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Abstract
Event time data collected in sensitive survey studies are often subject to case-I 
interval censoring and response misreporting. To mitigate these issues, such data 
are frequently gathered as current status data using the randomized response tech-
nique (RRT). When event times are recorded on a discrete time scale, applying 
continuous-time methods to RRT data may result in substantial bias, underscoring 
the need for methodologies specifically tailored to discrete-time analysis. In this 
study, we propose a discrete time-to-event analysis framework for current status 
data obtained via the unrelated-question RRT. The event time is modeled using a 
general discrete-time transformation model, which encompasses widely used for-
mulations such as the proportional continuation ratio and grouped proportional haz-
ards models, with the baseline hazard specified in either a discrete or smooth form. 
Recognizing that the exact failure time and the indicator of whether a respondent 
answered the sensitive question are latent under the current status censoring and 
RRT design, we develop a novel, tailored expectation–maximization algorithm for 
efficient computation. We establish the asymptotic properties of the proposed esti-
mators and demonstrate the utility of the method through comprehensive simulation 
studies and applications to two real-world datasets.
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1  Introduction

For many measurements, such as surveys, event time processes are subject to inter-
val censoring because observations are not made continuously but periodically or 
intermittently. In particular, if only one measurement occurs during the observation 
period, the studied event time process is said to have “case-I” interval censoring (Sun 
2006; Chen et al. 2012), and the collected event time data are reffered to as “current 
status data” (Huang 1996; Jewell and van der Laan 2003). These data include only 
the survey time and whether the event has occurred by that time. For example, current 
status data for the event of extramarital sex in married individuals could be collected 
in a survey by asking the respondents the following questions 

C:	 How many years have you been married?
A:	 Have you ever had sex with someone other than your spouse?

In addition to censoring, event process data collected from survey studies may be 
subject to response bias, especially if the questions pertain to private matters in one’s 
personal life. Respondents often provide untruthful answers to questions regarding 
moral, legal, or other sensitive issues, such as extramarital sex. Hence, response data 
from direct questions on sensitive issues can be seriously biased. To mitigate untruth-
ful responses to sensitive questions, various randomized response techniques (RRTs) 
have been developed (e.g. Warner 1965; Greenberg et al. 1969; Horvitz et al. 1967; 
Kuk 1990; Singh et al. 2000; Gjestvang and Singh 2006). One popular and efficient 
method is the unrelated-question RRT of Greenberg et al. (1969), where question-
naires pose a sensitive question A and an innocuous question B; for example: 

A:	 Have you ever had sex with someone other than your spouse?
B:	 Were you born in January, February, or March?

Whether the respondent answers the sensitive or innocuous question is determined 
by using a random device, such as a coin or a deck of cards. The respondent only 
answers the selected question without revealing to the interviewer which question 
was selected, ensuring confidentiality and respondent willingness to answer truth-
fully. Event times in survey studies are usually observed as current status data, and if 
the event of interest is sensitive, an RRT is often used to collect these data. Although 
RRT has been widely applied to increase the accuracy of estimates of the prevalence 
(Warner 1965; Greenberg et al. 1969) and covariate-adjusted prevalence (Scheers 
and Dayton 1988; Hsieh et al. 2016) of sensitive attributes, it has rarely been applied 
to estimating an event time distribution. Recently, Wen and Chen (2025) developed 
a regression approach to analyze current status event time data collected by the 
RRT; however, their method has only been explored under a continuous event time 
framework.

In survey studies, the scale of event time data is also an important consideration. 
Time-to-event analysis is conventionally performed on a continuous-time scale, 
where the event time is treated as a continuous random variable. However, in prac-
tice, the event time is often measured on a discrete-time scale. For example, event 
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times are discrete if they are grouped or rounded in the survey for convenience or, 
as is the case in the question“ How many years have you been married?”, observa-
tions of event times are made only at discrete time points; hence, the underlying 
event times are measured discretely. Simulations (Table 3) have demonstrated that a 
naive application of the continuous-time method of Wen and Chen (2025) to grouped 
continuous-time RRT data can lead to substantial bias if tied or grouped observations 
are not properly handled. Therefore, a methodology for discrete-time data must be 
developed in addition to the numerous methodologies for continuous-time data in the 
literature (Tutz and Schimid 2016).

In this work, we formulate a method for analyzing event time data that addresses 
these aforementioned challenges. Specifically, for a discrete-time setting, we propose 
a maximum likelihood method for the analysis of current status event time data col-
lected using the unrelated-question RRT in survey studies. The discrete-time hazard 
rate for an event is given by a general discrete-time transformation regression model, 
which includes the logistic discrete hazard model or the proportional continuation 
ratio (PCR) model (Thompson 1977), and the grouped proportional hazards (GPH) 
model (Prentice and Gloeckler 1978) as special cases. The baseline hazard in the 
proposed discrete-time model is specified by a unique intercept for each time point. 
As mentioned by Berger and Schmid (2018), if the number of time points (i.e., the 
number of intercept parameters) is large relative to the sample size, the event counts 
at some time points may be small, resulting in unstable estimation. To address this 
problem, the method was further developed for models with a baseline hazard that 
is approximated (or ‘specified’) by smooth functions with fewer parameters. The 
use of smooth approximations effectively reduces the dimensionality of the param-
eters, stabilizing the estimation. An asymptotic theory (along with explicit variance 
estimators) of the proposed estimators was established for transformation models 
with a specified discrete and smooth baseline hazard. In contrast to discrete right-
censored data for which general discrete-time models can be easily proposed using 
open-source statistical software (Berger and Schmid 2018), no computational soft-
ware is available for analyzing discrete current-status RRT data without user configu-
ration. Hence, we developed a novel expectation–maximization (EM) computation 
procedure comprising the self-consistency and Newton-Raphson algorithms for the 
proposed estimators. The finite sample properties of the proposed estimators were 
examined in simulation studies. Finally, we illustrate practical applications of our 
method through examples from an extramarital sex study and a militant connection 
study. In both studies, current status data for the events of interest were collected 
using the RRT under a discrete-time scale.

This paper is organized as follows. Section 2 introduces the data and the model. 
Sections 3 and 4 describe the estimation procedures for models with the baseline 
hazard specified by discrete intercepts and smooth functions, respectively. Section 5 
evaluates the proposed method through simulation studies, and Sect. 6 presents the 
practical applications using extramarital sex data and militant connection data. Sec-
tion 7 contains some concluding remarks and the “Appendix” provides the variance 
estimation for the proposed estimators.
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2  Data and model descriptions

Suppose that current status data for a sensitive event are collected using unrelated-
question RRT (Greenberg et al. 1969). In this method, either a sensitive question A 
regarding the event or an innocuous question B, determined randomly, is posed to 
the respondent.

For respondent i, i = 1, . . . , n, let Ti, Ci, and Zi be the sensitive event time of 
interest, the survey time, and the covariate vector, respectively. We assume that Ti 
takes discrete values in {1, . . . , J + 1} and Ci takes values in {1, . . . , J}, where J 
is a positive integer. The variable ∆i ≡ I(Ti ≤ Ci) indicates whether the sensitive 
event has occurred by the survey time Ci; this ∆i represents the response to the 
sensitive question A at Ci, where I(·) is the indicator function. Let Wi be the 0–1 
binary response to the innocuous question B with probability Pr(Wi = 1) = c. For 
the unrelated-question RRT, whether sensitive question A or innocuous question B 
is posed to each participant is determined based on a latent binary variable Qi; the 
probability that question A is posed to any respondent is Pr(Qi = 1) = q. Instead of 
observing Ti, we can only observe Yi = Qi∆i + (1 − Qi)Wi. The observed survey 
data comprise {Oi = (Yi, Ci, Zi)|i = 1, . . . , n}.

Given the covariate Zi, the sensitive event time Ti is assumed to follow a general 
discrete-time transformation model. Specifically, at time t,  the discrete hazard rate of 
Ti given Zi is of the form

	
Pr(Ti = t|Ti ≥ t, Zi = z) = G(γt + β′z)

1 + G(γt + β′z)
, t = 1, . . . , J,� (1)

where G is a known increasing function, β is an unknown vector of regression param-
eters, and γ = (γ1, . . . , γJ)′ is an unknown vector of baseline coefficients. By defini-
tion, the hazard of Ti at time J + 1 is 1. The choice of G(x) = exp(x) yields the PCR 
model and G(x) = exp(ex) − 1 yields the GPH model. Both models are convenient 
for interpreting the effect of a given covariate on event time. For PCR, the continu-
ation ratio

	
Pr(Ti = t | Zi)
Pr(Ti > t | Zi)

is proportional across covariate groups, whereas for GPH, the log-survival probability

	 log Pr(Ti > t | Zi)

is proportional (Tutz and Schimid 2016). Thus, the choice between PCR and GPH 
depends on whether the covariate effects are more plausibly represented through 
continuation ratios or through log-survival ratios. In practice, this decision can be 
guided by both substantive considerations (e.g., which interpretation is more mean-
ingful for the research question) and empirical model diagnostics (e.g., AIC or BIC 
comparisons).
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Throughout the study, we assume that Ti and Ci are conditionally independent 
given Zi (non-informative censoring), Wi, Qi and (Ti, Ci, Zi) are independent, and 
that the respondents answer the sensitive RRT question honestly. We further assume 
that the probability q of the respondent selecting the sensitive question from the ques-
tion set and the proportion c of the respondent answering “yes” to the innocuous 
question are known and can be handled in the survey design. The probability q can 
be determined through a deliberately designed game of chance, and the proportion c 
can be obtained from available group-level data before the survey.

3  Parameter estimation

In this section, we discuss the estimation for the discrete hazard model (1) based 
on unrelated-question RRT data {Oi = (Yi, Ci, Zi)|i = 1, . . . , n}. Under non-
informative censoring and the assumptions that Pr(Wi = 1|Ti, Ci, Zi) = c and 
Pr(Qi = 1|Ci, Zi) = q, we have

	

Pr(Yi = 1|Ci, Zi) = Pr(Yi = 1|Ci, Zi, Qi = 1)q + Pr(Yi = 1|Ci, Zi, Qi = 0)(1 − q)
= Pr(∆i = 1|Ci, Zi)q + Pr(Wi = 1|Ci, Zi)(1 − q)

=q


1 −

∏
j≤Ci

{1 + G(γj + β′Zi)}−1


 + (1 − q)c.

Let Gi,j = G(γj + β′Zi) and Si,t =
∏

j≤t{1 + Gi,j}−1. The likelihood function of 
(O1, . . . , On) takes the form

	
Ln(θ) =

n∏
i=1

L(θ)(Oi),� (2)

where L(θ)(Oi) = {q(1 − Si,Ci) + (1 − q)c}Yi{1 − q(1 − Si,Ci) − (1 − q)c}1−Yi  
and θ = (β′, γ′)′. The maximum likelihood estimator (MLE) θ̂ = (β̂′, γ̂′)′ of θ max-
imizes the likelihood in (2).

To compute the MLE, we propose the EM method. In the absence of random-
ized response sampling, the survey data set {Yi, Ci, Zi|i = 1, . . . , n} reduces to a 
current status data set {∆i, Ci, Zi|i = 1, . . . , n} (Huang 1996). For continuous-time 
data, Turnbull (1976) proposed a self-consistency formula for computing the MLE, 
which is essential for an EM algorithm based on current status data without covari-
ates. Herein we propose a novel EM algorithm that extends Turnbull’s method to 
regression analysis with our randomized response survival data but under a discrete-
time setting. Let Ni,j = I(Ti = j), j = 1, . . . , J. We treat the failure time indicator 
Ni,j  and the latent indicator Qi of selecting the sensitive question in the unrelated-
question set as missing values in the EM method. The complete-data likelihood of 
{(Yi, Ci, Zi, Ni,j , Qi), i = 1, . . . , n, j = 1, . . . , J} takes the form
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Lc
n(θ) =

n∏
i=1

{[
q

∏
j≤Ci

(Gi,jSi,j)Ni,j

]QiYi

[qSi,Ci ]
Qi(1−Yi)

× [(1 − q)c](1−Qi)Yi [(1 − q)(1 − c)](1−Qi)(1−Yi)

}
.

In the maximization step (M-step), we maximize

	

n∑
i=1

{
Yi

∑
tj≤Ci

N̂i,jQi log(Gi,jSi,j) + (1 − Yi)Q̂i log(Si,Ci)

+Q̂i log q + (1 − Q̂i)Yi log[(1 − q)c] + (1 − Q̂i)(1 − Yi) log[(1 − q)(1 − c)]

}
,

� (3)

where Q̂i = E{Qi|Yi, Ci, Zi} and N̂i,jQi = E{Ni,jQi|Yi, Ci, Zi}. If Yi = 1, then

	
Q̂i = Pr(Yi = 1|Qi = 1, Ci, Zi) Pr(Qi = 1|Ci, Zi)∑

a Pr(Yi = 1|Qi = a, Ci, Zi) Pr(Qi = a|Ci, Zi)
= q(1 − Si,Ci

)
q(1 − Si,Ci) + (1 − q)c

,

	

N̂i,jQi = Pr(Ni,j = 1|Qi = 1, Yi = 1, Ci, Zi) Pr(Qi = 1|Yi = 1, Ci, Zi)
= Pr(Ni,j = 1|∆i = 1, Ci, Zi) Pr(Qi = 1|Yi = 1, Ci, Zi)

=
[

Gi,jSi,j

(1 − Si,Ci
)
I(j ≤ Ci)

] [
q(1 − Si,Ci

)
q(1 − Si,Ci

) + (1 − q)c

]

= qGi,jSi,j

q(1 − Si,Ci
) + (1 − q)c

I(j ≤ Ci).

If Yi = 0, then

	
Q̂i = qSi,Ci

qSi,Ci
+ (1 − q)(1 − c)

,

and N̂i,jQi = 0. To maximize (3), we set the first derivatives of (3) relative to β and 
γ to 0 to obtain the following estimating equations for β and γ, respectively.

	

∑
i:Yi=1

Zi




∑
j:j≤Ci

N̂i,kQiWi,j −
∑

j:j≤Ci

N̂i,jQi

∑
l≤j

wi,l





−
∑

i:Yi=0
ZiQ̂i

∑
j:j≤Ci

wi,j = 0,

� (4)
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∑
i:Yi=1


N̂i,kQiWi,k −

∑
j:j≤Ci

N̂i,jQiI(k ≤ j)wi,k




−
∑

i:Yi=0
Q̂iI(k ≤ Ci)wi,k = 0,

� (5)

for k = 1, . . . , J, where Wi,k = (Ġ/G)(γk + β′Zi), wi,k = (Ġ/(1 + G)) 
(γk + β′Zi), and Ġ(x) = dG(x)/dx. To update β, we apply the one-step Newton-
Raphson algorithm based on (4). To update γk, k = 1, . . . , J, we use the one-step 
self-consistency algorithm based on (5), that is,

	

γk = log


eγk

{ ∑
i:Yi=1

N̂i,kQiWi,k

} 


∑
i:Yi=1

∑
j:j≤Ci

N̂i,jQiI(k ≤ j)wi,k

+
∑

i:Yi=0
Q̂iI(k ≤ Ci)wi,k

}−1

 ,

The initial value of β is set to 0 and the initial value of γk, k = 1, . . . , J, is set to 
log(1/J). The expectation steps (E-steps) and M-steps are iterated until the change 
in all parameter estimates between two successive iterations is less than 10−4.

The distribution of the estimator θ̂ = (β̂′, γ̂′)′ can be approximated by a multi-
variate normal distribution in large samples; this can be straightforwardly demon-
strated using standard maximum likelihood theory or Z-estimation theory (see, e.g., 
A.6 of Carroll et al. (2006)). Moreover, the asymptotic variance-covariance matrix 
of the estimators can be estimated by the sandwich estimator as described in the 
“Appendix”.

4  Smooth baseline hazard

If the number of discrete time points is large, then the number of the parameters in 
θ is also large. In this case, the parameter estimation in the previous section may 
become unstable as discussed in Sect. 1.

According to Berger and Schmid (2018), one approach for handling this difficulty 
is to approximate the baseline coefficients in the model (1) by using a smooth func-
tion with fewer parameters as follows. We expand the baseline coefficients γt to a 
smooth function in time γ(t), pardon the abuse of notation. A common method of 
approximating a smooth function is to use a weighted sum of m basis functions. Let 
γ(1), . . . , γ(J) be approximated by

	 γt = α′ψ(t),� (6)

1 3



Journal of the Korean Statistical Society

where ψ is a set of m basis functions. The general choice of ψ can be based on 
a polynomial or spline basis. Specifically, we consider a Bernstein polynomial 
model (Lorentz 1986) for (6), where α = (α0, . . . , αK)′, ψ = (ψ0, . . . , ψK)′ with 
ψk(t) = CK

k (t/J)k(1 − t/J)K−k and K is the order of the Bernstein polynomial. 
The number of basis functions m(= K + 1) can typically be chosen to be much 
smaller than the number of discrete time points J without substantially reducing the 
accuracy of fit.

Let θs = (β′, α′)′ and θ̃s = (β̃′, α̃′)′ denote the maximum likelihood estimate for 
θs. To compute θ̃s, we employ the EM method. The computation algorithm is identi-
cal to that in Sect. 3 except for the method of updating α in the M-step. Reparam-
eterizing the likelihood function in (2) by the parameter θs and differentiating the 
corresponding log complete-data likelihood relative to β, we obtain an estimating 
equation for β with the same form as that in (4); thus, the Newton–Raphson updat-
ing formula for β is the same as that in Sect. 3. Differentiating the log complete-data 
likelihood relative to α, we obtain the following estimating equation for α

	

∑
i:Yi=1




∑
j:j≤Ci

N̂i,jQiWi,jψk(j) −
∑

j:j≤Ci

N̂i,jQi

∑
l≤j

wi,lψk(l)




−
∑

i:Yi=0


Q̂i

∑
j≤Ci

wi,jψk(j)


 = 0, k = 0, . . . , K.

� (7)

The self-consistency updating formula for α derived from (7) takes the following 
form.

	

αk = log


eαk




∑
i:Yi=1

∑
j:j≤Ci

N̂i,jQiWi,jψk(j)







∑
i:Yi=1

∑
j:j≤Ci

N̂i,jQi

∑
l≤j

wi,lψk(l)

+
∑

i:Yi=0
Q̂i

∑
j≤Ci

wi,jψk(j)




−1

 , k = 0, . . . , K.

Given an initial value for θs, the estimator θ̃s can be obtained by iterating the E-steps 
and M-steps of the EM method using these updating formulas until convergence is 
reached. In addition, the asymptotic normality of the estimator θ̃s can be established, 
with a sandwich estimator for the asymptotic variance given in the “Appendix”.

5  Simulation studies

In this section, we describe simulation studies for assessing the performance of the 
proposed estimation methods and examining the adequacy of the associated normal 
approximations. The final simulation study is conducted to illustrate the necessity 
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of establishing the proposed discrete time-to-event method. Specifically, we demon-
strate that applying the existing continuous-time method of Wen and Chen (2025), 
without appropriately addressing with tied or grouped observations, to discrete-time 
RRT data can lead to substantial bias. Each study comprises 1,000 simulation replica-
tions. The sample size n = 800 for each simulated data.

In the first simulation study, we consider the covariate vector Zi = (Z1i, Z2i), 
where Z1i is generated from Bernoulli(0.5) and Z2i is generated from N(0, 1). Given 
the covariate Zi, a sensitive event time Ti is generated from model (1) with param-
eters β = (0.5, −0.5)′ and γj = log{0.05((J − j + 1)/J)0.5}, j = 1, . . . , J, 
J = 10, 20, or 40. The transformation G(x) = exp(ex) − 1 which yields the GPH 
model. The survey time Ci is simulated from Uniform{1, . . . , J}. The answer to 
the sensitive question is given by ∆i = I(Ti ≤ Ci), whereas the answer to innocu-
ous question Wi is generated from a Bernoulli(c) and c = 0.25 or 0.5. Given ∆i 
and Wi, the observed response Yi of the unrelated-question RRT survey is given by 
Yi = Qi∆i + (1 − Qi)Wi, where Qi is Bernoulli(q) and q = 0.5 or 0.7. The set of 
observed data is {Oi = (Yi, Ci, Zi)|i = 1, . . . , n}.

For each simulated dataset, we apply (i) the discrete-baseline-hazard (DBH) 
method where the baseline coefficients γt, t = 1, . . . , J, are the parameters them-
selves and the parameter estimation method is given in Sect. 3; (ii) the smooth-base-
line-hazard (SBH) method where the baseline coefficients are approximated by the 
smooth Bernstein polynomials γ(t) in (6) and the parameter estimation method is 
given in Sect. 3. The general suggestion of the number of basis functions to ensure 
numerically stable estimates exist is 4 or 5. (see, e.g., Tutz and Schimid 2016, p. 108). 
We set the number of Bernstein basis functions to 5 for convenience. A sensitivity 
analysis to examine the effect of different numbers of basis functions on the inference 
and the determination of the number of basis functions in practice is discussed in the 
subsequent section. For comparison, we also consider an analysis of the full data, 
namely the data obtained when all respondents are surveyed using sensitive ques-
tions (i.e., q = 1) such that the full data {(∆i, Ci, Zi)|i = 1, . . . , n} are available. In 
the second simulation study, data are simulated with the same parameters except that 
G(x) = exp(x), which corresponds to the PCR model.

The results of the first and second simulation studies are presented in Tables 1 and 
2, respectively, where “Bias” refers to the simulation bias of the estimates; “SD” the 
simulation standard deviation of the estimates; “ASE” the average of the standard 
error estimates over the simulations; and “CP” the coverage probability of the 95% 
Wald-type confidence intervals obtained by asymptotic normality. The tables also 
include the results of the relative efficiency (RE) in comparisons with the full-data 
analysis, which is defined as MSE(β̌f )/MSE(β̌), where MSE is the mean squared 
error over the simulation replicates and β̌f  is the estimate of the full-data analysis, 
that is, the estimate from (2) with q = 1.

As we can see from Tables 1 and 2, except in some simulation scenarios with a 
larger number of discrete time points (J = 40 in Table 2), the proposed DBH estima-
tor β̂ and SBH estimator β̃ perform quite well: the estimation bias is close to zero, the 
average of the standard error estimates is close to the simulation standard deviation, 
and the coverage probability of the 95% confidence intervals based on the asymptotic 
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normality is close to the nominal level. For larger numbers of discrete time points 
(J = 40 in Table 2), the DBH estimator β̂ performs less satisfactorily due to unstable 
estimation caused by the high dimension of the parameters. However, this is not the 
case for the SBH method, where the baseline coefficients are specified by a smooth 
function with far fewer parameters, thereby reducing the parameter dimensional-
ity. All simulation results indicate that the SBH analysis provides more stable and 
efficient estimates than the DBH analysis. Moreover, the RE of the two estimators 
increase as the number of discrete time points J decreases; the probability of choos-
ing the sensitive question q increases, and the probability of answering “yes” to the 
innocuous question c decreases.

The adequacy of the normal approximation theory for the proposed estimators 
can be further verified through the nearly linear patterns of Q–Q plots in Fig. 1, this 
figure illustrates the standardized estimates for β versus the standard normal quantile 

Fig. 1  Q–Q plots of standardized estimates versus the standard normal distribution for the simulation 
with J = 40, q = 0.7, and c = 0.25 for the GPH fitted model with discrete (upper panels) or smooth 
(lower panels) baseline hazards assumed
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values, under the simulation scenario with J = 40, q = 0.7, c = 0.25 for the GPH 
model with discrete and smooth baseline hazards assumed.

To compare the existing continuous-time method for analyzing discrete-time RRT 
data, we conducted simulations with the same settings as those for the first scenario 
of Table 1; however, the sensitive event time Ti was simulated by grouping the con-
tinuous data from the Cox model with the cumulative hazard eZ1i−Z2i0.07t0.4 and 
the survey time Ci is simulated by grouping the continuous data from uniform(0,40) 
in the following manner. The continuous time was divided into J + 1 time intervals 
[0, 40/J),  [40/J, 2{40/J}), . . . , [J{40/J}, ∞), and Ti or Ci = t if its original con-
tinuous time lies in the t-th interval, with t = 1, . . . , J + 1. Specifically, we analyzed 
the grouped RRT data (discrete-time data) from this setting using the proposed meth-
ods and the method of Wen and Chen (2025). The method of Wen and Chen (2025) 
was based on the Cox model aimed for RRT data measured on a continuous-time 
scale. Table 3 reveals that the proposed DBH and SBH estimators, using a GPH-fitted 
model, perform favorably. The result is expected because the GPH model, rather than 
the Cox model, is the true (correct) model when continuous time-to-event data gener-
ated from a Cox model are grouped (see, e.g., Tutz and Schimid 2016). On the other 
hand, substantial bias may arise from the direct application of a continuous-time 
method to discrete-time RRT data, especially when there is no suitable handling of 
grouped or tied observations and when the number of time intervals (i.e., the number 

Table 3  Results of the proposed discrete-time methods (DBH or SBH) and the continuous-time method 
(Naive) for analyzing discrete-time RRT data
J Method n = 800 n = 1200

Bias SD ASE CP Bias SD ASE CP
10 Naive β1 − 0.252 0.222 0.291 91.8 − 0.244 0.173 0.237 88.6

β2 0.266 0.109 0.172 68.8 0.268 0.086 0.140 51.0
DBH β1 0.041 0.337 0.314 95.3 0.027 0.253 0.252 96.3

β2 − 0.070 0.243 0.217 94.8 − 0.042 0.180 0.172 95.7
SBH β1 0.028 0.326 0.310 95.6 0.020 0.248 0.249 96.0

β2 − 0.056 0.235 0.214 95.1 − 0.034 0.175 0.170 95.9
20 Naive β1 − 0.182 0.243 0.295 94.0 − 0.175 0.191 0.240 92.8

β2 0.188 0.129 0.182 85.3 0.192 0.101 0.147 78.2
DBH β1 0.054 0.346 0.320 95.4 0.039 0.261 0.257 95.9

β2 − 0.085 0.255 0.223 94.8 − 0.052 0.184 0.176 96.2
SBH β1 0.031 0.331 0.312 95.4 0.025 0.253 0.252 96.0

β2 − 0.059 0.238 0.215 94.7 − 0.037 0.176 0.172 96.1
40 Naive β1 − 0.124 0.263 0.300 95.7 − 0.119 0.206 0.243 95.2

β2 0.122 0.149 0.191 90.4 0.128 0.117 0.154 88.8
DBH β1 0.066 0.357 0.334 93.6 0.048 0.268 0.269 96.2

β2 − 0.099 0.264 0.232 94.8 − 0.062 0.189 0.181 95.7
SBH β1 0.032 0.334 0.313 95.2 0.027 0.255 0.253 96.1

β2 − 0.060 0.239 0.215 95.2 − 0.039 0.178 0.172 95.5
The discrete-time methods are based on the GPH model, while the continuous-time method is based on 
the Cox model. The simulated data are obtained by grouping continuous event time data from the Cox 
model into J + 1 mutually exclusive time intervals
ASE: average of standard error estimates; CP(%): coverage probability of the 95% confidence interval
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of discrete time points) J is small. The performance of the naive method does not 
improve even with an increase in sample size. This simulation study highlights the 
necessity of developing the proposed discrete time-to-event method.

To complement the main simulations, the “Appendix” reports additional inves-
tigations on computational time, the impact of small sample sizes and high missing 
rates, the effects of misspecified design parameters and working models, and sce-
narios involving noncompliance, skewed censoring.

6  Real data applications

We consider two real data applications. The first is the “extramarital sex” dataset 
from the RRT survey conducted in Taiwan to study the prevalence of extramarital sex 
among married individuals (Hsieh et al. 2016) and the second is the “militant con-
nection” dataset from the RRT survey conducted in Nigeria to study the prevalence 
of civilian connections with militant groups (Blair et al. 2015). To illustrate the appli-
cation of the proposed method, we re-analyzed these two real studies by converting 
prevalence estimation into time-to-event estimation.

6.1  Extramarital sex data

We applied the proposed method to a dataset from the 2012 Taiwan Social Change 
Survey (TSCS), consisting of n = 805 married Taiwan residents aged 21 or above. 
The outcome of interest was the time to extramarital sex since marriage. The TSCS 
study surveyed the incidence of extramarital sex on participants by using the unre-
lated-question RRT (Greenberg et al. 1969), wherein the sensitive and innocuous 
questions were as follows: 

A:	 Have you ever had sex with someone other than your spouse?
B:	 Were you born in January, February, or March?

The question that the respondent was asked to answer was determined through the 
following prompt. Please pick one card from the deck of playing cards and do not tell 
the interviewer the number on the playing card. Then, please answer Question A or B 
according to the number on the playing card. If the number on the playing card is 1, 
2, or 3, please answer Question A; if the number on the playing card is 4 or 5, please 
answer Question B.

Eight cards were numbered 1, four were numbered 2, and eight were numbered 3; 
moreover, sixteen were numbered 4, and four were numbered 5 (20 total); hence the 
probability of answering the sensitive question A was Pr(Q = 1) = q = 0.5. The goal 
is to examine the relationship between a set of covariates Zi and the time to extramar-
ital sex Ti. Instead of observing Ti, we can only observe Yi = Qi∆i + (1 − Qi)Wi, 
where ∆i and Wi are the responses to questions A and B, respectively. The response 
to the sensitive question ∆i = I(Ti ≤ Ci) can be treated as the current status indi-
cator for Ti at the survey time Ci, indicating whether the sensitive event occurred 
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before Ci. In the TSCS, the survey time Ci for the sensitive event (extramarital sex) 
is the answer to the question

“How many years have you been married?”.
Due to this question design, the time points used for the examination of extramari-

tal sex were discrete because they were measured in years. In the considered data, the 
maximum time on examining extramarital sex is 40. Hence, the study had 41 possible 
sensitive event times t = 1, . . . , 41.

The covariates considered in the following analysis were “gender (Male, 
1=Male),” “attitudes toward extramarital sex (Atti, 1=Yes),” “number of children 
(NChild, 0–5 children),” “years of education (EduYear, 1.5–27 years),” “age at mar-
riage (MarryAge, 17–54 years)”, and “ income (Income, 1=Yes).” To identify the 
factors associated with extramarital sex, we assumed the discrete event time model 
(1) with G(x) = exp(ex) − 1 or exp(x). The transformation G(x) = exp(ex) − 1 
corresponds to a GPH model, while G(x) = exp(x) corresponds to a PCR model. 
We then applied the proposed parameter estimations in Sects. 3 and 4 using the afore-
mentioned models under either DBH or SBH specifications. In the SBH method, a 
Bernstien polynomial basis with various numbers of basis functions is considered 
for (6).

Table 4  Analysis results for extramarital sex data
Model Method m Male Atti NChild EduYear MarryAge Income AIC
GPH SBH 1 Est 1.718* 1.194* 0.072 − 0.017 0.026 − 0.048 941.697

SE 0.448 0.414 0.179 0.051 0.038 0.505
2 Est 1.514* 0.808* 0.096 − 0.043 − 0.017 − 0.185 931.069

SE 0.393 0.344 0.159 0.046 0.033 0.450
3 Est 1.498* 0.802* 0.103 − 0.044 − 0.016 − 0.187 932.627

SE 0.391 0.345 0.159 0.046 0.033 0.448
4 Est 1.492* 0.799* 0.107 − 0.045 − 0.016 − 0.187 934.450

SE 0.391 0.345 0.158 0.046 0.034 0.447
5 Est 1.488* 0.797* 0.109 − 0.045 − 0.016 − 0.188 936.354

SE 0.391 0.345 0.159 0.046 0.034 0.447
DBH – Est 1.528* 0.814* 0.075 − 0.036 − 0.004 − 0.151 1000.434

SE 0.409 0.361 0.171 0.049 0.037 0.484
PCR SBH 1 Est 1.736* 1.222* 0.073 − 0.017 0.027 − 0.048 941.705

SE 0.452 0.427 0.182 0.052 0.039 0.511
2 Est 1.616* 0.920* 0.098 − 0.046 − 0.020 − 0.182 931.147

SE 0.426 0.407 0.179 0.051 0.037 0.489
3 Est 1.628* 0.940* 0.105 − 0.049 − 0.020 − 0.182 932.747

SE 0.442 0.435 0.185 0.053 0.038 0.497
4 Est 1.638* 0.952* 0.108 − 0.051 − 0.020 − 0.182 934.597

SE 0.455 0.455 0.188 0.054 0.039 0.502
5 Est 1.646* 0.960* 0.111 − 0.052 − 0.021 − 0.182 936.521

SE 0.470 0.471 0.192 0.055 0.040 0.506
DBH – Est 1.657* 0.969* 0.071 − 0.041 − 0.005 − 0.149 1000.344

SE 0.486 0.491 0.200 0.057 0.043 0.536
“∗”, significance; m, number of basis functions
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Table 4 provides estimates of the regression parameters and standard errors based 
on asymptotic theory. For the GPH and PCR model, both DBH and SBH analyses 
indicate that males or individuals with a positive attitude toward extramarital sex 
were significantly more likely to have extramarital sex. In interpretation, for exam-
ple, under the PCR model with DBH estimation, the continuation ratio for extramari-
tal affairs among men is estimated to be exp(1.657) times that among women, while 
for respondents with permissive attitudes is exp(0.969) times that of non-permissive 
respondents. By contrast, under the GPH model, the corresponding log-survival 
ratios are exp(1.528) and exp(0.814), respectively. By contrast, number of children, 
years of education, the age at marriage, and income were not significantly associated 
with extramarital sex in these analyses. As expected, the SBH analysis, where the 
baseline hazard was specified with fewer parameters, demonstrated greater efficiency 
than the DBH analysis, except for the m = 1 case in which the baseline hazard may 
be approximated poorly.

The results of the proposed SBH analysis exhibited minimal variation with respect 
to the number of the basis functions m used, except for the case m = 1, and the 
results of the two model specifications, G(x) = exp(ex) − 1 or exp(x), were simi-
larly consistent. To identify an optimal model among these analysis models, we con-
sidered the Akaike Information Criterion (AIC) given by

	 AIC = −2ℓ̂ + 2{number of parameters},� (8)

where ℓ̂ represents the maximum value of the log-likelihood under the considered 
model; the model minimizing this criterion is selected. The GPH model with the 
baseline hazard specified by Bernstein polynomials of order 1 (i.e., the SBH analysis 
with m = 2) produced the lowest AIC value of 931.0269.

Figure 2 shows the proportions of men and women who have had extramarital sex 
estimated using the GPH and PCR models with DBH or the suggested SBH with (m 
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Fig. 2  Proportions of men and women having had extramarital sex estimated using the GPH model 
(left) and the PCR model (right) with DBH or SBH and other covariates fixed at their sample mean 
values. The SBH methods have 2 basis functions for the GPH and PCR models
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= 2); other covariates (Atti, NChild, EduYear, MarryAge, Income) were fixed at their 
sample mean values. While the DBH and SBH analyses yielded different results, we 
posit that the SBH estimates might be more reliable.

6.2  Militant connection data

We applied the proposed method to militant connection data. The dataset consists 
of n = 2,423 local civilians all with complete information on the relevant variables. 
The study aimed to identify the characteristics of civilians associated with coopera-
tion with militant groups. The survey was conducted using a forced-response design 
(Boruch 1971) with summarized instructions as follows. Please throw the dice and 
do not disclose the number on your dice throw to the interviewer. If 1 shows on the 
dice, answer no; if 6 shows, answer yes. But, if 2 or 3 or 4 or 5 shows, please answer 
the following question, 

A:	 Whether you hold direct social connections with members of militant groups?

The aforementioned forced-response design is equivalent to an unrelated-question 
RRT with the probability of answering the sensitive question A being q = 2/3 and the 
proportion of answering “yes” to the innocuous question being c = 0.5. To demon-
strate the application of the method, we treated the age of respondents as the exami-
nation time of the event (connection with militant groups). In the dataset, the times 
for examining cooperation events were measured in years (discrete) with a range 
of 16–99. Hence, the study had possible sensitive event times t = 1, . . . , 85. The 
covariates considered in the analysis were “gender (Female, 1 = Female),” “number 
of assets owned by the respondent from a list of nine assets including radio, TV, 
motorbike, car, mobile phone, refrigerator, goat, chicken, and cow (Asset, 0–9),” 
“marital status (Married, 1 = Married),” “level of education (Edu, from 1 = no school 
to 10  =  graduate education),” and “member of a civic group in the communities 
(Civic, 1 = Yes).”

As in Sect. 6.1, we considered the GPH and PCR models with either discrete 
(DBH) or smooth (SBH) baseline hazards. Table  5 presents the analysis results. 
According to AIC, the SBH analysis with m = 3 for the GPH model and the SBH 
analysis with m = 4 for the PCR model are suggested. These two suggested SBH 
analyses indicated that males or unmarried civilians were significantly more likely 
to connect with militant groups. However, the number of assets, level of education, 
and members of civic groups were not significantly associated with the connection. 
In contrast, for the DBH analysis, both GPH and PCR models indicated that males 
were significantly more likely to connect with militant groups, while other covari-
ate effects were non-significant. As expected, the SBH analysis, which used fewer 
parameters to specify the baseline hazard, was more efficient than the DBH analysis.

Figure 3 illustrates the proportions of men and women who connected with mili-
tant groups estimated using the the GPH and PCR models with DBH or the suggested 
SBH; other covariates were fixed at the sample average values.
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Table 5  Analysis results for militant connection data
Model Method m Female Asset Marriage Edu Civic AIC
GPH SBH 1 Est − 0.448* 0.059 − 1.464* − 0.054 0.348* 3183.031

SE 0.155 0.038 0.150 0.040 0.153
2 Est − 0.545* 0.056 − 0.429* − 0.039 0.199 3101.398

SE 0.142 0.035 0.152 0.038 0.136
3 Est − 0.543* 0.057 − 0.395* − 0.036 0.212 3098.582

SE 0.143 0.035 0.162 0.038 0.136
4 Est − 0.541* 0.058 − 0.381* − 0.035 0.219 3098.663

SE 0.142 0.034 0.172 0.038 0.136
5 Est − 0.540* 0.059 − 0.372* − 0.035 0.223 3099.628

SE 0.142 0.034 0.185 0.038 0.136
DBH - Est − 0.496* 0.056 − 0.457 − 0.029 0.281 3245.907

SE 0.160 0.041 0.375 0.052 0.148
PCR SBH 1 Est − 0.453* 0.061 − 1.479* − 0.054 0.357* 3182.864

SE 0.157 0.039 0.151 0.040 0.155
2 Est − 0.564* 0.059 − 0.446* − 0.040 0.211 3101.525

SE 0.146 0.036 0.155 0.040 0.142
3 Est − 0.567* 0.062 − 0.416* − 0.038 0.226 3098.541

SE 0.148 0.036 0.166 0.040 0.143
4 Est − 0.569* 0.063 − 0.405* − 0.038 0.234 3098.534

SE 0.149 0.037 0.176 0.040 0.144
5 Est − 0.569* 0.064 − 0.398* − 0.037 0.240 3099.446

SE 0.149 0.037 0.189 0.041 0.145
DBH - Est − 0.538* 0.063 − 0.522 − 0.032 0.312* 3246.388

SE 0.160 0.041 0.375 0.052 0.148
“∗”, significance; m, number of basis functions
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Fig. 3  Proportions of men and women connecting with militant groups estimated using the GPH (left) 
and the PCR (right) models with DBH or SBH and other covariates fixed at the sample average values. 
The SBHs have 3 and 4 basis functions for the GPH and PCR models, respectively
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7  Concluding remarks

Current state event time data are commonly encountered in survey research; further-
more, when the events of interest involve sensitive issues, they are often collected 
via the Randomized Response Technique (RRT). In this study, we propose a general 
methodology for analyzing current status event time data collected by the unrelated-
question RRT under the discrete-time framework. The event-time hazard rate of the 
event is modeled using a general discrete-time transformation model, including the 
proportional continuation ratio and grouped proportional hazards model; the base-
line hazard is specified either through discrete intercepts at each time point or by 
smooth functions with reduced parameters. In general, the smooth baseline hazard 
based (SBH) analysis achieves more stable estimation and more efficient inference 
than the discrete baseline hazard based (DBH) analysis once the baseline hazard is 
well-approximated. When the number of discrete time points is large, SBH should 
be preferred, as it generally yields more stable and efficient estimation under such 
settings. As no formal model selection criterion exists for RRT survival analysis, we 
relied on AIC, with supplementary comparisons in the “Appendix”. Formal model 
selection methods warrant further investigation in future work.

Many RRTs have been used to increase the validity and reliability of inferences for 
surveys on sensitive topics by enhancing privacy protection and reducing untruthful 
responses. Throughout this paper, we assume that event time data are collected by 
the unrelated-question RRT of Greenberg et al. (1969), a popular and efficient RRT, 
and that the respondents answer truthfully. However, this RRT may produce random 
errors or respondents may still be untruthful. Discrete time-to-event analysis of cur-
rent status data collected using more efficient and convincing RRT procedures, such 
as a related- and unrelated-question combined RRT (Hsieh et al. 2016) or a two-stage 
RRT (Narjis and Shabbir 2023), could be explored in future research.

Appendix

Variance estimation

Variance estimation for the DBH analysis

Recall in Sect. 3 that Gi,j = G(γj + β′Zi), Si,t =
∏

j≤t{1 + Gi,j}−1, and 
wi,j = (Ġ/(1 + G))(γj + β′Zi). The log-likelihood function parameterized by 
θ = (β′, γ′)′ of individual i takes the form ℓi(θ) = {Ei}Yi{1 − Ei}1−Yi , where 
Ei = q(1 − Si,Ci

) + (1 − q)c. The scores for β and γ, defined by ∂ℓi(θ)/∂β and 
∂ℓi(θ)/∂γ, take the forms
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mβ,i = Z ′

i

pSi,Ci

∑
j≤Ci

wi,j

Ei(1 − Ei)
(Yi − Ei),

	
mγk,i = pSi,Ci

I(k ≤ Ci)wi,k

Ei(1 − Ei)
(Yi − Ei), k = 1, . . . , J

respectively. Let mθ,i = (m′
β,i, m′

γ,i)′ with mγ,i = (mγ1,i, . . . , mγJ ,i)′. The asymp-
totic variance matrix var(θ̂) of the MLE of θ can be estimated by the sandwich esti-
mator n−1A−1B(A−1)′, where

	
B = 1

n

n∑
i=1

mθ,im
′
θ,i, A = 1

n

n∑
i=1

{
∂

∂θ
mθ,i

}
,

with both evaluated at θ = θ̂. We partition the matrix n−1A−1B(A−1)′ in accor-
dance with the dimensions of β and γ; var(β̂) and var(γ̂) can then be estimated by 
the upper–left and lower–right submatrixes of n−1A−1B(A−1)′, respectively. The 
explicit forms for ∂

∂θ mθ,i are presented below.

	
∂

∂β
mβ,i = −Z ′

iZi

{
pSi,Ci

∑
j≤Ci

wi,j

}2

Ei(1 − Ei)
,

	
∂

∂γk
mβ,i = −Z ′

i

{pSi,Ci
}2 {

∑
j≤Ci

wi,j}{I(k ≤ Ci)wi,k}
Ei(1 − Ei)

=
(

∂

∂β
mγk,i

)′

, k = 1, . . . , J,

	
∂

∂γr
mγk,i = −{pSi,Ci

}2 {I(k ≤ Ci)wi,k}{I(r ≤ Ci)wi,r}
Ei(1 − Ei)

, k, r = 1, . . . , J.

Variance estimation for the SBH analysis

Recall in Sect. 4 that γt =
∑K

k=0 αkψk(t) with ψk(t) = CK
k (t/J)k(1 − t/J)K−k. 

Use θs = (β′, α′)′ to reparameterize the log-likelihood function ℓi(θ) in “Appendix 
A.1” as ℓi(θs). The scores for β and α, defined by ∂ℓi(θs)/∂β and ∂ℓi(θs)/∂α, then 
take the forms

	
mβ,i = Z ′

i

pSi,Ci

∑
j≤Ci

wi,j

Ei(1 − Ei)
(Yi − Ei),

	
mαk,i =

pSi,Ci

∑
j≤Ci

wi,jψk(j)
Ei(1 − Ei)

(Yi − Ei), k = 0, . . . , K
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respectively. Let mθs,i = (m′
β,i, m′

α,i)′ with mα,i = (mα0,i, . . . , mαK ,i)′. The 
asymptotic variance matrix var(θ̃) of the MLE θ̃ of θs can be estimated by the sand-
wich estimator n−1A−1

s Bs(A−1
s )′, where

	
Bs = 1

n

n∑
i=1

mθs,im
′
θs,i, As = 1

n

n∑
i=1

∂

∂θs
mθs,i,

with both evaluated at θs = θ̃(= (β̃′, α̃′)′). Likewise, partition the matrix 
n−1A−1

s Bs(A−1
s )′ in accordance with the dimensions of β and α; var(β̃) and var(α̃) 

can be estimated by the upper–left and lower–right submatrixes of n−1A−1
s Bs(A−1

s )′, 
respectively. The explicit forms for ∂

∂θs
mθs,i are as follows.

	
∂

∂β
mβ,i = −Z ′

iZi

{
pSi,Ci

∑
j≤Ci

wi,j

}2

Ei(1 − Ei)
,

	
∂

∂αk
mβ,i = −Z ′

i

{pSi,Ci
}2 {

∑
j≤Ci

wi,j}{
∑

j≤Ci
wi,jψk(j)}

Ei(1 − Ei)
=

(
∂

∂β
mαk,i

)′

, k = 0, . . . , K,

	
∂

∂αr
mαk,i = −

{pSi,Ci
}2 {

∑
j≤Ci

wi,jψk(j)}{
∑

j≤Ci
wi,jψr(j)}

Ei(1 − Ei)
, k, r = 0, . . . . . . , K.

More simulation and data analysis results

Computational time

Figure 4 reports illustrative computational times for the simulations in Tables 1 and 
2 (with q = 0.5 and c = 0.25), to demonstrate feasibility. Specifically, it presents the 
average elapsed time per replication (in seconds), including both point and interval 
estimation, as a function of the number of time intervals J. The results show that 
DBH is faster than SBH, PCR is faster than GPH, and although computation time 
increases with J, the overall burden remains reasonably low.

Small sample size and high missing rates

To evaluate the impact of small sample sizes and high missing rates of ∆i, we 
conducted an additional sensitivity analysis (Table 6). Specifically, we considered 
n = 200 and 400, missing rates 1 − q = 0.3 and 0.7, with J = 20 (other settings 
same as in Table 1). The results show that small n or high missing rate markedly 
deteriorate estimator performance (e.g., CPs fall below nominal values and ASEs 
may become unstable). Nevertheless, performance improves as n or q increases. In 
practice, since q is under the investigator’s control (e.g., via the TSCS card-drawing 
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mechanism), it is advisable to adopt a larger q for survey design when the sample 
size is limited. Because the investigator never observes which question is answered, 
privacy protection remains intact for a large q.

Misspecified design parameters and working models

To assess the impact of misspecifying the design parameters (q, c) and of fitting an 
incorrect working model, we conducted a sensitivity analysis (Table 7). The true data-
generating model was GPH with (q, c) = (0.5, 0.25), as in Table 1 with J = 20, but 
the analysis was performed under misspecified values of (q, c) or under a mismatched 
model (true GPH but fitted PCR). The results indicate that when the assumed (q, c) 
values are close to their true counterparts, the estimators remain reasonably robust, 
whereas larger deviations can induce noticeable bias. Moreover, model misspecifi-
cation between GPH and PCR appears to have little practical impact on estimation 
performance in the scenarios considered.

Table 6  Sensitivity analysis for small sample sizes (n) and high missing rate (1 − q)
n 1 − q  DBH  SBH

Bias SD ASE CP Bias SD ASE CP
200 0.7 β1 1.071 4.694 460.119 47.5 0.297 1.605 16.640 56.8

β2 − 2.005 3.503 0.345 46.8 − 0.143 0.729 0.438 55.6
0.3 β1 0.048 0.420 0.398 95.2 0.017 0.376 0.368 92.8

β2 − 0.092 0.292 0.230 94.7 − 0.058 0.245 0.212 91.9
400 0.7 β1 0.605 2.088 0.655 74.5 0.102 0.790 0.607 84.5

β2 − 0.839 1.725 0.365 73.7 − 0.105 0.474 0.356 82.7
0.3 β1 0.032 0.272 0.263 94.7 0.018 0.260 0.253 94.5

β2 − 0.040 0.156 0.149 95.0 − 0.025 0.147 0.143 95.7
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Fig. 4  Average elapsed time per replication (in seconds) for the DBH and SBH methods as a function 
of the number of time intervals J, under the simulation setting with q = 0.5 and c = 0.25 for the GPH 
model (Table 1) and the PCR model (Table 2)
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Noncompliance and skewed censoring

Our analysis relies on the assumption that respondents provide truthful answers under 
the privacy protection offered by the RRT design; a violation of this assumption ren-
ders the model generally non-identifiable. To assess the potential impact of noncom-
pliance, we conducted a sensitivity analysis (Table 8) under the same data-generating 
mechanism as in Table 1 with J = 20, where a fraction π of respondents asked the 
sensitive question were assumed to provide the opposite response to their true ∆i. 
The results indicate that even moderate levels of noncompliance substantially distort 
estimation performance, underscoring the importance of ensuring respondent trust in 
the privacy protection mechanism.

To examine the impact of skewed censoring, we considered settings where the 
censoring time Ci follows min{⌈Exp(µ)⌉, 20}, with ⌈·⌉ denoting the ceiling func-
tion. When µ = 5, Ci has mean 5.42, corresponding to a left-skewed distribution 
with Pr(∆i = 1) = 0.26, and when µ = 40, Ci has mean 15.97, corresponding to 
a right-skewed distribution with Pr(∆i = 1) = 0.51. The results (Table 9) indicate 
that estimation performance is essentially unaffected by the shape of Ci.

Table 7  Sensitivity analysis results under misspecified design parameters (q, c) and mismatched working 
models
Assumed model  DBH  SBH

Bias SD ASE CP Bias SD ASE CP
q = 0.45 β1 0.116 0.337 0.295 93.9 0.082 0.296 0.285 94.6

β2 − 0.121 0.216 0.177 93.0 − 0.088 0.174 0.169 95.1
q = 0.40 β1 0.249 0.519 0.342 89.5 0.171 0.354 0.335 93.1

β2 − 0.255 0.342 0.215 87.6 − 0.181 0.217 0.208 93.2
c = 0.3 β1 0.075 0.294 0.275 94.6 0.055 0.279 0.269 94.8

β2 − 0.077 0.179 0.159 94.4 − 0.058 0.160 0.154 95.7
c = 0.4 β1 0.183 0.372 0.334 93.0 0.158 0.348 0.329 94.1

β2 − 0.183 0.249 0.195 90.7 − 0.157 0.199 0.189 91.9
PCR β1 0.099 0.306 0.302 95.8 0.015 0.257 0.250 94.6

β2 − 0.102 0.185 0.188 97.4 − 0.019 0.146 0.142 95.5
The true data-generating model is a GPH with design parameters (q, c) = (0.5, 0.25)

Table 8  Sensitivity analysis results under noncompliance in the RRT design
π  DBH  SBH

Bias SD ASE CP Bias SD ASE CP
0.1 β1 − 0.106 0.242 0.238 91.7 − 0.113 0.236 0.233 90.9

β2 0.106 0.134 0.129 83.3 0.115 0.129 0.126 81.5
0.3 β1 − 0.325 0.209 0.215 66.1 − 0.326 0.207 0.212 64.4

β2 0.328 0.110 0.110 17.2 0.330 0.108 0.108 15.6
A fraction π of respondents who were asked the sensitive question were assumed to provide the opposite 
response to their true ∆i
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Model selections

To complement the AIC-based model selection presented in the main text, we addi-
tionally evaluated corrected-AIC (AICc), BIC, and 5-fold cross-validation (CV) 
using log-likelihood as the predictive measure (Table 10). For the extramarital sex 
data, all criteria consistently supported SBH with m = 2. For the militant connection 
data, AIC and AICc favored m = 3 or 4, BIC preferred m = 2, and CV suggested 
m = 4, with predictive performance comparable between SBH (m = 4) and DBH. 
Given the large number of discrete time points (J = 83) in the militant connection 
data, SBH remains preferable for estimation stability.

Figure 5 further shows estimated regression coefficients and the baseline survival 
probability at [J/2] as functions of the polynomial degree, with [·] denoting the round-
ing function. The results indicate that estimates with m ≥ 2 are highly consistent, 
indicating that the values of m selected by the criteria in Table 10 are sufficiently 
large to approximate the baseline function well, thereby yielding stable estimates. 
Although different criteria occasionally selected slightly different models (e.g., in the 

Table 9  Simulation results under skewed censoring distributions
µ  DBH  SBH

Bias SD ASE CP Bias SD ASE CP
5 β1 0.066 0.380 0.327 94.4 0.046 0.344 0.312 92.2

β2 − 0.052 0.203 0.179 94.2 − 0.028 0.182 0.170 91.3
40 β1 0.023 0.242 0.236 95.7 0.016 0.237 0.232 95.0

β2 − 0.025 0.143 0.139 95.8 − 0.016 0.138 0.136 94.8
The censoring time was generated as Ci ∼ min{⌈Exp(µ)⌉, 20}, where ⌈·⌉ denotes the ceiling 
function. For µ = 5, Ci has mean 5.42 (left-skewed, Pr(∆i = 1) = 0.26); for µ = 40, Ci has mean 
15.97 (right-skewed, Pr(∆i = 1) = 0.51)

Table 10  Model selection results based on AIC, AICc, BIC, and 5-fold cross-validation (CV) for the extra-
marital sex data and the militant connection data
Method m  GPH  PCR

AIC AICc BIC CV AIC AICc BIC CV
Extramarital sex data
SBH 1 941.70 941.84 974.53 −  94.68 941.70 941.85 974.54 −  94.69

2 931.07* 931.25* 968.60* −  93.63* 931.15* 931.33* 968.67* −  93.63*
3 932.63 932.85 974.84 −  93.64 932.75 932.97 974.96 −  93.64
4 934.45 934.73 981.36 −  93.64 934.60 934.87 981.51 −  93.65
5 936.35 936.69 987.95 −  93.64 936.52 936.85 988.12 −  93.65

DBH – 1000.43 1005.64 1206.83 −  93.83 1000.35 1005.56 1206.74 −  93.68
Militant connection data
SBH 1 3183.03 3183.07 3217.79 −  318.34 3182.86 3182.90 3217.62 −  318.32

2 3101.40 3101.44 3141.95* −  309.93 3101.53 3101.57 3142.07* −  309.95
3 3098.58* 3098.64* 3144.92 −  309.44 3098.54 3098.60* 3144.88 −  309.45
4 3098.66 3098.74 3150.80 −  309.24* 3098.53* 3098.61 3150.67 −  309.24*
5 3099.63 3099.72 3157.56 −  310.27 3099.45 3099.54 3157.37 −  310.25

DBH – 3220.39 3225.51 3666.43 −  309.27 3219.91 3225.03 3665.95 −  309.22
An asterisk (*) denotes the number of basis functions (m) for SBH selected by each criterion
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militant connection application), the estimated parameters remained largely consis-
tent across model choices (see Tables 4, 5 and Fig. 5).
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as you give appropriate credit to the original author(s) and the source, provide a link to the Creative 
Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use 
is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​:​/​/​c​r​e​a​t​i​v​e​c​o​m​m​o​n​s​.​o​r​g​/​l​i​c​e​n​
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