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           6th April 2018 

Qualification procedure: EMEA/H/SAB/090/1/2018 
 

Reply to         
 ‘Treatment effect measures when using  

recurrent event endpoints – Qualification  
Opinion List of Issues regarding provided  
simulation exercises’  

Introduction 
This preliminary response document addresses the questions raised by the Scientific Advice Working Party 

(SAWP) on March 21st 2018 in the context of the Qualification procedure EMEA/H/SAB/090/1/2018 for the 

qualification opinion on “Clinically interpretable treatment effect measures based on recurrent event endpoints 

that allow for efficient statistical analyses” and is been submitted in preparation of the clarification TC to be 

held on 10 April 2018. 

Please note that whenever we refer to the original request document we mean the document submitted on 1 

February 2018. 

Moreover, the following abbreviations are used in this document in line with the original request document:  

 CV   cardiovascular; 

 HHF   hospitalizations for heart failure; 

 𝐻𝑅𝐶𝑉  hazard ratio for CV death; 

 𝑅𝑅𝐻𝐻𝐹   rate ratio for recurrent HHF. 
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Section 1 – For the simulations of scenarios with no terminal event 
 

 

Reply:  We agree that simulations using 1-sided tests at the 2.5% level may provide additional information. We 

present Table 7 using 1-sided tests at the 2.5% level while focusing on smaller sample sizes (n = 50, 75 and 125 

per group); see Table 7A below. Table 7A shows that the 1-sided type I error inflation for smaller sample sizes 

(n=50) is not as pronounced as for 2-sided tests, and that the 1-sided type I error is well controlled at n≥75 

per arm. We expect the results to be similar in spirit for other scenarios. Would you thus agree that Table 7A is 

providing sufficient insights to the similarities of the findings based on 1-sided and 2-sided tests?  

Table 7A: Mean treatment effects estimates (geometric mean) and Type I error rates (1-sided tests, nominal 

significance level 𝛼 = 0.025) under four scenarios, with treatment effect size RR = 1, baseline recurrent 

event rate 𝜆0 = 0.5, and dispersion parameter θ = 0.25. 

 

We also agree that the log-rank test is often the method used for the initial significance test in time-to-first-

event analyses. The log-rank test is identical to the score test of the Cox regression and very similar to the 

Wald test used in Table 7 (as no covariates are included); see for example Andersen et al (1993), page 487. 

Thus we believe that the results shown in Table 7 (and elsewhere in the original request document) are 

representative for the findings to be expected based on the log-rank test.  

 

Question 1.1:  

For the simulations of type I error, please provide the tables using 1-sided tests at the 2.5% level rather 

than 2-sided tests at the 5% level. Please also include the log-rank test as part of the simulations. Please 

then re-discuss the issue of type I error control in studies with smaller sample sizes.  
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Reply: As pointed out by the reviewers, the reason for all estimates being larger than one is that in the original 

request document the averaging across simulation runs was done on the arithmetic rather than on logarithmic 

scale.  Table 7A (see Question 1.1) shows simulation results when averaging across simulation runs is done on 

the logarithmic scale. The difference between arithmetic mean and geometric mean is small, and the 

geometric mean estimates are scattered above and below 1 as expected.  

 

 

Reply:  We believe that this question has already been answered for Question 1.1, therefore we kindly refer 

you to our reply on Question 1.1. 

  

Question 1.2:  

Please discuss why in settings with no terminal event where the true RR=1.0 the estimate from all methods 

tends to favor the control group.  

Question 1.3:  

For the simulations of power please also include the log-rank test as this is approach more likely to be used 

for a significance test than Cox regression.  
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Section 2 – For the simulations of scenarios with terminal event 
 

 

Reply:  We present Table 11 using 1-sided tests at the 2.5% level, see Table 11A below. We also included 

varying sample sizes and added 𝐻𝑅𝐶𝑉=1.25 for Estimand 1 and 𝐻𝑅𝐶𝑉=0.6, 0.8, 1.25 for Estimand 2. 

Furthermore, the averaging across simulation runs is now done on the logarithmic scale instead of averaging 

on the arithmetic scale. As for the response to Question 1.1 for the non-terminal event scenario, we did, 

however, not include the results based on the log-rank test.  

For both estimands the type I error remains under control under the global null hypothesis (𝑅𝑅𝐻𝐻𝐹=1 and 

𝐻𝑅𝐶𝑉=1) for all considered sample sizes.  

With the use of 1-sided tests and including 𝐻𝑅𝐶𝑉=1.25 for Estimand 1, we observe a type 1 error inflation in 

favor of the treatment that has a negative effect on CV death. The reason is that for 𝐻𝑅𝐶𝑉=1.25 especially the 

severely ill patients in the treatment group (i.e. those with high frailty) die earlier and therefore contribute 

fewer hospitalizations. This makes the treatment appear more effective in reducing HHF. This is in line with 

our previous observations for Estimand 1 with 𝑅𝑅𝐻𝐻𝐹=1 and 𝐻𝑅𝐶𝑉< 1 (see second bullet point on page 64 of 

the original request document). Additionally, for 𝐻𝑅𝐶𝑉=1.25 the type I error increases with increasing sample 

size, because the estimated treatment effect is below 1 (see reply to Question 2.4) and a larger sample size 

will lead to a smaller variance of the test statistics and ultimately to more frequent rejections.   

In contrast, for Estimand 2 we observe in Table 11A that the probability to reject in favor of the treatment 

with positive effect on CV death is larger than 𝛼. However, we would not refer to this as a Type I error when 

𝐻𝑅𝐶𝑉≠1. Note that the original Table 11 only included results for 𝐻𝑅𝐶𝑉 =1 because 𝑅𝑅𝐻𝐻𝐹=1 and 𝐻𝑅𝐶𝑉=1 

jointly constitute the global null hypothesis for Estimand 2. When including 𝐻𝑅𝐶𝑉≠1, a reference to “Power” 

seems more appropriate. As expected, the power then increases with increasing sample size. An exception is 

the LWYY method, see Appendix A.2.3.1 in the original request document, where similar to other simulation 

settings presented in the original request document the power is largely unaffected by 𝐻𝑅𝐶𝑉. 

 

 

 

 

 

 

Question 2.1:  

Please present Table 11 using 1-sided tests at the 2.5% level instead of 2-sided 5% tests. Please also add a 

row for 𝐻𝑅𝐶𝑉=1.25, add the log-rank test to the table, vary 𝐻𝑅𝐶𝑉 for estimand 2 and provide results for 

varying sample size.  
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Table 11A: Mean treatment effects estimates (geometric mean) and Type I error rates (1-sided tests, nominal 

significance level 𝛼 = 0.025) for Estimand 1 (HHF) and Estimand 2 (HHF + CVD) with non-informative 

treatment discontinuation and 𝑅𝑅𝐻𝐻𝐹 = 1. 
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Reply: In an overview of published heart failure trials by Anker and McMurray (2012) the proportion of CV 

death events of all composite events (CV death + HHFs) was shown to be relatively stable at around 30% when 

considering either a time-to-first-event or a recurrent events endpoint, see the table below extracted from the 

article. The list of trials included in the review covers a range of overall CV mortality. For example, in the 

CHARM-Added trial 27.3% patients died for CV causes in the placebo arm during 41 month of median follow-

up, while in the CHARM-preserved trial 11.3% patients had a CV death in the placebo arm during 36.6 months 

of median follow-up. As a comparison, the simulation performed in the original request document has for the 

base case and non-informative treatment discontinuation an overall CV mortality of 12.5% in the placebo arm 

during 38.5 months of median follow-up, so in this respect is similar to the CHARM-Preserved study.   

 

If the objective of additional simulations with increasing CV mortality rates is to be representative of a heart 

failure population, we propose to increase the HHF rate such that the proportion of CV death of all events is 

kept roughly at 30%. Increasing the mortality rate without changing the rate of HHF could potentially increase 

the generalizability of the results to other chronic indications with high terminal event rate but would no 

longer be representative of heart failure trials. In addition, if the rate for mortality events is as large as the rate 

of recurrent events or even larger, the clinical community may favor the investigation of time-to-first 

composite or time-to-mortality endpoints.  

For the requested additional simulations to better understand the type-1-error behaviour with higher 

mortality, should the rate of heart failure hospitalizations be increased at the same time as increasing the 

mortality rate? If so, do you agree with our proposal above, i.e. to also increase the HHF rate such that the 

proportion of CV death of all events is kept roughly at 30%? 

 

Question 2.2:  

Please provide additional simulations with higher mortality (~ 20%, 40% overall in the trial) to better 

understand the degree of type-1-error increases and behaviour of estimands 1 and 2 with varying 𝐻𝑅𝐶𝑉 in 

these situations.  
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Reply: Both estimands reflect a patient's forward-looking view of the event rate. A patient may ask: “How 

many events can I expect to have in the next three years, relative to how long I can expect to live in the next 

three years?” The proposed estimands adjust for the effect of early termination (death) by accounting for the 

time at risk. 

Estimand 1 (HHF) could be used in settings, where it is expected that test and control treatment will not differ 

with respect to their effect on terminal events (deaths), based on a strong scientific rationale. In such settings, 

Estimand 1 would measure the treatment effect on hospitalizations while alive, similar to settings without 

terminal events. The effect of treatments on death should be evaluated as well, and would have to be taken 

into account when interpreting Estimand 1. 

Estimand 2 (HHF+CVD) provides an overall treatment effect, including both hospitalizations and mortality, i.e. 

counts all disease-related “bad events” (hospitalizations for heart failure or cardiovascular deaths) while alive. 

It should be noted that as in other settings where composite estimands are used, the individual components 

would still be evaluated, in particular the treatment effect on death, and taken into account when interpreting 

the results. Estimand 2 weights all bad events equally, and can be seen as a natural extension of time-to-first-

composite-event analyses (composite of first HHF or CVD) to the recurrent HHF setting. Other weightings are 

discussed in response to Question 2.5 and Section 3.2.1.6.2 of the original request document. 

Estimand 1 and Estimand 2 appear to be understandable and meaningful for patients and clinicians, have a 

causal interpretation, and are estimable with minimal assumptions.  

We would like to illustrate this further for Estimand 2, however, the following considerations also apply for 

Estimand 1.  

Using a standard causal inference framework (e.g. Hernan and Robins, 2018), we consider for each specific 

patient the bivariate potential outcome ( number (#) of bad events, time of death/censoring) if he/she would 

be randomized to test treatment and control, respectively. Of note, in the actual clinical trial, the outcomes for 

only one of the treatments will be known, the other being missing. The table below illustrates this potential 

outcome framework for a trial where each patient is followed for 3.0 years (censoring) or until death. For 

example, patient Ann would have no bad events and would be alive at 3 years when randomized to Test; 

however, Ann would have 2 bad events (including death) with a death time of 1.5 years if randomized to 

Control. 

 

 

 

Question 2.3:  

Please discuss how it is envisaged that estimands 1 and 2 would be used in practice. Are they intended to 

be interpreted as an estimate of the effect on hospitalisations, or as an overall estimate of the effect of 

treatment combining both hospitalisations and mortality?  
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Patient 

                  Test                 Control 

# bad events Time of death/censoring # bad events Time of death/censoring 

Ann 0 3.0 2 1.5 

Bill 1 3.0 1 2.5 

… … … … … 

AVERAGE 0.5 3.0 1.5 2.0 

 

In the example table, the “bad event” rate while alive is 0.17=0.5/3.0 for Test and 0.75=1.5/2.0 for Control. 

The Estimand 2 is the “bad event” rate ratio, i.e. 0.23=0.17/0.75. 

Estimand 2 can simply be defined based on averages (expectations) of potential outcomes, and hence has a 

causal interpretation. It does not require any model assumptions for the definition. For estimation in 

randomized clinical trials, both semi-parametric methods (e.g. LWYY, see Appendix A.2.3.1 in original request 

document) or parametric methods (e.g. NB, see Appendix A.2.2.4 in original request document) can be 

considered.  

As previously mentioned, the above considerations also apply for Estimand 1 (HHF only). 
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Reply: It is not entirely clear what is meant by the ‘true effect’ in the question. The value of 0.7 in Table 8 is 

certainly not the rate ratio for HHF in those alive. It is the value used in the computer simulation to generate 

recurrent events, both those events which in practice are observed and those events which are unobserved, 

i.e. those events that do not occur because the subject has died. And it is only by recovering these unobserved 

events and counting them together with the observed ones that one could obtain the underlying event rates 

and hence their ratio of 0.7. These considerations are further complicated as treatment discontinuation is an 

additional relevant intercurrent event in the setting of chronic heart failure studies. 

In the chronic heart failure setting, evaluating the effect on the recurrent events independent of the terminal 

event based on observed data is to our knowledge not feasible. Or in other words: Disentangling the recurrent 

event and terminal event processes is not possible unless these processes are truly independent which would 

take us back to the scenarios without terminal events.  

In our simulations, the association between the recurrent events and the terminal event is modelled through a 

shared frailty and the value 0.7 should be interpreted conditional on this subject-specific frailty and not as a 

marginal rate ratio. More specifically, as time progresses patient selection is taking place because the severely 

ill patients (i.e. those with a higher frailty) die early and patients may discontinue their study treatment. The 

observed recurrent event rate is thus going to change in those patients remaining alive. If the association 

between the recurrent events and the terminal event is positive, as simulated in Section 5.2 of the original 

request document, then the recurrent event rate among survivors will drop as time progresses, while if the 

association is negative then the recurrent event rate will rise.  

In Table 15 (page 138) of Appendix E of the original request document, see also below, we show the impact of 

the selection process on the true numerical value of Estimand 1 which focuses on the heart failure 

hospitalizations only. It is these values that the estimator should be recovering rather than the 0.7 used in the 

simulation process. 

                                      

In terms of data modelling, one could fit the same joint frailty model that generated the data in our simulation 

and recover an estimate of the parameter exp(𝛽) (=0.7 in Table 8). This would form an estimator under the 

assumption that this model is correct. But the underlying estimand is a hypothetical estimand which may not 

Question 2.4:  

Please discuss whether there exist alternative estimands which allows an independent evaluation of the 

true effect on the recurrent event independent of the terminal event (i.e. it would give 0.7 in table 8) which 

could then be used as a joint endpoint with a separate assessment of the RR for terminal events, and if 

there is one which methods could estimate it?  
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be clinically meaningful as we count both, the events which are observed and those which are unobserved, i.e. 

those events that do not occur because the subject has died. If the data generating process (the population) 

did not match the statistical model then the parameter estimate has no clear interpretation.  
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Reply: We split our answer to your question into two parts. In the first part (see 1. below), we discuss the win 

ratio as one example of a rank based approach. In the second part (see 2. below), we discuss weighted 

composites.  

1. Win ratio approach 

Next to other prioritized outcome measures (e.g. Buyse, 2010), the win ratio has been proposed (Pocock et al., 

2012) as an effect measure that considers different outcomes according to their clinical relevance. To the best 

of our knowledge, the literature about the win ratio focuses on the estimation of the win ratio, distributional 

properties of these estimators, and on the calculation of confidence intervals for the win ratio. However, win 

ratio estimands as well as their clinical interpretability and relevance have not been discussed in the literature 

yet.  

Before considering the value of additional simulations, we would like to seek advice from the SAWP on the win 

ratio approach: 

 How would the estimand targeted by the win ratio approach (e.g. according to Pocock et al., 2012) 

be described using the framework and language suggested by the ICH E9(R1) draft addendum 

(ICH, 2017)? 

 The interpretation of the win ratio critically depends on the follow-up time T (Oakes 2016). To our 

knowledge this fact has received little to no attention in the medical literature. For illustration, if 

the follow-up time T converges to infinity in a heart failure trial, every subject will experience a 

death and the HF hospitalization will have no effect on the win ratio. In other words, the larger the 

follow-up time T, the less weight we assign to HF hospitalizations. How should the win ratio 

approach be used in clinical research given that the interpretation of any results will critically 

depend on the follow-up time, i.e. results can generally not be generalized to other follow-up 

schemes? 

 How should recurrent hospitalizations for heart failure be included into the win ratio approach? 

For example, the comparison could be based on the time-to-first HHF (Pocock et al., 2012) or the 

rate of HHFs (Rogers et al. 2016).  

 Is the matched or the unmatched version of the win ratio approach more clinically relevant? In 

case of the matched approach, how should patients be matched?  

 In practice, the interpretability and efficiency of the win ratio approach seems to heavily depend 

on the censoring distribution. The findings of any simulation study will thus also strongly depend 

Question 2.5:  

Please explore further the power and type I error of rank-based approaches such as win-ratio in various 

scenarios, and those using weighted composites (of which estimand 2 in your example was a specific case 

with weight of 1 given to the terminal event).  
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on the assumed censoring distribution, which might attenuate the usefulness of simulation 

results. Would you agree? 

2. Weighted composites 

In a weighted composite endpoint, the individual components of the endpoint are assigned weights.   The 

weights are chosen to reflect the clinical importance of the individual components of the composite endpoint. 

A number of statistical methods considering weighting of endpoints have been considered in recent years, 

such as the Mao and Lin (2016) or Luo et al. (2017). However, as highlighted by Anker et al. (2016):  

“[Statistical methods to weight outcomes] are limited by lack of consensus on the relative weighting of events 

and inconsistency across studies.” Thus, while from a statistical perspective weighted outcomes might be 

appealing, the definition of weights in a manner that is scientifically justified and agreed upon within the 

clinical community is not feasible from a clinical perspective. A more detailed discussion of these aspects is 

given in Section 3.2.1.6.2 of the original request document. 

As pointed out by the reviewers, Estimand 2 also constitutes a weighted endpoint in the sense that a 

cardiovascular hospitalization is weighted the same as a cardiovascular death.  

Since we have already considered a weighted endpoint (Estimand 2) and the lack of consensus in the clinical 

community on an appropriate weighted composite endpoint, would you agree that additional simulation 

focusing on weighted composite endpoints would be of limited value unless the weighted composite is 

informed by a clinical rational/consensus? 
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Reply: The utility of multi-state models in the presence of terminal events was discussed in the Appendix of 

the original request document; see for example A.1.5 and A.2.5.  

Moreover, some of the models which were explored in the simulation study are in fact specific examples of 

multi-state models, e.g. the PWP and the Negative Binomial models, see also Appendix A.2.2 of the original 

request document. The simulation results for the associated models can thus be considered as multi-state 

model results, i.e. the modeling assumptions and partial likelihoods correspond to particular multi-state 

models.  

Besides these models, one could consider more general multi-state models as depicted in Figure 14 in 

Appendix A.1.5 of the original request document.  

                           

This would allow the estimation of various hazard functions as well as their dependence on the number of 

previous events, the treatment and other covariates. Such general models, however, have several challenges:  

 Treatment effects within particular higher-order transitions are difficult to interpret as they represent 

effects patients will benefit from only if they have entered that particular state before. In particular, 

these comparisons are no longer protected by randomization. 

 Estimating the various transition hazards sounds attractive at first glance; however, it is not obvious 

how to combine this information into interpretable and clinically meaningful overall treatment effect 

measures. Therefore, the key challenges mentioned in Section 3.2 of the original request document 

still remain. 

 Estimation of specific transition hazards to and from certain higher event numbers might not be 

feasible due to the sparseness of data. 

 

Question 2.6:  

Discuss the utility of multi-stage models to simulate and estimate both, the effect of treatment on 

mortality and, the effect on HFH. These estimates should be investigated in simulations regarding their 

statistical properties, interpretability, and yardsticks to their utilization. 
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Would you agree that we have already provided a discussion on multi-state models – including simulations for 

specific multi-state models under a broad range of scenarios? 

If simulations for additional multi-state models are required, we would like to seek advice from the SAWP on 

the multi-state models of interest, e.g.  

 Which overall treatment effect measure (estimand) should we target?  

 How many states should the model have?  

 Should the treatment effects for the different transitions all vary?  
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