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Abstract 

Background  Evaluating recurrent events within a time-to-event analysis framework effectively utilizes all relevant 
information to address the clinical question of interest fully and has certain advantages in randomized controlled trials 
(RCTs). However, the Prentice, Williams, and Peterson (PWP) model disrupts the randomness of the risk set for subse‑
quent recurrent events other than the first and consequently introduces bias in estimating effects. This study aimed 
to propose a weighted PWP model, evaluate its statistical performance, and assess the potential consequences 
of using common practices when each recurrence has different baseline hazard functions.

Methods  We proposed adjusting the estimate of treatment effect through a weighting strategy that constructed 
a virtual population balanced between groups in each risk set. A simulation study was carried out. The characteristic 
of the simulation data was the baseline hazard changed with the number of events. The proposed weighted PWP 
model was compared with current methods, including Cox for time-to-first-event, Poisson, negative binomial (NB), 
Andersen-Gill (AG), Lin-Wei-Yang-Ying (LWYY), and PWP models. Model performance was evaluated by bias, type I 
error rates, and statistical power. All models were applied to a real case from a randomization trial of Chemoprophy‑
laxis treatment for Recurrent Stage I Bladder Tumors.

Results  The results showed that the proposed weighted PWP model performed best with the lowest bias and high‑
est statistical power. However, other models, including the Cox for time-to-first-event, Poisson, NB, AG, LWYY, and PWP 
models, all showed different degrees of bias and inflated type I error rates or low statistical power in the case 
of the baseline hazard changed with the number of events. Covariate adjustment via outcome regression can lead 
to inflated type I error rates. When the number of recurrent events was restricted, all weighting strategies yielded 
stable and nearly consistent results.

Conclusions  Recurrent event data should be analyzed with caution. The proposed methods may be generalized 
to model recurrent events. Our findings serve as an important clarification of how to deal with collider bias in the PWP 
model in RCTs.
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Introduction
In a longitudinal clinical study, each patient may expe-
rience clinical events of interest recurrently at various 
time points during the follow-up period. Examples of 
recurrent events include hospital admissions, migraines, 
cancer recurrences, and upper respiratory infections [1]. 
Such multiple event-time observations offer a temporal 
profile of the disease burden or progression in patients, 
providing valuable insights into their conditions [2]. 
An important consideration is the collective utilization 
of these observations, particularly when evaluating a 
new therapy versus standard care. Recurrent events are 
increasingly being considered as primary or secondary 
outcomes in randomized controlled trials (RCTs) [3, 4].

A common approach to analyzing recurrent events 
is through the recurrence rate based on the Poisson or 
Negative binomial (NB) model [5–8], which measures 
the average number of recurrences per unit of time. 
However, this approach relies on the strong assumption 
that the incidence of events remains constant over time 
[9]. Furthermore, even if the assumption holds, there 
may still be variations in the time it takes for each event 
to occur [10]. Therefore, evaluating recurrent events 
within a time-to-event analysis framework can be more 
informative. Standard survival analysis procedures focus 
on the time to the first event, analyzing the duration 
from enrollment or randomization to a specific event or 
the first occurrence of one of a set of pre-specified clini-
cal events [11]. These approaches do not fully utilize all 
relevant information from all events, potentially limiting 
their ability to comprehensively address the clinical ques-
tion of interest. Against this background, the extension of 
the Cox proportional hazard model to recurrent events 
has been actively pursued, primarily for evaluating time-
to-recurrent events [12, 13].

Extensions of the original Cox model for recurrent event 
data mainly included the Andersen-Gill (AG) [12] and 
Prentice, Williams, and Peterson (PWP) [13] models. The 
AG model assumes a common baseline hazard function 
for all events, which may not align with the actual situa-
tion. For example, event dependency has been observed 
in cases such as falls [14] and hospitalizations in heart fail-
ure [15], where the baseline hazard significantly increases 
with the number of prior episodes. The PWP model ana-
lyzes ordered multiple events by stratification, assigning a 
specific baseline hazard function to each recurrence. The 
concept behind the PWP model is both reasonable and 
comprehensible. Nevertheless, the PWP model restricts 
the risk set for each event to individuals who have experi-
enced the preceding event, probably introducing collider 
bias in estimating effects by disrupting the randomness of 
the risk set for subsequent recurrent events other than the 
first event in RCTs [16]. This disadvantage limits the use of 

the PWP model, although it has been employed in some 
observational studies and RCTs [17, 18]. The magnitude 
and characteristics of this bias, as well as methods for cor-
recting it, require further study. The literature lacks a com-
prehensive evaluation of existing statistical methods for 
recurrent events when the baseline hazard function varies 
for each recurrence in RCTs.

To address these issues, in this study, we extended the 
PWP model by incorporating a weighting strategy to bet-
ter estimate treatment effects in RCTs. In particular, we 
applied an entropy balance weighting framework [19] to 
reconstruct the randomness of the risk set for each recur-
rent event. Then, we performed Monte Carlo simulations 
to evaluate the statistical performance of the proposed 
method and assess the potential consequences of existing 
statistical methods in various settings. Finally, we demon-
strated this method by applying it to the Bladder Cancer 
Recurrences data [20–22].

Methods
Sources of bias in the PWP model
The PWP models can be formulated in two distinct ways 
to summarize the treatment effect on recurrent events for 
RCTs, depending on the risk interval utilized [23]. Equa-
tion (1) and Eq. (2) are the hazard functions of PWP count-
ing process (PWP-CP) and PWP gap time (PWP-GT), 
respectively.

where each individual i ( i = 1, . . . , n ) is assigned to either 
the experimental treatment group ( Ai = 1 ) or the control 
group ( Ai = 0) . β represents the corresponding coeffi-
cient, k denotes the k th event for individual i , and h0k(t) 
is the baseline hazard function at time t , which depends 
on k . tk−1 indicates the time at which the (k − 1) th event 
occurs. We define the treatment effect as average cumu-
lative hazard ratio HA=1(t)

HA=0(t)
 , a population-level causal esti-

mand that compares the two types of potential outcomes 
up to t over the superpopulation [24]. For any time t and 
any weight ϕk (  K

k=1 ϕk = 1 ), under the assumptions that 
(1) there is no interference between individuals, and 
there are no multiple versions of each treatment value 
leading to a different outcome (Stable Unit Treatment 
Value Assumption); (2) censoring is non-informative; (3) 
the proportional hazards assumption holds; (4) individu-
als have been randomized to treatment groups for each k 
[25], we can estimate the above treatment effect as 
HA=1(t)
HA=0(t)

=

∑
K

k=1 ϕkHA=1,k (t)∑
K

k=1 ϕkHA=0,k (t)
=

∑
K

k=1 ϕk
∫
t

0
hA=1,k (u)du∑

K

k=1 ϕk
∫
t

0
hA=0,k (u)du

=

∑
K

k=1 ϕk
∫
t

0
h0k (u)e

βdu
∑

K

k=1 ϕk
∫
t

0
h0k (u)du

= eβ  . 

Detailed proof is given in Method S1 (Supplementary 
Material 1). The above estimate is numerically equal to 

(1)hik(t) = h0k(t)e
Aiβ

(2)hik(t) = h0k
(
t − tk−1

)
eAiβ
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the value of one of the most commonly used summary 
measures in clinical trials: ratio of instantaneous hazard, 
i.e. hazard ratio (HR) [26]. However, the estimates of the 
traditional PWP model do not satisfy the fourth assump-
tion and the explanations are as follows.

The k th risk set contains individuals at risk for the k th 
event. The PWP model assumes that the baseline hazard 
of an event varies depending on the number of previous 
events, with stratification by the number of events [27]. 
This approach includes all individuals in the first strata 
but only those who have experienced k − 1 events in the 
kth event risk set. As illustrated in the schematic diagram 
of an RCT (Fig. 1), participants were randomly assigned to 
the control and treatment groups in a 1:1 ratio. Consider 
an extreme example in which the outcome event is only 
associated with two unrelated factors (treatment: protec-
tive effect; high weight: harmful effect). In this scenario, 
participants in the treatment group who experienced the 
first outcome event tended to be more high-weight than 
those in the control group. Consequently, when estimat-
ing the treatment effect using the PWP model, there will 
be an imbalance in weight in the second-event risk set 
between the two groups. As a result, even after randomi-
zation, biased effect estimates may still be obtained.

The weight does not influence the effect of treat-
ment group on the outcome event after randomization 
(Fig. 2A). However, if the analysis is restricted to patients 
who had the outcome event, as done by limiting the risk 
set to individuals with prior events in the PWP model, a 
spurious association between group and weight is cre-
ated (Fig.  2B). Specifically, when the (k + 1) th stratum 

analysis only includes patients who had experienced k th 
events, which means the outcome (collider) is controlled 
for by analysis. Participants in the treatment group who 
experienced the outcome event tended to be more high-
weight than those in the control group according to 
Fig. 1. Consequently, group and weight gradually become 
correlated with more high-weight individuals in the 
treatment group (Fig. 2B). This inadvertently introduces 
collider bias when estimating treatment effects using the 
PWP model (Eq. 1 or Eq. 2) [28], due to the confounding 
of treatment effect by weight.

A new method proposed: PWP model with a weighting 
strategy
To solve the problem of collider bias in the PWP model, 
we proposed adjusting the estimate of treatment effect 
through a weighting strategy that constructed a vir-
tual population balanced between groups in each risk 
set (Fig.  2C). Taking the PWP-GT model (hereafter, 
PWP model) as an example, the likelihood function is as 
follows:

Here, N  is the sample size, K  is the maximum num-
ber of recurrent events, δki is the censoring variable 
indicating whether the k th event is observed ( δki = 1 ) 
or censored ( δki = 0 ) for the i th individual.

The weight for individual i in the k th risk set is 
denoted as ωki . We considered using weights obtained 

(3)

L(β) =

N∏

i=1

K∏

k=1

(
eAiβ

∑N
j=1 Ykj(tki)e

Ajβ
)

δki

,Yik (t) = I(tki − tk−1,i > t)

Fig. 1  Schematic diagram of the risk set for PWP model
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by entropy balance to construct a balanced virtual 
population. Entropy balance has been demonstrated 
to be more efficient than the iterative propensity score 
approach and can ensure covariate balance within a 
pre-specified tolerance [29]. Additionally, entropy bal-
ance is doubly robust in that it addresses concerns 
about the bias in treatment effect estimation due to 
model misspecification [30].

In general, let A denote the binary treatment indi-
cator ( A = 0 for placebo, A = 1 for experimental 

treatment). For individuals in the first risk set, 
since they maintain the initial randomization, the 
weight vector ω1 = (1, . . . , 1) . For the Nk individu-
als in the k th risk set ( k > 1 ), the weight vector 
ωk = (ωk1, . . . ,ωkNk

) is obtained by minimizing the 
relative entropy D(ωk ‖ dk) , between ωk and a vector of 
reference weights dk = (dk1, . . . , dkNk

) while imposing 
empirical mean balance with respect to the functions 
uk1(Xcov), . . . ,ukP(Xcov) . To be specific, ωk is found by 
solving the optimization problem:

Fig. 2  Directed acyclic graphs. The arrows represent hypothetical causal relationships. The rectangle indicates that the outcome is controlled 
for by analysis since the (k + 1) th stratum analysis only includes patients who had experienced k th events. The dashed line represents a spurious 
association that may bias the estimation of the true group-outcome effect. The red cross indicates that the following weighting strategy eliminates 
the spurious associations
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subject to the balance and normalizing constraints:

Where p = 1, . . . ,P , mkp = E(ukp(Xcov,i)) and m̂kp 
is the estimator of mkp . 

∑
{i:Ai=1} ωki = Nk ,A=1 and ∑

{i:Ai=0} ωki = Nk ,A=0 represent the number of individ-
uals in the experimental treatment group and control 
group, respectively, in the k th risk set.

There are two important points involved in the above 
weighting process. First, the relative entropy D(ωk ‖ dk) 
in Eq. (4) measures the divergence between the distribu-
tion of estimated weights ωk and the distribution of the 
reference weights dk . The reference weights are consid-
ered as fixed and can represent some prior information. 
We use the set of weights with dk = ( 1

Nk
, . . . , 1

Nk
) as our 

reference weights to ensure that the weights are as uni-
form as possible and avoid extreme values [19]. The rela-
tive entropy D(ωk ‖ dk) is a divergence metric chosen 
from a member of the Rényi divergences, defined by: 
D(ωk � dk) = Dα(ωk � dk) =

1
α−1 log(

∑Nk
i=1

ωα
ki

dα−1
ki

) , α > 0 . 

We chose the most used Rényi divergences: the Kull-
back–Leibler divergence (KL) ( α = 1 ), given by 
D1(ωk � dk) =

∑Nk
i=1ωkilog

ωki
dki

 to measure the divergence 
between the distribution of ωk and dk [31]. Second, the 
balance constraints are defined in Eq. (5). Xcov denotes P 
dimension additional influencing factors that need to be 
considered at randomization, and ukp(Xcov) is the real-
valued function for the p th dimension of Xcov . The func-
tion ukp(•) means moment functions of the covariates. 
They are implemented to equalize the moments of the 
covariate distributions between the weighted treatment 
group and the control group. We chose the first order 
moment as a constraint for determining the weights. A 
previous study [31] has detailed how to optimize 
min
ωk

D(ωk ‖ dk) and obtain entropy balance estimators.
To evaluate the treatment effect using the weighted 

PWP model, we constructed the likelihood function. 
According to Eq. (3), the stratified weighted partial like-
lihood score function equals the summation of K  event-
specific functions, yielding the score equation for β:

where ωki = 1 , if k = 1 ; otherwise, ωki is obtained by 
entropy balance if k > 1 . Additionally, we used the 
robust (sandwich) estimator [32, 33] of the variance with 
the individual as the cluster to account for dependence 

(4)min
ωk

D(ωk ‖ dk)

(5)
1

Nk ,A=1

∑
{i:Ai=1}

ωkiukp
(
Xcov,i

)

=
1

Nk ,A=0

∑
{i:Ai=0}

ωkiukp
(
Xcov,i

)
=

1
Nk

∑Nk
i=1

ukp(Xcov,i) = m̂kp

K∑

k=1

{
N∑

i=1

ωkiδkiAi −

N∑

i=1

ωkiδki

∑N
j=1 Ykj(tki)ωkjAje

Ajβ

∑N
j=1 Ykj(tki)ωkje

Ajβ

}
= 0

between events within individuals. In practice, the data 
may need to be limited to a specific number of recurrent 
events if the risk set becomes very small for later strata. 
We restricted the number of recurrent events to those 
that included all treatment groups and at least two indi-
viduals in each group, ensuring that entropy balance esti-
mators could function properly.

Simulation study
This simulation study was conducted and reported using 
“Aims, Data generating process, Method of analysis, 
Estimands and Performance” approach [34], providing a 
scientifically coherent structured framework for design-
ing, interpreting, and reporting simulation studies. All 
simulations and analyses were conducted using R 4.1.3 (R 
Foundation for Statistical Computing).

Aims
The primary aim of this simulation study was to evalu-
ate whether using entropy balance weights improves the 
estimation of the PWP model in the presence of collider 
bias under various covariate effects and sample sizes. The 
performance of the proposed weighted PWP model was 
compared against common methods for handling recur-
rent events. Additionally, we examined the impact of 
choosing inverse probability weighting instead of entropy 
balance weights on effect estimation [35]. Lastly, we 
assessed the effects of a truncated strategy on imbalanced 
event strata after weighting.

Data generating mechanisms
The data generating mechanism in this simulation 
study focused on specifying different baseline haz-
ard functions for each recurrent event. We simulated 
data using Weibull distributions with different param-
eters within each recurrence [36]. The survival func-
tion for each recurrent event is denoted as S(t) = e−�tq 
and the density function as f (t) = �ptq−1e(−�tq) , where 
� = e−q(β0+Aβ+Xcovγ ).

The combination of q and β0 defines the baseline hazard 
function. Influencing factors include treatment and other 
covariates, with the treatment effect size represented as 
HR = e−qβ and additional covariate effect represented as 
HRcov = e−qγp . Observation time tk was simulated only 
for subjects with an event in tk−1.

The simulation parameters of four scenarios are sum-
marized in Table 1. The maximum number of recurrent 
events that a subject could experience was not fixed, but 
the baseline hazard was set to be constant when k ≥ 5 . 
Influencing factors were represented by a treatment indi-
cator T ∼ Bernoulli(0.5) and five independent covariates 
with HRcov = 0.9 or HRcov = 1.2 . The treatment effect 
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size was set as HR = 0.75 to assess bias and statistical 
power and HR = 1 to evaluate type I error (T1E) rates for 
rejecting the null hypothesis of no treatment effect.

For each scenario, the follow-up time was set as two 
years. Censor and risk-free interval were not under con-
sideration. Sample sizes of 100, 300, and 500 were simu-
lated, with 10000 simulations for each scenario.

Methods for data analysis
Each simulated dataset was analyzed using the follow-
ing methods: (1) Cox model for time-to-first-event [11], 
(2) AG model [12], (3) Lin-Wei-Yang-Ying model (LWYY 
model) [37], (4) Poisson regression model [5], (5) negative 
binomial model (NB model) [6], (6) PWP model [13], (7) 
PWP model with robust variance [38], and (8) weighted 
PWP model. Two weighted PWP models were consid-
ered: the fully weighted model included all five covariates 
for entropy balance, whereas the partly weighted PWP 
model included only three covariates for entropy balance. 
Besides, to ensure comparability across these models, we 
evaluated the performance of covariate adjustment via 
outcome regression for the first seven models, using the 
same covariate information as the weighted PWP model: 
fully outcome regression models and partly outcome 
regression models.

We also performed some supplementary analyses. First, 
we used inverse probability weighting to replace entropy 
balance in the weighting phase, with stabilized weights cal-
culated as swki =

P(Ai)
P(Ai|Xcov,i)

 in the k th risk set for individ-
ual i [39, 40]. Here, P(Ai|Xcov,i) is the estimated propensity 
score, and P(Ai) is the estimated marginal probability of 
having the treatment for participant i . The numerator is 
the probability of the observed treatment level (i.e. the 
observed frequency). The denominator is the conditional 
probability of the observed treatment level given the 
observed covariates, estimated by logistic regression. Sec-
ond, in practice, the risk set may become extremely small 
for later strata, making covariate balancing by weighting 
less ideal [1, 23]. We truncated the dataset and used stand-
ardized mean difference (SMD) to assess covariate balance 
after weighting [41]. The number of recurrent events K  
included in the final analysis was restricted to 
1 ≤ K < kmax , where kmax is the first stratum that could 
not satisfy SMD < 0.1 for any covariate under study.

Performance measures
Bias, defined as the difference between the estimated value 
and the true parameter value, was used to quantify whether 
the estimate targeted the true value of interest [34]. The 

Table 1  Characteristics of the simulated populations

Variable(s) Scenario Setting(s) Description(s)

q Scenario 1 c(1.5,1.5,1.5,1.5,1.5) Parameter in the survival function. If a subject suffers more events than specified distributions, 
the last parameter specified here is used to generate times corresponding to later events.Scenario 2

Scenario 3

Scenario 4

β0 Scenario 1 c(6,5.5,5,4,3)

Scenario 2

Scenario 3

Scenario 4

T Scenario 1 T ∼ Bernoulli(0.5) Binary measured treatment indicator.

Scenario 2

Scenario 3

Scenario 4

Xcov Scenario 1 X1 ∼ X5 ∼ Normal(0,1) Five independent covariates with standardized normal distribution. They cause collider bias 
in the PWP models.Scenario 2

Scenario 3

Scenario 4

HR Scenario 1 0.75 Hazard ratio of the treatment.

Scenario 2

Scenario 3 1

Scenario 4

HRcov Scenario 1 0.9 Hazard ratio of the five independent covariates. They assess the magnitude of collider bias, 
the larger effect size corresponds to the larger collider bias.Scenario 2 1.2

Scenario 3 0.9

Scenario 4 1.2
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null hypothesis that the treatment has no effect was 
rejected if the two-sided 95% confidence interval (CI) for 
the treatment effect estimate did not include 1. Under the 
scenario where the null hypothesis was true, the type I 
error rate p̂T1E was calculated as the number of simula-
tions with null hypothesis rejection divided by the total 
number of simulations. Its Monte Carlo standard error can 
be calculated by 

√
p̂T1E(1−p̂T1E)

nsim
 and compared to the two-

sided nominal significance level of 0.05, where nsim is the 
total number of simulations. For models controlling the 
type I error rate at 0.05, we further compared their statisti-
cal power under the scenarios where the null hypothesis 
was not true, defined as the number of simulations with 
null hypothesis rejection divided by the total number of 
simulations.

Simulation results
Based on 10000 simulations for each scenario, we found 
that the weighted PWP model had the smallest bias, 
especially when all covariates were included (Fig.  3). 
In our simulations, all covariates were measured and 

remained constant over time, resulting in consistent 
point estimates from the AG, LWYY, Poisson, and NB 
models. However, these four models consistently overes-
timated treatment effects. As anticipated, the PWP mod-
els tended to underestimate effect sizes in all scenarios, 
particularly when covariate effect sizes were substantial. 
The results from the Cox model were unstable, often pro-
ducing biased estimates, especially when sample sizes 
were small.

Table  2 shows type I error rates for different models 
under varying sample sizes and covariate effect sizes, 
with bold text presenting inflated type I error rates. We 
found that the AG and Poisson models led to extremely 
inflated type I error rates (more than 0.50). However, 
LWYY and NB models were able to control type I error 
rates in most scenarios. This is because the LWYY model 
uses the robust sandwich estimate of the covariance 
matrix, and the score residuals used in computing the 
middle part of the sandwich estimate are aggregated over 
identical individuals [42]. The NB model assumes con-
ditional independence between events given a gamma-
distributed random effect [9]. Both models are partially 

Fig. 3  Bias for the estimated treatment effect for different models under varying sample sizes and covariate effect sizes
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correct for the dependency structure, resulting in more 
robust variance estimates. Consistent with findings by 
Wei and colleagues [22], we found that the PWP model, 
including the version with robust variances, frequently 
rejected the null hypothesis of no treatment effect, espe-
cially when covariates effect sizes were substantial.

We also assessed the statistical power of alternative mod-
els that did not exhibit inflated type I error rates (Fig.  4). 
The trend of power estimates was consistent across these 
models, increasing with larger sample sizes and decreas-
ing covariate effect sizes. Among the models, the weighted 
PWP models consistently demonstrated the highest power 
in all simulation settings. With sufficiently large sample 
sizes, the extent of covariate information collected had min-
imal influence on the statistical power of the weighted PWP 
models. The Cox model showed the lowest statistical power 
because it utilizes the least relevant information among all 
methods. The LWYY model utilizes time-to-event informa-
tion more directly, resulting in a slightly higher statistical 
power compared to the NB model, particularly when the 
sample size is small and the covariate effect is strong. How-
ever, the difference may not be pronounced, likely due to 
the random effects term in the NB model capturing partial 
information.

Table S1 (Supplementary Material 1) presents the bias 
and type I error rates for covariate adjustment via out-
come regression. When multivariate regression models 
were implemented, we observed some inflation in the 
type I error rates across all models. As noted in previous 
studies, adjusting for covariates in a regression model can 
increase the probability of false positives when dealing 
with small sample sizes and time-to-event outcomes [43, 
44]. This inflation occurs because outcome regression 
model may lead to overstratification in such contexts, 
where the number of covariates is too high relative to the 
number of observed events [45]. Consequently, it is cru-
cial to consider both the overall sample size and expected 
event rate when determining how many covariates to 
include in the analysis. However, in practical situations, 
numerous influencing factors need to be considered. 
This underscores the importance of using a weighted 
approach for balancing covariates as a more rational 
strategy. The PWP models, which also incorporate time-
to-event outcomes, are not immune to type I error rate 
inflation, despite their seemingly lower bias. However, 
the reduced bias may be contingent upon correct model 
specification, which can be challenging to achieve in 
practice.

Fig. 4  Statistical power for models without inflated type I error rate under varying sample sizes and covariate effect sizes
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Table S2 (Supplementary Material 1) shows the bias for 
different weighting and truncation strategies. We found 
that estimates became unstable when the number of 
recurrent events was unrestricted and stabilized weights 
obtained by logistic regression were used. This instabil-
ity arises because the risk set becomes very small in later 
strata, making inverse probability weights unreliable. 
Using entropy balance facilitates the attainment of more 
robust effect estimates. When we restricted the number 
of recurrent events, all weighting strategies yielded sta-
ble and nearly consistent results. These indicate that the 
information from later strata with mall risk sets may have 
limited utility. Therefore, the entropy balance approach 
could serve as a more effective weighting strategy.

Real data application: bladder cancer recurrences
We applied the methods to a real dataset from “The 
Veterans Administration Study of Chemoprophy-
laxis for Recurrent Stage I Bladder Tumors”. This data-
set, renowned for its recurrent event data, has been 
frequently used in previous studies to illustrate and vali-
date related methodologies, including the PWP models 
[1, 21, 46]. The primary objective of the treatment in this 
dataset was to prevent the recurrence of bladder cancer 
following the excision of superficial bladder tumors. A 
total of 38 patients were randomized to receive Thiotepa, 
while 47 patients were assigned to a placebo group. Two 
baseline variables were collected: the number of initial 
tumors and the size of the largest initial tumor [22]. Sub-
jects were followed for up to 64 months, and the event of 

interest was tumor recurrence. We used all eight models 
to estimate the effect of Thiotepa.

Approximately 55% (47/85) of patients experienced at 
least one recurrence, resulting in a total of 132 recur-
rences. In the placebo group, mean number of recur-
rences was 1.85, with a range from 0 to 9. Mean number 
of recurrences was 1.18 in the Thiotepa group, rang-
ing from 0 to 7. Figure. 5A shows the survival curve for 
the first four tumor recurrences, we found that survival 
probability decreased with the increase of the number 
of recurrences. Even all patients were randomized to 
two groups before treatment, covariates become imbal-
anced in the risk set for subsequent recurrent events 
and the degree of imbalance seems to be on the rise. 
After weighting, the covariates achieve a state of balance 
(Fig. 5B).

Table 3 shows the results of eight analytical approaches 
used to estimate the treatment effect. The Cox model fit 
time to the first event, thereby excluding 64.39% (85/132) 
of the subsequent recurrences. Both the AG and LWYY 
models produce identical point estimates, as there are no 
covariates that varied over time in relation to the event 
history. However, a notable distinction between the AG 
and LWYY models lies in their confidence intervals, 
which result from their unique methodologies for esti-
mating the variability of these estimates. Consistent with 
the simulation findings, the AG, LWYY, Poisson, and 
NB models consistently estimated higher effects than 
the PWP models. In contrast, the weighted PWP model 
provided estimates that were intermediate between these 
models. The estimates from the AG and Poisson models 

Fig. 5  Characteristics of the Bladder Cancer Recurrences data. A Survival curve for the first four tumor recurrences; (B) Covariate balance 
before and after weighting in different risk sets
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were statistically significant, possibly due to type I error 
inflation.

Discussion
In this study, we proposed a novel alternative approach, 
the weighted PWP model, which is easy to implement 
and easy to understand for modelling recurrent event 
data, while other common methods for analyzing recur-
rence data had inflated type I error rates and biased esti-
mates when the baseline hazard function is different for 
each recurrence. The weighted PWP model has been val-
idated with small bias, well-controlled type I error rate, 
and high statistical power in simulated RCTs. In addition, 
we applied this model to evaluate the efficacy of Thiotepa 
on the recurrence of bladder cancer following the exci-
sion of superficial bladder tumors.

Interpretation of treatment effects derived from 
weighted PWP models requires careful consideration. 
When the effect size is interpreted as a hazard ratio, 
it represents the ratio of instantaneous hazards. How-
ever, this lacks causal interpretability due to the inher-
ent built-in selection bias, as it involves comparison 
between two groups of individuals who are not com-
parable—particularly when examining period-specific 
hazard ratios [47]. In contrast, when the effect size is 
understood as a cumulative hazard ratio, it becomes 
causally interpretable and numerically equivalent to 
the hazard ratio, provided that all relevant assumptions 
are met [24, 25]. Therefore, if these assumptions hold, 
the effect size may be referred to as the hazard ratio; 
however, when seeking a causal explanation, it is more 
appropriate to designate it as the cumulative hazard 
ratio.

Given the natural progression of diseases, many con-
ditions demonstrate an increased risk of recurrence as 
the frequency of previous episodes rises. For example, 
some studies indicated that a prior fall elevated the risk 
of subsequent falls by threefold [48] and a progressive 

shortening of the interval length between hospitaliza-
tion episodes was observed in patients with heart failure 
[15]. In these scenarios, the PWP model demonstrates a 
superior ability to characterize the disease progression by 
allowing for varying baseline hazard function, while other 
common methods for analyzing recurrence data had 
inflated type I error rates and biased estimates. However, 
it is essential to exercise caution regarding the applica-
tion of the traditional PWP model in RCTs. It constrains 
the risk set to only those who have experienced previous 
events, potentially compromising the initial randomi-
zation and introducing collider bias, which often goes 
unnoticed by many researchers [28]. Besides, covariate 
adjustment via outcome regression is often considered 
in RCTs to increase power and guard against chance 
imbalances [49–52]. However, our findings suggest that 
this practice may lead to inflated type I error rates in the 
PWP models, especially when the sample size is small.

To our knowledge, no study has attempted to weight 
individuals in each risk set to reconstruct balance 
between groups and evaluate the statistical performance 
of this practice. The proposed weighted PWP model 
effectively addressed the underestimation of effect size 
observed in the traditional PWP model, even though only 
a subset of covariates were collected. Moreover, it well 
controlled type I error rates and demonstrated higher 
statistical power compared to other models. As haz-
ard ratio is a relative measure, whose explanation is not 
intuitive, and researchers often use annualized rate as the 
summary measure in estimand. We agree with Hengel-
brock et al. [53] that it is recommendable to report both 
the estimates of the mean frequency number of events 
and the estimates of the weighted PWP model, choosing 
one as a supplementary analysis according to the fitness 
of the data characteristics to the model assumptions.

We recommend using entropy balance to obtain 
weights due to its flexibility. Common logistic regression-
derived inverse probability weights depend heavily on 
correct model specification [54], and extreme estimates 
can arise with a small sample size [40], a challenge that 
is particularly unavoidable in the PWP model due to the 
progressively decreasing risk set sizes. Truncating the 
dataset when the risk set is too small can help achieve 
covariate balance. This point could also be considered 
when determining follow-up duration.

Limitations
First, we only focused on the most common situation in 
which the baseline hazard increased with the number of 
events. And because of the technical gap in generating data 
based on calendar time when baseline hazards vary, we only 
simulated gap time scales. However, according to the same 
principle, our conclusion should hold under other scenarios. 

Table 3  Results of eight analytical approaches for treatment 
effect: effects of treatment on tumor recurrences in bladder 
cancer patients

Model Effects 95% CI

Cox model 0.6958 (0.3844, 1.259)

AG model 0.6696 (0.4669, 0.9603)

LWYY model 0.6696 (0.3808, 1.177)

Poisson model 0.6681 (0.4662, 0.9575)

NB model 0.7425 (0.4172, 1.3214)

PWP model 0.8893 (0.6118, 1.293)

PWP model with robust variance 0.8893 (0.6062, 1.305)

Weighted PWP model 0.8425 (0.511, 1.389)
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Second, while we attempted the most prevalent robust 
weights and the most efficient entropy balance approach, 
other weighting methods may warrant exploration. As 
long as the covariates are balanced, the impact of different 
weights is expected to be modest. Third, unmeasured het-
erogeneity was not addressed in our study. A previous study 
has demonstrated that the PWP frailty model can reduce 
bias; however, its effectiveness relies on the correct specifi-
cation of the distribution and parameters of random subject 
effect [53], which may be challenging to achieve in practice. 
Therefore, further research is necessary to address unmeas-
ured heterogeneity. Our study indicated that when employ-
ing PWP models, even in RCTs, it is essential to collect 
influencing factors as comprehensively as possible. Fourth, 
our simulation study focused on constant treatment effects 
and did not account for event-specific treatment effects. 
Theoretically, the weighting method proposed in this study 
can deal with collider bias that the traditional PWP models 
may introduce under both settings. The conclusions drawn 
from this study remain unaffected. Fifth, we commonly 
determine whether baseline hazard changes with the num-
ber of recurrent events, based on the understanding of dis-
ease characteristics. There is a lack of specific methods to 
test this assumption, which warrants further studies. Finally, 
the applicability of this method may be constrained by the 
assumptions outlined in the Method section. Therefore, it 
warrants further studies to investigate potential avenues for 
relaxing these assumptions.

Conclusions
To conclude, we have attempted to identify statistical 
models that best estimate intervention effects when 
the baseline hazard function differs for each recur-
rence in RCTs. We developed a weighted PWP method 
and compared it with existing common methods by 
evaluating bias, type I error rates, and statistical power 
across different sample sizes, covariate effect sizes, and 
true intervention effects. The simulation results indi-
cated that the proposed weighted PWP model showed 
the best performance. Other models, including the Cox 
model on time-to-first-event, Poisson, NB, AG, LWYY, 
and PWP models, all showed different degrees of bias 
and inflated type I error rates.
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