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ABSTRACT 
 

 In oncology studies with time-to-event outcomes, the hazard and survival functions are two 

ways of determining survival distribution; comparing the survival distributions using the 

constant hazards assumption could provide misleading conclusions. The clinical trial designs 

with two groups under the proportional hazards (PH) assumption is likely to be underpowered 

to detect treatment effects. When the PH assumption is violated, the likelihood estimator 

depends on the underlying censoring time distribution.  

The objective of this paper is comparing selected alternative methods for survival analysis 

when the assumption for the proportional hazards is questionable. We discussed three selected 

methods: log-rank (LR), Max-Combo (MC) and restricted mean survival time (RMST) applied 

to simulation data and real clinical trial data supported with graphical presentations using R. 

In the final section we provide guidance in choosing an alternative method to the standard log-

rank test. 

1. INTRODUCTION  
 

In oncology randomized controlled trials (RCTs) with two treatment groups, it is of 

fundamental importance choosing statistical methods that infer a difference in the survival 

distributions with censored time-to-event data. The standard log-rank (LR) test is commonly 

used to compare the overall survival of two groups in balanced superiority trials, and it is the 

most powerful and fully efficient test under the assumption of proportional hazards (PH).  

Testing the PH assumption is critical, and an extended study on pooled 175 oncology 

trials indicated in only 31% of these studies the assumption was tested when 47% of all studies 

had crossing curves (Kristiansen, 2012). 

 In trials when PH assumption is violated, the power of a log-rank test tends to decrease, 

and might generate incorrect results in small or medium sample sizes (Qiu, 2008; Li, 2015). In 

many immunotherapy oncology and transplant clinical trials, the PH assumption does not hold 

due to delayed treatment effect. In the case of anticipating an early treatment effect, the RMST 

test is preferred since it has more power than the log-rank test (Tian, 2018). 

The discussion of alternative methods was initiated in a public workshop by the FDA in 

2018, which proposed a statistical test sometimes referred to as the “Max-Combo” (MC) (Duke, 

2018). The MC test is one of the robust methods if no preliminary information about the trial is 

available, and it handles different types of treatment effects, such as delayed and early effects 

(Lin, 2020; Roychoudhury, 2021). 

It has been reported that crossing survival curves are expected when one of the 

treatments offers a short-term benefit but no long-term advantages, or when the treatments 

being compared have different biological mechanisms of action (Royston, 2013). Furthermore, 

the combined methods performed better in some cases of uncertainty about the survival time 
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distributions or PH violations (Dormuth, 2023). Different tests have been conducted on the 

reconstructed individual patient data, and Fleming-Harrington (F-H) log-rank tests with weight 

functions have been recommended to increase sensitivity for detecting drug effects on survival 

in cancer vaccine or immunotherapy oncology trials (Castañon, 2020). 

 In a recent systematic review, which evaluated the performance of the log-rank with the 

Max-Combo and RMST applied on 63 immuno-oncology completed trials, including 35,902 

patients, it was shown that in 10% of the selected trials, the Max-Combo test achieved higher 

significance vs. the log-rank test. Hence, several studies showed that treatment had clinically 

meaningful benefits, but it would not have been detected using a log-rank test (Mukhopadhyay, 

2022).   

In our paper, we simulated data for 1,000 studies covering the three scenarios: crossing 

effect, late effect, and early effect, by controlling for different parameters using the Weibull and 

Exponential distributions. The main goal of this paper is to compare the power of the three 

tests, log-rank vs. MC and RMST, for small and medium sample sizes since the tests produce 

similar power for large sample sizes. There are more alternative tests to LR, but we are 

analyzing the two alternative tests, MC and RMST, as the most preferred methods due to their 

robust performance and easy interpretation.  

Our study has used simulated data along with the reconstructed data to compare the 

power performance of the tests by controlling for Type I errors. The conclusion from the results 

aligned with the latest study by Dormuth et. al. (2023). 

The article’s structure: Section 2 covers necessary notations and definitions used in the 

methods. In Section 3, we describe the simulation methods used to evaluate the performance of 

the MC and RMST and compare all three methods by comparing power and Type I errors.  In 

Section 4, we provide case study results from “Fulvestrant plus capivasertib versus placebo 

after relapse or progression on an aromatase inhibitor in metastatic, oestrogen receptor-positive 

breast cancer (FAKTION): a multicentre, randomized, controlled, phase 2 trial” 

(ClinicalTrials.gov, NCT01992952) (Jones, 2020). The FAKTION trial investigated whether 

the addition of capivasertib to fulvestrant improved progression-free survival and overall 

survival in patients with advanced breast cancer. 

 Section 5 discusses the limitations and guidelines for choosing an alternative method to 

the standard log-rank test. 

2. METHODS  

Assumptions and Notations 

The parameters below were controlled during the simulation study, and different settings and 

results are included in Table 1, Table 2, and Table 3 (Appendix). 

● Pcensoring - probability of overall survival (OS). 

● N - the number of subjects in each group or total population is 2N. 

● teffect  - effect time indicates the time at which treatment is kicking off. The hazards in 

the treatment and control groups are the same as before teffect. 



 

3 
 

● dureffect  -  effect duration indicates the duration of the treatment effect. The hazards in 

the treatment and control groups remain the same after dureffect. 

The assumptions used in the simulation study are:  

1) Survival times for an event of interest and censoring times are independently and 

identically distributed (iid) according to the cumulative distribution function and survival 

function, respectively.  

2) When the generated survival time is greater than the trial duration, it is set equal to the 

trial duration and censored at the end of the trial.  

The data sets generated covered the following three scenarios: crossing curves (CC) and 

non-crossing curves (late effect and early effect). In the CC scenario, we generated the survival 

time of the treatment groups based on the Weibull distribution with a fixed scale parameter of 

1.4 and a varying shape parameter that ranges from 1 (the PH assumption is met) to 4 (the PH 

assumption is violated). In the late effect and early effect scenarios, the survival time of the 

treatment group was generated from the combination of exponential distributions to ensure a 

lower hazard rate in the treatment group from the beginning of the study (early effect) or from a 

particular point of the study (late effect). We generated data sets for each scenario with varying 

sample sizes (50, 100, or 200 subjects in each treatment group), treatment durations (1, 2, or 3), 

and different censoring probabilities ranging from 0.2 to 0.4. Considering every scenario and 

combination of four parameters, we simulated data for 1,000 studies and estimated the power of 

each of the three tests. In addition, the utility of the three tests is further evaluated on the 

individual patient data reconstructed from a FAKTION study (2020): a multicenter, 

randomized, controlled, phase 2 trial using the algorithm introduced by Guyot et al. (Guyot, 

2012). 

2.1 Maximum Weighted Log-rank Tests (Max-Combo) 

The maximum weighted log-rank tests (Max-Combo) are based on combining multiple 

weighted log-rank tests and multiple test statistics with different weights, where the final test 

statistics are defined on the maximum of all. The MC test could be applied to the three 

scenarios of early effect, late effect, and similar effect. However, it requires preliminary 

knowledge of specific therapeutic areas to properly allocate the weights to the treatment groups. 

The main advantage of MC is that it improves power under a wide range of non-PH patterns 

and outperforms the log-rank test. 

2.2 Restricted Mean Survival Times (RMST)  

The RMST method is classified under the methods for areas under the survival curve, 

and it can be used for either superiority or non-inferiority studies of balanced group sizes with 

crossing hazard patterns. The RMST has been proposed as an alternative measure to overcome 

some of the limitations of proportional hazard modeling (Royston & Parmar, 2011, 2013) in 

medical fields such as oncology (Uno, 2014; Trinquart, 2016; Pak, 2017), pulmonary medicine 

(Harhay, 2018), and cardiology (Kim, 2017; Perego, 2020). A comparison study of hazard 

ratios vs RMST ratios by Trinquart et al. indicated that treatment-effect measures based on 
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RMST yield more conservative estimates than HRs in oncology randomized controlled trials 

(RCTs) (Trinquart, 2016). The advantages of the RMST method are that it is independent of 

distribution and makes it easy to clinically interpret the primary outcome results. The challenge 

of the method is that an explicitly chosen time point is required to obtain an RMST associated 

with the clinically relevant time horizon (Han & Jung, 2022). 

 

2.3 Example 

Figure 1 displays an example of different scenarios of survival curves for two treatment groups: 

 a) PH effect, b) Non-PH/Early effect, c) Non-PH/Late effect, and d) Non-PH/Crossing effect.  

Figure 1. KM Plots for different treatment effects [Royston and Parmar (2020)]. 
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3. SIMULATION  

To evaluate the performance of the presented methods, we employed simulations for 

different scenarios and settings using the open-source software R. We simulated data for two 

groups under exponential and Weibull distributions. Hence, we followed well-established 

recommendations on the choice of survival distributions. 

3.1 Data generation process 

We simulated data for an oncology balanced study with two treatment groups: a control 

group and a treatment group, each with N subjects. In the control group, the survival time for 

each subject is generated from an exponential distribution with a rate of 1. In the treatment 

group, the survival time for each subject is generated from either a Weibull distribution or a 

combination of exponential distributions, depending on the specific scenario (see additional 

details in the next section). The goal is to use simulated data from 1,000 studies to compare the 

power of each of the three tests: log-rank, Max-Combo, and RMST. 

The duration of the study is limited, with three possible values of 1, 2, and 3. For subjects 

whose survival time is less than the study duration, their overall survival time is censored with a 

probability of Pcensoring. The subjects who survived after the study duration, their overall survival 

time is censored at that point.  

3.2 Scenarios 

Data sets were generated for the three scenarios: crossing curves, late and early effects. For 

each given scenario, we generated data sets with varying sample sizes (50, 100, or 200 subjects 

in each treatment group), treatment durations (1, 2, or 3), different censoring probabilities 

(Pcensoring) ranging from 0.2 to 0.4, and parameter that controls the extent to which the PH 

assumption is violated.  

In the scenario of crossing curves, the degree of violation is determined by the shape 

parameter of the Weibull distribution, as shown in Table 1 (Appendix). The delayed effect 

scenario is determined by the effect time (teffect) parameter, and the early effect scenario is 

determined by the effect duration (dureffect) parameter as shown in Table 2 and Table 3 

(Appendix).  

● In the Crossing Curves (CC) scenario, the survival time of the treatment group was 

generated from a Weibull distribution with a scale parameter of 1.4. The shape 

parameter for the distribution ranges from 1 (Weibull distribution is the same as 

exponential distribution and the PH assumption is met) to 4 (PH assumption is violated). 

 

● In the late effect (LE) scenario, data generation was controlled by a parameter called 

teffect, which represents the time a hypothetical drug begins to exert its effect, thereby 

reducing the hazard. The parameter teffect ranges from 0 (indicating that the drug effect 

starts immediately and there are no late effects) to 0.6 (indicating that the treatment 

effect starts relatively far from the treatment start date). 
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For each subject in the treatment group, a value, denoted as t1 is generated from an exponential 

distribution with a rate of 1: 

1. If t1 is less than teffect (indicating that the hypothetical drug had not yet started to 

work when the subject died), t1 was considered the survival time for that subject. 

2. If t1 is greater than or equal to teffect (indicating that the subject survived until the 

hypothetical drug started to work), a second value, denoted as t2, was generated 

from an exponential distribution with a rate of 2. The sum of teffect and t2 was used 

as the survival time for that subject. 

● In the early effect (EE) scenario, the data generation process was controlled by a 

parameter called dureffect. This parameter represents the duration, starting from the 

initiation of treatment, in which a hypothetical drug exerts its effect, leading to a 

reduction in hazards. The dureffect parameter ranges from 0.3 (representing a short 

duration of the drug's effect) to 1 (indicating a long-lasting effect of the drug). 

For each subject in the treatment group, a value, denoted as t1 is generated from an exponential 

distribution with a rate of 2.5: 

1. If the value t1 is smaller than the dureffect parameter, it means that the hypothetical 

drug still exerts its effect on the subject at the time of its death or censorship. In such 

cases, t1 was considered the survival time for that subject. 

2. On the other hand, if t1 is greater than or equal to the dureffect parameter, it indicates 

that the subject survived until the point when the hypothetical drug's effect ceased. 

In these instances, a second value denoted as t2 was generated from an exponential 

distribution with a rate of 1. The sum of dureffect and t2 was used as the survival time 

for that subject. 

3.3 Power estimation  

We considered three main scenarios: crossing curves (CC), late effects (LE), and early effects 

(EE). For each scenario, we vary the group sizes (50, 100, and 200), trial durations (1, 2, and 3), 

and censoring rate (from 0.2 to 0.4 by 0.05). In addition, we vary the following: 

1. For CC scenario: shape parameter of Weibull distribution (from 1 to 4 by 0.1) 

2. For LE scenario: effect time parameter (from 0 to 0.6 by 0.05) 

3. For EE scenario: effect duration parameter (from 0.3 to 1 by 0.05) 

Hence, we generated 2,655 different settings based on 3 (sample sizes) × 5 (censoring rates) × 3 

(trial durations) × [31 (shapes for crossing curves) + 13 (effect times for late effect) + 15 (effect 

durations for early effect). For each setting, 1,000 replications were performed. The power of 

each test was subsequently determined by the proportion of studies in which a significant 

difference in survival functions was detected. 
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3.4 Results 
 

Type 1 error 

By simulation, we estimated the empirical type I error of the three tests at the α = 0.05 

level. For each censoring rate, sample size, and trial duration, we simulated 1,000 replicates. 

Empirical power was measured as the proportion of trials for which a test would have identified 

a significant result (p-value < 0.05). The results are included in Table 4. 

 

Non-PH and non-crossing cases: 

Depending on the setting and controlling for different parameters for each scenario, the 

power of the tests varies significantly. From our simulation results in Table 2 and Figure 2, the 

log-rank test still has high power for multiple parameter settings and high censoring. At the 

same time, it no longer dominates all parameter combinations.  Hence, the LR test can still be 

used under moderate violation of the PH assumption, while the MC is more robust against 

power loss.  

 

Non-PH and crossing cases: 

In the context of the crossing curves scenario (Table 1), it is apparent that the Max-

Combo and RMST tests have more power than compared to the standard log-rank test when the 

shape parameter has larger values (i.e., when hazards are far from being proportional). As the 

shape parameter increases, the level of superiority becomes more pronounced. Moreover, the 

Max-Combo test has more statistical power than the RMST test, especially for larger values of 

the parameter trial duration with low censoring rate when the survival curves intersect.  

4. CASE STUDY  

We have reconstructed individual patient data from the FAKTION trial 

(ClinicalTrials.gov, NCT01992952) (Jones, 2020), which investigated whether the addition of 

capivasertib to fulvestrant improved progression-free survival and overall survival in patients 

with advanced breast cancer. The quality of the reconstructed data (Figure 6) is sufficiently 

satisfactory vs. the original KM plot (Figure 5), as HR = 0.61 (95% CI 0.34-1.06), p = 0.082, 

and HR = 0.59 (95% CI 0.34-1.05), p = 0.071, respectively. Two survival curves cross early 

time with a clear difference at later times. The two alternative tests were applied to the 

reconstructed data and compared with the log-rank test.  

 

5. DISCUSSION 

 Our simulation results confirmed the conclusion by Li (2015) and Dormuth (2023) that 

the Max-Combo test performs much better than the standard log-rank test in the case of the late 

crossing of the survival curves, and the RMST test performs better in the case of the early 

crossing of the survival curves.  

The empirical power assessment with the simulation study and breast cancer randomized 

controlled trial provided new insights into the performance of alternative statistical tests beyond 

the standard log-rank test.  
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      The main advantage of this study is that the analyses are easy to replicate with      
manageable computing resources, and the R code is available on GitHub. 

However, it is important to acknowledge certain limitations of our study. Firstly, our analyses 

of simulated data are controlled for specific parameters; further evaluations of the 

characteristics of the proposed methods could facilitate making the correct decision when we 

anticipate non-PH. Secondly, the trial duration can be extended for a long follow-up period, 

which could require a sequential testing approach. For example, conduct a standard log-rank 

test in the first stage, and if the test does not reject the null hypothesis, then asymptotic 

independent tests for crossing curves are suggested by Qiu (2008). Furthermore, this approach 

can be extended to multi-stage testing of additional asymptotically independent tests.  

 By acknowledging these limitations, we ensure transparency in our study and provide a 

future direction for investigating the characteristics of the alternative methods under different 

non-PH patterns. Moreover, factors other than power should be taken under consideration when 

selecting statistical tests for oncology randomized controlled trials. 

 

 

DATA SHARING:  
Data is available upon request; R the code is posted under: 

 https://github.com/Fa-bula/RMST_CWLG  
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APPENDIX 

FIGURES 
Figure 2. Power of  Log-Rank vs MC vs RMST for Crossing Curves ( N=50)
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Figure 3.  Power of Log-Rank vs MC vs RMST for Early Effect (N=50)
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Figure 4.  Power of Log-Rank vs MC vs RMST for Late Effect (N=50) 
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Figure 5. Kaplan–Meier curves of overall survival Jones et al.  

 

 
 

Figure 6. Reconstructed Kaplan–Meier curves of overall survival Jones et al.  
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TABLES 

Table 1. Power of Log-Rank vs MC vs RMST for Crossing Curves  

  



 

14 
 

 

Table 2. Power of Log-Rank vs MC vs RMST for Early Effect 
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Table 3. Power of Log-Rank vs MC vs RMST for Late Effect 
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Table 4. Type I error 
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