusting for exposure time using the RMST in the
denominator, the EWWA estimand does not distinguish between
patients, and, as a consequence, may overlook individual-
level relationship between events occurrence and survival
time.

In this paper, we develop a semiparametrically efficient estima-
tion for the Patient -Weighted While-Alive (PWWA) estimand,
defined in Schmidli et al. (2023) as the expected number of events
divided by the time alive up to a target time window. To the
best of our knowledge, this estimand has not been explored in
detail before. We first derive the corresponding efficient influence
function (EIF) allowing us to develop the one-step estimator
(Kennedy 2022; Laan and Robins 2003; Van der Vaart 2000) in a
general form and discuss its robustness property. This estimator is
semiparametrically efficient only if all required working models
are correctly specified. However, this is practically infeasible in
the general recurrent events setting, given the need to implement
and specify all required conditional transition intensities that
depend on the patient’s unique history. This is only feasible in
simpler cases, such as the illness-death setting. Therefore, we
alternatively propose a feasible efficient estimator focusing on
the randomized treatment setting with a correctly specifiable

FIGURE 1 | Recurrentevents multistate model with the A jk's denot-
ing the transition intensities between the different states.

censoring pattern, such as the common administrative censoring.
In this setting, the PWWA estimand can still be estimated
consistently and the proposed estimator is guaranteed to have
superior performance compared to the standard inverse prob-
ability weighted complete case estimator (IPWCC) (see Tsiatis
2006).

The remainder of this paper is organized as follows. In Section 2,
we define the PWWA estimand in a causal setting, recalling key
concepts of recurrent events multistate models. In Section 3, we
compute the EIF presenting the irreversible illness-death model
as a subcase of the recurrent events setting. In Section 4, after
general considerations related to the estimation and inference,
we propose a consistent and practically feasible estimator with
high efficiency. In Section 5, we set up the simulation study
separately for the irreversible illness-death model, where the
one-step estimator and the proposed estimator are compared,
and recurrent events case, where results employing the proposed
estimator are shown. The performance of the estimator for the
PWWA estimand is compared to that of the EWWA estimand.
Furthermore, two applications to case studies related to patients
with chronic heart failure (HF) and metastatic colorectal cancer
are presented, respectively, in Section 6 and Web Appendix D.
Section 7 contains a discussion with some concluding remarks as
well as possible future developments. Technical derivations are
relegated to the Appendix and Web Appendices. The proposed
estimator is implemented in the WA_recurrent-function, in
the mets R package (Holst et al. 2016) and a demonstration
version of the employed code is available at https://github.com/
alessandragni/PWWA.

2 | The PWWA Estimand

We consider a recurrent events multistate model in a semicompet-
ing risk setting, that is, where nonterminal events compete with
a terminal event (Andersen et al. 2012; Fine et al. 2001). Given
a stochastic process {X(t)}cjor, T < o0, with right-continuous
sample paths, let {0,1,2,...,K,D} be the finite state space,
where 0 may be considered as healthy state, 1,2,...,K states
corresponding to recurrent nonterminal events (e.g., illnesses,
relapses) and D stands for the terminal event (death). We assume
that X(0) = 0 and the only possible transitions are 0 - 1,0 — D,
1-D,1—-2,2—-D,...,asdepicted in Figure 1.

Let Ty, T,,..., Tk be the times to the nonterminal events and T/,
be the time to the terminal event since zero, respectively, and
8, =I(T, <Tp)fork =1,...,K,where I(-) denotes the indicator
function. If the nonterminal event k is not experienced before the
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https://github.com/alessandragni/PWWA

terminal event, we define T} = +oo (i.e., §; = 0). Employing the
standard notation for counting processes, we define N(t A T)) =
Zlk; I(T, <t,6, =1), which denotes the number of events
before the terminal event in a target time window [0, ] and where
a A b = min{a, b}.

Let A €{0,1} denote the treatment indicator and L is a p-
dimensional vector of baseline covariates. We assume X ~ P,
where X = (A4,L) and P is a probability distribution belonging
to a nonparametric statistical model P. The PWWA causal
estimand may be expressed as ,(P) = E(Y}), where Y, =
g{N(t ATp)/(Tp At)}. Let Y7 be the potential outcome of Y, had
treatment been set to a. Furthermore, g(-) is a known function
such as the identity function. However, with this specific choice
of g, as pointed out by Schmidli et al. (2023), the distribution of
1,(P) is typically skewed due to early deaths. We present therefore
the methodology with a general g(-). We assume that the set of
covariates L is sufficient for identification of the estimand %,(P)
via the G-formula:

$(P) = E{E(Y,|A = a,L)}. @

The causal contrast that we study is E(Y; —Y?), which is
referred to as an individual-level estimand because it provides a
summarization of the causal effect defined at the individual level
(Fay and Li 2024). The EWWA estimand is based on E{N(t A
Tp)}/E(Tp At) leading to a contrast that cannot be written as
a mean of two potential outcomes (treatment vs. control) and is
therefore not an individual-level causal estimand.

3 | Efficient Influence Function

We first give the full data EIF and then generalize it to
the observed data case allowing for right-censoring. Let Z =
(Tp, X, {T ATp, 8,3k, k) denote the full data (ie., in the
absence of censoring), with X = (A, L). The EIF corresponding
to the PWWA causal estimand in (1) is

wip.y - A=) e Y
D}(P;2) = s s Y= HUP L)} + H(PiL) = $(P)
= w(A,L)H,(P;L) + b,(P; Z) — 9,(P), (3)
where H,P;L) =E(Y,|A=a,L), w(A,L) =

[PA=a|L)-T(A=a)]/P(A=a|L) and b,(P;Z) =
Y, -I(A=a)/P(A=a|L). It is clear from (2) that
IE{D; (P,;Z)} =0 if we can correctly specify H,(P,;L) while
it is seen from (3) that ]E{D:Z (P,; Z)} = 0 if we are able to correctly
specify the propensity score model P,(A = a|L). Throughout,
we use P, to indicate that working models have been applied to
estimate unknown quantities.

We deal now~with the observe~d data case alli)wing for right-
censoringby C. Let T, =Tp AC, 8 =I(Tp <C), T, =T, ATp,
and 8, = I(T, < Tp). Then, O = (TD,5D,%K,3K,X> ~ P is the
observed data where P belongs to the nonparametric statistical
model P, with %K =(T,,...,Ty) and SK =(8;,...,0¢). Let
N@) = Z]k:l I(T, <t,8, =1) denote the number of observed
recurrent events at time point t. We assume that data consist

of n i.i.d. replicates O,,...,0,. The observed data are a result of
monotone coarsening of the full data. To be specific, we introduce
the coarsening variable C such that when C =r we only get to
see a coarsened version G,(Z) of the full data. The observed
data are thus equivalently expressed as O = (C,G.(Z)). Let
K{r | G(2)} = P(C > 1| G,(2)) = exp{~ [, Ae{s;G,(Z)}ds}  be
the survival function corresponding to the censoring distribution,
where Az{s; G(Z)} is the censoring hazard function defined as
Ae{s; Gy(Z)} = limy o (P(s < C < s+ As | C > 5, G(2))) /As.
Moreover, let dMg{r | G.(Z)} = dN&(r) — (T, > r)dAs{r |
G,(2)} be the increment of the censoring martingale, where
AAr | G.(2)} = for Ae{s; Gy(Z)}ds is the cumulative censoring
hazard and N&(r) = I(T,, < r,8;, = 0) is the censoring counting
process. We assume coarsening at random (CAR), that is,
Ae(r|Z) = 247G (2)} = Ac{r; G.(2)}(r < Tp). The observed
data EIF is then given by

Spb (P Z2)

DyP:0) = et 16r 2

= 9,(P) + w(A,L)H,(P; L)
dM&{r|G,(2)}

ke @

+/Emwzmmm}

which follows using Tsiatis (2006) formula (10.76) (see the
Appendix for more details). Note that G,.(Z) always contains
(A,L) so E{b,(P;2)|G.(2)} = E{Y,|G(2)} - (A = a)/P(A=a|
L). Because of the structure of the EIF (4), we see that the one-step
estimator (Kennedy 2022) is given by

%2 =P,D,(P,;0), Q)

where 5¢(P; 0)= D;(P; 0) +¥,(P) and P, {v(Z)} = n! 2. u(Z)
denotes the empirical measure. In the next subsection, we give the
specific expression for DZ (P; O) in the illness-death setting that is
aspecial case of the recurrent events setting with a terminal event.

Remarks.

i. Itisseen from (4) that we obtain consistent estimation if the
working models for the propensity score and censoring are
correctly specified as then IE{D;;(P,I; O)} =o.

ii. In the Appendix, we give an equivalent expressions for
D:;(P; 0), (Al), from which it is seen, using the CAR
assumption, that consistent estimation is also obtained if the
working model for IE{Y,|G,(Z)} is correctly specified (see the
Appendix for details).

iii. We will argue in a moment that it is practically challenging
to correctly specify a model for IE{Y,|G,(Z)} or to otherwise
obtain consistent estimation of this quantity.

3.1 | Irreversible Illness-Death Model

We consider here the irreversible illness-death model that is a
special case of the recurrent events case. For this simpler case,
it is possible to derive an explicit form of the EIF (4), which
shows all the terms needed to estimate in order to obtain the
one-step estimator (5). The state space is reduced to {0,1,D}
and the full data are Z = (T, ATp,d;,Tp,X). The hazard and
cumulative hazard functions for the illness-death model are
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defined, respectively, as Ay,(t;) and Ay (t) = /Otl A1 (s)ds;
t

Aop(tp)  and  Agp(tp) = fOD Aop(s)ds;  Ap(tp | 1) and

Ap(tp | t) = fOZD Aip(s | t;)ds. The observed data are O =

(Tp =Tp AC,6, =1L(Tp <O), T, =T, ATy, 8, = (T, < Tp),X).

For this special case, we have that the last term in (4) has the
explicit form (see Web Appendix A for details):

T\ At t ot
/ mmﬂffﬁwmmmmwwmmm

0

T T dMN
+$/¥ . Sip(t,u | t)du eXp{_A~([1)}dA01(t1):| ﬁir}}

_ TpAr  pT 1 dMg{r | Ty}
+6,I(T, <t) [/Tl /r mfw(",u |T1)d“m

I(t < Tp)

g ©

T, T
b dMg{r | Tq}
/ﬁwmnm ctr ITu} |
t r

K&t | Ti}

where A.() = Aq() +Agp(), fip(ruls) =exp{~["dAip(v]
s)}/lw(u | 8), a v b = max{a, b} and any distributional quantity
depending on P needs to be conditioned on A = a,L, which
we have suppressed for notational convenience. Moreover, the
H,(P; L) may be rewritten as (see Web Appendix A for details)

m@ﬂo=/A/wﬁM“”'“A=aLMu
o Jy guAt)

X exXp { At |A= a,L)}dAm(t1 | A=a,L).

If we were able to correctly specify all the required working
models, then the one-step estimator (5) is semiparametrically
efficient, and its variance can be estimated consistently using
the variance of the corresponding EIF. In Section 5, we examine
the numerical performance of the one-step estimator by referring
to the standard decomposition of the one-step estimator into
the plug-in term (i.e., P,{H,(P,; L)}) and debiasing term, which
can be easily retrieved by decomposing in (4), the term w(A, L)
defined in (3).

It is also clear from (6) that this specific quantity is challenging
to model correctly because it involves the cumulative hazard
functions Ay, Agp, and A, with the latter conditional on (A, L)
and T,.

4 | Estimation and Inference in the Recurrent
Events Setting When Treatment is Randomized

As shown in Section 3.1, the fully efficient estimator involves
conditional hazard functions that depend on a history unique to
each patient. This becomes very complex in the general recurrent
events setting making computation and practical implementation
of the fully efficient estimator very challenging and often unfea-
sible. To address this issue, we propose an alternative strategy
aiming for a feasible estimator that is still expected to have
high efficiency. As pointed out earlier, despite incorrect models
are applied for the complicated component E{b,|G,(Z)}, we still

obtain a consistent estimator if the propensity score and the
censoring model are correctly specified.

This is feasible in specific yet important cases in which these
models can be accurately specified, such as in randomized
studies with simple censoring mechanisms such as progressive
type 1 censoring (administrative censoring), where censoring
occurs solely because patients remain alive by the time the data
are analyzed. In such scenarios, we can estimate the proposed
estimand consistently despite the complicated structure of
EIF. Furthermore, as we shall see, we are able to develop the
corresponding influence function of the suggested estimator,
which facilitates computation of standard errors. We emphasize
that the same strategy can be applied in more general settings,
see Remark (ii) below Theorem 4.1. The key to the development
of the proposed estimator is the following representation:
D (P;0) = {w(A,L)H,(P;L) + b,(P;Z) = ,(P)} — [ [b,(P; Z)~
E{b,(P; 2)|G.(2)}ldM&{r|G.(Z)}/K{r|G,(Z)}, where the first
term on the right-hand side of the latter equation (curly
brackets) and the censoring martingale term are orthogonal.
If we replace the unknown and involved terms H,(P;L) and
E{b,(P; Z)|G,(Z)} by linear functions we can then estimate these
so that the variance of the two terms in the EIF are minimized
separately. In what follows we restrict to the situation with
a randomized treatment, which leaves the EIF unchanged
as it lies in the (reduced) tangent space and thus still is the
EIF. Now, define a g-dimensional time-dependent covariate
vector W, containing (A,L) but also N(r-) or some (other)
known function of N(r—) and let J, = I(r < T;,) denote the at
risk indicator. We then replace E{b,(P; Z)|G,(Z)} with yT(r)W,
where y(r) denotes a g-dimensional time-dependent coefficient,
and we also replace H,(P;L) with 6TL. We then choose these
regression coefficients so that the variance of the two terms
in the EIF is minimal. We further assume that the censoring
is independent as in the progressive type 1 censoring case. We
estimate P(A =1|L) = P(A =1) by the empirical average but
we could alternatively use a logistic model for the propensity
score with an intercept as this gives an asymptotically equivalent
estimator as shown in the proof of Theorem 4.1. We show in the
Appendix and Web Appendix B that this leads to the following
estimator:

o~ - dM{r}

b=y + P, [%(A, L)o,L + / Vg(r)Wr—C], @)

K,{r}

where

; [%Mmm ©

bo=Pn TR Ty

) = { B, W, - W)W, - W,y )

XR{L%MmZM%—WJ}

K{Tp}

6y =~ [P.feica iy ", { 2R CED D Y

Kn{TD}

with W, = {P,J,W,}/{P,J,}
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As we use the Kaplan-Meier estimator for K,,, the second term on
the right-hand side of (7) can be written as

— dMg{r} — dNg{r}

T _ c — T _ [
P, [ v, - Wi =, [view, - Wi
Theorein 4.1. Consider iid. vreplicates of O =

(TD,SD,T"K,EK,X> such that the treatment is randomized, and

K{r|G,(2)} = K(r). Then n'*(§,—9) = n"/2 T ¢,(P,0) +
op(1) where the explicit expression of the influence function
¢4 (P,0)is

Spbi(P; Z)

K(T,) +w(A,L)OTL — 1,

$,(P,0) =

dMe(r)
K@)’

N / (Y (YW, — )+ E(b,(P: 2Ty 2 1))

where w, is the limit in probability ofWr.

Thus, nl/z({b\[ —1,) converges in distribution to a normal distri-
bution with zero-mean and a variance that can be consistently
estimated by P,¢,(P,, 0)*. O

The proof is given in Web Appendix B.
Remarks.

i. The proposed estimator §, = $,{6,,7,(-)} is guaranteed to
be more efficient than the IWPCC estimator ¢, as the latter
results when 6 =0 and y(-) =0, while the proposed 6,
and y,(-) are chosen so that the variance of the estimator
9,46, 7(-)} is minimized; see the proof of Theorem 4.1.

ii. In this section, we have restricted to the randomized treat-
ment setting and also assumed simple random censoring but
the same strategy can be applied in more general scenarios
as long as both the propensity score and censoring models
can be correctly specified. We have outlined this in Web
Appendix B.

iii. We used linear models to reduce variance for the outcome
and the censoring term due to their computational simplic-
ity, but variance reduction can also be achieved by nonlinear
models as long as they are estimated to reduce variance.

5 | Simulation Studies

In this section, we demonstrate the numerical performances of
the estimators described above. In Web Appendix C, we consider
the irreversible illness-death model setting and demonstrate
the robustness properties of the one-step estimator. We also
make a comparison to the estimator proposed in Section 4. The
simulation results show that the one-step estimator is more
efficient; however, there are no major differences between the
estimators in the considered setting.

We next consider the case of recurrent events, where we adopt
the consistent estimator with high efficiency as described in (7).
We first generate data with recurrent events and the terminal
event that mimics that of the HF-Action trial (O’Connor et al.

2011), which we return to in Section 6. Specifically, we use the
observed rate of hospitalization (the recurrent events) and the rate
of terminal event (death) from fitting Andersen-Gill rate models
adjusting for treatment. The study had 4 years of follow-up.
The rate of hospitalization was roughly speaking approximately
constant (0.78 per year) and the rate for terminal event was
approximately 0.07 per year. These are the baseline rates in our
data-generating model taking using rates: ZA,(t) exp(AB, + Lf;)
for the recurrent events process, and Z",(t) exp(AB, + LB, ) for
time to death. Here, A and L are binary covariates drawn indepen-
dently from Bernoulli distribution with success probability 0.5.
Coefficients are set to 3, = 8; = —0.3and 3, = 8, = 0.3,and Z,
the frailty, is a gamma-distributed random variable with mean
1 and variance 8. The power v is 1 or O to generate dependence
between D and the recurrent events or not, respectively. When
v =1 the frailty introduces dependence between the recurrent
events and death. A large variance introduces high dependence
and when the variance is 0 then Z =1 and the two data-
generating processes are independent. Finally, the censoring time
is given by C ~ Exp(Az) with Az = kg /4.

The results, using g(-) = \3/— are evaluated at ¢t = 3, denoting
the number of years since the start of the observation at which
the response is evaluated. We consider both independent events
and scenarios with shared random effects with 6 ={0.5,1, 2}.
In addition, different censoring rates ks = {1,2} are analyzed.
The obtained results for the case where v = 1 are summarized
in Table 1, obtained through WA_recurrent() in the mets R
package (Holst et al. 2016). The estimator 3, is derived using a
model that included N(r—), L, and Z for censoring augmentation
and both L and Z for the mean ratio model. For comparison,
in Web Table E.1 we show results for 3, obtained through
simpler models that included only N(r—) and L for censoring
augmentation and only L for the mean ratio model. In both
cases, the estimation procedure was replicated 5000 times and the
sample size is set to 1000.

We see that zﬁt has smaller standard errors than 1:51, reflecting effi-
ciency gain from the augmentation. Furthermore, incorporating
Z into the augmentation models leads to additional reductions in
standard errors, indicating further efficiency gain by accounting
for the heterogeneity. Across all scenarios, empirical standard
deviations closely matched the average standard errors with
coverage rates near the nominal 0.95 level. The standard errors
increase with increasing © and censoring rate, with a larger
increase in 1701 than in {b\,.

5.1 | Dependence

We now contrast the PWWA and the EWWA approaches. Specif-
ically, we focus on how different types of dependence between D
and the recurrent events affect the estimands. Indeed, one key
challenge in this context is that early deaths result in shorter
risk periods for observing events when the recurrent events and
the terminal event are negatively correlated (their underlying
hazards being positively correlated), which is often the case in
practical settings. If we focus on situations with constant rates,
the PWWA estimand, which normalizes N(t ATp) by Tp At
at the individual level, effectively accounts for this challenge,
highlighting more differences as the dependence between events
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TABLE 1 | Simulation results for the consistent estimator with high efficiency @ in the recurrent events setting with g(-) = {/_ and v = 1, evaluated
across different values of © and k. The estimator 1, is derived using a model that included Z in addition to N(r-), L for censoring augmentation and

Z in addition to L for the mean ratio model. Results for its component ib: (from Equation 8) are shown for comparison. For each estimator, we report

the Mean across simulations, the Bias, the standard deviation (SD), empirical standard error (SE), the mean squared error (MSE), and coverage at 95%
confidence level (Cov). Each scenario is based on 5000 replications with a sample size of 1000.

$, in (7) - with Z
6 kg A Mean Bias SD SE MSE

$t in (8)
Cov Mean Bias SD SE MSE Cov

05 1 0 0.769 —-0.006 0.023 0.023  0.001
1 0.664 —-0.006 0.023 0.023  0.001

0-1 0.106 —0.001  0.031 0.031  0.001

2 0 0.756 —-0.020 0.030 0.030 0.001

1 0.651 —0.018 0.030 0.030 0.001

0-1 0.105 —-0.002 0.041 0.042 0.002

1 1 0 0.701 —0.007 0.025 0.025 0.001
1 0.605 —-0.005 0.024 0.024 0.001

0-1 0.096 —-0.002 0.032 0.032 0.001

2 0 0.688 -0.021 0.032 0.033 0.002
1 0.593 —0.018 0.032 0.032  0.001

0-1 0.095 —0.003 0.043 0.044 0.002
2 1 0 0.604 —-0.007 0.027 0.027  0.001
1 0.522 —-0.006 0.025 0.025 0.001

0-1 0.082 —0.001 0.033 0.033 0.001

2 0 0.591 -0.020 0.035 0.035 0.002
1 0.509 -0.019 0.033 0.033 0.002

0-1 0.082 —0.001 0.045 0.045 0.002

0.943 0.776 0.000 0.029 0.029 0.001  0.949
0.941 0.669 0.000 0.029 0.029 0.001 0.947
0.954 0.106 0.000 0.040 0.041 0.002 0.948
0.907 0.776 0.000 0.040 0.040 0.002  0.952
0.915 0.670 0.000 0.041 0.040 0.002 0.942
0.946 0.106 0.000 0.057 0.057 0.003  0.949
0.942 0.707 —-0.001 0.032 0.032  0.001 0.951
0.941 0.611 0.000 0.031 0.031 0.001 0.951
0.953 0.096 —0.001 0.044 0.045 0.002  0.952
0.904 0.708 0.000 0.045 0.045 0.002  0.947
0.913 0.611 0.000 0.044 0.044 0.002 0.944
0.948 0.097 0.000 0.063 0.064 0.004 0.952
0.941 0.611 0.000 0.036  0.036  0.001  0.950
0.944 0.528 0.000 0.034  0.034 0.001 0.945
0.954 0.083 0.000 0.050 0.049 0.003 0.944
0.908 0.613 0.001 0.051 0.050 0.003  0.945
0.909 0.528 0.000 0.048 0.048 0.002 0.948
0.954 0.085 0.002 0.071 0.069 0.005 0.943

and survival time increases, in contrast to the EWWA estimand,
that is the ratio of exposure-weighted event rates, E{N(Tp A
)}/ E{Tp At}

We first considered a scenario corresponding to the HF-Action
trial setting, as used in the previous simulations. We refer to this
as scenario (a). We then introduced two alternative scenarios: (b)
the baseline hazard for the recurrent events is piecewise constant
with values 0.5 for t <1 and 0.89 for 1 <t < 4.31, and (c) the
baseline hazard for the recurrent events is piecewise constant
with values 2.5 for t < 1 and 0.29 for 1 < ¢ < 4.31. The hazard for
the terminal event is kept the same as in the HF-Action setting.
In all scenarios, we varied the event rates using the scaling factor
sp = {1, 4} for the terminal event. As described above, we consider
two different types of dependence in the data: v=1 and v =
0. In both cases, we augment with N(r-), L, and Z. We focus
ont=3kz=1,0=1{1,2} §, =6, =-0.3,and , = B;;, =0.3,
replicating the estimation procedure 5000 times. Results for the
causal contrast (0-1) are shown in Table 2.

Generally, when v = 0, that is, the frailty only affects the intensity
of the recurrent events, the EWWA is more powerful than the
PWWA. On the other hand, when the frailty is fully shared across
all event intensities (v = 1) then the PWWA is generally more
powerful than the EWWA especially with increasing value of the
variance 6 of the frailty variable. Also, an early high recurrent
event rate (scenario (c)) favors the PWWA compared to the

EWWA in the case where there is dependence between the two
processes (v = 1). Generally, increasing the rate of death means
a drop in power for both procedures, except in scenario (c) with
v = 1and @ = 2, where the PWWA has a (slight) increase in power
while the power still drops for the EWWA.

We also examine the null case 3, = §; = 0, assuming no causal
effect of the treatment; results are reported in Web Table E.2. In
all scenarios, both estimators have a power at the nominal level
of 0.05, as expected.

6 | HF-Action Randomized Controlled Trial

We illustrate our proposal using data from the HF-Action
randomized controlled trial (O’Connor et al. 2011), a study
aimed at investigating the effect of exercise training (treatment)
compared to usual care in patients affected by chronic HF due
to systolic dysfunction. More specifically, the objective was to
determine whether aerobic-type exercise training reduces all-
cause hospitalization and improves quality of life. The study was
conducted as a multicenter covariate stratified block-randomized
study, with strata given by centers and HF etiology (ischemic
vs. nonischemic). We here consider only those patients with the
ischemic etiology (500 patients in each arm), and augmented our
estimator using the covariates: sex, center, age, beck depression
(score), and previous heart hospitalizations in 6 months prior to
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TABLE 2 | Results comparing PWWA and EWWA estimands across different simulation settings (a-b-c), dependence structures, and scaling factors,

setting 8; = 4 = —0.3. For each estimand, we report the Bias for the average estimated causal effect for the contrast (0-1), the standard deviation (SD),
the empirical standard error (SE), the mean squared error (MSE), and observed Power, computed testing the null hypothesis of no causal contrast between
groups, using a significance level of 0.05. The sample size is set to 1000 and the estimation procedure is replicated 5000 times.

PWWA EWWA
v 6 Sp Bias SD SE MSE Power Bias SD SE MSE Power
(@ 1 1 1 —0.002 0.032 0.032 0.001 0.848 0.000 0.066 0.067 0.004 0.871
4 —0.002 0.035 0.035 0.001 0.654 0.000 0.059 0.059 0.004 0.726
2 1 —0.001 0.033 0.033 0.001 0.705 —0.001 0.079 0.077 0.006 0.622
4 —0.001 0.034 0.034 0.001 0.552 0.000 0.060 0.059 0.004 0.466
0 1 1 —0.002 0.031 0.032 0.001 0.845 —0.001 0.075 0.074 0.006 0.902
4 —0.002 0.034 0.033 0.001 0.636 —0.001 0.081 0.080 0.006 0.844
2 1 —0.001 0.033 0.033 0.001 0.689 —0.001 0.097 0.096 0.009 0.702
4 —0.001 0.033 0.033 0.001 0.528 —0.001 0.105 0.103 0.011 0.642
® 1 1 1 —0.002 0.033 0.033 0.001 0.778 —0.001 0.065 0.065 0.004 0.811
4 —0.002 0.035 0.035 0.001 0.487 0.000 0.055 0.055 0.003 0.606
2 1 —0.001 0.033 0.033 0.001 0.629 —0.001 0.076 0.075 0.006 0.566
4 0.000 0.035 0.034 0.001 0.419 0.000 0.054 0.054 0.003 0.372
0 1 1 —0.002 0.032 0.032 0.001 0.788 0.001 0.074 0.073 0.005 0.868
4 —-0.001 0.033 0.033 0.001 0.458 —0.001 0.078 0.077 0.006 0.756
2 1 —0.001 0.033 0.033 0.001 0.637 —0.002 0.096 0.095 0.009 0.667
4 0.000 0.033 0.033 0.001 0.390 0.000 0.102 0.099 0.010 0.542
© 1 1 1 —-0.001 0.032 0.032 0.001 0.965 0.000 0.087 0.087 0.008 0.956
4 —0.002 0.034 0.035 0.001 0.970 —0.001 0.096 0.096 0.009 0.928
2 1 —0.001 0.033 0.034 0.001 0.885 —0.002 0.107 0.108 0.011 0.782
4 —0.001 0.036 0.036 0.001 0.893 0.000 0.106 0.105 0.011 0.708
0 1 1 —-0.001 0.032 0.032 0.001 0.959 0.001 0.089 0.090 0.008 0.972
4 —0.002 0.035 0.035 0.001 0.963 —0.001 0.110 0.110 0.012 0.986
2 1 —0.001 0.034 0.035 0.001 0.831 0.000 0.118 0.118 0.014 0.840
4 —0.001 0.036 0.037 0.001 0.864 —0.001 0.143 0.142 0.020 0.891

study (at baseline). We assume administrative right censoring, as
all subjects were followed according to a prespecified contact and
visit schedule for a maximum of 4 years. The estimated mean
number of hospitalizations along with 95% confidence intervals
are shown in Figure 2 for the two treatment arms that do not
show a significant effect of exercise training. However, survival
improved in the treatment group (HR 0.72, 95% CI (0.52,1.01)),
making the interpretation of the mean number of hospitalizations
subtle, since a prolonged life span creates more opportunities
for recurrent hospitalizations. This motivates us to use instead
the PWWA estimand. For this application, we took g(-) as the
identity and thus consider the effect of exercise training on the
mean number of hospitalizations per year before the terminal
event over the time window [0, t] years, with t = 0.5, ...,3.9. The
estimate is shown in Figure 3, left panel. We see from Figure 3, left
panel, that the mean number of hospitalizations per year before
the terminal event is roughly constant over time but at a lower
level in the exercise training arm than in the control arm. At some
of the time points, there is sufficient evidence to reject the null
hypothesis, allowing us to conclude that treatment strategies have

E[N(t A Tp)]
15 20 25 30

1.0

—— usual care
— — training

T T T T T T T T
0.5 1.0 1.5 2.0 25 3.0 3.5 4.0

0.0

Time (years)

FIGURE 2 | HF-Action randomized controlled trial. Graphical visu-
alization of E{N(t ATp)} (and 95% confidence intervals) over seven
semesters.
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FIGURE 3 | HF-Action randomized controlled trial. Graphical visualization of PWWA and EWWA estimands (and their 95% confidence intervals)
over seven semesters. Asterisks indicate a p-value <0.05 for the test with null hypothesis “no difference among usual care and training.”

TABLE 3 | HF-Action randomized controlled trial. Results for the EWWA estimand. Numerator, mean number of recurrent events up to time ¢ and

is computed through Ghosh-Lin IPCW Cox-type model. Denominator, RMST and is computed through IPCW regression. Est, respective estimate; SE,

standard error.

t=23 t=33 t=39
Est (SE) p-Val Est (SE) p-Val Est (SE) p-Val
Numerator Usual care (0) 1.584 (0.104) 2.212 (0.137) 0 2.545(0.164)
Training (1) 1.474 (0.108) 1.998 (0.150) 0 2.371(0.200) 0
Difference (0-1) 0.110 (0.150) 0.463 0.214 (0.203) 0.291 0.175 (0.259) 0.5
Denominator Usual care (0) 2.146 (0.020) 2.979 (0.035) 0 3.458 (0.046) 0
Training (1) 2.201 (0.016) 3.076 (0.030) 0 3.581 (0.040) 0
Difference (0-1) —0.055 (0.026) 0.033 —0.097 (0.046) 0.036 —0.124 (0.061) 0.042
Ratio (EWWA) Difference (0-1) 0.068 (0.070) 0.329 0.093 (0.068) 0.174 0.074 (0.075) 0.322

a statistically significant impact, and exercise training should
be preferred.

We also estimated the EWWA, shown in Figure 3, right panel,
which reveals notable differences between the two estimands in
this study. The EWWA, which compares the average events with
restricted mean survival for those in training versus those receiv-
ing usual care, shows no significant difference (Table 3). However,
when employing the PWWA, a significant difference emerges,
particularly for time points beyond 2 years. This highlights the
potential long-term benefits of the training versus the usual care,
that can be better captured by an individual-level estimand such
as the PWWA.

7 | Discussion

In this work, we investigated the PWWA estimand within a
nonparametric framework, addressing the presence of right-

censoring to reflect real-world scenarios where patients may drop
out. We derived the EIF and proposed two estimators. The first
estimator is fully efficient in theory. While its performance can be
readily assessed through simulation studies in the specific case of
the illness-death model, practical challenges arise in the broader
context of recurrent events. Indeed, the fully efficient estimator
involves conditional hazard functions that depend on a history
unique to each patient, resulting in high risk of misspecification
of the needed working models. To mitigate this problem, we
also proposed a feasible estimator. While it allows for potential
misspecification of the conditional hazard functions that depends
on patient’s history, it remains consistent as long as both the
propensity score and the censoring model are correctly specified.
Moreover, it is expected to achieve high efficiency and, impor-
tantly, is guaranteed to outperform the standard IPWCC estimator
in terms of efficiency. This estimator, applied to the recurrent
events setting, demonstrates good performance in simulations.
Furthermore, two real-world randomized trials showcased the
utility of the PWWA approach, highlighting its practical relevance
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in diverse clinical contexts when compared to other state-of-
the-art methods. Indeed, a key advantage of this method is its
ability to account for the time each patient remains alive, instead
of the average one, enabling to accurately capture its dynamic
relationship with recurrent events and treatment effects.

It is of interest to study summary measures other than the
mean of the PWWA distribution, as this distribution is typically
right-skewed. Such measures could include specific quantiles;
however, this is left for future work.
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Appendix A: Different Representation of D:;(P; 0)

The observed data-efficient influence function can be expressed in
different ways:

D A I(A=a) ) )
Dy(P;0) = gy Yt ~ H(Bs L)} + Hi(P L) = $(P)
- / [b,(P:2) — E{by(P: 2)[G(2)}] eGH D}
’ el <rreRes)
— (A DH,(P:L) + by(P:2) - :(P)
- / [b,(P:2) - E{b(P: 2)/G, (2} e IG @} = )
o ST K6 (2

Using (Al) and assuming that E{b,(P; Z)|G,(Z)} is correctly specified we
can show that ]E{D:Z(P;O)} = 0 using the CAR assumption. To see this,
one needs, for example, to deal with

) ) ~ Aetr|G.(2)}
E( [b;(P; Z) — E{b;(P; Z)|G(Z)}I(r < Tp A C)m .

Now condition on {G,(2),1(r < Tp A C)} to get

[la{rlGr(Z)}

WV(Z)}E{H(V < TD A G)E{bt(P,Z)lcr(Z), TD A 5 > r}

—lr<TpA 5)E{bt(P;Z)|Gr(Z)}}],

which is zero if we can show that

I(r < Tp A O)E{b(P; Z)|G,(Z),Tp AC > 1}

=1(r < Tp A C)E{b,(P; 2)|G(2)}.
This follows, using CAR, because

I(r <Tp A E)f(zlGr(z), Tp A C>r}

9 K(r|2)f(2)
=0(r <Tp AC)——12 22
=t )/z:a,(z) K(rl2)f (2)dz
Z 1 < Tp A &) RUICH@R/ @)

L6, KIrIG-@)}f (2)dz

f(2)

=lr<T 5—
O o

=1I(r <Tp AO)f{zIG,(2)},

where we have used f generically to denote a density function. The
counting process term in (Al) is handled similarly.

The full data EIF can be written as in (3) and it forms the basis
for constructing estimating equations by inverse probability weighting
it and adding elements from the so-called augmentation space I'* =
{h(r;G(2)) : [ h(r;G(2))AME{r|G(2)}/K{r|G.(Z)} } (AIPWCC), see
Tsiatis (2006):

8pD}y(P; 2)
K{Tp,Gr,(2)}

dMg{r|G,(2)}

o= RG]

+ / h(r:G(2) (A3)

By varying the element in the augmentation space gives a class of
influence functions defined by D;z (P; Z) with the efficient one being

* .
épD ¢(P,Z) A
I\ ——|T
K{Tp,Gr,(2)}
corresponding to h,(r; G,(Z)) = IE]{D;‘(P; 2)|G,(Z)} with (A3) then giving
D:;(P; 0). As we have argued in Section 4, this optimal choice leads in
general to an intractable estimator, however. We will therefore seek an
optimal solution in a restricted class of influence function in order to

obtain a feasible estimator with high efficiency. In fact, it is guaranteed to
have superior performance compared to the standard IPWCC estimator.
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