
1 

June 12, 2020 
 
Professor Tamara Hughes 
Editor 
BMC Medical Research Methodology 
 
 
Dear Prof. Hughes, 
 
Thank you for your letter on May 14, 2020. We were pleased to hear about the positive 
evaluation of our manuscript, and its potential acceptance for publication in your 
journal, subject to adequate revisions and responses to the comments of the two 
reviewers.  
 
Appended to this letter is our detailed point-by-point response to the comments raised 
by the two reviewers. We have taken note of all the comments, and accordingly we have 
made modifications to all sections of the manuscript. The revised text appears in red in 
the marked copy of the manuscript. 
 
We thank you for allowing us to resubmit a revised version of the manuscript. We also 
take this opportunity to express our gratitude to the two reviewers for their constructive 
remarks, which have allowed us to identify areas in our manuscript that needed 
modification and clarification. 
 
I hope that the revised manuscript is now acceptable for publication in BMC Medical 
Research Methodology. 
 
Sincerely yours, 
 
Takuya Kawahara, Ph.D., M.P.H., 
Clinical Research Promotion Center, The University of Tokyo Hospital, 7-3-1, Hongo, 
Bunkyo-ku, Tokyo 113-8655, Japan 
E-mail: tkawahara-tky@umin.ac.jp 
Telephone: +81-3-5800-9143 
 
======================= 
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Dear Dr. Kawahara, 
 
Your manuscript "Doubly robust estimator of risk in the presence of censoring 
dependent on time-varying covariates: application to a primary prevention trial for 
coronary events with pravastatin" (BMRM-D-20-00008) has been assessed by our 
reviewers. They have raised a number of points which we believe would improve the 
manuscript and may allow a revised version to be published in BMC Medical Research 
Methodology. 
 
Their reports, together with any other comments, are below. Please also take a moment 
to check our website at https://www.editorialmanager.com/bmrm/ for any additional 
comments that were saved as attachments. 
 
 If you are able to fully address these points, we would encourage you to submit a 
revised manuscript to BMC Medical Research Methodology. 
Once you have made the necessary corrections, please submit online at: 
 
https://www.editorialmanager.com/bmrm/ 
 
If you have forgotten your password, please use the 'Send Login Details' link on the 
login page at https://www.editorialmanager.com/bmrm/. For security reasons, your 
password will be reset. 
 
Please include a cover letter with a point-by-point response to the comments, describing 
any additional experiments that were carried out and including a detailed rebuttal of any 
criticisms or requested revisions that you disagreed with. Please also ensure that all 
changes to the manuscript are indicated in the text by highlighting or using track 
changes. 
 
Please also ensure that your revised manuscript conforms to the journal style, which can 
be found at the Submission Guidelines on the journal homepage. 
 
A decision will be made once we have received your revised manuscript, which we 
expect by 13 Jun 2020. 
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Please note that you will not be able to add, remove, or change the order of authors once 
the editor has accepted your manuscript for publication. 
Any proposed changes to the authorship must be requested during peer-review, and 
adhere to our criteria for authorship as outlined in BioMed Central's policies. 
To request a change in authorship, please download the 'Request for change in 
authorship form' which can be found here - 
http://www.biomedcentral.com/about/editorialpolicies#authorship. 
Please note that incomplete forms will be rejected. 
Your request will be taken into consideration by the editor, and you will be advised 
whether any changes will be permitted. 
Please be aware that we may investigate, or ask your institute to investigate, any 
unauthorized attempts to change authorship or discrepancies in authorship between the 
submitted and revised versions of your manuscript. 
 
I look forward to receiving your revised manuscript and please do not hesitate to contact 
us if you have any questions. 
 
Best wishes, 
 
Tamara Hughes 
BMC Medical Research Methodology 
https://bmcmedresmethodol.biomedcentral.com/ 
 
Editor Comments: 
Apologies for the delay in providing you with feedback. Please find the comment from 
the reviewers below. 
When resubmitting, please ensure to provide a tracked-changes version of your 
manuscript. 
 
We thank the editors for the comments. We have provided a detailed point-by-point 
response to the comments raised by the reviewers. We have added line numbers and have 
clearly stated line numbers of any changes that we made. The revised text appears in red 
in the marked copy of the manuscript. 
 
We operate a transparent peer review process for this journal where reviewer reports are 
published with the article but the reviewers are not named (unless they opt in to include 
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their name). 
 
 
Reviewer reports: 
======================= 
 
We thank the reviewer for evaluating our manuscript. The following text describes how 
we have addressed each criticism made by the reviewer. 
 
Reviewer 1: 
 
1 General comments 
The paper deals with an interesting topic which is how to account for dependent 
censoring induced by a (observed) time-varying covariate when estimating and 
assessing difference between survival probabilities of two groups in a randomised 
clinical trial (RCT). The authors proposed a double robust approach by combining the 
IPCW Kaplan-Meier estimator and the G-computation. After detailing the theoretical 
steps to derive the double-robust proposed estimator, they assess its properties in a 
simulation study. They finally applied this estimator to a large RCT where the endpoint 
of interest is coronary heart disease, but around 10% of patients were censored 
(potential informatively). 
 
The proposed approach is potentially interesting for the analysis of RCT, but its 
presentation in the current version of the paper needs many clarification and additional 
details, especially for readers not much familiar with double-robust estimators. I give 
some suggestions below which could hopefully help. 
 
2 Major comments 
I suggest the authors to contrast the “classical” double-robust method (your references 
24 and 25, or reference 9) with your extension proposed through the use of a time-
varying covariate to predict the censoring probability. I think that this contrast should be 
done when explaining the method but also in the simulation as additional results. 
 

We thank the reviewer for this interesting suggestion. We made the relationship 
between references [9, 24, 25] and our proposed estimator clear in the revised 
manuscript.  
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References 24 and 25 proposed doubly robust estimators for survival functions, 
which can be summarized as follows: 

Confounding between treatment groups: present due to the observational study 
setting 

Censoring mechanism: baseline-conditional independent censoring (censoring may 
depend only on the baseline covariates) 

On the other hand, we proposed an estimator for survival functions, 
Confounding between treatment groups: absent due to randomization 
Censoring mechanism: conditional independent censoring (censoring may depend 

on time-varying covariates) 
In RCT settings considered here, where no baseline confounding occurs between the 
treatment groups, the proposed estimator specifying an empty set as Lt (thus models are 
unnecessary for the joint density of Lt) results in the existent doubly robust estimators 
provided in references 24 and 25. In other words, these existent estimators assume the 
baseline-conditional independent censoring mechanism, though they also attempt to 
adjust for baseline-confounding between the groups in observational-study settings. We 
added a new subsection (Lines 279–296), and discussion (Lines 451–457). 
 
Change:  
(Lines 279–296) 
Comparison with existing doubly robust estimators 
In this subsection, we briefly compare our proposed estimator (7) with existing doubly 
robust estimators [9, 24, 25]. Zhang et al. [24] and Bai et al. [25] proposed doubly 
robust estimators for survival functions, which can be summarized as follows: 

Confounding between treatment groups: present due to the observational study 
setting 

Censoring mechanism: baseline-conditional independent censoring (censoring may 
depend only on the baseline covariates) 
On the other hand, we proposed an estimator for survival functions, 

Confounding between treatment groups: absent due to randomization 
Censoring mechanism: conditional independent censoring (censoring may depend on 

time-varying covariates) 
In RCT settings considered here, where no baseline confounding occurs between the 
treatment groups, the proposed estimator that specifies an empty set as Lt (thus models 
are unnecessary for the joint density of Lt) results in the existing doubly robust 
estimators provided in [24, 25]. In other words, these existing estimators assume a 
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baseline-conditional independent censoring mechanism, although they also attempt to 
adjust for baseline-confounding between the groups in observational-study settings. 
 
(Lines 451–457) 
In this study, we considered the estimation of a survival function in a specific group. If 
we compare two or more survival functions that may be observed with different 
interventions, we also need an additional exchangeability assumption (or the no-
unmeasured confounders assumption) between the intervention groups [27]. In the 
simulations and data analysis, the exchangeability assumption is satisfied at baseline 
owing to the randomized design. In a future study, it will be interesting to extend our 
estimator into the observational study setting [24, 25]. 
 

Still, it is interesting to compare our proposed estimator and an estimator that adjusts 
for baseline-conditional independent censoring, in the presence of censoring due to 
time-varying covariates. However, with such time-varying confounding, these methods 
that only use baseline confounders V must be biased, and hence would not be 
comparable with other methods incorporating time-varying covariates Lt. Because their 
sampling variability is not much concern, we included the biases of the baseline-
adjusted method in large simulation datasets in Table 2, for readers’ information 
(footnote of Table 2). Note that because our simulations only have binary V and no 
model is needed for outcome and censoring hazards, baseline-adjusted IPCW estimator, 
baseline-adjusted g-formula estimator, and baseline-adjusted doubly robust estimator 
coincide with each other. We added information regarding this (Lines 209–219). 

 
Change:  
(Footnote of Table 2) 
The biases (×100) from the method assuming the baseline-conditional independent 
censoring at t = 5 for the control and test groups were (0.5, 0.4) (scenario 1), (0.4, 0.3) 
(scenario 2), and (0.2, 0.2) (scenario 3). 
 
(Lines 209–219) 
We noted that with one categorical baseline covariate and no parametric model needed 
for outcomes and censoring, it can be shown that the IPCW estimator, the g-formula 
estimator, and the doubly robust estimator are equivalent. Specifically, given n subjects, 
all of whom may be stratified into j levels of a baseline covariate, such that aj, mj, and nj 
are the number observed (i.e. not censored), number of events, and overall number at 
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level j of the covariate, respectively. The IPCW estimator can be written as (1/n)Σj mj / 
(aj / nj) = (1/n) Σj njmj / aj, because Pr(C1 = 0| level j) = aj / nj. The g-formula estimator 
can be written as (1/n) Σj nj (mj / aj), because Pr(Y1 = 1| level j) = mj / aj. Finally, the 
doubly robust estimator can be written as (1/n) Σj [mj / (aj / nj) – {(nj - aj) (0 - aj / nj) / (aj 
/ nj) + aj (1 - aj / nj) / (aj / nj)} (mj / aj)] = (1/n) Σj njmj / aj, which is exactly a common 
form as the IPCW estimator and the g-formula estimator. 
 

 
The method proposed in [9] has difficulties in specifying a correct model, as stated in 

their paper ([9], Remarks at p.967). In particular, their simulation attempted to estimate 
average of the normally distributed outcome, but our simulation sought to estimate 
survival probability (or, event at each time). When we fit models for predicted 
probabilities at each time, the model forms (including link function and distribution) 
must be mis-specified, i.e. they cannot be compatible with the data generation. In this 
situation, comparison of bias and efficiency in correct and/or incorrect models is 
difficult (meaningless), and checking the statistical properties of the method proposed in 
[9] is beyond our scope, we did not include them in our simulation study. However, we 
contrast the methods in the new section “Comparison with existent doubly robust 
estimators” (Lines 297–301). 
 
Changes:  
Bang et al. [9] proposed a doubly robust estimator for the g-formula represented by an 
iterated conditional expectation. The estimator needs recursive fitting of the iterative 
conditional expectation. However, as Bang et al. [9] noted, the parametric models can 
be incompatible with each other, so it is difficult to specify all the models correctly. 
 
 
The finite sample properties of the estimator are evaluated with a simulation study 
which is very limited in my opinion, and it is based on a simulated scenario which is far 
from the motivating example dataset. In the motivating example (the MEGA RCT), you 
mentioned 10% of censoring (page 5, line 61). But the simulated data include between 
40% and 60% of censoring before the end of follow-up. (page 16, lines 256-7). I would 
encourage the authors to be more realistic and closer to their motivated data regarding 
the percentage of censoring before the end of follow-up used in the simulated scenarios. 
And why using only 3 different time-points? Again, this setting is far from being 
realistic... 
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We thank the reviewer for the suggestion to expand the simulation study. In the 
revised manuscript, we conducted three scenarios regarding censoring probability, and 
scenario 3 is comparable with the MEGA study (i.e., 10% of censoring). We also 
expand the time-points to 5 as for the MEGA study. In the MEGA study, participants 
were followed annually at 1, 3, and 6 months after randomization, and most censoring 
occurred around the annual visit. We consider that these new simulation studies closely 
reflect the real setting. We have changes in simulation settings (Lines 308–312, 334–
336). 
 
Before: 
We considered the situation where baseline covariates were measured at time t = 0, and 
time-varying covariate and censoring were investigated at time t = 1, 2, on the other 
hand, event time was measured from time t = 0 to t = 3 on a continuous time scale. We 
were interested in the treatment group-specific risks and the risk ratio at t = 3. 
 
Changes:  
We considered the situation where baseline covariates were measured at time t = 0, and 
time-varying covariate and censoring were investigated at time t = 1, … 4, on the other 
hand, event time was measured from time t = 0 to t = 5 on a continuous time scale. We 
were interested in the treatment group-specific risks and the risk ratio at t = 3 and t = 5. 
 
(Lines 333–336, added sentences) 
We considered three scenarios for α0 and αR: censoring probabilities in the control and 
test treatment groups are both 30% (scenario 1), both 20% (scenario 2), and 9% and 
12%, respectively (scenario 3). The probabilities in scenario 3 were derived from 
Table 1. 
 
The authors provided the SAS code for the implementation of their estimator. However, 
it does not help in the current version as readers don’t have any dataset available to play 
with, and to understand better how it works. The authors need to provide the sim1 
dataset and also detail ALL the necessary steps starting from the actually observed data 
(all the steps including the transformation step to create 1 record per person-time). 

We provided one example of a simulated dataset (which we now call observed1 
rather than sim1) and SAS code, which can be used to try our proposed estimator easily. 
We have included them in the additional files (Lines 426–427). 
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Before:  
We have also provided SAS codes in Appendix B, which can be easily implemented. 
 
Changes:  
We have also provided SAS codes and an example of simulation data as additional files. 
 
3 Specific comments 
Abstract line 38: “The estimator is theoretically more robust to model misspecification 
than the parametric g-formula estimator ”. And it is not more robust than the G-
computation (which is the other method you are comparing too)? 

We thank the reviewer for the comment. We use parametric g-formula and g-
computation algorithm formula interchangeably (Line 95–97). As the reviewer pointed 
out, our estimator is doubly robust; therefore, is more robust than both existing 
estimators (IPCW Kaplan–Meier and g-formula, also known as g-computation 
estimator). Because this was not explained enough, we have added clarification, as 
advised (Lines 30–31). 
 
Before: 
(Lines 30–31) 
The estimator is theoretically more robust to model misspecification than the parametric 
g-formula estimator. 
 
(Lines 95–97) 
The parametric g-formula estimator is an alternative method that also requires models 
for the outcome process [13]. 
 
Changes:  
(Lines 30–31) 
The estimator is theoretically more robust to model mis-specification than the IPCW 
Kaplan–Meier estimator and the parametric g-formula estimator. 
 
(Lines 95–97) 
The second representation of the g-formula is the generalized version of standardization 
[1, 2], and the parametric g-formula estimator (g-computation algorithm formula) can 
be applied. 
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Intro page 4, lines 63-65: “Because they received daily clinical care, censoring can be 
dependent on mid-course clinical characteristics that were predictive of CHD 
prognosis ”. Could you provide please some real-life examples and explain why would 
one think of a dependent censoring? 

We thank the reviewer for the comment. When a patient with hypercholesterolemia 
received a medical checkup, and their plasma lipids were found to be getting worse 
(e.g., total cholesterol was getting higher), the patient may need other drugs that were 
not allowed in the study protocol. If the patient observed their symptoms worsening, 
they might go to see a doctor other than their primary care doctor. This may have led to 
censoring dependent on mid-course clinical characteristics, and the censoring was 
correlated with future CHD event. We added this in the Introduction (Lines 62–70). 
 
Before:  
Patients enrolled in the MEGA study had hypercholesterolemia (total cholesterol [TC] 
level: 220–270 mg/dl), and were 40–70 years old. Because they received daily clinical 
care, censoring can be dependent on mid-course clinical characteristics that were 
predictive of CHD prognosis.  
 
Change:  
Patients enrolled in the MEGA study had hypercholesterolemia (total cholesterol [TC] 
level: 220–270 mg/dl), were 40–70 years old, and received daily clinical care during the 
follow-up period. When a patient with hypercholesterolemia received a medical 
checkup and found that their plasma lipids were worsening (e.g., increasing TC), they 
may have required other drugs that were not allowed in the study protocol. Patients who 
observed worsening of their symptoms might go to see a doctor other than their primary 
care doctor. These cases may have led to censoring dependent on mid-course clinical 
characteristics, and the censoring was correlated with future CHD events. 
 
 
Intro p4, l72: “but not on the future prognosis” Could you expand a little more on this 
please? I don’t understand how a estimation method can “depend on the future”. What 
am I missing here? 

We thank the reviewer for the comment. We expanded this point in the Introduction 
(Lines 75–81). We agree with the reviewer, and no estimation method “depends on the 
future” in our paper. Because this is related to the comment for (p 9, l 141), so please 
review the response to this comment. 
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Before:  

The inverse probability of censoring weighted (IPCW) Kaplan–Meier estimator is a 
semiparametric method for estimation of risk that adjusts for censoring that may depend 
on the observed past, but not on the future prognosis [7]. It requires fitting a model for 
the probability of censoring. 
 
Change:  
The inverse probability of censoring weighted (IPCW) Kaplan–Meier estimator is a 
semiparametric method for estimation of risk that adjusts for censoring that may depend 
on the observed past [7]. It requires fitting a model for the probability of censoring at 
each time conditional on past covariates. Calculation of the IPCW Kaplan–Meier 
estimate needs to update censoring probability at each time and to weight each subject 
in the risk set. The weight depends on the time-varying covariates, but not on the future 
prognosis.  
 
p5, l 80: “first, we regressed the outcomes measured at t = K on the covariates measured 
up to t = K - 1, second, we regressed the predicted outcome on the covariates measured 
up to t = K - 2, and we continue these procedures until t = 1.” This sentence is supposed 
to explain very briefly the whole principle, but I still don’t understand it. First, the 
method works backward in time? Why do we regress the predicted outcome on the 
second step? I would appreciate if the authors could explain this with more details and 
in a clearer way. 

The reason for backward regression for predicted outcomes is explained by the 
iterated conditional expectation (ICE) representation of the g-formula. For 2 time 
points, the g-formula for Y obtained at t = 2 is generally expressed as 
 ∑ 𝐸(𝑌|𝐿 = 𝑙 ̅ , �̅� = 0)𝑓(𝑙 |𝑙 ,𝐶 = 0)𝑓(𝑙 )̅  
As explained in reference 9, the g-formula can be alternatively expressed using 
conditional expectations, 
 𝐸 𝐸 𝐸 𝑌 𝐿 = 𝑙 ̅ , �̅� = 0 𝐿 ,𝐶 = 0  
This expression motivates backward regression, first, we regressed Y on L0 and L1, 
second, we regressed the predicted outcome 𝐸 𝑌 𝐿 = 𝑙 ̅ , �̅� = 0  on L0, and finally 
marginalize it by averaging the final predicted outcome. We have added the important 
term “iterated conditional expectation” as advised, and restructured the Introduction 
(Lines 83–104). 
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Before:  
One of the variations of IPCW methods is targeted maximum likelihood estimation, 
which was first introduced by Bang and Robins [9]. Their method can produce doubly 
robust estimates, meaning that the estimator is consistent if either the regression model 
for the hazard of censoring or a regression model for the outcome process is correctly 
specified, but necessarily both [10–12]. However, only a few researchers have applied 
this method. One of the reasons may be that they are unintuitive because it requires 
recursive regression models; first, we regressed the outcomes measured at t = K on the 
covariates measured up to t = K - 1, second, we regressed the predicted outcome on the 
covariates measured up to t = K - 2, and we continue these procedures until t = 1. 
 
Changes:  

An alternative to IPCW methods is a g-formula-based estimator, which can be estimated 
using two different principles. First representation of the g-formula is an iterated 
conditional expectation, and targeted maximum likelihood estimation can be applied, 
which was first introduced by Bang and Robins [9]. Their method uses the weight of the 
IPCW method and regression models for the outcome process. It can produce doubly 
robust estimates, meaning that the estimator is consistent if either the regression model 
for the hazard of censoring or a regression model for the outcome process is correctly 
specified, but necessarily both [10–12]. However, only a few researchers have applied 
this method. One of the reasons may be that they are unintuitive because it requires 
recursive regression models for an iterated conditional expectation; first, we regressed 
the outcomes measured at t = K on the covariates measured up to t = K - 1, second, we 
regressed the predicted outcome on the covariates measured up to t = K - 2, and we 
continue these procedures until t = 1. The second representation of the g-formula is the 
generalized version of standardization [1, 2], and the parametric g-formula estimator (g-
computation algorithm formula) can be applied. The parametric g-formula estimator 
requires models for the outcome and covariate process [13]. It can be regarded as a 
sequential, non-recursive imputation-based methodology [14, 15], so it is intuitive for 
applied researchers. It is flexible because it can easily compare dynamic treatment 
regimens [16]. However, it requires a specification of full-model likelihood, and 
robustness regarding model correctness can be a concern. A doubly robust estimator for 
the parametric g-formula estimator, involving the time-varying covariates, has not been 
proposed. 
 
All the different censoring were treated the same (p 7 l 114: “we collectively treated 
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them as censoring before the end of the follow-up period.”). So in your analysis, you 
treated all the censoring events were analysed in the same way, but is it a reasonable 
assumption? what is the impact of this? It would be interesting if the authors could 
comment on that in the results section or in the discussion. 

We thank the reviewer for the comment. We have added discussions regarding this 
point (Lines 465–478).  
 
Changes:  
There are several reasons for censoring in the MEGA study, as shown in Table 1. We 
treated refusal of follow-up, death by causes other than CHD, and loss to follow-up as 
reasons for censoring in the censoring model. Three estimators, including our proposed 
estimator, assessed the hypothetical survival function when there was no censoring. It 
may be meaningful to consider whether a survival function can be obtained if refusal to 
follow-up and loss to follow-up did not occur. When we separately accounted for the 
two reasons for dropouts, the survival curve was similar to the one using the Kaplan–
Meier method [28]. However, death by causes other than CHD needs additional 
consideration, because it is difficult to cease such competing risks for CHD without 
lowering the risk of CHD. Therefore, if there was no death by causes other than CHD, 
the survival function would be slightly lower than we estimated. Because in the MEGA 
study the proportion of censoring due to death by causes other than CHD was less than 
1.5%, we believe the estimated survival functions are close to the true survival function, 
which would be obtained if these censorings had not occurred. 
 
p 8, l 130: “measured data”: observed data? 

We thank the reviewer for the comment. We have corrected it (Line 145). 
 
Before: However, measured data contains censoring, as in the MEGA study. 
 
Changes: However, observed data contains censoring, as in the MEGA study. 
 
p 8, l 133: I guess that the “standardisation approach” refers to g-computation. Maybe 
worth specifying? 

We thank the reviewer for the comment. The “standardization approach” in the 
manuscript is a similar conceptualization for a “g-formula that adjusts for baseline 
covariates,” and we used “g-formula” as the synonym for “g-computation.” We have 
added it, as advised (Lines 148–149). 
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Before:  
The standardization approach assumes baseline-conditional independent censoring… 
 
Changes:  
The standardization approach, or the g-formula that adjusts for baseline covariates, 
assumes baseline-conditional independent censoring… 
 
p 9, l 141: I don’t understand equation 2: the left hand side is a conditional probability, 
and it’s conditioning on the future (YT )... and the explanations given later do not really 
clarify this. Please elaborate. Moreover on line 147, I was expecting “does not further 
depend no unmeasured confounders” rather than “does not further depend on possibly 
unobserved CHD events after time t”. 

We thank the reviewer for this comment. We have added explanation for equation (2) 
and we changed the expression (Lines 159–167). There are several possibilities to 
express the conditional independence of the censoring assumption, but a similar 
expression to equation (2) is used in reference [7], which first proposed the IPCW 
Kaplan–Meier estimator; therefore, we have expressed the assumption in this manner. 

Regarding the left hand side of equation (2), we here want to explain it in a simple 
setting. If we let L, C, and Y represent for observed covariates, censoring, and outcome 
that may be censored, the observed data is (L, C, (1 - C)Y). We can express the 
conditionally independent censoring assumption as  

C ⫫ Y | L 
or, interchangeably, 

Pr(C = 1 | L, Y) = Pr(C = 1 | L). 
The second expression of the assumption indicates that censoring does not “depend 

on possibly unobserved CHD events after time t.” 
 

Before:  
The conditionally independence of censoring assumption…, the hazard of censoring at 
time t does not further depend on possibly unobserved CHD events after time t. 
 
Changes:  
The conditional independence of censoring assumption, equation (2), states that for t = 
1, 2, … T, the variables (Yt, …, YT) is independent of Ct, in other words, the distribution 
of (Yt, …, YT) is the same between Ct = 1 and Ct = 0 among subjects who had a similar 
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history of the covariates. The conditionally independence of censoring assumption is 
also referred to as no unmeasured confounders for the censoring assumption [7], which 
states that conditional on the treatment groups, baseline covariates, and the time-varying 
covariates measured until time t - 1, the hazard of censoring at time t does not further 
depend on unmeasured confounders for censoring and unobserved CHD. 

 
p 10, l 160: at the first time t=1, a logistic model is fitted with the indicator of censoring 
as the outcome. If no censoring is observed, the model can’t be fitted (you need some 0s 
AND 1s), and this probability is therefore 1. Am I correct? If I’m correct, maybe this 
could be specified to make this clear. 

We thank the reviewer for the comment. We added information about this, as the 
reviewer commented (Lines 183–184). 

 
Change: If no censoring is observed at t = 1, we set 𝑒(𝑉𝑖, 𝐿𝑖0; 𝛼̂) = 1; therefore, the 
IPCW estimator equals to the empirical risk. 
 
p 10, l 166: what does mean “After fitting the model in C1 = 0”? 
We thank the reviewer for the correction. We have clarified it (Lines 187–188). 
 
Before: After fitting the model in C1 = 0,  
 
Changes: After fitting the model for the subjects not censored at t = 1 (subjects with C1 
= 0), 
 
p 11, l 173: formula (3) is central to the paper. As such it really needs to be more 
explained and detailed. First, could the authors give some intuition behind it? And 
decomposing the contribution of censored patients or patients with an event could be 
interesting and help readers understand. What are the contribution of each term? It 
needs to be better explained. 
We thank the reviewer for the comment. We have clarified it (Lines 196–206). 
 
Changes:  
The contributions of censored patients or patients with an event are different; for 
censored patients, their contribution is 𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ like the g-formula estimator, and 
for patients with an event, their contribution is 𝑌𝑖1 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ −
{1 − 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)}𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ . The doubly robust estimator is consistent if 
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either the model e(V, L0; α) or p(V, L0; β) is correctly specified [9, 17–19]. Intuitively, 
when the model for censoring is correctly specified, the term (1 − 𝐶𝑖1) − 𝑒(𝑉𝑖, 𝐿𝑖1; �̂�) 
should be zero, so (3) reduces to the IPCW estimator and is, therefore, consistent. Inside 
the summation can be expressed as (1 − 𝐶𝑖1){𝑌𝑖1 − 𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂} 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ +
𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂, and when the model for an event is correctly specified, the term 𝑌𝑖1 −
𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ should be zero, so (3) reduces to the g-formula estimator and is, therefore, 
consistent. 
 
p 11, l 185, formula (4): In the conditional probability, conditioning on Ct−1 and Yt−1 
defines the group on which the model is applied, am I correct? and for the time-
dependent covariate, you assume that only the value at t 1 affects the probability of 
being uncensored, right? Is it reasonable? can it be extended? 
As the reviewer recognized, in equation (4), conditioning on Ct−1 and Yt−1 defines the 
group on which the model is applied. For the time-varying covariate, we assumed that 
only the value at t - 1 affects the probability of being uncensored in the right-hand side 
of (4). Inclusion of L0, …, Lt-2 for the model is of course possible, but in some cases it 
may cause multicollinearity due to the correlation between L0, …, Lt-1 . We have added 
this point (Lines 228–230). 
 
Changes: In the model, it is possible to include L0, …, Lt - 2, but in some cases, it may 
cause multicollinearity due to the correlation between L0, …, Lt - 1. 
 
p 11, l 188: on the following formula, the product is over j (from 1 to t) but no 
superscript j is on the right hand side of the equation. Please correct. 

We thank the reviewer for the comment. We have corrected this point (Line 233). 
 

Before: 𝜋𝑡(�̂�) = ∏ Pr(𝐶𝑡 = 0|𝐶�̅�−1 = 0, 𝑌�̅�−1 = 0, 𝑉 , �̅�𝑡−1; �̂�)𝑡
𝑗=1 , 

Change: 𝜋𝑡(�̂�) = ∏ Pr(𝐶𝑗 = 0|𝐶�̅�−1 = 0, 𝑌�̅�−1 = 0, 𝑉 , �̅�𝑗−1; �̂�)𝑡
𝑗=1 , 

 
p 11, l 190: you mention here the consistency of the IPCW Kaplan-Meier estimator, but 
it has not be detailed in equation. We have the estimator of the hazard, but no estimator 
of survival so far. What am I missing here? 

We have added this point, as advised (Line 235). 
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Change: Finally, the risk at t can be obtained as 1 − ∏ {1 −𝑡
𝑗=1

𝑃�̂�(𝑌𝑗 = 1|𝑌�̅�−1 = 0)}. 

 
p 12, l 205: In the right part of the equation within the curly brackets, should not be 1 − 
Pr(Yj = 1 | . . .)? 
We thank the reviewer for the comment. We have corrected this point (Lines 250–251). 
 
Before: 𝑚𝑡(𝛽,̂ 𝛾̂) =
Pr(𝑌𝑡 = 1|𝑌�̅�−1 = 0, 𝑉 , �̅�𝑡−1; 𝛽,̂ 𝛾̂) ∏ {1 − Pr(𝑌𝑗 = 0|𝑌�̅�−1 = 0, 𝑉 , �̅�𝑗−1; 𝛽,̂ 𝛾̂)}𝑡−1

𝑗=1 . 

 
Change: 𝑚𝑡(𝛽,̂ 𝛾̂) =
Pr(𝑌𝑡 = 1|𝑌�̅�−1 = 0, 𝑉 , �̅�𝑡−1; 𝛽,̂ 𝛾̂) ∏ {1 − Pr(𝑌𝑗 = 1|𝑌�̅�−1 = 0, 𝑉 , �̅�𝑗−1; 𝛽,̂ 𝛾̂)}𝑡−1

𝑗=1  

 
p 13, l 212: again some intuition here would be helpful. 

We thank the reviewer for the correction. We have added some information (Lines 
262–269). 
 
Change:  
The contributions of patients censored by t or patients with an event at t are different; 

for censored patients, their contribution is Pr(𝑌𝑡 = 1|𝑌�̅�−1 = 0, 𝑉 , �̅�𝑡−1; 𝛽,̂ 𝛾̂). For 

patients with an event, their contribution of an event is weighted by the inverse of 

probability uncensored until t. Finally, the risk at t is obtained as 1 − ∏ {1 −𝑡
𝑗=1

𝑃�̂�(𝑌𝑗 = 1|𝑌�̅�−1 = 0)}. The weights and predicted event probabilities are similar to the 

ones used in the IPCW Kaplan–Meier estimator and the parametric g-formula estimator, 
but we need to calculate the function (7) and risk at t. 
 
p 15, l 250: should it read U(t−1) rather than U (t − 1) 

We thank the reviewer for the comment. We have corrected this point (Lines 329–
330). 
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Before: 

logit Pr(𝐶𝑡 = 1|𝐶�̅�−1 = 0, 𝑇 > 𝑡, 𝑉 , �̅�𝑡−1, 𝑅) = −4 + 𝑡 + 1.5𝑉 + 1.2𝑈(𝑡 − 1) + 1.2(1 −

𝑅). 

 
Change:  

logit Pr(𝐶𝑡 = 1|𝐶�̅�−1 = 0, 𝑇 > 𝑡, 𝑉 , �̅�𝑡−1, 𝑅) = 𝛼0 + 𝑡 + 1.5𝑉 + 1.2𝑈𝑡−1 + 𝛼𝑅(1 − 𝑅). 

 
 
p 15, l 258: The authors used “20,000,000 simulated patients to calculate the true 
value”. Using which method? Would not be better to obtain the true value algebraically? 

To obtain the true value algebraically, we need to obtain the cumulative distribution 
function (cdf) of a multivariate normal (trinormal) distribution. Generally, there is no 
close form for cdf in this case, and they are estimated numerically using algorithms. 
Therefore, we chose to numerically obtain the true value of survival distribution 
(instead of the cdf) directly. We added how we estimated true value (Lines 337–338). 
 
Before: We used 20,000,000 simulated patients to calculate the true value. 
 
Change:  
We created 20,000,000 simulated patients without censoring to calculate the true value 
of survival probability using their empirical distribution. 
 
p 16, l 266: Why the coverage probability has not been included as a measure of the 
performance of each method? 

In the study, the properties of our proposed estimator are double robustness and 
efficiency compared with the IPCW Kaplan–Meier estimator. We considered that bias 
and relative efficiency were enough to show the properties. In this study we were unable 
to derive the asymptotic variance; therefore, we used the bootstrap variance estimator as 
an alternative. However, we checked the coverage probabilities using the bootstrap 
method with the correctly specified models, and they were close to the nominal level of 
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95% (please see the table below). We added summary results (Lines 371–373). 
Table. Coverage probabilities of the proposed estimator 
 t = 3 t = 5 

Scenario control test control test 
1 96.2% 95.0% 96.0% 97.0% 
2 96.2% 95.6% 95.6% 95.4% 
3 95.6% 94.8% 94.4% 95.4% 

 
Changes: 
The coverage probability of the proposed estimator using the bootstrap method with the 
correctly specified models was close to the nominal level of 95%. 
 
p 16, l 280: “The efficiency recovery was greater when estimating the risk in the control 
treatment group”. why is that? could the authors comment on this please? 

Thank you for this comment. As the reviewer advised, we conducted simulations 
with more scenarios, and the simulation results was thoroughly revised. In the new 
results, the efficiency recovery seemed to be affected by the censoring probabilities 
(comparing between the scenarios) and number of time points (comparing t = 3 and t = 
5), and provided detail interpretation (Lines 365–377). 
 
Before:  
When comparing Monte Carlo standard deviations among these estimators, the 
parametric g-formula estimator was the most efficient. Our proposed estimator showed 
efficiency recovery from the IPCW Kaplan–Meier estimator. The efficiency recovery 
was greater when estimating the risk in the control treatment group. 
 
Changes:  
Regarding the relative efficiency using the IPCW Kaplan–Meier estimator as the 
reference, both the parametric g-formula estimator and our proposed estimator were 
more efficient at t = 3 than the reference in scenarios 1 and 2. The parametric g-formula 
estimator was more efficient than the reference even at t = 5. However, our proposed 
estimator had a similar standard error to the reference. In scenario 3, where the 
censoring probability was the lowest among the scenarios, our proposed estimator had a 
similar standard error as the reference at both t = 3 and 5. The coverage probability of 
the proposed estimator using the bootstrap method with the correctly specified models 
was close to the nominal level of 95%. In summary, the efficiency recovery of our 
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proposed estimator may be affected by the censoring probabilities (comparing between 
the scenarios) and the number of time points (comparing t = 3 and t = 5). When the 
censoring probability is high but the number of time points is less than five, our 
proposed estimator might be more efficient than the IPCW Kaplan–Meier estimator. 
 
p 17, l 290: How frequently the variable TC is measured ? Does this frequency have an 
effect on the method and thus the estimates? 
After randomization, laboratory tests were conducted at months 1, 3, and 6, and 
annually thereafter. We added this information in Method (Lines 125–126). The 
frequency should have the accurateness of Lt. If closely monitored, the Lt should be 
accurate. On the other hand, if coarsely monitored, the “last observation carried 
forward” method might make the estimate biased, especially when the observed Lt is an 
outlier compared with other data. However, in the MEGA study, the distribution of total 
cholesterol can be reasonably approximated by the normal distribution without outliers, 
as shown below. Therefore, we consider that the effect of the frequency is minimal, if 
any. 

 
 
Change:  
After randomization, laboratory tests were conducted at months 1, 3, and 6, and 
annually thereafter. 
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p 17, l 297-299: you comment only on the baseline covariate? what about the impact of 
the time-varying covariate (which is the key point of your method)? 

We thank the reviewer for this comment. We considered time-varying TC was 
important for event and censoring probability, but unexpectedly, time-varying total 
cholesterol hardly affected the event or censoring after adjustment for important 
baseline covariates, as shown in Additional file 1, Appendix C and D. Therefore, in the 
MEGA study, baseline-conditional independence assumption was plausible rather than 
conditional independence assumption, which incorporates time-varying covariates. We 
have added in the analysis of the MEGA study (Lines 396–399) and Discussion (Lines 
489–492). 
 
Changes:  
(Lines 396–399) 
Unexpectedly, time-varying TC hardly affected the event or censoring after adjusted for 
these important baseline covariates (Additional file 1, Appendix C and D); therefore, 
baseline-conditional independence assumption rather than conditional independence 
assumption might be plausible in the MEGA study. 
 
(Lines 489–492) 
We considered time-varying TC was important for event and censoring probability, but 
the hazard ratio was close to 1; therefore, the impact of dependent censoring was very 
mild. In the future, we need to apply our estimator to data with censoring dependent on 
time-varying factors. 
 
p 19, l 317: results displayed in table 3 are quite similar. How would you interpret this? 
Does it mean that the impact of dependent censoring is very mild (if at all)? Some 
comments would be useful. 

We thank the reviewer for this comment. We have added details, as advised (Lines 
404–411). 
 
Changes:  
This may be due to the small impact of dependent censoring in the MEGA study and 
correctness of model specification for censoring and events. Because the ordinal 
Kaplan–Meier estimator showed similar results as the other three estimators that adjust 
for the possible dependent censoring, the impact of dependent censoring must be very 
mild. If the censoring model or event model was mis-specified, the results from the 
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other three estimators might be more different. Therefore, the results from the three 
estimators may indicate that the postulated models were nearly correctly specified. 
 
p 20, l 334: “we are able to approximate the true regression function”: I would rather 
say “we are in a better position to approximate the true regression function”. 

We thank the reviewer for this comment. We have corrected this point, as advised 
(Lines 429–432). 
 
Before:  
Because risk factors …, we are able to approximate the true regression function. 
 
Changes:  
Because risk factors for the endpoints are often identified before the beginning of the 
RCT, by measuring them longitudinally at as many time points as possible and by using 
them when constructing the models, we are in a better position to approximate the true 
regression function. 
 
p 20, l 345: conditional probabilities of censoring 

We thank the reviewer for this comment. We have corrected it (Line 481). 
 
Before: The positivity assumption will be satisfied unless the conditional probabilities 
or censoring are zero for all patients at t = 1,…, T. 
 
Changes: The positivity assumption will be satisfied unless the conditional probabilities 
of censoring are zero for all patients at t = 1,…, T. 
 
A lot of references are missing a journal name. 

We thank the reviewer for this comment. We have corrected them, along with adding 
some references. 
 
 
======================= 
 
We thank the reviewer for evaluating our manuscript. The following text describes how 
we have addressed each criticism made by the reviewer. 
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Reviewer 2: PEER REVIEWER ASSESSMENTS: 
 
OBJECTIVE - Full research articles: is there a clear objective that addresses a testable 
research question(s) (brief or other article types: is there a clear objective)? 
Yes - there is a clear objective 
 
DESIGN - Is the current approach (including controls and analysis protocols) 
appropriate for the objective? 
No - there are minor issues 
 
EXECUTION - Are the experiments and analyses performed with technical rigor to 
allow confidence in the results? 
No - there are minor issues 
 
STATISTICS - Is the use of statistics in the manuscript appropriate? 
No - there are issues with the statistics in the study 
 
INTERPRETATION - Is the current interpretation/discussion of the results reasonable 
and not overstated? 
Yes - the author's interpretation is reasonable 
 
OVERALL MANUSCRIPT POTENTIAL - Is the current version of this work 
technically sound? If not, can revisions be made to make the work technically sound? 
Probably - with minor revisions 
 
PEER REVIEWER COMMENTS: 
 
GENERAL COMMENTS: 
Thanks for asking me to review this manuscript. The IPCW is a method developed to 
reduce the bias caused by treatment change and the weights estimated to reduce the bias 
are usually based on a logistic regression model. Likewise, the g-formula estimator. 
However, the authors were able to establish consistence in the existing method of IPCW 
and g-formula estimators through the simulation and data application, but the proposed 
estimator is not analytically sufficient and inconsistent. 

We thank the reviewer for these helpful comments. Our proposed estimator cannot 
correct the selection bias if both the IPCW and g-formula were biased, in other words, 
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the proposed estimator is not consistent only when both the censoring model and event 
model are incorrect. The main property of our proposed estimator is that it is doubly 
robust, i.e. unbiased if one of the censoring OR event models is correct. This doubly 
robust property is important, because we have double the chance to obtain an unbiased 
estimate. We have clarified this point (especially in methods and simulation studies) in 
the revised manuscript. 
 
Changes:  
(Lines 196–206)  
The contributions of censored patients or patients with an event are different; for 
censored patients, their contribution is 𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ like the g-formula estimator, and 
for patients with an event, their contribution is 𝑌𝑖1 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ −
{1 − 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)}𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ . The doubly robust estimator is consistent if 
either the model e(V, L0; α) or p(V, L0; β) is correctly specified [9, 17–19]. Intuitively, 
when the model for censoring is correctly specified, the term (1 − 𝐶𝑖1) − 𝑒(𝑉𝑖, 𝐿𝑖1; �̂�) 
should be zero, so (3) reduces to the IPCW estimator and is, therefore, consistent. Inside 
the summation can be expressed as (1 − 𝐶𝑖1){𝑌𝑖1 − 𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂} 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ +
𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂, and when the model for an event is correctly specified, the term 𝑌𝑖1 −
𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ should be zero, so (3) reduces to the g-formula estimator and is, therefore, 
consistent. 
 
(Lines 351–364) 
In Table 2, if the bias exceeded half of the standard error of the estimates, the printed 
bias is show in bold. In scenario 1, the bias for each group at t = 5 was seen for the 
IPCW Kaplan–Meier estimator when the censoring model is incorrect, for the 
parametric g-formula estimator when one of the event model or covariate model is 
incorrect. However, our proposed estimator is unbiased for at least one of the censoring 
model or event model is correctly specified. This result reflected the double robustness 
of our proposed estimator; when the censoring model or set of event and covariate 
models are correct, the estimate is unbiased. 
 
REQUESTED REVISIONS: 
1. The key components in the IPCW technique are the estimated weights that can be 
introduced in the Cox regression model to diminish the bias. But, what are these 
weights and how are they estimated in your proposed estimator? 

We have explained that the weights and predicted event probabilities are determined 
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the same way as the IPCW Kaplan–Meier estimator and the parametric g-formula 
estimator, but we need to calculate the function (7) and risk at t. We have added details, 
as advised (Lines 262–268). 
 
Changes:  
The contributions of patients censored by t or patients with an event at t are different; 

for censored patients, their contribution is Pr(𝑌𝑡 = 1|𝑌�̅�−1 = 0, 𝑉 , �̅�𝑡−1; 𝛽,̂ 𝛾̂). For 

patients with an event, their contribution of an event is weighted by the inverse of 

probability uncensored until t. Finally, the risk at t is obtained as 1 − ∏ {1 −𝑡
𝑗=1

𝑃�̂�(𝑌𝑗 = 1|𝑌�̅�−1 = 0)}. The weights and predicted event probabilities are similar to the 

ones used in the IPCW Kaplan–Meier estimator and the parametric g-formula estimator, 
but we need to calculate the function (7) and risk at t. 
 
2. It is impressive to know that authors extended the data by pooling to improve 
correction in their method. 

We thank the reviewer for this comment. Extending the existing estimators for more 
complex data with t > 1 and incorporation of a time-varying covariate are the novel points. 
We have added this, as advised (Lines 422–424). 
 
Changes: 
The novelty of our proposed estimator is as an extension of the existing estimator [9, 
19] for more complex data with t > 1 and time-varying covariates. 
 
3. In equation 3, I have seen that your method corrects for dependent censoring in right 
censored data by giving extra weight to subjects who are not censored. Can it be used 
for interval or left censored data? 

We thank the reviewer for the comment. We have added it in the discussion (Lines 
458–464). 
 
Changes: 
All the estimators in this study can be applied to right-censored data. We consider that 
our proposed estimator cannot be applied to the data with interval or left-censored data 
in its current form. With those censoring, we know that an event has occurred only 
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before a specific time. In this situation, how to predict event probability and how to 
weight uncensored subjects are not obvious. Note that the MEGA study corrects exact 
event time, so we consider that interval censoring or left censoring is absent in the real 
data. 
 
4. In equation 7, there are no weights that the hazard function in the absence of 
censoring can be estimated. 

If there was no censoring, the weights equal 1 for all patients. This does not change 
equation (7), but we added some notes in Methods (Lines 183–184). 
 
Changes:  
If no censoring is observed at t = 1, we set 𝑒(𝑉𝑖, 𝐿𝑖0; 𝛼̂) = 1; therefore, the IPCW 
estimator equals the empirical risk. 
 
5. I suggest that the authors should establish and assess the direct dependence between 
the event and the censoring times. 

To assess the direct dependence between the event and the censoring times, we 
generated n = 2,000,000 datasets and obtained potential survival time distribution 
between censored and uncensored subjects. We show below the distribution among R = 
0.  
  Potential survival time since the time point 

  P5 P25 
P50 

(Median) 
P75 P95 

t = 1       

 Uncensored 1.33 8.38 24.06 62.62 197.85 
 Censored 0.85 5.12 14.05 33.06 111.96 

t = 2       

 Uncensored 1.20 7.61 22.15 58.37 190.34 

 Censored 0.70 4.31 11.80 29.28 101.07 

t = 3       

 Uncensored 1.12 7.11 21.02 55.38 184.79 

 Censored 0.64 3.77 10.36 26.31 90.58 

t = 4       
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 Uncensored 1.08 6.81 20.09 53.28 180.14 

 Censored 0.59 3.48 9.40 24.02 84.47 

In the table, P5 is the 5-percentile of the survival distribution, and similarly for the other 
percentiles. As shown from these tables, censored subjects have shorter potential 
survival than uncensored subjects. We have added this table in the additional file 
appendix B, as guided in the main text (Lines 331–332). 
 
Changes:  
The direct dependence between the event and the censoring time is shown in additional 
file 1 (Appendix B). 
 
6. What if the expectation concerning the censoring mechanism is informative 
censoring? 

In this paper, we assumed that censoring and event time are independent conditional 
on observed covariates including time-varying ones. However, in the situation that 
censoring and event time are not independent even if we condition on time-varying 
covariates, our proposed estimator and other existing estimators cannot correct for 
selection bias. We have added this in the Discussion (Lines 443–447). 
 
Changes:  
Our estimator relies on the assumption that censoring and event time are independent 
conditional on observed covariates including time-varying ones. However, in a situation 
that censoring and event time are not independent even if we condition on time-varying 
covariates, our proposed estimator and other existing estimators cannot correct for 
selection bias. 
 
7. I suggest that the authors should also consider the assumption of exchangeability and 
correct model specification. 

We thank the reviewer for the comment. We have added this in the discussion (Lines 
447–457). 
 
Changes:  
We also need the assumption of correct model specification. We need to incorporate the 
covariates that affect both event and censoring probabilities, and moreover, we need to 
specify the model form that approximates the true regression function. 
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In this study, we considered the estimation of a survival function in a specific group. If 
we compare two or more survival functions that may be observed with different 
interventions, we also need an additional exchangeability assumption (or the no-
unmeasured confounders assumption) between the intervention groups [27]. In the 
simulations and data analysis, the exchangeability assumption is satisfied at baseline 
owing to the randomized design. In a future study, it will be interesting to extend our 
estimator into the observational study setting [24, 25]. 
 
8. I suggest that the authors should show the full likelihood of the estimate. 

Our proposed estimator first needs to fit the censoring, event, and covariate models as 
equations (4), (5), and (6). Here, the maximum likelihood estimation for logistic models 
and linear models is used. However, to obtain our final estimate, we did not use a 
likelihood function, rather we needed to calculate functions in equation (7). We added 
the likelihood in the additional file 1 Appendix A, and calculation step in Method 
section (Lines 266–268). 
 
Changes:  
(Appendix A) 
Our proposed estimator first needs to fit censoring, event, and covariate models as 
equations (4), (5), and (6). Here, the maximum likelihood estimation for logistic models 
and linear models is used. For example, the likelihood for model (4) is 

∏ [∏ exp(𝛼0𝑘 + 𝛼1𝑉𝑖 + 𝛼2𝐿𝑖.𝑘−1)𝑘: 𝑡𝑖𝑚𝑖𝑛𝑔 𝑜𝑓  𝑐𝑒𝑛𝑠𝑜𝑟𝑖𝑛𝑔
−1 ∏ (1 + exp{−(𝛼0𝑗 +𝑗:𝑎𝑡 𝑅𝑖𝑠𝑘

𝑛
𝑖=1

𝛼1𝑉𝑖 + 𝛼2𝐿𝑖,𝑗−1)})] . 
 
(Lines 266–268) 
The weights and predicted event probabilities are similar to the ones used in the IPCW 
Kaplan–Meier estimator and the parametric g-formula estimator, but we need to 
calculate the function (7) and risk at t. 
 
9. Line 274-276: Simulation results, the authors failed to establish if their proposed 
estimator is also unbiased under the same condition with other estimators. 
10. What is the meaning of the statement in line 276-277? 
Thank you for comments 9 and 10. In the revised manuscript, we carefully explained 
the simulation result. Our proposed method is unbiased when (1) the censoring model 
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was correctly specified (in Table 2, censoring = correct) or (2) the event and covariate 
models were correctly specified (in Table 2, event = correct AND covariate = correct). 
The IPCW estimator is unbiased only when (1) holds, and the parametric g-formula 
estimator is unbiased only when (2) holds, but our proposed estimator was unbiased 
whether (1) or (2) holds. This doubly robust property is important, because we have 
double the chance to be unbiased. We have explained this in more detail in the results of 
the simulation study (Lines 351–358). 
 
Changes:  
In Table 2, if the bias exceeded half of the standard error of the estimates, the printed 
bias is shown in bold. In scenario 1, the bias for each group at t = 5 was seen for the 
IPCW Kaplan–Meier estimator when the censoring model is incorrect, for the 
parametric g-formula estimator when one of the event model or covariate model is 
incorrect. However, our proposed estimator is unbiased for at least one of the censoring 
model or event model is correctly specified. This result reflected the double robustness 
of our proposed estimator; when the censoring model or set of event and covariate 
models are correct, the estimate is unbiased. 
 
11. Line 276-277: To solve the bias estimate in both IPCW and g-formula, how did the 
authors account for the correction of selection bias? 

Our proposed estimator cannot correct the selection bias if both the IPCW and g-
formula were biased. Our proposed method is unbiased under the condition that (1) the 
IPCW estimator is unbiased or (2) the g-formula estimator is unbiased. This was 
intuitively explained in the revised manuscript Note that we considered estimation of 
treatment-specific risk rather than comparing them between treatment groups. However, 
our method could be extended to compare the risks between treatment groups in 
observational studies. We have added explanation in the Methods (Lines 196–206) and 
Discussion (Lines 451–457). 
 
Changes:  
(Lines 196–206) 
The contributions of censored patients or patients with an event are different; for 
censored patients, their contribution is 𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ like the g-formula estimator, and 
for patients with an event, their contribution is 𝑌𝑖1 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ −
{1 − 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)}𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ . The doubly robust estimator is consistent if 
either the model e(V, L0; α) or p(V, L0; β) is correctly specified [9, 17–19]. Intuitively, 
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when the model for censoring is correctly specified, the term (1 − 𝐶𝑖1) − 𝑒(𝑉𝑖, 𝐿𝑖1; �̂�) 
should be zero, so (3) reduces to the IPCW estimator and is, therefore, consistent. Inside 
the summation can be expressed as (1 − 𝐶𝑖1){𝑌𝑖1 − 𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂} 𝑒(𝑉𝑖, 𝐿𝑖0; �̂�)⁄ +
𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂, and when the model for an event is correctly specified, the term 𝑌𝑖1 −
𝑝(𝑉𝑖, 𝐿𝑖0; 𝛽)̂ should be zero, so (3) reduces to the g-formula estimator and is, therefore, 
consistent. 
 
(Lines 451–457) 
In this study, we considered the estimation of a survival function in a specific group. If 
we compare two or more survival functions that may be observed with different 
interventions, we also need an additional exchangeability assumption (or the no-
unmeasured confounders assumption) between the intervention groups [27]. In the 
simulations and data analysis, the exchangeability assumption is satisfied at baseline 
owing to the randomized design. In a future study, it will be interesting to extend our 
estimator into the observational study setting [24, 25]. 
 
12. The simulation result shows that the proposed estimator is not better than the other 
estimators (Table 2). 

The simulation result shows the proposed estimator has double robustness and this 
was the main point of our proposal. We clarified the point in the revised manuscript, as 
we responded to the comments 9 and 10. It may be pointed out that our estimator is not 
efficient as g-formula estimator. However, this was expected, because the asymptotic 
variance of the classical doubly robust estimator is no smaller than that of the g-formula 
estimator (reference 26). We have added the last point in the discussion (Lines 439–
442). 
 
Changes:  
In the simulation study and analysis of the MEGA study, the parametric g-formula 
estimator outperformed regarding efficiency. This phenomenon was expected because 
the asymptotic variance of the classical doubly robust estimator is no smaller than that 
of the g-formula estimator [26]. 
 
13. Line 305-309: Poor interpretation. I suggest that the authors should be more specific 
and state if g-formula is better than others. 
We thank the reviewer for the comment. We have stated the result clearly (Lines 411–
413). 
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Before:  
The estimated confidence interval of the parametric g-formula estimator was similar or 
narrower than that of the IPCW Kaplan–Meier estimator and our proposed estimator.  
 
Changes:  
The estimated confidence interval of the parametric g-formula estimator was narrower 
than the other estimators. 
 
14. From both the simulation and data application results, I could see that the proposed 
estimator is not in any way better in statistical robustness estimation than the other 
existing estimators. 

Although the results from Table 3 were similar for all estimators, the simulation 
results showed the double robustness of our estimator. Moreover, it may be more 
efficient than IPCW estimator (and less efficient than g-formula estimator, but this as 
expected, as we have added to the discussion (Lines 439–442)). We have thoroughly 
revised the simulation results (Lines 351–377). 
 
Changes:  
(Lines 351–377) 
In Table 2, if the bias exceeded half of the standard error of the estimates, the printed 
bias is show in bold. In scenario 1, the bias for each group at t = 5 was seen for the 
IPCW Kaplan–Meier estimator when the censoring model is incorrect, for the 
parametric g-formula estimator when one of the event model or covariate model is 
incorrect. However, our proposed estimator is unbiased for at least one of the censoring 
model or event model is correctly specified. This result reflected the double robustness 
of our proposed estimator; when the censoring model or set of event and covariate 
models are correct, the estimate is unbiased. Unexpectedly, our proposed estimator is 
less biased than the parametric g-formula estimator, even when the covariate model was 
incorrect. We consider that this property is only in this simulation because if the 
covariate model is incorrect, the estimated event probability is also incorrect for true 
probability. At t = 3, the parametric g-formula estimator showed less bias for the test 
treatment group even when the event model is incorrect. Regarding the bias, similar 
results can be seen in the other two scenarios. 
Regarding the relative efficiency using the IPCW Kaplan–Meier estimator as the 
reference, both the parametric g-formula estimator and our proposed estimator were 
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more efficient at t = 3 than the reference in scenarios 1 and 2. The parametric g-formula 
estimator was more efficient than the reference even at t = 5. However, our proposed 
estimator had a similar standard error to the reference. In scenario 3, where the 
censoring probability was the lowest among the scenarios, our proposed estimator had a 
similar standard error as the reference at both t = 3 and 5. The coverage probability of 
the proposed estimator using the bootstrap method with the correctly specified models 
was close to the nominal level of 95%. In summary, the efficiency recovery of our 
proposed estimator may be affected by the censoring probabilities (comparing between 
the scenarios) and the number of time points (comparing t = 3 and t = 5). When the 
censoring probability is high but the number of time points is less than five, our 
proposed estimator might be more efficient than the IPCW Kaplan–Meier estimator. 
 
(Lines 439–442) 
In the simulation study and analysis of the MEGA study, the parametric g-formula 
estimator outperformed regarding efficiency. This phenomenon was expected because 
the asymptotic variance of the classical doubly robust estimator is no smaller than that 
of the g-formula estimator [26]. 
 


