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First, I would like to thank the authors for this stimulating contribution (López-
Cheda et al., 2023) to the nonparametric literature on cure survival models. The
methodology is clearly laid out and naturally combines Beran’s estimator with the
EM algorithm to handle the unknown cure status of units for which no event has
been reported.

I was puzzled by the results of the simulation in several ways. First of all, I
was a bit surprised by the design of the study and the very small values chosen
for the first two sample sizes (n = 50 and n = 100). Given the large proportion
of cured subjects and the additional right-censoring process also acting on the
reported times for the non-cured subjects, the amount of information remaining
for the nonparametric estimation of Su(t|x) becomes very sparse. A parametric
model using historical information for its specification would probably make much
more sense in comparable practical settings, although I do not expect compelling
scientific results from such modest studies.

I would like to return to the results of the simulation study for Setting 2
where the time-to-event distribution for the non-cured units is a mixture of two
Weibull distributions, only one of which depends on covariate x, see Fig. 1. From
its analytical form, one can see that Su(t|x) only depends on x through its square,
meaning that Su(t|x) = Su(t|�x) when x 2 (�10, 10). Therefore, given that z and
x are generated independently, I would have expected to see rather close values for
MISE(x) for opposite values of x and, thus, some symmetry in the reported graph
(see the middle row of Fig. 1 for MISE in the authors’ paper). One can also see from
Fig. 1 in my comments that the proportion of censored event-times for non-cured
units is expected to grow with x. This might explain the counter-performance (as
measured by MISE) of some estimators for large values of x.

In simulation Setting 3, I am not sure that the authors can claim that the
NPSXZ and NPSXZ2 estimators outperform the others. From what I understand
from the graphs for MISE at the bottom of the reported figure, it seems that all
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Fig. 1 Simulation Setting 2: conditional survival function for the uncured units, Su(t|x), and
c.d.f. of the censoring variable, G(t).

methods have similar performance, with the exception of the NPSXX estimator
for small values of x and the semiparametric estimator when the sample size is
(very) small.

To conclude my comments on the simulation results, I would like to stress that
reporting MISE instead of RMISE tends to overemphasize di↵erences that might
not be relevant from a practical standpoint. In addition, focusing on MISE by
not commenting the bias and the variance of the estimators does not enable to
understand if the relative counter-performances of some estimation methods can
be attributed to relatively larger biases or variances (or both).

The simulation study focused on the simple setting where a single covariate is
assumed to impact the time-to-event distribution for the non-cured subjects. The
same remark applies to the incidence part of the model. How does the method
behave in more demanding settings where multiple covariates are available and
needed to account for the complexity of the studied population? Beyond the the-
oretical extension of the estimation method, what would be the authors’ expecta-
tions on the computational aspect?

The application section was very interesting to understand how the authors
plan to use the developed tool in practice. I am a bit skeptical about the claim that
banks for which no event was reported in the 2006-2017 period are not susceptible
to bankruptcy and can somehow be considered ‘cured’. Indeed, bankruptcy is
fortunately a rare event for a bank and a much longer follow-up would be desirable
to quantify this risk. Therefore, I wonder if another definition of ’cured’ would not
be more appropriate in this case, such as the absence of bankruptcy by the end
of 2017 (despite the major financial and banking crisis of 2008). A distinction
should also be made between systemic and non-systemic banks, as governments
and central banks tend to intervene to support systemic banks when their activity
is compromised.

The choice of taking the average value of time-varying covariates as regressors
instead of their full history might not be appropriate, as banks might, for example,
have changed their lending policies to cope with the crisis in 2008. Would a joint
model for the event time and the three time-varying covariates in the model not
be more appropriate? More simply (and with a non-negligible loss of information),
using the baseline value of each time-varying covariate (at the beginning of the
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follow-up) would make more sense than conditioning on future values as is implicit
in using the mean value of time-varying covariates over the observation period.

Although the authors indicate in Sections 2 and 3 that, without loss of gen-
erality, one single continuous covariate (Z in Section 2 and X in Section 3) is
considered, one might have expected to have all three covariates considered simul-
taneously in the regression models in the Application section. Instead, the e↵ects
of covariates on the incidence and latency parts were studied one by one. Does
it reflect the di�culty of the proposed estimation strategy to handle more than
one covariate simultaneously? Beyond the theoretical extension or adaptation of
the presented estimation method, what would be the authors’ expectations on the
computational side? Related to this, no indication of the time required to produce
the di↵erent estimators was provided, including the bandwidth selection part. In
particular, I would be curious to have a comparison of the competing methods
on this issue. I was also wondering whether confidence regions or pointwise confi-
dence intervals for the estimations reported in Figures 5 to 6 could be obtained by
relying on asymptotic results and without making use of an additional bootstrap.

To conclude, I take this opportunity to remind that the analysis of survival
data with an unknown cured fraction can also be made in the framework of the
promotion time model (also named the bounded hazard model) (Yakovlev and
Tsodikov, 1996). It can be extended to have separate or shared covariates to
model the long-term survival probability (or ‘cured’ status) and the event dy-
namics for non-cured units (Bremhorst and Lambert, 2016; Bremhorst et al.,
2016; Gressani and Lambert, 2018) provided that the follow-up is su�ciently
long (Lambert and Bremhorst, 2019). Then, the population hazard takes the
following form, Sp(t|z, x) = exp(�✓(z)F (t|x)), with conditional cure probability
⇡(z) = exp(�✓(z)), where ✓(z) is the maximal value for the cumulative hazard,
and where F (t|x) is a distribution function modelling the dynamics in the cumula-
tive hazard. Flexible forms based on P-splines can be taken for ✓(z) and F (t|x) with
additive models proposed to account for nonlinear e↵ects of covariates (Bremhorst
et al., 2019). It can also be extended to include multiple time-varying covariates
(Lambert and Bremhorst, 2020) in a flexible way using additive models (Lambert
and Kreyenfeld, 2023).
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