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Abstract 

Many clinical trials include time-to-event or survival data as an outcome. To compare two 

survival distributions, the log-rank test is often used to produce a P-value for a statistical test 

of the null hypothesis that the two survival curves are identical. However, such a P-value does 

not provide the magnitude of the difference between the curves regarding the treatment effect. 

As a result, the P-value is often accompanied by an estimate of the hazard ratio estimated from 

the proportional hazards model or Cox model as a measurement of treatment difference. 

However, one of the most important assumptions for Cox model is that the hazard functions 

for the two treatment groups are proportional. When the hazard curves cross, the Cox model 

could lead to misleading results and the log-rank test could also perform poorly. To address 

the problem of crossing curves in survival analysis, we propose the use of the win ratio method 

put forward by Pocock et al. as an estimand for analysing such data. The subjects in the test 

and control treatment groups are formed into all possible pairs. For each pair, the test treatment 

subject is labelled a winner or a loser if it is known who had the event of interest such as death. 

The win ratio is the total number of winners divided by the total number of losers and its 

standard error can be estimated using Bebu and Lachin method. Using real trial datasets and 

Monte Carlo simulations, this study investigates the power and type I error and compares the 

win ratio method with the log-rank test and Cox model under various scenarios of crossing 

survival curves with different censoring rates and distribution parameters. The results show 

that the win ratio method has similar power as the log-rank test and Cox model to detect the 

treatment difference when the assumption of proportional hazards holds true, and that the win 

ratio method outperforms log-rank test and Cox model in terms of power to detect the treatment 

difference when the survival curves cross. 

 

Keywords: Win ratio; crossing survival curves; estimand; survival analysis; log-rank test; 

Cox model 

 

 

 

 

1. Introduction 

 



Many clinical trials would include time-to-event or survival data as an outcome. To compare 

the two survival distributions, the log-rank test is conducted and its associated P-value is used 

for evaluating whether the two survival curves are statistically identical or not. While the P-

value provides evidence whether there is a difference, it does not measure its magnitude. 

Therefore, the P-value is often accompanied by an estimate of the hazard ratio with 95% 

confidence interval (CI) estimated from the Cox hazard model (Gregson et al. 2019). However, 

the Cox hazards model assumes proportionality of hazards and this assumption is violated 

when the hazard ratio changes over time, e.g., the two hazard/survival curves intersect. The 

log-rank test is also likely to lose statistical power in such cases (X. Lin and Xu 2010; P. Qiu 

and Sheng 2008; Liu, Qiu, and Sheng 2007; Mao 2019). This phenomenon often occurs in 

oncology clinical trials with delayed treatment effect, treatment switchers and treatment 

dilution (Luo et al. 2019).  Consequently, the calculated results do not accurately reflect the 

treatment difference and the log-rank test loses its power as the differences in favour of one 

treatment are offset by the other after passing the crossing points (Klein and Moschberger 2003; 

X. Lin and Xu 2010). Based on a survey, the log-rank test was still applied in 70% of studies 

to detect the difference between two crossing survival curves, which clearly went against the 

assumption of proportional hazard rates (Li et al. 2015). 

 

Several measures have been proposed to address the problem of intersecting curves in survival 

analysis. For instance, the Renyi test (weighted log-rank test) is based on the maximum 

absolute value of the difference between cumulative hazard rates. The general idea behind this  

test is similar to the Kolmogorov-Smirnov test with the exception that it considers censored 

data (Klein and Moschberger 2003). Lin and Wang introduced a modified log-rank test which 

measures squared differences at each time points (Bouliotis and Billingham 2011). Two-stage 

procedures, comprised of a conventional method, e.g., log-rank test and a proposed procedure 

for addressing the crossing hazard rates have also been used (P. Qiu and Sheng 2008). Kraus 

developed an adaptive Neyman’s smooth method for testing homogeneity of two survival 

distribution with right censoring based on Neyman’s embedding idea combined with 

Schwarz’s selection rule (Kraus 2009). Li et al. (2015) demonstrated the robust power of the 

adaptive Neyman’s smooth method dealing with crossing survival curves. While these 

methods address the hazard proportionality issue, they only provide a P-value for a statistical 

test of the null hypothesis that the two survival curves are identical and not an interpretable 

magnitude and precision of the difference between the curves corresponding to the treatment 

effect.  



  

In this paper, we use the win ratio method proposed by Pocock et al. (2012) as an estimand to 

address the above problem not only by providing a P-value but also a point estimate and CI 

for the difference in two survival curves. The adjusted win ratio method was proposed to 

analyse hierarchical composite endpoints in clinical trials (Gasparyan et al. 2020). For all 

pairwise matches, Luo derived a closed-form variance estimator for the win ratio statistic by 

applying the U-statistics technique (Luo et al. 2015). Mao (2019) widened alternative 

hypotheses for win ratio from the hazard orders to upper quadrant stochastic order. Dong et 

al. (2018) have proposed a general form of stratified win ratio to reduce heterogeneity in 

pairwise comparison. The stratified win ratio approach performs in a similar manner to the 

conventional time-to-event analysis in EVOLVE trial (Abdalla et al. 2016). The win ratio 

approach has been recommended to measure the treatment difference in conjunction with 

rank-based analysis in ICH Harmonised Guideline (Ratitch et al. 2020). Dong et al. (2019) 

introduced the win odds to handle ties. In practice, the win ratio approach has been applied to 

design of clinical trials, such as cardiovascular trials (Redfors et al. 2020; Ferreira et al. 2020; 

Maurer et al. 2018), a randomized trial in kidney transplantation (Fergusson et al. 2018) and 

device-based hypertension trials (David et al. 2021). The event-specific win ratios were 

applied to design and analyse semi-competing risk data in clinical trials (Yang et al. 2022). 

The win ratio method was investigated to analyse recurrent events in composite endpoints 

(Mao, Kim, and Li 2022). In this paper, we apply the win ratio method to detect and measure 

the treatment effect differences in survival data, and compare its statistical properties with the 

conventional survival analysis methods. 

 

Section 2 reviews the details of the proposed method and introduces inferential statistics. Then, 

the method is applied to two clinical studies are presented in Section 3. Section 4 performs 

some simulations to assess the statistical properties of the proposed method, and Section 5 

summarises the key findings of this paper and discusses the limitations.  

2. Methods 

 

Win ratio statistic 

 

Pocock et al. (2012) introduced a win ratio approach to analyse composite endpoints by 

considering the prioritised outcome. In cardiovascular trial studies, cardiovascular death is 



more important than stroke or non-fatal myocardial infarction, for instance. In this paper, we 

apply the win ratio method to analyse the survival time.  The details are as follows: 

• Patients in treatment A (NA) and B (NB) are formed into all possible pairs (NA × NB); 

• For each pair, the treatment A patient is labelled a “winner” or a “loser” or “tied” 

according to their outcomes; 

• Calculate the total number of winners (NW), losers (NL), and tied (NT). 𝑁𝑊 + 𝑁𝐿 +

𝑁𝑇 = 𝑁𝐴 × 𝑁𝐵; 

• RW = NW/NL is the win ratio, the statistic for assessing the treatment effect for a survival 

time/time-to-event outcome in a clinical trial. 

Given the outcome  𝑋𝑖 (𝑖 = 1,2, … 𝑛𝑡)  for subject i in the treatment group and outcome 

 𝑌𝑗  (𝑗 = 1,2, … 𝑛𝑐) for subject j in the control group (Dong et al. 2016). The general win loss 

statistic indicator is defined as a 𝑛𝑡 × 𝑛𝑐 matrix with elements: 

𝐶𝑖𝑗 = 𝐶(𝑋𝑖, 𝑌𝑗)

= {

1, 𝑖𝑓 𝑡ℎ𝑒 𝑖𝑡ℎ 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑖𝑛 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑔𝑟𝑜𝑢𝑝 𝑤𝑖𝑛𝑠 𝑜𝑣𝑒𝑟 𝑡ℎ𝑒 𝑗𝑡ℎ 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑖𝑛 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑔𝑟𝑜𝑢𝑝

−1, 𝑖𝑓 𝑡ℎ𝑒 𝑖𝑡ℎ 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑖𝑛 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑔𝑟𝑜𝑢𝑝 𝑙𝑜𝑠𝑒𝑠 𝑎𝑔𝑎𝑖𝑛𝑠𝑡 𝑡ℎ𝑒 𝑗𝑡ℎ 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑖𝑛 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑔𝑟𝑜𝑢𝑝

0, 𝑖𝑓 𝑡ℎ𝑒 𝑖𝑡ℎ 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑖𝑛 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑔𝑟𝑜𝑢𝑝 𝑡𝑖𝑒𝑠 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑗𝑡ℎ 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑖𝑛 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑔𝑟𝑜𝑢𝑝

 

Then the total number of wins for the treatment group is: 

𝑇𝑊 = ∑ ∑ 𝐼{𝐶

𝑛𝑐

𝑗=1

(𝑋𝑖, 𝑌𝑗) = 1}

𝑛𝑡

𝑖=1

(1) 

Where I is an indicator function.  

 

Similarly, the total number of losses for 

𝑇𝐿 = ∑ ∑ 𝐼{𝐶

𝑛𝑐

𝑗=1

(𝑋𝑖, 𝑌𝑗) = −1}

𝑛𝑡

𝑖=1

(2) 

 

The general win ratio can be defined as: 

𝑊𝑅 =
𝑇𝑊

𝑇𝐿
(3) 



The win ratio statistic is able to assess the treatment effect in clinical trials. The value of win 

ratio >1 indicates the treatment effect is in favour of treatment A to B. Win ratio =1 

corresponds there is no true treatment difference between treatment A and B. 

 

Inferential statistics for the win ratio 

The following are the hypothesis being tested when using the win ratio statistic: 

 

H0: win ratio=1. There is no difference in the number of “winners” between treatment and 

standard groups. 

H1: win ratio1. There is a true difference in the number of “winners” between treatment and 

standard groups. 

The general win ratio statistic in equation (3) above is implemented in R via WWR package. 

WWR package was created by J. Qiu et al. (2017). The asymptotic variance of the win ratio 

can be obtained from WWR package, which is based on the idea of Bebu and Lachin (2016) 

 

An alternative approach to measuring the difference between the compared treatment groups 

is called win difference (also named proportion in favour of treatment) which performs a 

generalised pairwise comparison between groups based on different clinical prioritised 

outcomes (Buyse 2010; Luo et al. 2017). The proportion in favour of treatment determines by 

the net difference between the proportion of favourable pairs and the proportion of 

unfavourable pairs over the total number of pairs.  

 

3. Two real trial examples 

In this section, two datasets are used to illustrate the win ratio approach. All calculation 

procedures were implemented in R. 

 

Example 1: Survival time in gastric trials 

 

The Gastrointestinal Tumour Study group reported the effects of chemotherapy against the 

combination of chemotherapy and radiotherapy on the survival time of locally unresectable 

gastric cancer patients (Stablein and Koutrouvelis 1985). This data is also analysed in Hsieh 

(2001), Bagdonavicius, Hafdi, and Nikulin (2004) and Klein and Moschberger (2003). Forty-

five patients were randomly allocated to each of treatment groups and followed about eight 



years. The censoring rates of chemotherapy and combined chemotherapy and radiotherapy are 

4.4% and 13.3%, respectively. Kaplan-Meier curves of the two treatment groups are shown in 

Figure 1. The two estimated survival curves indicate that Chemotherapy plus radiotherapy 

treatment would initially be detrimental to a patient survival but become beneficial later on. 

 

A test for treatment equality with log-rank statistic provides  𝜒2 = 0.2, 𝑃 = 0.6. This P-value 

indicates that the null hypothesis should not be rejected (𝑃 > 0.05), i.e., there is no sufficient 

evidence that chemotherapy combined with radiotherapy is better than chemotherapy alone. 

However, because the survival curves intersect (or are crossing), it is known that the log-rank 

test is not powerful. The result can be explained by the fact that the differences in favour of 

one treatment are offset by the other after passing the crossing points. 

 

From the perspective of Cox model, it can be deduced that the survival distributions for the 

two treatments have no significant difference (𝑃 = 0.60). The hazard rate for chemotherapy 

is estimated as about 0.90 times that of chemotherapy combined with radiotherapy but could 

lie between about 0.58 and 1.39 times based on the 95% confidence interval. Nevertheless, 

the two survival functions, which cross at approximately S(t) = 0.2, and the corresponding test 

indicate a violation of the proportional hazards assumption (𝜒2 = 13.13, 𝑃 <  0.001). The 

median survival is 499 days (95% CI (383, 748)) in the chemotherapy group and 254 days 

(95% CI (193, 542)) in chemotherapy combined with radiotherapy group. Chemotherapy 

improves survival in the initial 1000 days. However, chemotherapy combined with 

radiotherapy results in a better survival rate in the late follow-up time. 

 

By using the win ratio approach, there are 2025 possible pairs in this case. The total number 

of wins and losses in the chemotherapy group is 1251 and 762, respectively. Therefore, the 

win ratio is 
1251

762
= 1.64. The P-value is 0.06. The 95% CI for the win ratio is 0.98 to 2.74. 

The estimated win ratio greater than 1 suggests a favour for chemotherapy group over 

chemotherapy combined with radiotherapy group.  

Example 2: Time to CV death or CHF hospitalisation in CHARM trial 

The CHARM program is the largest trial program in chronic heart failure (CHF). The program 

evaluates the effectiveness of candesartan in reducing mortality and morbidity in heart failure. 



Overall, 7599 subjects were allocated randomly to three different double-blind controlled 

trials: 

• CHARM-Alternative trial: subjects were intolerant to angiotensin-converting enzyme 

(ACE) inhibitor and had left ventricular ejection fraction (LVEF)≤ 0.40; 

• CHARM-Added trial: subjects were on ACE inhibitor and had LVEF ≤ 0.40; 

• CHARM-Preserved trial: subjects had LVEF ≥ 0.40. 

The CHARM program has a composite primary endpoint for each trial (cardiovascular death 

or hospitalisation for CHF), which was analysed as a survival time (the time from 

randomisation to the first occurrence of cardiovascular death or hospitalisation for CHF). 

Median follow-up time was 3.14 years (Pfeffer et al. 2003). The P-value for the proportional 

hazards assumption test in Cox model is 0.057, 0.096, 0.42 for CHARM-Alternative trial, 

CHARM-Added trial and CHARM-Preserved trial, respectively, suggesting that hazards 

proportionality assumption is not seriously violated for the tree studies.  Results from win 

ratio method, log-rank test and Cox model are displayed in Table 1. 

For CHARM-Alternative trial, 2028 patients were assigned to either the candesartan or placebo 

groups. Approximately 33% and 40% patients had primary outcome in the candesartan and 

placebo groups, respectively. The log-rank test shows a significant difference in the effect of 

treatment (P <0.0001). Similar results can also be drawn from the Cox model analysis. The 

inverse of unadjusted hazard rate for candesartan is estimated as about 1.30 times that of 

placebo but could lie between about 1.12 and 1.49 times. The inverse of hazard ratio together 

with 95% CI was calculated to compare with the win ratio. The win ratio method gives rise to 

the similar treatment effect. The P-value for win ratio test is < 0.0001, which indicates a 

significant difference in number of “winners” between the candesartan and placebo groups. 

Apart from this, the win ratio between candesartan and placebo is 1.33 with 95% CI (1.15, 

1.55). For CHARM-Added study, the results of the analysis suggests that the effect of 

candesartan is significant different from that of placebo. However, CHARM-Preserved study 

indicates that treatment effect of candesartan is similar to placebo from log-rank test, Cox 

model and win ratio method.  

4. Simulation studies based on hypothetical scenarios 

 

 A general framework for simulation of survival data  

 



We will perform Monte Carlo simulation studies to assess the performance of the win ratio 

method against the log-rank test and Cox model in terms of type I error and power to detect 

treatment difference in two survival distributions with various censoring mechanisms. Four 

scenarios under various random censoring rates (0%, 20%, 40% and 75%) for a survival time 

are considered: 

1) Two groups with identical survival distributions; 

2) Two groups which have proportional hazard rates; 

3) Two survival curves cross at S(t) = 0.0 ∼ 0.5; 

4) Two survival curves cross at S(t) = 0.5 ∼ 1.0. 

The equal sample sizes (NA = NB = 10, 20, 30, 40, 50, 100, 150, 200, 400) are considered in 

each treatment group. For each sample size, the descriptive statistics of the win ratio and the 

proportion of tests with P < 0.05 are obtained after running 1000 times simulations. The 

descriptive statistics include mean, geometric mean, median and standard deviation. The 

proportion of significant results (P < 0.05) give an estimate of the type I error when the two 

underlying survival distributions are identical but gives an estimate of power when two 

underlying survival distributions are different. The four scenarios mentioned above are shown 

in Figure 2. The simulated survival time were implemented using PWEALL in R developed 

by Luo et al. (2019).  

 

Simulation 1: Two groups have identical survival distributions 

 

The first scenario is conducted to investigate the type I error of three methods (Win ratio, log-

rank test and Cox model) (Figure 2: a). The summary statistics of the win ratio and the 

estimated type I error rates for win ratio method, log-rank test, and Cox model are presented 

in Table 2. Under various censoring rates, the mean, geometric mean and median of win ratio 

are approximately 1. The values of the central tendency of the win ratio fluctuate around 1 but 

stabilises eventually to 1 when the sample size is increased. The type I error of the three 

methods (win ratio method, log-rank test and Cox model) is approximately at the nominal 

level of 5%. Under the same percentage of censoring rate, the type I error rates in all three 

tests are slightly fluctuating with different sample sizes. The type I error is not sensitive to the 

different censoring rates. 

 

Simulation 2: Two survival distributions have proportional rates 

 



The second scenario is to assess the performance of the win ratio when the two survival 

distributions have proportional hazard rates (Figure 2: b). The descriptive statistics of the win 

ratio and the empirical power of the three tests are summarised in Table 3. The geometric mean 

of the win ratio is less than 1 for various sample sizes and censoring rates, which means that 

treatment effect is in favour of treatment B than A, i.e., treatment response to B is better than 

A. At 0% of censoring rate, a sample size of 800 gives 68.9% power for the win ratio, 69.3% 

for the log-rank test and 69.3% for the Cox model. Under the same amount censoring, the 

power in all three tests increases proportionally with increasing sample size. However, with 

the same sample size, the power of the tests decreases when the amount of censoring rate is 

increased. When censoring rate is 75% and the sample size is 800, the power of the three tests 

reduces to 22.8%, 23.7% and 23.7% respectively. The results indicate that the win ratio method 

has the similar power as log-rank test and Cox model to detect the treatment difference when 

the hazard proportional assumption holds true. 

 

Simulation 3: Two survival curves cross at 𝑆(𝑡) = 0.0~0.5 

 

Table 4 presents the results for two survival curves that intersect at S(t) = 0.0 ∼ 0.5 (Figure 2: 

c). The geometric mean of win ratio is greater than 1 for different sample sizes and censoring 

rates. The win ratio method has the best performance among the three tests when the survival 

curves are intersecting at later time points. At 0% censoring rate, a sample size of 800 the win 

ratio method has the highest statistical power of 76.2% compared to19.8% for log-rank test 

and 19.8% for Cox model. The result indicates that the win ratio method trends to have higher 

power than log-rank test and Cox model when two survival curves cross at later time. However, 

increasing censoring rates reduce the power for all three methods. When the censoring rate 

reaches 75% with the sample size of 800, the power decreases to 27.1% for win ratio, 10.5% 

for log-rank test and 10.3% for Cox model. 

Simulation 4: Two survival curves cross at 𝑆(𝑡) = 0.5~1.0 

 

Table 5 displays the simulation results for two survival curves crossing at S(t) = 0.5 ∼ 1 (Figure 

2: d). The geometric mean of win ratio being larger than 1 implies that there is a survival 

difference between treatment A and B. Table 5 shows a consistently larger power for win ratio 

method than log-rank test and Cox model. When there is no censoring and sample size is 800, 

the power to detect the treatment difference is 42.2%, 7.8% and 7.8% for win ratio method, 



log-rank test and Cox model, respectively. When the censoring rate reaches 75% and sample 

size is 800, the power is 15.7%, 7.4% and 7.1% for win ratio method, log-rank test and Cox 

model, respectively. Of note, the power for win ratio method appears sensitive to the censoring 

rate, but the log-rank and Cox model are not when the survival curves cross at early time S(t) 

= 0.5 ∼ 1.0. 

 

5. Discussion 

 

The log-rank test and Cox model are widely used methods for the comparison of two survival 

distributions (Koziol and Jia 2014). The log-rank test and Cox model have sufficient power to 

detect the difference in treatment effect between the two groups under the proportional hazards 

assumption. However, the log-rank test has poor power to detect such a difference when the 

hazard proportionality assumption is violated. This is because the log-rank test provides an 

overall comparison of the entire survival experience, therefore, the differences in favour of 

one treatment are offset by the other after passing the crossing points (X. Lin and Xu 2010; 

Klein and Moschberger 2003). On the other hand, the Cox model yields a biased estimation 

of the treatment effect when the hazard ratios change over time (R.S. Lin and León 2017). The 

objective of this paper was to assess the statistical properties of the win ratio method as an 

estimand for measuring the treatment effect when hazard proportionality is violated and to 

compare the win ratio method with log-rank method and Cox model in terms of the type I 

error when two underlying survival distributions are identical, and power when two 

underlying survival distributions are different, and in particular when the proportionality 

assumption is violated.  

 

The results from the two real clinical trials and simulations under four scenarios show that the 

win ratio method has similar power as the log-rank test and Cox model to detect the treatment 

difference when the assumption of proportional hazards holds true, and that the win ratio 

method outperforms log-rank test and Cox model in terms of power to detect the treatment 

difference when survival curves cross. 

 

In this study, we simulated survival distributions via piecewise constant hazard for four 

complex scenarios with different assumptions of proportional hazards. Simulation results in 

Scenario 1 indicates that the win ratio method, log-rank test and Cox model have the same 

type I error of 5% under various censoring rates and sample sizes when the two survival 



distributions are identical. This is expected since the simulations are set up as so. The results 

from Scenario 2 demonstrate that when the hazard rates are proportional, the win ratio method, 

log-rank test and Cox model have approximately the same power. Simulation results under 

Scenarios 3 and 4 suggest that when two survival curves cross at early or late time points, the 

win ratio method outperforms log-rank test and Cox model under various censoring rates and 

sample sizes. The favourable differences in estimated power between win ratio and the other 

two methods increase with increase in the sample size.  

 

Some new methods have been recently developed for analysing survival data with non-

proportional hazards. The combo test is such a method which combines several weighted log-

rank tests and increases the power towards the violated assumption of proportional hazards 

(Luo et al. 2019). The maximum-type combination test has a strong power towards to 

improper weights of weighting schemes under non-proportional hazards scenarios (Ristl et al. 

2021). We were unable to compare win ratio method with those methods since the primary 

objective of this study was to compare the win ratio method with the conventional survival 

analysis methods. While these methods may increase the power compared with the traditional 

survival analysis methods, their main limitation lies that they only provide a P-value for a 

statistical test of the null hypothesis that there is no difference between two survival curves 

but do not provide an interpretable magnitude and precision of treatment difference. 

 

The win ratio method is based on the counts of “winners” and “losers” in each treatment group 

for a survival time outcome among all possible pairwise comparisons. Under the minimal 

assumptions, a close-form variance for win ratio can be derived. In this paper, we used the 

method proposed by Bebu and Lachin (2016) for calculating the variance for win ratio statistic, 

which can be implemented via WWR package in R (J. Qiu et al. 2017). The win ratio approach 

has some advantages over the traditional methods for survival data analyses. First, the win 

ratio is calculated by the total number of winners divided by the total numbers of losers, and 

its 95% confidence interval and P-value for the win ratio are obtained using asymptotic theory 

based on the number of winners, losers, and ties. The counting of those numbers does not 

require the assumption of the hazard proportionality, which is a fundamental requirement for 

the log-rank test and Cox model. It is therefore an assumption-free method but has larger 

power than log-rank test and Cox model to detect the difference when survival curves intersect. 

Second, the win ratio approach deals with a composite endpoint (multiple survival times with 

each component contributing on separate survival time) by giving ranking priorities to its 



components, in contrast to the traditional survival analysis methods which treat each 

component of a composite endpoint equally and analyse only the first occurrence of any 

component events. Third, empirically, estimates of win ratio are very close to the reciprocal 

of hazard ratios in terms of direction and magnitude, and similar strength of evidence although 

an exact mathematical relationship has not been established (Gregson et al. 2019). Therefore, 

win ratio could be used a new estimand for assessing the treatment difference in survival 

analysis.  

 

The study has some limitations. First, we have not discussed in this paper the sample size 

calculation for the win ratio method in design of a clinical trial with time-to-event data as the 

primary outcome. Two recently published papers dealt with sample size calculation based on 

win ratio statistic. Yu and Ganju (2022) provided an approximation formula based on 

probability of win ratio endpoint. Mao, Kim, and Miao (2022) provided more precise formula 

to calculate sample size for win ratio analysis of different types of outcomes. Second, the win 

ratio method for analysis of survival data suggested in this paper is a univariate method, which 

generates a crude (unadjusted) win ratio between two treatment arms. Estimation of the 

adjusted treatment effect is often needed, particularly when randomisation imbalance occurs 

for some important prognostic factors at baseline. Inverse probability weighting based on 

propensity score could be employed to calculate the adjusted win ratio as was done by Dong 

et al. (2020) for dealing with survival data in the presence of independent censoring.  Adjusted 

win ratio with stratification proposed by Gasparyan et al. (2020) could also be employed to 

control for possible imblances in baseline characteristics of patients. Finally, in this paper, we 

adopted the definition of the win ratio given Pocock et al. (2012) and excluded tied 

observations when calculating the win ratio statistic in the setting of independent censoring. 

The resulting win ratio statistic may be not reliable when censoring is dependent (eg, baseline 

covariate related). Under such a circumstance, inverse-probability-of-censoring weighting 

adjusted win ratio (IPCW-adjusted win ratio) (Dong et al. 2020) and inverse-probability-of-

censoring weighting adjusted win ratio for baseline covariates and/or time-dependent 

covariates (CovIPCW-adjusted win ratio) (Dong et al. 2021) may be recommended. Further 

work is needed to assess the properties of those adjusted win ratios when the survival curves 

cross. 
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Figure 1: Kaplan-Meier estimates of survival for chemotherapy against chemotherapy 

combined with radiotherapy 
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Figure 2: Survival curves for four scenarios 

 



 

 

Table 1: Summary results from log-rank, Cox model and win ratio analyses of three sub-studies in the CHARM programme 

  

CHARM-Alternative CHARM-Added CHARM-Preserved 
 

Candesartan Placebo Candesartan Placebo Candesartan Placebo 
 

 
Descriptive statistics              

Number of patients 1013 1015 1276 1272 1514 1509  

Primary composite 

event 
334 406 483 538 333 366  

Log-rank test        

P-value 0.0004 0.01 0.118  

Cox model analysis        

1/HR (95% CI) 1.30 (1.12,1.49) 1.18 (1.04,1.33) 1.12 (0.97,1.03)  

P-value 0.0001 0.01 0.118  

Win ratio analysis        

Win ratio (95% CI) 1.33 (1.15, 1.55) 1.20 (1.06, 1.36) 1.13 (0.97, 1.32)  

P-value 0.0001 0.004 0.107  

              HR=Hazard ratio 

 

 

 



Table 2: The summary statistics of win ratio and the type I errors of three methods when two 

groups have identical survival distributions: Simulation 1 

% of 

censoring 

Summary statistics of win ratio Proportion of tests with P<0.05 

sample 

size 
mean 

geometric 

mean 
median SD 

win 

ratio 
log-rank Cox-model 

0 

20 1.19 1.01 1.04 0.77 4.6% 6.2% 5.4% 

40 1.08 1.00 1.02 0.44 4.2% 5.4% 5.0% 

60 1.05 1.00 1.01 0.32 4.4% 5.7% 5.7% 

80 1.05 1.01 1.01 0.27 4.0% 4.4% 4.1% 

100 1.03 1.00 1.01 0.25 5.1% 5.3% 5.3% 

200 1.01 1.00 1.00 0.17 5.3% 4.9% 4.9% 

300 1.01 1.00 1.00 0.13 4.2% 4.6% 4.6% 

400 1.01 1.00 1.00 0.11 5.1% 4.8% 4.8% 

800 1.00 1.00 1.00 0.08 4.3% 4.6% 4.6% 

25 

20 1.33 1.00 1.00 1.96 4.0% 5.8% 4.4% 

40 1.12 1.01 1.01 0.58 5.0% 5.8% 5.2% 

60 1.05 0.98 0.99 0.38 4.7% 4.6% 4.3% 

80 1.05 1.00 0.99 0.33 4.5% 5.3% 4.8% 

100 1.03 0.99 1.00 0.28 4.4% 5.0% 4.7% 

200 1.02 1.00 0.99 0.20 4.6% 5.2% 5.2% 

300 1.01 1.00 0.99 0.16 5.2% 4.7% 4.7% 

400 1.01 1.00 1.00 0.13 5.3% 4.9% 4.9% 

800 1.01 1.00 1.00 0.09 5.3% 4.5% 4.5% 

50 

20 1.46 1.00 1.03 1.64 4.7% 5.9% 3.5% 

40 1.13 0.97 0.96 0.66 4.3% 5.1% 4.0% 

60 1.12 1.01 1.01 0.54 4.6% 5.3% 4.8% 

80 1.08 1.00 1.00 0.42 4.1% 5.7% 4.8% 

100 1.07 1.01 1.00 0.38 5.1% 4.9% 4.2% 

200 1.04 1.01 1.02 0.24 5.0% 5.2% 5.0% 

300 1.01 0.99 0.99 0.19 4.8% 4.1% 4.0% 

400 1.01 1.00 1.00 0.17 5.6% 5.1% 5.1% 

800 1.01 1.00 1.00 0.12 4.4% 4.0% 4.0% 

75 

20 1.90 1.03 1.00 3.46 3.3% 5.4% 0.5% 

40 1.53 0.99 1.00 3.11 4.6% 4.8% 2.7% 

60 1.32 1.00 1.01 2.22 5.0% 4.2% 3.1% 

80 1.18 0.99 1.00 1.01 4.9% 4.5% 3.9% 

100 1.17 1.02 1.02 0.71 4.9% 4.6% 4.1% 

200 1.05 0.99 0.99 0.37 4.9% 4.8% 4.5% 

300 1.04 1.00 1.00 0.28 4.6% 4.6% 4.4% 

400 1.04 1.01 1.02 0.25 5.0% 5.2% 4.9% 

800 1.02 1.01 1.01 0.17 5.1% 5.6% 5.6% 

SD: Standard deviation 



Table 3: The summary statistics of win ratio and powers of three methods when two survival 

curves have proportional hazard rates: Simulation 2 

0% of 

censoring 

Summary statistics of win ratio Proportion of tests with P<0.05 

sample 

size 
mean 

geometric 

mean 
median SD 

win 

ratio 
log-rank 

Cox-

model 

0 

20 1.01 0.84 0.85 0.70 5.3% 8.7% 7.8% 

40 0.88 0.82 0.82 0.35 7.3% 7.9% 7.7% 

60 0.85 0.81 0.83 0.26 9.6% 12.4% 11.7% 

80 0.84 0.81 0.81 0.22 11.9% 12.1% 11.6% 

100 0.83 0.81 0.81 0.20 14.4% 16.2% 16.1% 

200 0.82 0.81 0.82 0.14 24.7% 25.8% 25.7% 

300 0.82 0.81 0.81 0.11 34.0% 33.5% 33.4% 

400 0.82 0.82 0.81 0.10 42.1% 42.4% 42.2% 

800 0.82 0.82 0.82 0.07 68.9% 69.3% 69.3% 

25 

20 1.00 0.78 0.79 0.84 6.6% 8.7% 6.8% 

40 0.88 0.79 0.80 0.44 7.5% 9.4% 8.6% 

60 0.86 0.81 0.82 0.31 8.5% 9.8% 9.1% 

80 0.86 0.82 0.81 0.28 10.4% 11.6% 11.0% 

100 0.84 0.81 0.81 0.23 12.0% 14.1% 13.9% 

200 0.83 0.81 0.81 0.17 20.6% 20.3% 20.3% 

300 0.83 0.82 0.82 0.13 24.4% 26.2% 26.1% 

400 0.82 0.81 0.81 0.11 32.8% 34.1% 33.8% 

800 0.82 0.82 0.82 0.08 57.6% 58.6% 58.6% 

50 

20 1.24 0.80 0.82 1.80 5.2% 6.5% 3.4% 

40 0.98 0.84 0.84 0.60 4.9% 6.3% 5.3% 

60 0.93 0.84 0.84 0.45 6.2% 7.5% 6.8% 

80 0.87 0.81 0.82 0.36 9.2% 9.3% 8.7% 

100 0.88 0.83 0.83 0.30 8.5% 8.4% 8.0% 

200 0.83 0.81 0.82 0.19 15.0% 14.6% 14.3% 

300 0.83 0.81 0.81 0.16 18.6% 18.9% 18.7% 

400 0.83 0.82 0.81 0.14 23.0% 25.6% 25.2% 

800 0.82 0.82 0.82 0.10 42.6% 44.3% 44.0% 

75 

20 1.39 0.80 1.00 2.24 3.2% 5.4% 0.8% 

40 1.10 0.77 0.80 1.20 5.9% 5.4% 2.5% 

60 1.02 0.80 0.83 0.82 7.4% 8.3% 6.5% 

80 0.92 0.79 0.80 0.57 6.4% 7.1% 6.2% 

100 0.90 0.80 0.82 0.45 5.6% 7.4% 6.8% 

200 0.86 0.81 0.80 0.32 9.9% 10.0% 9.3% 

300 0.83 0.81 0.81 0.22 11.8% 11.3% 10.9% 

400 0.83 0.81 0.82 0.20 15.1% 14.8% 14.4% 

800 0.82 0.81 0.81 0.13 22.8% 23.7% 23.7% 

SD: Standard deviation 



Table 4: The summary statistics of win ratio and powers of three methods when two survival 

curves cross at S(t) = 0.0 ∼ 0.5: Simulation 3 

% of 

censoring 

Summary statistics of win ratio Proportion of tests with P<0.05 

sample 

size 
mean 

geometric 

mean 
median SD 

win 

ratio 
log-rank 

Cox-

model 

0 

20 1.58 1.28 1.27 1.48 6.9% 8.9% 8.2% 

40 1.33 1.24 1.23 0.53 7.0% 7.1% 6.7% 

60 1.31 1.25 1.25 0.42 10.1% 7.1% 6.9% 

80 1.29 1.25 1.25 0.36 13.6% 6.9% 6.8% 

100 1.29 1.25 1.26 0.31 15.0% 8.9% 8.7% 

200 1.27 1.25 1.25 0.21 27.2% 10.6% 10.5% 

300 1.26 1.25 1.25 0.17 36.7% 11.5% 11.4% 

400 1.26 1.25 1.25 0.15 46.9% 14.8% 14.8% 

800 1.25 1.24 1.24 0.10 76.2% 19.8% 19.8% 

25 

20 1.66 1.29 1.27 1.67 4.2% 7.2% 5.6% 

40 1.37 1.24 1.23 0.65 7.0% 6.7% 6.1% 

60 1.35 1.26 1.27 0.51 8.3% 6.7% 6.2% 

80 1.29 1.23 1.23 0.43 10.3% 8.2% 7.8% 

100 1.29 1.24 1.24 0.36 12.2% 7.8% 7.5% 

200 1.27 1.25 1.25 0.25 21.0% 9.7% 9.7% 

300 1.27 1.25 1.24 0.20 30.4% 12.5% 12.2% 

400 1.25 1.24 1.24 0.17 35.8% 9.4% 9.4% 

800 1.25 1.25 1.25 0.12 63.5% 18.9% 18.8% 

50 

20 2.17 1.35 1.25 3.30 6.3% 7.8% 4.4% 

40 1.46 1.25 1.27 0.97 4.8% 5.6% 4.6% 

60 1.41 1.28 1.28 0.66 8.7% 6.2% 5.7% 

80 1.35 1.26 1.28 0.53 8.4% 5.5% 5.3% 

100 1.33 1.26 1.25 0.47 9.5% 7.0% 6.6% 

200 1.31 1.27 1.27 0.33 17.9% 8.7% 8.6% 

300 1.24 1.22 1.22 0.24 17.8% 7.2% 7.1% 

400 1.27 1.25 1.25 0.21 26.8% 9.7% 9.6% 

800 1.25 1.25 1.24 0.15 46.8% 12.8% 12.8% 

75 

20 2.17 1.18 1.00 3.62 3.9% 5.8% 0.7% 

40 2.03 1.25 1.25 4.21 7.6% 5.9% 3.3% 

60 1.61 1.27 1.27 1.37 5.5% 5.7% 4.0% 

80 1.51 1.27 1.25 0.98 9.3% 6.1% 5.5% 

100 1.40 1.24 1.25 0.73 6.3% 4.7% 4.0% 

200 1.33 1.25 1.25 0.46 11.6% 6.3% 6.1% 

300 1.27 1.22 1.22 0.35 11.3% 6.9% 6.4% 

400 1.28 1.24 1.23 0.31 16.3% 6.8% 6.6% 

800 1.26 1.25 1.25 0.21 27.1% 10.5% 10.3% 

SD: Standard deviation 



Table 5: The summary statistics of win ratio and powers of three methods when two survival 

curves cross at S(t) = 0.5 ∼ 1.0: Simulation 4 

% of 

censoring 

Summary statistics of win ratio Proportion of tests with P<0.05 

sample 

size 
mean 

geometric 

mean 
median SD 

win 

ratio 
log-rank 

Cox-

model 

0 

20 1.36 1.16 1.17 0.89 4.5% 5.8% 4.7% 

40 1.25 1.15 1.15 0.53 6.0% 7.1% 6.6% 

60 1.21 1.16 1.13 0.39 6.8% 4.5% 4.2% 

80 1.19 1.15 1.15 0.33 8.5% 4.7% 4.3% 

100 1.21 1.17 1.17 0.29 9.6% 5.2% 4.9% 

200 1.17 1.16 1.16 0.20 13.6% 6.1% 6.1% 

300 1.17 1.16 1.17 0.16 17.7% 5.7% 5.6% 

400 1.17 1.16 1.16 0.14 22.2% 6.3% 6.3% 

800 1.16 1.16 1.16 0.10 42.2% 7.8% 7.8% 

25 

20 1.45 1.14 1.14 1.22 4.8% 6.3% 5.4% 

40 1.33 1.19 1.19 0.67 7.4% 5.7% 5.4% 

60 1.24 1.16 1.16 0.48 6.7% 5.0% 4.8% 

80 1.20 1.14 1.14 0.38 6.6% 5.7% 5.4% 

100 1.20 1.16 1.15 0.32 6.8% 5.3% 5.2% 

200 1.19 1.16 1.17 0.25 11.1% 7.0% 7.0% 

300 1.17 1.15 1.16 0.18 15.0% 5.0% 4.9% 

400 1.18 1.17 1.17 0.16 19.9% 4.6% 4.4% 

800 1.16 1.15 1.15 0.11 31.2% 8.2% 8.0% 

50 

20 1.80 1.17 1.19 2.61 5.2% 5.2% 2.9% 

40 1.37 1.16 1.17 0.88 5.6% 4.7% 4.1% 

60 1.32 1.19 1.21 0.62 6.0% 5.7% 5.3% 

80 1.23 1.14 1.16 0.48 5.7% 5.3% 5.0% 

100 1.23 1.16 1.16 0.41 6.9% 4.4% 4.0% 

200 1.20 1.16 1.17 0.29 10.5% 6.5% 6.3% 

300 1.18 1.16 1.16 0.23 11.8% 4.9% 4.8% 

400 1.17 1.16 1.16 0.19 12.7% 4.7% 4.6% 

800 1.17 1.16 1.16 0.14 24.5% 7.7% 7.7% 

75 

20 2.07 1.12 1.00 3.47 3.0% 5.1% 0.5% 

40 1.70 1.09 1.09 3.28 5.6% 5.8% 2.9% 

60 1.50 1.17 1.17 1.63 5.8% 5.6% 4.3% 

80 1.38 1.15 1.14 1.08 6.3% 5.1% 4.5% 

100 1.32 1.17 1.18 0.70 6.2% 5.6% 4.7% 

200 1.24 1.17 1.16 0.44 7.7% 6.3% 6.2% 

300 1.19 1.15 1.14 0.34 8.9% 5.0% 4.7% 

400 1.18 1.15 1.15 0.28 10.8% 4.8% 4.6% 

800 1.17 1.16 1.15 0.20 15.7% 7.4% 7.1% 

SD: Standard deviation 


