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I. Abstract 
 
Introduction: Time-to-event analysis, or survival analysis, is the most widely utilized 

analytical method applied to outcomes of clinical trials. Most clinical trials with time-to-

event outcomes are designed assuming constant event rates and proportional hazards 

however, nonproportional hazards are seen increasingly frequently in trials. The impact of 

non-constant event rates and nonproportional hazards and the interplay between these 

two factors on the design, use of statistical methodology and reporting of trials has not 

been evaluated. 

 

Aims: The aims of this thesis are : to assess whether non-constant event rates and non-

proportional hazards were allowed for in the design, analysis and reporting of trials, to 

investigate the impact of non-constant event rates in the presence of non-proportionality, 

to illustrate the potential gains in understanding and clinical insight that may be possible 

using analysis methods which allow for time-dependence of treatment effects, and to 

improve the awareness and reporting of treatment effects that change over time through 

visual presentations. 

 

Methods: A scoping review was undertaken to assess how non-constant event rates and 

non-proportional treatment effects were allowed for in the design of trials, to determine the 

main methodological approaches used, and assess the reporting and presentation quality 

of trial findings. A simulation study was performed to investigate the impact of non-

constant event rates in the presence of non-proportionality using statistical methods 

informed by the review for analysing time-to-event data. An application of regression-

based methods which allow for time-dependent treatment effects was used to illustrate the 

potential for increased clinical insight into treatment effects and interactions in a trial. 

Finally, graphical means to improve the visual presentation of treatment effect measures 

was proposed as a way of improving the awareness of time-dependent treatment effects 

and provide impetus to more fully report and investigate trial findings. 

 

Results: The review confirmed that when designing trials constant event rates and 

proportional hazards are typically assumed, that methods assuming proportional hazards 

are the predominant method to analyse trial results and that reporting of the key 

assumption was lacking. The simulation showed that even modest departures from non-

constant event rates could further augment the loss in power to detect treatment effects 
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depending on the nature of any nonproportionality. Through a re-examination of endpoints, 

we found evidence for nonproportionality, time-dependent treatment effects and treatment 

interaction effects not previously reported. We developed a series of recommendations to 

improve the reporting of clinical trials through the use of treatment effect plots. 

 

Conclusions: The research in this thesis demonstrates that allowing for non-constant 

event rates and nonproportionality in the design, analysis and reporting of clinical trials can 

still be improved. Nonproportionality is being observed more frequently due to the 

mechanistic nature of new interventions and because of increased regulatory oversight 

requiring the conduct of larger, longer trials. Illustrating the increased insight and clinical 

understanding that can be obtained through the use of more recently developed analysis 

approaches combined with our proposed presentations of complementary graphs should 

provide the impetus to more fully report clinical trial findings. 
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Chapter 1 Introduction 

Randomised controlled trials provide the highest level of evidence on which to base decisions 

regarding the use of health interventions in humans. Time-to event analysis, or survival analysis 

has been the most widely utilised analytical method in research articles in leading general medical 

journals over the past two decades [1]. Most trials with time-to-event outcomes are designed 

assuming proportional hazards of the treatment effect and the hazard ratio from a Cox proportional 

hazards model has become ubiquitous as the method for quantifying treatment effects [2]. 

Proportional hazards (PH) implies that the effect of treatment - or any covariate - is constant at all 

times during the trial such that a fixed magnitude estimate obtained by taking the ratio of the two 

hazards ie the hazard ratio (HR) is an appropriate way to summarise the treatment effect. 

Nonproportionality – or treatment effects that may vary over time - is detected in larger trials, trials 

with long term follow up and trials that study treatments with novel mechanisms of action, 

characteristics that have become more commonplace [3–5]. With the advent of immunotherapies 

for cancer treatments, many new treatments exhibit a delay prior to any beneficial effect as 

activation of the immune system is required. Within a trial, hazards may also not be proportional for 

different observed subgroups of patients. Unobserved disease susceptibility or frailty that varies 

between individuals can also result in hazards that are not proportional as those with greater 

outcome susceptibility are likely to experience the event of interest earlier. As a result, 

comparisons of treatment groups later in the trial can differ from comparisons earlier in the trial. 

Ignoring time-varying effects and estimating “average” hazard ratios can result in misleading 

conclusions [6]. 

The reliance on the Cox model as the method for time-to-event analyses in clinical trials can be 

restricting. Information about the underlying event rate is also of interest to trialists and while this 

can be recovered for the Cox model, it is not directly estimated in a standard approach. In addition, 

when designing trials where the Cox model is used for analysis, an assumption of constant event 

rates is typically used, mainly for simplicity. Sample size calculations assuming constant or 

piecewise constant event rates are applied even when prior information on the shape of the 

underlying event rate is available [7]. When nonproportionality of treatment effects could be 

anticipated, there is limited research on the impacts of non-constant event rates on the Cox PH 

model HR estimand or other estimate of treatment effect [8]. 

The aims of this thesis are set out at the end of this chapter but briefly summarised are: (i) to 

assess whether non-constant event rates and nonproportional hazards were allowed for in the 

design, analysis and reporting of clinical trials in medical research literature, (ii) to investigate the 

impact of non-constant event rates on the power to detect treatment effects in the presence of 

nonproportionality, (iii) to illustrate the potential gains in understanding and clinical insight that may 
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be possible using analysis methods which allow for time-dependence (TD) of treatment effects, 

and (iv) to improve the awareness and reporting of treatment effects that change over time through 

visual presentations. 

This first chapter sets the context for the research presented in this thesis by providing a brief 

overview of time-to-event analysis covering the key functions and estimands, different estimation 

and sample size calculation approaches and outlining the existing guidance and reviews for 

designing, analysing and presenting time-to-event outcomes. This introduction concludes with the 

detailed aims and objectives of the research and presents an outline of the thesis structure. 

1.1 Key functions and measures in time-to-event analysis 

Time-to-event analysis refers to the statistical methods which analyse the time it takes for an event 

of interest to occur from some reference or baseline origin time. The analysis of observations of 

time-to-event data is also commonly referred to as survival analysis as early work using these 

methods often used death as the event occurrence. Time-to-event data is unique because the 

outcome under investigation is a time to event of interest and for some study participants that 

event may not have occurred during the period of time they were under observation, i.e. the data 

have been censored. 

The most common type of censoring is right censoring, where up to a certain time point some 

participants have not yet experienced the event but are no longer followed. We may expect that 

sometime in the future the event can be observed but within the time period of observation, the 

event is not experience by such participants. Time-to-event analysis techniques utilise the partial 

information provided by each participant with censored data to obtain unbiased estimates of 

measures of importance. 

There are three fundamental functions which describe the relationship between the event time T 

and the event of interest. These are the hazard function, the cumulative hazard function and the 

survival function. The hazard function ℎ(𝑡𝑡) represents the instantaneous event rate at time 𝑡𝑡 

knowing that the participant has not experience this event so far, where  

ℎ(𝑡𝑡) = lim
𝛿𝛿→0

�
𝑃𝑃𝑃𝑃(𝑡𝑡 ≤ 𝑇𝑇 < 𝑡𝑡 + 𝛿𝛿|𝑇𝑇 ≥ 𝑡𝑡)

𝛿𝛿
� 

The cumulative hazard function 𝐻𝐻(𝑡𝑡) is a measure of the accumulation of instantaneous risk of 

event occurrence, and is obtained by integration over the hazard function up to any time 𝑡𝑡  

𝐻𝐻(𝑡𝑡) = � ℎ
𝑡𝑡

0
(𝑢𝑢) 𝑑𝑑𝑢𝑢 
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The survival function 𝑆𝑆(𝑡𝑡) is the probability of the event of interest occurring after time 𝑡𝑡 or 

alternatively the probability of being event-free at time 𝑡𝑡 

𝑆𝑆(𝑡𝑡) = Pr(𝑇𝑇 > 𝑡𝑡). 

The survival function is monotonic decreasing and the cumulative hazard function is monotonic 

increasing. The hazard function can be any non-negative function, able to both increase and 

decrease over time. Mathematically, the three measures are related and can be written in terms of 

one another as  

ℎ(𝑡𝑡) = −
𝑑𝑑 log 𝑆𝑆(𝑡𝑡)

𝑑𝑑𝑡𝑡
 

𝑆𝑆(𝑡𝑡) = exp �−� ℎ
𝑡𝑡

0
(𝑢𝑢) 𝑑𝑑𝑢𝑢� = exp[−𝐻𝐻(𝑡𝑡)] 

From these functions, different measures can be constructed to enable quantification of covariate 

effects such as assignment to treatment group in a randomised trial. 

Hazard Ratio (HR) 

The hazard ratio is obtained by comparing the instantaneous event rate in the treatment group 

(ℎ1(𝑡𝑡), group code = 1) to the control group (ℎ0(𝑡𝑡), group code = 0). The effect of treatment is 

measured as the ratio of hazards in the treatment group to the control group. A typical assumption 

is that this ratio is constant over time, ie  

HR =  
ℎ1(𝑡𝑡)
ℎ0(𝑡𝑡)

= exp (𝛽𝛽) 

A generalisation of this idea will lead to the Cox model also known as the proportional hazards 

model or a parametric counterpart such as the Weibull model or flexible parametric models (these 

models are introduced in Sections 1.2.2 and 1.2.3). Of course, this constant PH assumption may 

not be true in practice paving the way for the definition of other measures of effect. 

The HR does not have a clear interpretation when nonproportionality is observed and a large body 

of literature has been devoted to the development and use of alternative estimands [8–12]. The 

restricted mean survival time (RMST) is an example of a robust and clinically meaningful summary 

measure of survival time distribution that does not rely on the concept of hazard. A test of the 

difference of RMST (∆RMST) between treatment groups may be more appropriate than a hazard 

ratio to determine treatment effects in the presence of non-proportionality of hazards between 

groups. 
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Difference in Restricted Mean Survival Time (∆RMST) 

The RMST 𝜇𝜇 of a time-to-event random variable 𝑇𝑇 is the mean of min(𝑇𝑇, 𝑡𝑡∗) where the cut off time 

𝑡𝑡∗ is greater than zero. The RMST can be derived as the area under the survival curve 𝑆𝑆(𝑡𝑡) =

𝑃𝑃(𝑇𝑇 > 𝑡𝑡) from 𝑡𝑡 = 0 to 𝑡𝑡 = 𝑡𝑡∗. In a two-group randomised trial with survival functions 𝑆𝑆𝑋𝑋𝑇𝑇(𝑡𝑡) and 

𝑆𝑆𝑋𝑋𝐶𝐶(𝑡𝑡) for the treatment group and the control group respectively, the difference in RMST between 

groups can be defined as  

∆RMST = � 𝑆𝑆𝑋𝑋𝑇𝑇
𝑡𝑡∗

0
(𝑡𝑡) − 𝑆𝑆𝑋𝑋𝐶𝐶(𝑡𝑡) 𝑑𝑑𝑡𝑡 

An estimate of the ∆RMST can be obtained in a number of ways, including a method that is the 

focus in this thesis, by fitting a flexible parametric model either under the assumption of PH (ie 

equivalent to a time-fixed treatment effect) or allowing for non-PH (time-dependent treatment 

effects). 

1.2 Analysis approaches 

1.2.1 Non-parametric estimation of survival 

Non-parametric approaches do not rely on assumptions about the shape or form of parameters in 

the underlying population. They are used to describe the data by estimating the survival function 

𝑆𝑆(𝑡𝑡) and provide estimates of the median and centiles of survival time. These descriptive statistics, 

due to censoring, cannot be calculated directly from the data by ordering the observed event times 

and choosing the corresponding quantile. 

The Kaplan-Meier (KM) estimator is the most used non-parametric method to estimate the survival 

function. It works by breaking up the estimation of 𝑆𝑆(𝑡𝑡) into intervals based on observed event 

times. Study participants contribute to the estimation of 𝑆𝑆(𝑡𝑡) until either the event occurs or the 

observation is censored. The KM estimate of the survival function is  

�̂�𝑆(𝑡𝑡) = � �
𝑛𝑛𝑗𝑗 − 𝑑𝑑𝑗𝑗
𝑛𝑛𝑗𝑗

�
𝑗𝑗|𝑡𝑡𝑗𝑗≤𝑡𝑡

 

where 𝑡𝑡𝑗𝑗, 𝑗𝑗 = 1 …𝐾𝐾 are the distinct ordered failure times, 𝑛𝑛𝑡𝑡𝑗𝑗 is the number of participants at risk 

before time 𝑡𝑡𝑗𝑗 and 𝑑𝑑𝑡𝑡𝑗𝑗 the number of events observed at time 𝑡𝑡𝑗𝑗. Between events, the estimated 

survival probability is constant therefore the curve is a step function where vertical drops indicate 

the occurrence of one or more events. 

Confidence intervals (CIs) which provide an estimate of the range of plausible values of the 

survival probability in the population which study participants represent can be calculated as �̂�𝑆(𝑡𝑡) ±
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𝑧𝑧1−𝛼𝛼/2 se[�̂�𝑆(𝑡𝑡)] where the standard error (se) is calculated from the Greenwood formula for 

variance  

Var� (�̂�𝑆(𝑡𝑡)) = �̂�𝑆2(𝑡𝑡) �
𝑑𝑑𝑗𝑗

𝑛𝑛𝑗𝑗(𝑛𝑛𝑗𝑗 − 𝑑𝑑𝑗𝑗)
𝑗𝑗|𝑡𝑡𝑗𝑗≤𝑡𝑡

, 

𝑧𝑧1−𝛼𝛼/2 is the 1 − 𝛼𝛼/2 critical value of the standard normal distribution and 𝛼𝛼 is the nominated 

significance level. 

Tests of survival curve difference 

To test whether two or more groups of study participants have different survival time distributions, 

a hypothesis testing procedure can be employed to compare survival curves. Rank-based tests are 

well established for this purpose. There are several versions of these rank-based tests, which differ 

in the weight given to each time point in the calculation of the test statistic. The most common 

rank-based test utilised in the medical research literature is the logrank test which gives each event 

equal weighting. 

Logrank test 

The logrank test assesses the null hypothesis that there is no difference between the survival 

curves of two (or more) groups in the probability of an event at any time point over the total survival 

time period under consideration. This test compares observed (O) and expected (E) numbers of 

events across time and between groups. The analysis is based on the sum of differences of the 

estimated hazard function at each observed event time 𝑡𝑡𝑗𝑗 with an implicit equal weighting of one for 

all event times. The test statistic is defined as  

𝑇𝑇𝐿𝐿𝐿𝐿 =
�∑ (𝐾𝐾

𝑗𝑗=1 𝑂𝑂𝑗𝑗 − 𝐸𝐸𝑗𝑗)�2

∑ 𝑉𝑉𝑗𝑗𝐾𝐾
𝑗𝑗=1

∼ 𝜒𝜒12 

where 𝑉𝑉𝑗𝑗 is the variance of Var(𝑂𝑂𝑗𝑗 − 𝐸𝐸𝑗𝑗) for 𝑗𝑗 = 1, … ,𝐾𝐾 event times.  

Rank-based tests are subject to the assumptions that censoring is independent to outcome and 

group, that events happened at the times specified and survival probabilities are the same at all 

times. As a result of these assumptions, rank-based tests are maximally powerful to detect 

treatment effects when hazards are proportional. 

Weighted logrank tests 

When nonproportionality is anticipated, the logrank test can lose power to detect treatment 

differences with the magnitude of the loss of power dependent on the configuration of the 

nonproportionality. Variations of the logrank test include the Wilcoxon test, which weights each 
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time point by the number of subjects at risk. Based on this weight, the Wilcoxon test is more 

sensitive to differences between curves early in the follow-up, when more subjects are at risk. 

Other tests, like the Peto-Prentice test, use weights with magnitude in between those of the 

logrank and Wilcoxon tests. 

Fleming and Harrington [13] proposed a family of weighted tests, the extended 𝐺𝐺𝜌𝜌,𝛾𝛾 which can be 

expressed as  

𝐺𝐺𝜌𝜌,𝛾𝛾 = �
𝑛𝑛1 + 𝑛𝑛2
𝑛𝑛1𝑛𝑛2

� {
∞

0
�̂�𝑆(𝑡𝑡−)}𝜌𝜌{1− �̂�𝑆(𝑡𝑡 −)𝛾𝛾}

𝑌𝑌1(𝑡𝑡)𝑌𝑌2(𝑡𝑡)
𝑌𝑌1(𝑡𝑡) + 𝑌𝑌2(𝑡𝑡)

�
𝑑𝑑𝑁𝑁1(𝑡𝑡)
𝑌𝑌1(𝑡𝑡)

−
𝑑𝑑𝑁𝑁2(𝑡𝑡)
𝑌𝑌2(𝑡𝑡)

� 

where �̂�𝑆(𝑡𝑡−) is the Kaplan-Meier estimate of the survival rate based on the pooled data from the 

two treatment groups, 𝑌𝑌𝑖𝑖(𝑡𝑡) is the number of patients at risk in group 𝑖𝑖 at time 𝑡𝑡, and 𝑁𝑁𝑖𝑖(𝑡𝑡) is the 

number of events in group 𝑖𝑖 up to and included time 𝑡𝑡. When 𝜌𝜌 = 0, 𝛾𝛾 = 0 then 𝐺𝐺0,0 corresponds to 

the logrank test with equal weights. When 𝜌𝜌 > 𝛾𝛾, the test gives more weight to earlier failures than 

to later ones, and when 𝜌𝜌 = 1, 𝛾𝛾 = 0 corresponds to the generalised Wilcoxon test. When 𝜌𝜌 < 𝛾𝛾 

more weight is given to later failures than to earlier ones. Commonly utilised Fleming-Harrington 

(FH) tests are 𝐺𝐺1,0, 𝐺𝐺1,1 and 𝐺𝐺0,1 which preferentially weigh early, middle and latter events 

respectively. 

When follow up duration is long, nonproportionality can occur. In this setting these rank-based 

tests have the limitation that they may be under powered to detect differences between groups 

under the assumption of PH. This drawback may be exacerbated if the nonproportionality is so 

marked that the survival curves cross. 

Omnibus tests 

Many tests of difference between two survival curves have been proposed that aim to achieve 

acceptable power under PH and under anticipated non-PH patterns whilst maintaining type I error 

rates close to the nominal level. Omnibus or global tests may be derived by combining some 

members within a class or across classes of test statistics. This can be useful in the presence of 

nonproportional hazards. A combined test assessed in this thesis utilises information from the 

logrank test and a test of difference in the mean survival time between treatment groups [14]. The 

motivation for the development of the combined test was to capitalise on the optimal power of the 

logrank test when the assumption of PH is met, and to provide some insurance should 

nonproportionality be present. Another omnibus test used in this thesis is the versatile test 

proposed by Karrison [15]. The default comparison test considers 𝐙𝐙𝐦𝐦 = max(|𝑍𝑍1|, |𝑍𝑍2|, |𝑍𝑍3|) where 

𝑍𝑍1, 𝑍𝑍2 and 𝑍𝑍3 are 𝑍𝑍 statistics from 𝐺𝐺0,0, 𝐺𝐺1,0 and 𝐺𝐺0,1 extended FH family, 𝐙𝐙𝑚𝑚 ∼ N3(𝜇𝜇,𝛴𝛴) an 

asymptotic, trivariate normal distribution with 𝛍𝛍 the vector of means and 𝛴𝛴 the variance-covariance 

matrix. This combination of 𝑍𝑍 statistics was selected to provide relatively good coverage across the 
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range of likely scenarios encompassing proportional hazards, early difference and late difference 

configurations. 

1.2.2 Semi-parametric estimation of survival 

The Cox proportional hazards model is the most common survival model and is formulated as  

ℎ𝑖𝑖(𝑡𝑡) = ℎ0(𝑡𝑡)exp(𝑋𝑋𝑖𝑖𝛽𝛽) 

with ℎ0(𝑡𝑡) the baseline hazard function, ie the hazard function when all covariates are equal to 

zero, 𝑋𝑋𝑖𝑖 represents covariates, 𝛽𝛽 are the estimated coefficients. In using partial maximum 

likelihood to fit the Cox PH model, only the coefficients 𝛽𝛽 need to be estimated, not the baseline 

hazard so no absolute effects are estimated directly. Relative effects expressed as hazard ratios 

can be obtained by exponentiating the coefficients. The logrank statistic can be derived as the 

score test for the Cox PH model comparing two groups. It is therefore asymptotically equivalent to 

testing the 𝛽𝛽 coefficient for treatment in the Cox PH model. 

Nonproportional hazards can be introduced by including an interaction term between time and the 

covariate which is expected to have a time-dependent effect. Another possible way is to add a 

time-dependent function of time in the model, alone or as an interaction term with a specific 

covariate. However, it may be easier to estimate these effects when making some assumption 

about the shape of the underlying hazards through the use of parametric models. 

1.2.3 Parametric estimation of survival 

Weibull distribution 

Parametric survival models offer many advantages over semi-parametric models. They provide 

smooth estimates of the hazard and survival functions for any combination of covariates. It is 

easier to include time-dependent effects and model on different scales. It is also easier to 

extrapolate and obtain out-of-sample predictions with parametric survival models compared to the 

Cox model. A commonly used distribution function assumed for the baseline hazard is the Weibull 

distribution which assumes the baseline hazard function ℎ0(𝑡𝑡) = 𝜆𝜆𝛾𝛾𝑡𝑡𝛾𝛾−1 with 𝜆𝜆 and 𝛾𝛾 positive 

valued parameters that determine the scale and shape of the distribution respectively. When 𝛾𝛾 = 1, 

a constant hazard is assumed and this corresponds to the exponential distribution. The Weibull 

distribution can capture a variety of increasing and decreasing event rate scenarios. 

Assuming a Weibull distribution for the baseline hazard, a Weibull PH model can be written as  

ℎ𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝛾𝛾𝑡𝑡𝛾𝛾−1exp(𝑋𝑋𝑖𝑖𝛽𝛽) 
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For the Weibull PH model, the effect of treatment is obtained as  

𝐻𝐻𝐻𝐻 =  
𝜆𝜆𝛾𝛾𝑡𝑡𝛾𝛾−1 exp(𝛽𝛽𝐶𝐶 + 𝛽𝛽𝑇𝑇)
𝜆𝜆𝛾𝛾𝑡𝑡𝛾𝛾−1 exp(𝛽𝛽𝐶𝐶)

= exp(𝛽𝛽𝑇𝑇)  

Flexible parametric models 

A more flexible alternative to parametric regression models uses restricted cubic splines to model 

the baseline hazard first proposed by Royston and Parmar [16, 17]. These flexible parametric 

models (FPMs) are formulated by modelling survival times on the log cumulative hazard scale 

under an assumption of proportional hazards  

log 𝐻𝐻𝑖𝑖(𝑡𝑡) = log 𝐻𝐻0(𝑡𝑡) + 𝑋𝑋𝑖𝑖𝛽𝛽 = 𝑠𝑠(log(𝑡𝑡)|𝛄𝛄𝑠𝑠,𝐤𝐤0) + 𝑋𝑋𝑖𝑖𝛽𝛽 

where 𝑠𝑠(log(𝑡𝑡)|𝛄𝛄𝑠𝑠,𝐤𝐤0) is the restricted cubic spline function with parameters 𝛄𝛄𝑠𝑠 for the baseline 

cumulative hazard with a vector of 𝐤𝐤0 knots. By derivation, the baseline hazards can then be 

estimated. In this way, the attraction of the Cox model - allowing the shape of the baseline hazard 

to be flexible through the absence of any distributional assumptions – can be achieved by allowing 

the basis function of cubic splines to flexibly fit the baseline hazard. FPMs have the additional 

appeal as parametric models of standard estimation options and interpretability, providing both 

relative and absolute estimates of treatment effect. 

Restricted cubic splines are piecewise cubic polynomials joined together at knots locations with 

smoothing constraints placed on the knots, the restriction coming from imposing linear terms 

beyond the first and last knots. This restriction ensures that an overall smooth function is fitted and 

that the fit is not unduly affected by extreme observations. In general, FPMs are implemented on 

the log cumulative hazard scale using one set of spline variables with predefined knot positions 

based on centiles of uncensored log survival times depending on the number of knots, with 

boundary knots at the minimum and maximum uncensored log survival times. The number of knots 

used to model the baseline hazard can be guided by clinical input and model selection criteria. 

FPMs can be generalised to accommodate nonproportional hazards. Time-dependent effects can 

be modelled using a different set of spline variables for each covariate of interest, possibly using a 

different number of knots in potentially different locations than the spline variables used to model 

the baseline hazard. Defining 𝐤𝐤𝟎𝟎 to denote the number of knots for the baseline hazard function, 𝐤𝐤𝑗𝑗 

to denote the knots for the 𝑗𝑗th TD effect with associated parameters, 𝛅𝛅𝑗𝑗 when there are 𝐽𝐽 

covariates with TD effects, the log cumulative hazard model is  

log 𝐻𝐻𝑖𝑖(𝑡𝑡) = 𝑠𝑠{log(𝑡𝑡)|𝛄𝛄,𝐤𝐤0} + �𝑠𝑠
𝐽𝐽

𝑗𝑗=1

{log(𝑡𝑡)|𝛅𝛅𝑗𝑗,𝐤𝐤𝑗𝑗}𝐱𝐱𝑗𝑗 + 𝐱𝐱𝐱𝐱 
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1.3 Designing clinical trials - sample size and power 

When designing a trial with a time-to-event outcome, where information is based on the number of 

events rather than the number of participants, there is importance in correct specification of the 

baseline hazard rate. Trials typically have fixed lengths of conduct, often composed of an accrual 

phase during which recruitment occurs, and a follow up phase where there is continued 

observation of event occurrence in the recruited participants. In trials of fixed duration, the interplay 

between the possibility of withdrawal and administrative censoring along with event rates needs to 

be taken into consideration in order to ensure that the chosen duration is sufficient to observe the 

required number of events. 

Sample size formulae for comparing two survival distributions using the logrank test [18, 19], or the 

exponential survivor function [20, 21] assume constant event rates and proportional hazards. 

Almost equivalently, the sample size formula using the beta co-efficient in the Cox model [22] 

assumes proportional hazards. These are the most widely used methods to determine the number 

of patients needed in a trial. Under PH, the shape of the baseline hazard has no effect on power 

nor on the magnitude of estimated treatment effects using standard analytical approaches. 

However, in a non-PH context the appropriateness of analytical approaches can depend on the 

shape of the underlying hazard.  

In the past two decades, there have been several proposed methods of sample size calculation 

(SSC) that acknowledge that the PH assumption may be too restrictive. These have included 

incorporating Fleming-Harrington weights into the SSC [23, 24], allowing for nonproportionality to 

be specified as a series of piecewise exponential ‘stages’ within a trial [25, 26], calculations that 

address specific types of nonproportionality such as lag to effect [24], using parametric modelling 

approaches to allow for changing event rates such as the Weibull distribution [27, 28] or the 

generalized gamma distribution [29], or using SSCs calculated assuming alternative model-free 

approach such as restricted mean survival time [14]. Alternatively, it is possible to use simulation 

strategies to determine the sample size required [30]. 

Whilst there has been some assessment of the adequacy of sample size reporting in general [31, 

32], the uptake of alternative methods of sample size calculations for time-to-event endpoints into 

widespread usage has not been assessed to date. Reviews of adequacy of the event rate 

parameters used in sample size calculations compared to that observed in the trial have found that 

event rates were often underestimated or poorly estimated with large discrepancy between 

anticipated and observed event rates [31, 33]. Even when knowledge about non-constant event 

rates is available, sample size calculations assuming constant, or at the most, piecewise constant 

event rates are generally applied [7]. There has been little research into the effect of non-constant 

event rates when nonproportionality of treatment effects would be anticipated. 
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1.4 Analysis and reporting characteristics of trials 

The work and publications of the Consolidated Standards of Reporting Trials (CONSORT) group 

have encouraged the adoption of guidelines to reporting trials and other research designs [34–36]. 

Previous reviews of trials involving time-to-event primary outcomes in the past twenty years have 

commonly assessed the adequacy and completeness of the reporting [3, 37–40], with review 

specific focus on the presentation of the survival plots [38], the completeness of the endpoint 

reporting [39], the implications of using summary statistics for inclusion into meta-analysis [40], or 

assessing for nonproportionality [3]. Recently published re-examinations of oncology trials have 

highlighted how prevalent time-dependent treatment effects may be, and that the use of standard 

analytical approaches assuming time-fixed treatment effects may underestimate the magnitude of, 

or miss completely, treatment effects that provide substantial survival benefits [41, 42]. 

Guidelines for presenting trial results graphically have been a priority for regulatory bodies. Kaplan-

Meier plots are the predominant means in which to display the results of time-to-event outcomes 

[43] in the absence of competing events. They provide information about the survival experience of 

the groups presented, and a visual indication of the difference between the survival probabilities 

and quantiles of survival time over time. However, Kaplan-Meier plots do not provide direct 

information about measures of treatment effect despite such measures usually being the key focus 

of a clinical trial. Because the information to detect survival curve differences comes from the 

number of events occurring in each group relative to the number of participants available, trying to 

infer the strength of treatment effect differences from survival curves can be difficult and caution 

has been advised [44]. There can be a disconnect between the visual impression of when survival 

curves differ and the evidence for statistical assessment of difference. Some measure of treatment 

effect such as a logrank statistic or a HR estimated under the assumption of PH normally 

accompanies a Kaplan-Meier plot. Since both the logrank test and the HR are maximally powerful 

under PH, ideally assessment for any nonproportionality that may be present should be conducted 

and reported alongside a Kaplan-Meier plots. 

1.5 Research aims and objectives 

Nonproportionality of hazards is increasingly being observed and is a pressing issue that should 

not be ignored in the design or analysis phases of a trial. If nonproportionality is anticipated then 

the sample size and pre-specified statistical analysis plan should take this into account. 

A constant event rate is another simplifying assumption commonly employed at the design phase 

of trials. If the assumption of proportional hazards holds, then the timing of event occurrences 

during a trial has no effect on the magnitude of the treatment effect and hence the power for a 

given number of events. However, in the presence of nonproportionality, the underlying event rate 

can be anticipated to impact on the performance characteristics of the treatment effect measures 
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such as the magnitude of the treatment effect and the power and coverage compared to that 

anticipated at the design stage. To date, little attention has been paid to the interplay of non-

proportionality and non-constant event rates. 

We planned to review which regression-based methods were currently utilised to analyse time-to-

event outcomes in clinical trials and whether there was allowance for anticipated 

nonproportionality. When analysis methods assuming - implicitly or explicitly - proportional hazards 

were used, we reviewed the awareness of the importance of testing for proportional hazards and 

the adequacy of reporting of the test results. We documented use of regression-based approaches 

that allowed for time-dependent treatment effects or non-constant event rates and recorded when 

alternative estimands to the HR were used. 

The overall aims of the research in this thesis were to 

• conduct a review of all clinical trial reports with primary time-to-event outcomes in four 

major medical research journals during the first six months of 2017, documenting design, 

planned analysis and testing approaches to accommodate anticipated non-constant 

treatment effect or event rates when planning clinical trials, and assessing the adequacy of 

reporting against checklists based on CONSORT guidelines  

• undertake a simulation study using identified analytical approaches from the review to 

investigate the impact of non-constant event rates and nonproportionality on detection of 

time-dependent treatment effects  

• illustrate how the use of flexible modelling approaches and the use of alternative estimands 

can bring new insights to answer clinical research questions using selected outcomes from 

a long running clinical trial  

• propose the presentation of a complementary plot of treatment effect to accompany 

Kaplan-Meier plots which visual assessment of the strength and pattern of any time-

dependent treatment effect. 

1.6 Outline of the thesis 

This thesis includes four manuscripts, one of which has been published with the other three 

submitted to peer-review journals and either under review or in the editorial stages of being 

accepted for publication. 

Chapter 2 presents the results of the review of current practice for all original reports from four high 

impact journals for the first six months of 2017, examining characteristics of the design, analysis 
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and reporting of clinical trials with primary time-to-event outcomes. This review has been published 

in the peer-review journal BMC Medical Research Methodology. 

Chapter 3 describes the methods and results of a simulation study investigating the impact of non-

constant event rates on estimated treatment effect measures in the presence of non-

proportionality. A revision of the paper is currently undergoing the editorial process for acceptance 

in the BMC Medical Research Methodology journal. 

Chapter 4 presents the results of an examination of the evidence for time-dependent treatment 

effects in ASPREE, a long running community-based trial assessing the evidence for preventive 

effects of low dose daily aspirin in older people. The regression-based approaches used in this 

chapter provide more clinical insight on the data and allow for alternative estimands to be 

computed. Estimation of time-dependent treatment effects was informed by the results from the 

simulation study (Chapter 3) and a more complex modelling approach was vindicated for some of 

the endpoints. This paper has been submitted to Pharmaceutical Statistics and is currently under 

review. 

Chapter 5 provides recommendations for improving the visual presentation of results from time-to-

event outcomes by providing a plot of treatment effect that is complementary to the Kaplan-Meier 

plot. Published Kaplan-Meier plots from the trials in the earlier review (Chapter 2) were used to 

illustrate the utility of this proposal and feedback from clinicians (including co-authors of the paper 

presented in Chapter 4) helped improve visual presentation and refine recommendations. This 

paper has been submitted to the Trials journal and is under consideration. 

Chapter 6 presents a summary of the thesis findings, discusses limitations of the work and 

presents suggestions for further research. 
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Chapter 2 

2.1 Manuscript introduction: Are non-constant rates and non-proportional 
treatment effects accounted for in the design and analysis of randomised 
controlled trials? A review of current practice 

This chapter presents the results of a review of trials with a time-to-event primary outcome 

published during the first half of the 2017 year in four high impact medical journals. At the time of 

undertaking this research, two previous reviews of time-to-event methodology had found that 

awareness and reporting of the PH assumption when using the Cox model had been lacking [37, 

39] and one review highlighted the extent of nonproportionality in oncology clinical trials that was 

not being evaluated [3]. Previous reviews of reporting of sample size calculations for continuous, 

binary and time-to-event outcomes found that there were inadequacies in the assumptions 

reported and post hoc modifications of sample size parameters were frequent [31, 32]. 

The review presented in this chapter extended the previous research specifically for time-to-event 

outcomes with (i) the first assessment of the uptake, if any, of recently developed theoretical or 

empirical methods of sample size calculations allowing for non-constant event rates and/or 

nonproportionality, (ii) a more in depth recording of all modelling approaches planned or used, (iii) 

details of the methods for assessing departures from proportionality planned and implemented and 

reported when hazard ratios from the Cox PH model were used, and (iv) assessment of the 

graphical presentation methods used to present the trial findings. We also illustrated the potential 

of regulatory guidelines in conjunction with journal editorial boards to improve the quality of 

reporting of trials. This was demonstrated by the increased timeliness of trial registrations before 

and after the introduction of a policy requiring pre-trial public registration as a condition of 

publication of trial findings. 

In the next section is presented a manuscript as published in the journal BMC Medical Research 

Methodology [45]. The supplementary materials for the paper consisting of a citation listing of the 

review trials and the dataset underpinning the findings of the review are provided in Appendices A 

and B of the thesis. 

 



RESEARCH ARTICLE Open Access

Are non-constant rates and non-
proportional treatment effects accounted
for in the design and analysis of
randomised controlled trials? A
review of current practice
Kim Jachno* , Stephane Heritier and Rory Wolfe

Abstract

Background: Most clinical trials with time-to-event primary outcomes are designed assuming constant event rates
and proportional hazards over time. Non-constant event rates and non-proportional hazards are seen increasingly
frequently in trials. The objectives of this review were firstly to identify whether non-constant event rates and
time-dependent treatment effects were allowed for in sample size calculations of trials, and secondly to assess the
methods used for the analysis and reporting of time-to-event outcomes including how researchers accounted for
non-proportional treatment effects.

Methods: We reviewed all original reports published between January and June 2017 in four high impact medical
journals for trials for which the primary outcome involved time-to-event analysis. We recorded the methods used to
analyse and present the main outcomes of the trial and assessed the reporting of assumptions underlying these
methods. The sample size calculation was reviewed to see if the effect of either non-constant hazard rates or
anticipated non-proportionality of the treatment effect was allowed for during the trial design.

Results: From 446 original reports we identified 66 trials with a time-to-event primary outcome encompassing trial
start dates from July 1995 to November 2014. The majority of these trials (73%) had sample size calculations that
used standard formulae with a minority of trials (11%) using simulation for anticipated changing event rates and/or
non-proportional hazards. Well-established analytical methods, Kaplan-Meier curves (98%), the log rank test (88%)
and the Cox proportional hazards model (97%), were used almost exclusively for the main outcome. Parametric
regression models were considered in 11% of the reports. Of the trials reporting inference from the Cox model,
only 11% reported any results of testing the assumption of proportional hazards.

Conclusions: Our review confirmed that when designing trials with time-to-event primary outcomes,
methodologies assuming constant event rates and proportional hazards were predominantly used despite potential
efficiencies in sample size needed or power achieved using alternative methods. The Cox proportional hazards
model was used almost exclusively to present inferential results, yet testing and reporting of the pivotal assumption
underpinning this estimation method was lacking.

Keywords: Randomised controlled trial, Time-to-event outcome, Proportional hazards, Event rates, Trial reporting,
Sample size calculation

© The Author(s). 2019 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.

* Correspondence: kim.jachno@monash.edu.au
School of Public Health and Preventive Medicine, Monash University, Level 4,
553 St. Kilda Road, Melbourne 3004, Australia

Jachno et al. BMC Medical Research Methodology          (2019) 19:103 
https://doi.org/10.1186/s12874-019-0749-1

Chapter 2: REVIEW

Page | 14

http://crossmark.crossref.org/dialog/?doi=10.1186/s12874-019-0749-1&domain=pdf
http://orcid.org/0000-0003-2550-9674
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
mailto:kim.jachno@monash.edu.au


Background
Time-to-event analysis, or survival analysis, has become
the most widely utilized analytical method in research
articles in leading general medical journals over the past
two decades [1]. These analytical methods compare the
duration of time until an event of interest occurs
between different intervention groups. Randomised con-
trolled trials (RCTs) provide the highest level of evidence
on which to base decisions regarding the use of health
interventions in humans. The Cox proportional hazards
(PH) model [2] has become ubiquitous as the primary
method for assessing treatment effects in RCTs with
time-to-event outcomes. Its usage is matched only by
the log rank test and Kaplan-Meier curves. Despite the
popularity of the Cox PH model to estimate treatment
effects, consideration of the fundamental assumption of
proportional hazards is not always considered and
reported [3].
Over the past two decades, the work and publications

of the Consolidated Standards of Reporting Trials
(CONSORT) group have encouraged the adoption of
guidelines to report RCTs and other research designs
[4–6]. Concurrently, there has been a range of policies
issued by funding bodies and medical research pub-
lishers to enhance the quality, accountability and trans-
parency of clinical trial design and reporting [7, 8]. In
September 2004, the International Committee of Med-
ical Journal Editors (ICMJE) disseminated a policy that
pre-registration in a public trials registry would be re-
quired as a condition of consideration for publication for
any trial starting from July 2005 [8]. Partly as a result of
these improvements in regulatory oversight, trials are gen-
erally larger, and treatment effects are being evaluated for
longer [9, 10] and as a consequence non-proportional haz-
ards are detected more frequently [11]. Additionally, trials
investigating different therapy modalities, such as im-
munotherapy compared to chemotherapy, or surgical
compared to nonsurgical approaches [12], and the in-
creased use of composite endpoints could also be reasons
to anticipate treatment effects that vary over time. The
summary hazard ratio (HR) effect measure from the Cox
PH model may be less than ideal for decision making
when treatment effects change over time [13]. By assum-
ing the effect of treatment is always in the same direction,
the HR from the Cox model has the potential to over or
underestimate the magnitude of the treatment effect at
any given time. Of more concern, if the effect of treatment
changes direction over time then the true efficacy of a
treatment, or safety issues with the treatment may be
missed entirely if a summary HR is relied on.
When designing trials with time-to-event outcomes,

sample size formulae exist to inform the required
number of events needed to compare two survival distri-
butions with a target effect size and desired power. The

number of participants needed to be recruited is then
calculated using expected event rates (the hazard),
length of recruitment and follow up stages, any loss to
follow up, administrative censoring and other logistical
considerations in order to observe the number of events
required. The most widely used sample size calculation
methods to determine the number of events needed are
based on the non-parametric log rank test [14, 15] which
is most powerful for detecting alternative hypotheses
when the hazards are proportional but makes no as-
sumption about the distribution of the baseline hazard
function. Alternative methods are based on the differ-
ence between two exponential survival functions [16, 17]
which assumes proportional hazards as well as the more
restrictive assumption of a constant baseline hazard
function. Almost equivalently, the sample size formula
derived for the HR from a Cox model [18] assumes pro-
portional hazards between the different arms of the trial,
but does not make any assumptions about the shape of
baseline hazard function. While the Cox model does not
assume a constant baseline hazard function, the sample
size calculations based upon it yield almost equivalent
number of events required to calculations assuming
exponential survival rates. However, the shape of the
hazard will influence the times at which those events are
observed, and hence this needs to be considered
together with other logistical considerations such as cen-
soring rates in order to ascertain how many participants
need to be recruited to the trial.
In the past two decades, several sample size methods

have been proposed that acknowledge that the assump-
tions of proportional hazards and constant event rates
may be too restrictive. These have included incorporat-
ing Fleming-Harrington weights [19, 20], allowing for
non-proportionality to be specified as a series of
piecewise exponential ‘stages’ within a trial [21], or
sample size calculations that address specific types of
non-proportionality such as lag to effect [20]. Parametric
modelling approaches that allow for non-constant event
rates such as the Weibull distribution [22, 23] or the
generalized gamma distribution [24] have also been
proposed. Simulation strategies can be used to empiric-
ally determine the sample size required and this
approach enables either or both of (i) event rates
assumed to change over time and (ii) anticipated
non-proportionality of the treatment effect [25]. How-
ever, simulation requires a higher degree of programming
skill and prior specification of more parameters in order
to arrive at a final sample size. The uptake in trial practice
of these alternative theoretical or empirical methods of
sample size calculation has not been assessed to date.
There are three main approaches to analyzing

time-to-event data involving non-parametric, semi-
parametric and parametric models. Non-parametric
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methods such as the Kaplan-Meier method [26], or the
method of Nelson [27] and Aalen [28] account for
censoring and other characteristics of time-to-event
data without making assumptions about the distribu-
tion of the event times through the hazard function or
how the covariates affect event occurrence. The
semi-parametric Cox model makes no assumption
about the shape of the hazard function but covariates
are assumed to have a multiplicative effect on the
hazard. Parametric modelling alternatives to the Cox
model such as the exponential-, Weibull- and
Gompertz-distributed models assume a specific form
for the hazard function as well as making the PH
assumption. Other parametric models such as acceler-
ated failure time models utilizing the Weibull and
log-logistic distributions, or more recently developed
fully flexible spline-based approaches [29, 30] are alter-
natives to semi-parametric modelling which may enable
more clinically useful measures of absolute, as well as
relative risk and measures of treatment effect that can
be presented as either risk-based (hazard) or time based
measures such as the absolute difference in mean sur-
vival time due to treatment. Models with a fully speci-
fied hazard function also enable easier accounting for,
and presentation of time-dependent effects [31].
Previous reviews of survival analysis methodology have

found that awareness and reporting of the proportional
hazards assumption when using the Cox model has been
lacking [32, 33]. Current methods for assessing the valid-
ity of the PH assumption include visual assessments and
analytical tests. Graphical methods to assess proportion-
ality involve inspection of log-transformed cumulative
hazard functions [34] or scaled Schoenfeld residuals [35]
against log-transformed time to observe equal slopes or
horizontal lines when the PH assumption holds. Scaled
Schoenfeld residuals can also be used in an analytical
test for trend of non-zero slope against time - the
Grambsch and Therneau test [36]. Another analytical
method for assessing departures from proportionality is
to create an interaction of treatment and time and in-
spect the significance of that time-dependent covariate
[2] when included in a Cox model. However, all of these
methods for assessing non-proportionality have some
limitations, lacking power to detect some non-linear
trends, or involving subjectivity or a particular form of
departure from the PH assumption in the process [37].
The aims of this review were to assess the methods

currently utilized to (i) accommodate anticipated
non-constant treatment effects or event rates during the
design phase, and (ii) account for non-proportional
treatment effects over time during the analysis phase of
trials involving time-to-event outcomes. When Cox
models were used, we aimed to document whether there
was evidence of an awareness of the underlying PH

assumption, along with the any planned or reported PH
testing, in either the main trial report or supplementary
documentation. With the increased emphasis on im-
proving the adequacy of reporting of results from trials
over the past two decades, we also examined whether
guidelines or policies may have had an impact on trial
conduct.

Methods
All original reports published between January and June
2017 in three high impact general medical journals, the
New England Journal of Medicine, the British Medical
Journal and The Lancet, and one high impact specialized
oncology journal, the Journal of Clinical Oncology, were
considered. Initial screening excluded reports that were
not based on data obtained from RCTs such as case re-
ports and cohort studies, genomic and exomic analyses,
systematic reviews, special reports or meta-analyses.
Secondary screening then excluded articles that were re-
ports early in the pipeline of drug development primarily
investigating safety, pharmacokinetics and pharmaco-
dynamics (Phase I and II trials), and reports of RCT data
that were follow up or secondary reports (Phase IV tri-
als). Finally, Phase III RCTs where the primary outcome
was not a time-to-event endpoint, and reports requiring
specialized trial design and analysis methodologies such
as cluster randomised trials, or those involving crossover
designs were excluded (see Fig. 1).
For each included trial we (KJ) recorded methodo-

logical approaches to calculating the sample size, and
the clarity and completeness of the reporting of the as-
sumptions that underpinned the sample size calculation.
We noted time-to-event methods used for analysis and
presentation. For trials using the Cox PH model, we re-
corded whether the PH assumption was acknowledged
and investigated, the test(s) used and whether results of
these investigations were detailed anywhere in the main
report, attached protocols or other supplementary infor-
mation. Trial registration information was collected for
all trials and the information from the appropriate regis-
try was used in addition to dates provided in the report
to determine nominated trial start and end dates for the
primary outcome. The publication date used was the
issue publication date.

Results
There were 446 original reports published in the four se-
lected journals during the review period and 66 of these
reports were trials with a primary time-to-event out-
come (Fig. 1). A citation listing of the final 66 trials is
provided as additional material (see Additional file 1).
The dataset of the final categories determined for the
statistical approaches used in the trials is also provided
(see Additional file 2).
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Description and summary findings of the statistical
approaches used in trials
The statistical method characteristics of the trials in this
review are summarized in Table 1. For the design phase
of the trials, sample size approaches based on formulae
involving a time-to-event outcome were categorized as
either the log rank test, exponential survival distribu-
tions, the Cox PH model or simulation categories. Sam-
ple size approaches based on formulae involving a
binary outcome at a pre-specified time point such as de-
tecting a difference in proportions of event occurrence
between the different arms of the trial were categorized
as difference in proportion.
For the analysis phase of the trial, the time-to-event

methods that were identified included the use of the
non-parametric log rank test, the semiparametric Cox PH
model, parametric regression models and landmark ana-
lysis approaches for providing multiple estimates of treat-
ment effect. For trials where the Cox PH model was used,
there was a further assessment of any acknowledgement
of the underlying proportional hazards assumption, and

details, if provided, about the method(s) planned to test
the assumption.
Figure 2 presents a summary of our findings. Trial

duration and time between trial completion and pub-
lication are represented by the lighter and darker
horizontal bars respectively. The trials had start dates
or registration dates in public databases stretching
over a period of nearly two decades from July 1995
through November 2014, providing a means to assess
if there have been any changes in trial design and
reporting over that period. Trial registration timing
relative to the start of recruitment is indicated by the
triangles. Following the policy adopted by most major
medical journal requiring trials to be prospectively
registered, changes in timeliness of the trial registra-
tion process is evident. No trials which began prior
to July 2005 had been registered prior to the
nominated start date of the trial, with the clear ma-
jority of trials after July 2005 being registered prior
to, or in a timely manner after, the nominated start
date of the trial.

Fig. 1 Study design and primary focus of original reports included in this review. The boxes on the left side contain a listing of the classification
of the 446 original reports divided into the numbers (n) from each of the four journals reviewed. Percentages in the subsequent boxes use the
journal-specific number (n) from the previous box as the reference. The boxes on the right side are the different exclusion criteria applied to the
original reports to obtain the final cohort of 66 Phase III RCTs with time to event primary outcomes reviewed. Percentages in each exclusion
criteria box use the total number (n) of exclusions at that step as the reference
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There was no discernible pattern of change of trials
reporting efficacy of primary outcome over time with
the 38 (58%) RCTs reporting significant primary out-
come findings being evenly spread throughout the two
decades’ starting time encapsulated within this review
(Fig. 2, column E).

Designing trials - sample size calculations
There were 7/66 (11%) calculations based on simulation
for predicted non-constant event rates over the course
of the trial or to allow for an anticipated cure proportion
or other non-proportional treatment effect in the trial.
Methods that explicitly assume PH, or are maximally
powerful under a PH assumption, were used in the ma-
jority (n = 48/66; 73%) of the sample size calculations.
Among these, calculation based on the log rank test was
most common (n = 40/48; 83%) noting that this utilizes
ordered event times and is derived assuming a constant
treatment effect over time. Other calculations were
based on methods assuming PH for the treatment effect
- either through assuming a difference between
exponential survival distributions (n = 4/48; 8%) with the
additional assumption of constant hazard functions, or
the beta coefficient (HR) of a Cox model (n = 4/48; 8%)
which does not make any assumptions about the shape
of the baseline hazard function.

There were six trials which used a sample size calcula-
tion based on analysis of a difference in proportions of
event occurrence in the different arms of the trial at a
pre-specified fixed time. For three of these trials, this
was justified by specified dual aims for the primary end-
point, (i) to show non-inferiority at a pre-specified time
point using a difference in proportions, and (ii) to show
superiority of the experimental treatment of interest
using time-to-event methods. There were five reports
where the basis for the sample size calculation was
unclear.

Methods for the presentation and inference of
results
For the graphical presentation of the primary outcome
results, in 65/66 trials (98%) there was either a
Kaplan-Meier survival plot or its reciprocal, a cumula-
tive incidence plot. The Cox PH model was reported in
64/66 trials (97%) and the non-parametric log rank test
was reported in 58/66 trials (88%; see Table 1). The
dominance of the Cox PH model as a means to assess
time-to-event outcomes, and in particular as the main
inferential finding of the reports in this review is evident
in Fig. 2 (columns U and I).
There were seven trials that planned to use parametric

regression-based modelling approaches that could
account for treatment effects changing over time
(Table 1 and Fig. 2, column P/L). Six trials used para-
metric methods as well as the Cox PH method and
one trial used parametric regression as the only infer-
ential method. Regression approaches used were Wei-
bull and flexible spline-based regression models that
accounted explicitly for event rates being dependent
on time, and exponential regression models using a
dichotomous change point to allow for the effect of
treatment to differ in two pre-specified stages. Seven
trials out of 66 (11%) used the Cox model and also
performed secondary ‘landmark’ analyses of the
primary outcome presenting multiple estimates of the
treatment effect for subsets of patients contingent on
reaching intermediate event indicators, such as
survival to one year or complete response in a bio-
marker assay.

Awareness of the PH assumption
About half of the reports (34/64; 53%) using the Cox
model indicated an awareness of the importance of the
PH assumption (Table 1 and Fig. 2, column A), and a
similar proportion (31/64; 48%) included details of
planned testing to check for any departures from
proportionality in either the main report, attached
supplementary information or any additional published
protocols or statistical analysis plans referenced by the
report. Analytical tests (17/64; 27%), either a time by

Table 1 Reported characteristics of the trials

Reported trial characteristic N (%)

Sample size calculation approach

Log rank test 40 (61%)

Cox model beta coefficient 4 (6%)

Exponentially distributed survival 4 (6%)

Simulation 7 (11%)

Difference in proportions 6 (9%)

Unclear 5 (6%)

Time-to-event analytical methodsa

Non-parametric log rank test 58 (88%)

Cox PH model 64 (97%)

Parametric regression 7 (11%)

Landmark analysis 7 (11%)

Proportional hazards (PH) assumptionb

PH assumption acknowledged 34 (53%)

PH testing methods documented 31 (48%)

Analytical test methods 10 (16%)

Visual assessment methods 6 (9%)

Visual and analytical methods 7 (11%)

Unspecified 8 (13%)
aTrials typically presented more than one analytical method
bfor the 64 studies where Cox PH model used
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treatment interaction in the Cox model or the
Grambsch-Therneau test, were the most planned
method of assessing for potential changing treatment
effects over time, followed by visual means (13/64;
20%). Only seven reports (11%) explicitly presented
the results of either visual or analytical tests of the
assumption (Fig. 2, column R).

Influences on reporting assessment of the PH assumption
Comprehensive reporting of the PH assumption was more
likely to occur when statistically significant results were
being presented. Six of the seven trials reporting results of
the PH testing also reported a statistically significant effect
of treatment on the primary outcome. Of the 27 trials
where there was an awareness but not reporting of the PH
assumption, 22 trials (81%) used the Cox model as the
main inferential finding with half of these presenting
significant findings (Fig. 2, column I). In the 30 trials
where there was no mention of the PH assumption, 24 tri-
als (80%) presented the Cox model as the main inferential

result, with 14 of these significant findings and 10
non-significant findings.
We expected that guidelines such as the CONSORT

statement and improved regulatory oversight would have
led to an increased consideration to plan and report inves-
tigations of the PH assumption over time. Unexpectedly,
reporting of PH assumption test results was only seen in
trials that commenced prior to June 2009. This might be
explained by trials of longer planned duration having a
greater awareness of the potential for time-dependent
treatment effects to manifest, and hence be more likely to
explicitly report results of tests of the PH assumption.
However, it is of concern that there was no evidence of
increased awareness and reporting of investigation of the
PH assumption in trials initiated more recently, irrespect-
ive of the planned duration of the trial.

Discussion
This review assessed design and analysis of RCTs with
time-to-event primary outcomes in an era in which

Fig. 2 Summary presentation of the findings of the review. Trial duration (years), between nominated start date and completion date, is indicated
by the lighter shaded horizontal bars. Duration of time between completion and publication data is indicated by the darker shaded horizontal
bars. Time of trial registration is shown by the triangles with lighter and darker shading indicating registration before and after nominated trial
start date. Columns on the right side represent the determinations of trial characteristics for this review, including a trial reporting efficacy (E) of
the primary outcome, the Cox PH model usage (U) in the report and presentation of the hazard ratio as the main inferential (I) finding. For trials
using Cox analysis, the determinations of the awareness (A) and reporting (R) of the proportional hazards assumption for each trial is presented.
Planned or presented usage of alternative regression models to the Cox PH model such as parametric or landmark (P/L) analysis is shown in the
final column
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non-constant event rates and non-proportional
treatment effects are encountered more frequently. Our
findings are now discussed alongside previous reviews of
reporting of RCTs involving time-to-event primary
outcomes and other relevant literature.

Sample size calculations – adequacy of reporting
Previous reviews have assessed the sample size calcula-
tions for a mix of continuous and binary as well as
time-to-event outcomes [38, 39]. These reviews con-
cluded that whilst reporting of sample size calculations
has improved over time as a result of more stringent re-
quirements imposed by journals and the provision of
guidelines such as the CONSORT statement, there were
still inadequacies in the assumptions reported and that
post hoc modification of sample size parameters was fre-
quent. In our review we too found that initial sample
size calculations could have been more adequately
reported: the number of participants in the trial was
often adjusted for appropriate reasons such as interim
analysis, important secondary analysis, or loss to follow
up without clear demarcation between the number of
events required using the sample size formula and the
number of participants to be recruited. We found
encouraging signs that researchers are beginning to an-
ticipate the impacts of non-proportional hazards and
changing event rates on sample size calculations
evidenced by seven trials using simulation-based proce-
dures for their determination of sample size. No trials in
our review used more recently proposed modified
sample size calculations to allow for anticipated cure
proportions [40] or lag times until full treatment effect
[20, 41] as could be anticipated in many of the
immunotherapy-based treatments under assessment in
oncology trials.

Modelling approaches – changes in recent years
Our review highlights a gradual change over recent
decades in the modelling approaches used by general
medical and oncology researchers to assess treatment ef-
fects on time-to-event outcomes. A review of survival
analyses in four cancer journals published during 1991
[32], reported that the log rank test was used to assess
treatment differences in 84/113 (74%) whereas only 4/
113 (4%) trials used the Cox PH model. No parametric
models were used to assess the treatment effect in that
review. Over a decade later, another review of 274 trials
in major cancer journals published during 2004 [33]
found that the log rank test was used in 63% of studies
with the Cox model being used in 51% of studies to
report the treatment effect. Again, no parametric models
were used. Similarly, a review of reports published in five
oncology journals during 2015 found that the log rank
test was used in 66% of studies with the Cox model

being used in 88% of studies to report the treatment ef-
fect, and there was no reported use of parametric mod-
elling approaches [42]. In our review, the log rank test
was used in 88% of studies, the Cox model in 97% of
studies, and parametric modelling approaches were pro-
posed or used in 11% of trials. We also noted that add-
itional landmark analysis was used in 11% of the trials,
indicating recognition by the authors that one summary
measure of treatment effect did not fully describe the
trial findings.

Assessing for treatment effects that are over time-
dependent
Despite the widespread use of the Cox proportional
hazards model in medical research, awareness and test-
ing for non-proportionality has not yet become system-
atic. In the 1995 review of four cancer journals, only 2
(5%) of 43 papers which used the Cox model mentioned
that the PH assumption was verified whilst in 2004, one
of 64 (2%) usages of a Cox model reported verifying the
PH assumption [32, 33]. More recently, a review of trials
from five journals published during 2014 [3] found that
there was evidence of non-proportionality in 13/54 trials
(24%) determined by digitally recreating the individual
patient data from the published Kaplan–Meier curves;
however, there was no indication of the number of trials
in which the PH assumption was assessed in the original
reports for that review. A review of survival analysis
reporting in the same or similar journals [42] published
in 2015 found that only 2/32 (7%) trials using the Cox
PH model reported testing for the PH assumption. Our
review found the highest reporting rate of 7/64 (11%)
which suggests that guidelines to improve the reporting
of results may be having an effect but there is still
considerable room for improvement.

Success of guidelines and policies for improving the
quality of reporting
The success of journal guidelines and requirements for
improving the quality of the reporting of trials is evident
in the change in timeliness of trial registrations in our
review. The four reviewed journals are either members
of the ICMJE or adopted the July 2004 policy requiring
pre-trial public registration as a condition of publication
for trials commencing from July 2005 with trials begin-
ning prior to that date able to register under an exemp-
tion clause by September 2005. No trials which began
prior to July 2005 had been registered prior to the nomi-
nated start date of the trial, whereas the clear majority
of trials after July 2005 had been registered prior to, or
shortly after the nominated start date of the trial (Fig. 2).
This success stands in contrast to the assessment and
reporting of the PH assumption in Cox models, resulting
in renewed calls made by others [43], and echoed here
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by us, for the reviewers, journal editors, regulators and
funders of research to demand enhanced content in
reports and associated supplementary documentation in
order to improve trial reproducibility and interpretation.

Conclusions
In this review, we explored whether researchers account
for non-constant event rates and non-proportional treat-
ment effects during the design, analysis and reporting
phases of randomised trials. The insights we derive are
timely as health research has entered an era in which tri-
als are being conducted for longer durations and are
often adequately powered to evaluate the durability of
treatment effects over time. Longer trials make the PH
assumption increasingly unrealistic over the entire study
duration. In addition, treatment effects that change over
time are more likely to be encountered in trials due to
the increased use of composite endpoints, and due to
the nature of interventions that are now employed in
late stage oncology trials. The journals included in this
review were all high impact journals that have empha-
sized the CONSORT guidelines as part of their submis-
sion requirements yet the quality of the reporting over
the past two decades has been consistently less than op-
timal. These major medical journals have rigorous statis-
tical review policies and require protocols and other
supplementary documents to accompany their original
reports of RCTs. This enhanced comprehensiveness of
reporting gives investigators adequate scope for com-
pleteness and precision in the reporting of trial results.
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Chapter 3 

3.1 Introduction: Impact of a non-constant baseline hazard on detection of 
time-dependent treatment effects: a simulation study 

As described in Chapter 2, the majority of trials with time-to-event outcomes use analytical 

approaches that are maximally powerful under an assumption of proportional hazards implying a 

time-independent or ‘fixed’ magnitude treatment effect is the estimand of interest. The sample size 

calculation for a time-to-event outcome determines first the number of events required to be 

observed in order to detect a pre-specified treatment effect with a nominated power and 

significance level. An additional assumption of constant event rates - constant baseline hazards - is 

then typically applied to determine the number of participants that need to be recruited given 

logistical considerations of total trial duration and anticipated accrual and withdrawal rates. This 

chapter presents the results of a simulation study which investigated the interplay of relaxation of 

these two assumptions of constant event rates and proportional hazards and explored the 

implications for clinical trial design. 

Oncology trials exhibiting time-dependent treatment effects due to the advent of immunotherapy-

based drug regimens provided the motivation for the two forms of nonproportionality assessed in 

the simulation study - a time lag until treatment becomes effective and an early effect of treatment 

that ceases. The impact of clinically plausible non-constant event rates was evaluated both when 

there was no time-dependent treatment effect ie proportional hazards, and when time-dependent 

treatment effects were present. The power of commonly utilised regression-based measures of 

treatment effect and tests of survival curve difference were compared. The suitability of three 

measures of treatment effect - the hazard ratio, the difference in restricted mean survival time and 

the time ratio - were evaluated in terms of the magnitude of treatment effect and coverage 

properties relative to the values stipulated at the design phase. 

In the next section is presented a manuscript which has been accepted pending final editorial 

revisions by the BMC Medical Research Methodology journal. Supplementary methods and results 

for the manuscript are available in Appendix C, and example Stata code to create and analyse the 

simulated datasets on which the findings of the manuscript are based can be found in Appendix D. 
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Abstract 8 

Background: Non-proportional hazards are common with time-to-event data but the majority 9 

of randomised clinical trials (RCTs) are designed and analysed using approaches which 10 

assume the treatment effect follows proportional hazards (PH). Recent advances in oncology 11 

treatments have identified two forms of non-PH of particular importance - a time lag until 12 

treatment becomes effective, and an early effect of treatment that ceases after a period of 13 

time. In sample size calculations for treatment effects on time-to-event outcomes where 14 

information is based on the number of events rather than the number of participants, there is 15 

crucial importance in correct specification of the baseline hazard rate amongst other 16 

considerations. Under PH, the shape of the baseline hazard has no effect on the resultant 17 

power and magnitude of treatment effects using standard analytical approaches. However, in 18 

a non-PH context the appropriateness of analytical approaches can depend on the shape of the 19 

underlying hazard. 20 

Methods: A simulation study was undertaken to assess the impact of clinically plausible non-21 

constant baseline hazard rates on the power, magnitude and coverage of commonly utilized 22 

regression-based measures of treatment effect and tests of survival curve difference for these 23 

two forms of non-PH used in RCTs with time-to-event outcomes. 24 

Results: In the presence of even mild departures from PH, the power, average treatment 25 

effect size and coverage were adversely affected. Depending on the nature of the non-26 
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proportionality, non-constant event rates could further exacerbate or somewhat ameliorate the 27 

losses in power, treatment effect magnitude and coverage observed. No single summary 28 

measure of treatment effect was able to adequately describe the full extent of a potentially 29 

time-limited treatment benefit whilst maintaining power at nominal levels. 30 

Conclusions: Our results show the increased importance of considering plausible potentially 31 

non-constant event rates when non-proportionality of treatment effects could be anticipated. 32 

In planning clinical trials with the potential for non-PH, even modest departures from an 33 

assumed constant baseline hazard could appreciably impact the power to detect treatment 34 

effects depending on the nature of the non-PH. Comprehensive analysis plans may be 35 

required to accommodate the description of time-dependent treatment effects. 36 

Keywords: non-proportionality; non-constant hazards; flexible parametric models; weighted 37 

logrank tests; restricted mean survival time 38 

Background 39 

Randomised clinical trials (RCTs) have an overarching objective to understand if a new 40 

treatment is effective compared to existing treatments. RCTs with time-to-event outcomes 41 

can examine when, and for how long, the treatment exhibits an effect. Nevertheless, the vast 42 

majority of RCTs with time-to-event outcomes are analysed using methods that are 43 

maximally powerful under an assumption of proportional hazards, implying time-independent 44 

or ‘fixed’ magnitude treatment effects. The main analytical approaches currently reported in 45 

major medical journals can be broadly categorised as tests of equal survival functions which 46 

provide a p-value for inference only, or modelling approaches which provide an estimate of 47 

treatment effect along with a p-value for inference (1-5). When designing trials, as well as the 48 

assumption of time-independent treatment effects, there is often an explicit or implicit 49 

assumption of constant event rates – constant baseline hazards - used to determine the 50 
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number of events required and hence the number of patients that need to be recruited for the 51 

trial to have the desired power in the sample size calculations methods employed (4, 6). 52 

Paradigm shifts in oncology treatments over the past two decades provides motivation for 53 

assessing the effect of non-proportionality on analytical methods for time-to-event outcomes 54 

(7). Two broad classes of time-dependent treatment effects, early effect that attenuates and 55 

lag to effect, have emerged as there has been a shift to biomolecular-targeted and 56 

immunotherapy-based treatments implemented either alone or as an adjunct to surgical and 57 

chemotherapy-based approaches. Many of the first wave of biomolecular-based anticancer 58 

agents were observed to improve patient survival initially but have limited long-term survival 59 

benefit due to acquired biological resistance to, or accumulated toxicities from the treatment. 60 

This is an example of an early treatment effectiveness which attenuates or becomes harmful 61 

over time. A subsequent wave of immunotherapy-based treatments act to stimulate the 62 

patient’s own immune system to kill cancerous cells. This circumvents the problems 63 

observed with toxicity and resistance to the biological-based agents. However, this 64 

mechanism of action via immune system activation is typically associated with a delay of 65 

varying months’ duration until any treatment effect may be observed, an example of a lag 66 

until treatment effectiveness. Recent reappraisals using reconstructed data of published phase 67 

III oncology trials have highlighted how prevalent time-dependent treatment effects may be, 68 

and that the use of standard analytical approaches assuming time-fixed treatment effects may 69 

underestimate the magnitude of, or miss completely. treatment effects that provide substantial 70 

survival benefits (5, 8) 71 

The two most popular analysis approaches for comparing survival curves in different 72 

treatment groups are the logrank (LR) test used to evaluate the null hypothesis of identical 73 

survival functions, and the Cox PH model to obtain an estimate of the treatment effect as a 74 

summary hazard ratio (HR). Under PH, these two approaches are known to be maximally 75 
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powerful and provide an asymptotically equivalent test of significance. When non-76 

proportionality exists, the LR test can lose power to detect survival curve differences with the 77 

magnitude of the loss dependent on the configuration of the non-proportionality. Extensions 78 

to the LR test have been proposed which maintain power under different anticipated 79 

scenarios of non-proportionality. These include the Fleming-Harrington (FH) family of 80 

weighted LR test statistics which can be differentially weighted to emphasise events that 81 

occur earlier, in the middle, or later over the survival time horizon of interest (9). Other 82 

weighting approaches exist that use more flexible data-driven procedures to specify weight 83 

functions that maintain power, such as Yang and Prentice’s adaptive model (10) or Magirr 84 

and Burman’s modestly weighted LR test for delayed-onset non-proportionality (11). 85 

Weighted LR tests can be criticised because they treat some events as more important than 86 

others and that there is not necessarily an accompanying estimate of treatment effect 87 

available for clinical interpretation. An alternative approach to testing for a generalised 88 

treatment effect is to use the combined results of multiple significance tests appropriately 89 

standardised to maintain the null distribution. Examples of these combined tests include using 90 

the minimum of the Cox PH model p-value and a permutation test based on the restricted 91 

mean survival time (12) or selecting the minimum of the three p-values from the FH family 92 

weighted LR tests under equal, early effect and lag to effect weighting scenarios (13). 93 

When the assumption of proportionality of the treatment effect is met, the summary HR from 94 

a Cox PH model is a suitable parameter to provide a clinically meaningful measure of the 95 

relative difference between two survival curves. When not met, the clinical interpretation of a 96 

single summary measure such as the HR is not clear. When the underlying HR varies over 97 

time, assuming that there are a series of periods in which the PH assumption holds, then the 98 

magnitude of the summary HR can be interpreted as a weighted average of the sum of the 99 

proportion of events and estimated HR in each of the periods. These weights depend on the 100 
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event rates, accrual distribution and the dropout pattern, and these dependencies could result 101 

in different parameter estimates in different trials, even with identical survival curves, thus 102 

removing the integrity of the summary HR as a meaningful measure of overall treatment 103 

effect. 104 

An alternative estimand of treatment effect for time-to-event outcomes that does not rely on 105 

the PH assumption is the restricted mean survival time (RMST) (14). The RMST is the mean 106 

duration of survival for the trial population up to a given time point (often designated 𝑡𝑡∗). 107 

Recent research on the use of the RMST to estimate treatment effects as an adjunct estimand 108 

to the HR has shown agreement in terms of statistical significance of the treatment effect 109 

under PH (14-16). Since the choice of estimand and analytical method needs to be pre-110 

specified in a clinical trial, to avoid any bias from selective reporting, a summary HR from a 111 

Cox model is often stipulated as the primary analysis because at that point in time there may 112 

be an absence of meaningful data from which to justify the treatment effect as a time-varying 113 

quantity. However, it has been recommended that the difference in RMST, or the ratio of 114 

RMST, be reported complementary to, or as the primary outcome measure in trials whether 115 

or not non-proportionality of the treatment effect could be anticipated (17, 18). As well as not 116 

relying on a PH assumption, the RMST also has desirable properties for (i) interpretability in 117 

that it can be expressed in both relative and absolute measures and the chosen metric is time, 118 

not risk, and (ii) performance since it is a summary measure that captures the temporal profile 119 

of all events up to the cut off time 𝑡𝑡∗. 120 

When conducting clinical trials, in order for a single test of RMST difference to be valid, the 121 

selected time point of interest 𝑡𝑡∗ must be pre-specified at the design stage. Choices of 𝑡𝑡∗ 122 

relatively late in the follow up confer power similar to that observed with the Cox PH model. 123 

Depending on the patterns of non-PH, other choices of 𝑡𝑡∗ may considerably increase the 124 

power to detect a difference. Royston and Parmar have also developed a generalised test of 125 
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treatment effect, which tests the RMST difference at several prespecified values of 𝑡𝑡∗ during 126 

the follow-up, taking the smallest p-value as the basis for the test after adjusting for multiple 127 

testing (12). By combining this p-value and the p-value from the Cox PH model, an overall p-128 

value for the combined test (designated pCT) can be derived and has the correct distribution 129 

under the null hypothesis of equal survival curves. 130 

Accelerated failure time (AFT) models (19-21) also model the treatment effect on a time-131 

based rather than a hazard-based metric, enabling potentially more intuitive clinical 132 

understanding. These models include a survival model based on the Weibull distribution 133 

which has both PH and AFT interpretations depending on the parameterisation selected, thus 134 

acting as a conduit model for investigating treatment effects in both risk-based and time-135 

based metrics. 136 

A further consideration, as yet unexamined in the comparisons of the performance of analysis 137 

methods, is the shape of the hazard in the baseline treatment group. Reviews of adequacy of 138 

the event rate parameters used in sample size calculations compared to that observed in the 139 

trial have found that event rates were often underestimated (22) or that there were large 140 

discrepancies between the assumed parameters and the estimated ones from observed data 141 

(23). Sample size calculations assuming constant, or at the most, piecewise constant event 142 

rates were applied even when prior information on the shape of the underlying event rate was 143 

available (6). 144 

The Cox model makes no assumption about this shape whereas parametric modelling 145 

approaches, including fractional polynomials (24) or splines (25) model the underlying shape 146 

of the baseline hazard function. If the PH assumption holds, the time when the events occur 147 

does not influence the magnitude, coverage, power or type I error rate of the HR estimate. 148 

However, in the presence of a time-dependent effect of treatment, the summary HR provides 149 
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an ‘average’ effect with the averaging being weighted by the number of events and the timing 150 

of their occurrence. While it is reasonably intuitive (14) to infer that the shape of the hazard 151 

function in the control group will impact on the extent to which a HR from a Cox PH model 152 

is a misleading summary of time-dependent effects of treatment, there is limited work that 153 

has quantified this phenomenon nor explored general properties of the Cox PH model HR 154 

estimand when the model is mis-specified in this way. The properties of other analytical 155 

approaches that estimate effects of treatment have also not been examined in this context. 156 

This paper evaluates the impact of a non-constant event rate on the suitability of three 157 

measures of treatment effect - the HR, the difference in RMST (𝛥𝛥RMST), and an acceleration 158 

factor expressed as a time ratio (TR) under scenarios where PH do not hold. Suitability of the 159 

treatment effect estimates will be assessed in terms of their estimated magnitude, coverage 160 

and power benchmarked to that assumed at the design phase of the trial. The properties of 161 

three modelling approaches will be examined, the semiparametric Cox PH model, the 162 

Royston-Parmar (RP) models utilising flexible restricted cubic splines and parametric models 163 

assuming the exponential or Weibull distributions. A landmark (LM) approach to the 164 

parametric modelling that allow for multiple estimates of time period-specific or conditional 165 

treatment effects will also be undertaken. Additionally, the impact of non-constant event rates 166 

on the power of commonly pre-specified analytical approaches that provide a test of equal 167 

survival curve significance but not an estimate of treatment effect will be assessed. These 168 

approaches include using the p-values obtained from the Cox PH model, the LR test, 169 

weighted LR tests and omnibus extensions to the weighted LR test and the combination test 170 

based on the RMST. 171 

The structure of the article is as follows. In the Methods section we describe the aims of the 172 

simulation study, the data-generating models used for the different non-PH scenarios, the 173 

estimands of treatment effect and tests of equal survival functions to be compared and the 174 
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measures used to assess the performance of the analysis methods. In the Results section, we 175 

report the results of the findings of the simulations. We end with a Discussion and some 176 

recommendations and conclusions. 177 

Methods 178 

We aimed to assess the effect of non-constant event rates on the suitability of the estimates 179 

from three measures of treatment effect, the HR, the time ratio (TR) and the 𝛥𝛥RMST, and on 180 

the performance of tests of equal survival function under PH and two non-PH scenarios. Our 181 

motivation came from phase II and III clinical trials of immunotherapies for late stage 182 

cancers (5, 8). In the absence of treatment, most participants were likely to experience the 183 

event of interest within the study’s proposed follow-up time of 50 months. We based the 184 

simulation on a generic two-group trial to detect a 33% reduction in the hazard rate 185 

underlying progression-free survival with 80% power and a significance level 0.05. 186 

Assuming a constant – or equivalently proportional - event rate and PH, a sample size 187 

calculation based on the LR test with HR=0.67, (log(HR)=-0.4) would require 202 events to 188 

be observed (26). Characteristics of the Design model used in the simulations are detailed in 189 

Table 1, along with the Data-Generating models (DGMs) for the simulation and Analysis 190 

models that could be chosen for pre-specification in a trial protocol. 191 
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Table 1: Characteristics of the Design model, the Data-Generating models and the Analysis models 192 
 193 

    Design 
Model: 

Weibull baseline hazard (constant event rate), proportional hazards (PH), treatment effect HR=0.67, maximum time t = 50 
h(t) = λγtγ−1 exp(βXTRT) where λ = 0.10, γ = 1.0, β = −0.4 and XTRT = 0,1 for control and treatment groups 

        Data 
Generating 
Models 
(DGMs): 

Weibull baseline hazard (decreasing, constant and increasing event rates), non-proportional hazards 
Event rate scenario Baseline hazard values Non-proportional hazard change times 
      Lag until effect, HR=1 if t ≤ tlag, HR=0.67 if t > tlag; h(t) = λγtγ−1 exp(βXTRT × I(t > tlag)) 
   Decreasing λd = 0.15, γd = 0.9 

tlag = 0, 1, 3 or 10; tlag = 0 are PH DGMs Constant λc = 0.10, γc = 1.0 
Increasing λi  = 0.07, γi = 1.1 
      Early effect ceasing, HR=0.67 if t ≤ tearly, HR=1 if t > tearly; h(t) = λγtγ−1 exp(βXTRT × I(t ≤ tearly)) 
   Decreasing λd = 0.15, γd  = 0.9 

tearly = 3,10,20,50; tearly = 50 are PH DGMs Constant λc = 0.10, γc  = 1.0 
Increasing λi  = 0.07, γi = 1.1 

        Analysis 
Models: 

Cox PH (Cox) hi(t) = h0(t)exp(βXTRT) Average HR from all events in t 
Landmark (LM) hi(t) = h0(t)exp(βXTRT × I(t > tLM)) Average HR from events after tLM

1 
   Piecewise exponential (PE1) hi(t) = λj exp(βXTRT) Average HR from all events in t 
Piecewise exponential (PE2) hi(t) = λj exp(βXTRT × I(t > tPE)) Average HR from events after tPE

2 
   
Royston Parmar PH (RP(PH)) ln(Hi(t)) = s(ln(t)|γs,k0) + βXTRT Average HR from all events in t 

∆RMST from all events in t 
   RP time-dependent (RP(TD)) ln(Hi(t)) = s(ln(t)|γs,k0) + s(ln(t))XTRT + βXTRT ∆RMST from all events in t 
   Accelerated Failure Time (AFT) ln(ti) = βXTRT + εi Average TR from all events in t 

    
 194 
1. Pre-specified tLM = 3 for lag until effect non-PH, tLM = 10 for early effect ceasing non-PH 195 
2. Pre-specified tPE = 3 for lag until effect non-PH, not reported for early effect ceasing non-PH 196 

 197 
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Data-generating processes for simulation scenarios 198 

Using a Weibull data-generation model, three different event rate scenarios were considered by 199 

selecting a scale parameter 𝜆𝜆 and a shape parameter 𝛾𝛾 such that there was a near zero probability 200 

of survival by the end of an administratively imposed time in each scenario. For the constant 201 

event rate scenario, we determined the value for the scale factor (𝜆𝜆𝑐𝑐) that would result in less 202 

than 0.7% chance of survival in the absence of treatment effect under a constant event rate (𝛾𝛾𝑐𝑐 =203 

1; ie the exponential distribution) within the specified trial time frame (𝑡𝑡 = 50 months). In the 204 

second and third scenarios, clinically plausible values of the shape parameter were selected to 205 

provide modest decreasing (𝛾𝛾𝑑𝑑 = 0.9) and increasing (𝛾𝛾𝑖𝑖 = 1.1) event rate scenarios. For these 206 

latter scenarios, we determined the scale parameter that would result in the same survival 207 

probability by the end of follow up (𝑡𝑡 = 50), and hence observation of the same number of 208 

events in the absence of treatment, as under the constant event rate (see Table 1). This enabled us 209 

to assess the effects of non-constant event rates on the different analytical approaches with the 210 

same total number of events in each scenario with only the timing of the events differing due to 211 

the selected shape of the baseline hazards. We selected modest values of the shape parameter to 212 

assess the impact of non-constant event rates in circumstances where an assumption of constant 213 

event rates at the design stage of the trial would have been considered appropriate. Use of more 214 

extreme values of the shape parameter may have resulted in far more impactful effects on 215 

simulation performance measures, but would not have been reflective of typical experiences with 216 

clinical trials. The baseline hazard, cumulative hazard and survival functions for the three event 217 

rate scenarios for the control and treatment groups are shown in Figure 1. 218 

Figure 1 title: Three event rate scenarios depicted on the hazard scale, cumulative hazard and 219 

survival curves 220 
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 221 

Figure 1 legend: Lines depict baseline hazards – or instantaneous risk of event occurrence in the 222 

control group over time – under the three scenarios used for data generation. Decreasing, 223 

constant and increasing event rate scenarios are indicated by the green, purple and blue lines 224 

respectively. By design, the survival proportion will be the same at t=50 under all three event 225 

rates. 226 

Event times were simulated using the survsim command in Stata (27). A binary covariate for 227 

treatment group status (𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡) was simulated from a Bernoulli random variable with probability 228 

𝑝𝑝 = 0.5 to mimic 1:1 randomisation. Non-proportional hazards were introduced by dividing the 229 

analysis time into two periods with a change point at 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 or 𝑡𝑡𝑒𝑒𝑙𝑙𝑡𝑡𝑙𝑙𝑒𝑒 depending on the non-PH 230 

scenario. The baseline hazard in the control group was either a decreasing, constant or increasing 231 

continuous event rate the same as depicted in Figure 1A. For simulations investigating a lag until 232 

treatment effect, the hazard in the treatment group during the first period prior to 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 was the 233 

same as in the control group, ie there was no effect of treatment (𝛽𝛽 = 0). After 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 the hazard in 234 

the treatment group had the anticipated beneficial design effect (𝛽𝛽 = −0.4). The lag period 235 

lengths investigated were 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0, 1, 3 and 10 months within the maximum follow-up time 𝑡𝑡 =236 

50, with the setting 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0 representing PH. The three lag durations were selected to enable us 237 
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to investigate a range of power values and treatment effect magnitudes from the stipulated design 238 

values to nearly null values, with the maximum delayed effect of 20% of study duration the 239 

longest lag time likely to be encountered in practice. The hazard, cumulative hazard and survival 240 

functions for the PH and increasing lag until effect times for the control and treatment groups 241 

under the decreasing, constant and increasing event rate scenarios are shown in Figure 2. 242 

Figure 2 title: Hazard functions, cumulative hazard curves and survival curves for lag until effect 243 

non-PH scenario. 244 
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 245 

Figure 2 legend: Lag period lengths investigated were 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0, 1, 3 and 10 months within the 246 

maximum follow-up time 𝑡𝑡 = 50, with the setting 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0 representing PH. The lag period 247 

instantaneous change point times from control group hazard to treatment group hazard are 248 

indicated by the vertical gray lines. Decreasing times for treatment effectiveness as a result of 249 
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increasing lag times are indicated by the decreased shading of the dashed lines used for the 250 

treatment group. Decreasing, constant and increasing event rate scenarios are indicated by the 251 

green, purple and blue lines respectively.  252 

Simulations were also performed for the scenario of a treatment that is effective for an initial 253 

period then ceases. The period prior to 𝑡𝑡𝑒𝑒𝑙𝑙𝑡𝑡𝑙𝑙𝑒𝑒 was the period in which the treatment had the 254 

anticipated design effect (𝛽𝛽 = −0.4), and the period after 𝑡𝑡𝑒𝑒𝑙𝑙𝑡𝑡𝑙𝑙𝑒𝑒 was when there was no effect of 255 

treatment (𝛽𝛽 = 0). The early effect period lengths investigated were 𝑡𝑡𝑒𝑒𝑙𝑙𝑡𝑡𝑙𝑙𝑒𝑒 = 3, 10, 20 and 50 256 

months, with the setting 𝑡𝑡𝑒𝑒𝑙𝑙𝑡𝑡𝑙𝑙𝑒𝑒 = 50 representing PH. Again, these early effect durations were 257 

selected to cover power values and treatment effect magnitudes from nearly null to the nominal 258 

design values. The DGM section of Table 1 details the simulation characteristics for survival 259 

data for three different baseline hazard functions under PH and two different non-PH scenarios. 260 

Supplementary Figure S1 presents the hazard, cumulative hazard and survival functions for the 261 

PH and early effect that ceases non-PH scenarios for the decreasing, constant and increasing 262 

event rates in Additional File 1. 263 

Estimands of treatment effect 264 

The estimands of treatment effect in the simulation study were the hazard ratio, the time ratio 265 

and the difference in restricted mean survival time. 266 

Hazard Ratio (HR) 267 

The HR is obtained by comparing the instantaneous event rates in the treatment group (X𝑡𝑡𝑡𝑡𝑡𝑡 =268 

1) to the control group (𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡 = 0). For the Weibull data generation model, the effect of 269 

treatment is measured as 270 
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HR =
exp(𝛽𝛽0  + 𝛽𝛽1)𝛾𝛾𝑡𝑡𝛾𝛾−1

exp(𝛽𝛽0)𝛾𝛾𝑡𝑡𝛾𝛾−1
= exp(𝛽𝛽1) 271 

where 𝛽𝛽1 is the co-efficient of the covariate for treatment group status. In the simulation study 272 

comparing different modelling approaches, summary estimates of HR were obtained by fitting a 273 

Cox PH model, a piecewise exponential (PE) regression model and a Royston-Parmar model 274 

(28) under the assumption of PH (time-fixed treatment effects). Time-period specific estimates 275 

of HR, either conditional on being event-free at a pre-specified landmark time point, or from 276 

allowing an interaction with a discrete-period time point indicator in the PE model were also 277 

measured. 278 

Difference in Restricted Mean Survival Time (𝛥𝛥RMST) 279 

The RMST 𝜇𝜇 of a time-to-event random variable 𝑇𝑇 is the mean of min(𝑇𝑇, 𝑡𝑡∗) where the cut off 280 

time 𝑡𝑡∗ is greater than zero. RMST can be derived as the area under the survival curve 𝑆𝑆(𝑡𝑡) =281 

𝑃𝑃(𝑇𝑇 > 𝑡𝑡) from 𝑡𝑡 = 0 to 𝑡𝑡 = 𝑡𝑡∗. In a randomised two-group trial with survival functions 𝑆𝑆𝑋𝑋𝑇𝑇(𝑡𝑡) 282 

and 𝑆𝑆𝑋𝑋𝐶𝐶(𝑡𝑡) for the treatment group and the control group respectively, the difference in RMST 283 

between groups can be calculated as 284 

𝛥𝛥RMST = � [ 𝑆𝑆𝑋𝑋𝑇𝑇
𝑡𝑡∗

0
(𝑡𝑡) − 𝑆𝑆𝑋𝑋𝐶𝐶(𝑡𝑡) ]  𝑑𝑑𝑡𝑡 285 

In the simulation study an estimate of the 𝛥𝛥RMST was obtained by fitting a RP model under the 286 

assumption of PH (RP(PH): time-fixed treatment effects) or allowing for non-PH (RP(TD): time-287 

dependent treatment effects). The 𝛥𝛥RMST with 𝑡𝑡∗ taken to be the last uncensored observed event 288 

time was obtained by predicting the log cumulative hazard functions for the treatment and the 289 

control groups over a grid of time values, transforming into the survival functions and integrating 290 
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over (0, 𝑡𝑡∗). Standard errors were estimated using the delta method (29). By using the last 291 

uncensored observed event time, the same events were used for the estimation of 𝛥𝛥RMST as 292 

were used for the estimates of HR and TR. 293 

Time Ratio (TR) 294 

The TR is an estimand of treatment effect that arises from direct comparison of the time that 295 

elapses until experiencing the outcome event, and for the Weibull data generation model used 296 

TR = �
−ln(𝑆𝑆(𝑡𝑡))

1
𝛾𝛾exp(𝛽𝛽0 + 𝛽𝛽1)

−ln(𝑆𝑆(𝑡𝑡))
1
𝛾𝛾exp(𝛽𝛽0)

� = exp(𝛽𝛽1) 297 

In the PH parameterisation of a Weibull regression model, the effect of a covariate is 298 

multiplicative by a factor of exp(𝛽𝛽). In an AFT parameterisation, the effect of a covariate is to 299 

accelerate time by a factor of exp(𝛽𝛽) where the relationship between the coefficients in the two 300 

parameterisations is 𝛽𝛽PH = −𝛽𝛽AFT × 𝛾𝛾. 301 

Methods to assess treatment effect 302 

Cox Proportional Hazards (PH) Model 303 

In the Cox PH model the hazard rate for the 𝑖𝑖𝑡𝑡ℎ individual is ℎ𝑖𝑖(𝑡𝑡) = ℎ0(𝑡𝑡)exp(𝑋𝑋𝑖𝑖𝛽𝛽) with 304 

regression coefficients 𝛽𝛽 to be estimated and ℎ0(𝑡𝑡) denoting the baseline hazard function or 305 

event rate (30). The estimate of treatment effect from the Cox model is obtained by comparing 306 

the hazard in the treatment group to the hazard in the control group to obtain the HR. If non-307 

proportional hazards are anticipated, landmark analyses can be obtained by undertaking a Cox 308 

analysis conditional on individuals being event free at the pre-specified LM time point 𝑡𝑡𝐿𝐿𝐿𝐿. 309 

Events prior to 𝑡𝑡𝐿𝐿𝐿𝐿 do not contribute to the estimation of the LM HR. 310 
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Piecewise exponential (PE) regression 311 

The simplest parametric proportional hazards model is the exponential survival model which 312 

assumes that the hazard rate is constant over the entire analysis time. To accommodate a non-313 

constant hazard, a useful extension is the piecewise exponential model which allows the time 314 

scale to be split into an arbitrary number of intervals each of differing lengths, with a constant 315 

hazard rate assumed within each interval. The PE model can be written as ℎ𝑖𝑖(𝑡𝑡) = 𝜆𝜆𝑗𝑗  exp(𝑋𝑋𝑖𝑖𝛽𝛽) 316 

where ℎ𝑖𝑖(𝑡𝑡) is the hazard rate for the 𝑖𝑖𝑡𝑡ℎ individual, 𝜆𝜆𝑗𝑗 is the baseline hazard rate for the 𝑗𝑗𝑡𝑡ℎ 317 

follow up interval, 𝑋𝑋𝑖𝑖 is the vector of covariates for the 𝑖𝑖𝑡𝑡ℎ individual and 𝛽𝛽 are log hazard-ratios 318 

to be estimated. The PE model provides a summary estimate of the HR for the treatment effect 319 

for the entire analysis time, or can be extended to provide period-specific estimates of the (𝐻𝐻𝑅𝑅𝑗𝑗) 320 

for the treatment effect by including an indicator variable for each period with an interaction 321 

with treatment effect. 322 

Weibull Accelerated failure time (AFT) model 323 

An alternative parameterisation of the Weibull model is the accelerated failure-time model which 324 

has the parameterisation ln(𝑡𝑡𝑖𝑖) = 𝑋𝑋𝑖𝑖𝛽𝛽 + 𝜖𝜖𝑖𝑖 where 𝜖𝜖𝑖𝑖 has an extreme value distribution. Under 325 

this parameterisation for the Weibull distribution, the treatment effect is estimated as a summary 326 

fixed effect TR in an equivalent manner to the summary HR estimated under the PH assumption. 327 

Royston Parmar (RP) models 328 

Royston-Parmar parametric models utilise restricted cubic splines to estimate complex shape 329 

functions. The models describe the baseline log cumulative hazard function on the log timescale 330 

as a series of cubic spline subfunctions joined at knots with a ‘restriction’ that the first and last 331 

subfunctions beyond the boundary knots are linear functions instead of cubic. 332 

Chapter 3: SIMULATION STUDY

Page | 40



The RP PH model can be written as ln(𝐻𝐻(𝑡𝑡)) = 𝑠𝑠(ln(𝑡𝑡)|𝛄𝛄𝒔𝒔,𝐤𝐤0) + 𝑋𝑋𝑖𝑖𝛽𝛽 where 𝑠𝑠(ln(𝑡𝑡)|𝛄𝛄𝒔𝒔,𝐤𝐤0) is 333 

the restricted cubic spline that is the function of the coefficients of the spline-derived variables 334 

(𝜸𝜸𝒔𝒔) and the number of knots 𝐤𝐤𝟎𝟎. In the PH context, the RP model is a generalisation of the 335 

Weibull distribution where the restricted cubic spline function models the Weibull log 336 

cumulative hazard function ln[𝐻𝐻0(𝑡𝑡)] = ln(𝜆𝜆) + 𝛾𝛾ln(𝑡𝑡) + 𝑋𝑋𝑖𝑖𝛽𝛽 on the log timescale. The HR and 337 

𝛥𝛥RMST for treatment effect can be estimated from this PH model. We assigned 5 degrees of 338 

freedom (df) to the baseline distribution which should provide for an adequately flexible fit to a 339 

wide variety of survival curves (31). The 𝛥𝛥RMST allowing for TD treatment effects was 340 

estimated by including interactions between the treatment variable and additional spline function 341 

in the RP model. We assigned 5 df to the baseline distribution as in the PH model, and 2 df to the 342 

TD treatment effect to account for possible non-PH. 343 

Tests of equal survival functions 344 

Many tests of difference between two survival curves have been proposed that aim to achieve 345 

acceptable power under PH and under anticipated non-PH patterns whilst maintaining type I 346 

error rates close to the nominal level. Few have become widely accepted as analytical 347 

approaches for analysing trials. In this simulation we included tests from two broad categories of 348 

test statistics - weighted variants of the LR test designed to improve power under particular non-349 

PH patterns, and omnibus global tests that combine results of several individual tests of 350 

significance in an attempt to improve power across a wider range of non-PH patterns. Tests from 351 

these two broad categories were identified as the most utilised in recent reviews of analysis 352 

methods used in clinical trials with time-to-event outcomes (4, 5). 353 
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The classical LR test assesses the null hypothesis that there is no difference between the survival 354 

curves of two groups in the probability of an event at any time point over the total survival time 355 

period under consideration. The analysis is based on the sum of differences of the estimated 356 

hazard function at each observed event time with an implicit equal weighting of one for all event 357 

times. Fleming and Harrington proposed a family of weighted tests, the extended FH(𝜌𝜌, 𝛾𝛾) tests 358 

with weighting [�̂�𝑆(𝑡𝑡−)]𝜌𝜌[1 − �̂�𝑆(𝑡𝑡 −)]𝛾𝛾,𝜌𝜌, 𝛾𝛾 ≥ 0 where �̂�𝑆(𝑡𝑡−) is the Kaplan-Meier estimate of 359 

the survival rate based on the pooled data from the two treatment groups. When 𝜌𝜌 = 0, 𝛾𝛾 = 0, 360 

the FH(0,0) corresponds to the LR test with equal weights (32). When 𝜌𝜌 > 𝛾𝛾, the test gives more 361 

weight to earlier events than to later ones, and when 𝜌𝜌 < 𝛾𝛾 more weight is given to later events 362 

than to earlier ones. In this simulation, the power of the FH tests FH(1,0), FH(1,1) and FH(0,1) 363 

weighting early, middle and latter events respectively will be assessed. 364 

The performance of two omnibus tests will be compared in this simulation. The performance of 365 

the default form of the versatile test proposed by Karrison (13) considers 𝑍𝑍𝑚𝑚 =366 

max(|𝑍𝑍1|, |𝑍𝑍2|, |𝑍𝑍3|) where 𝑍𝑍1, 𝑍𝑍2 and 𝑍𝑍3 are 𝑍𝑍 statistics from the FH(0,0), FH(1,0) and 367 

FH(0,1) extended family respectively, and 𝑍𝑍𝑚𝑚 ∼ N3(𝜇𝜇,𝛴𝛴)  an asymptotic, trivariate normal 368 

distribution with 𝛍𝛍 the vector of means and 𝛴𝛴 the variance-covariance matrix. This combination 369 

of 𝑍𝑍 statistics was selected to provide relatively good coverage across the range of likely 370 

scenarios encompassing PH, early and late treatment effect scenarios. The second omnibus test 371 

which will be assessed in this simulation, the combined test proposed by Royston (12) utilises 372 

information from the Cox test and a permutation test based on the maximal squared standardized 373 

𝛥𝛥RMST between treatment groups. The motivation for the development of the combined test 374 

was to capitalise on the optimal power of the Cox test when the assumption of PH is met, and to 375 

provide some insurance should non-PH be present. 376 
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Performance measures 377 

In this simulation study we are interested in assessing the impact of non-constant event rates 378 

under two non-PH scenarios on the estimated treatment effect from a range of analysis models. 379 

Under PH, the three data-generating models would all result in the same number of events 380 

occurring within the specified follow up time. We compared the performance of estimators from 381 

an analysis model against the design model knowing that the design model would not necessarily 382 

accord with the data-generating model. Discussion of performance measures is in relation to 383 

design model using the parameters from the design stage of the trial. This point will be further 384 

explained in the context of specific performance measures below. 385 

Power, the first performance measure, was obtained as the proportion of simulations where the p-386 

value was less than the nominal significance level 𝛼𝛼. The anticipated power specified at the 387 

design stage was 80%. The second performance measure was the scaled treatment effect (STE). 388 

The mean treatment effect for each simulation scenario was scaled so that a value of 100% 389 

corresponded to the full design-stipulated treatment effect, and a value of 0% would be the 390 

anticipated magnitude in the absence of any treatment effect. The scaling was calculated as (1 −391 

mean[𝐻𝐻𝑅𝑅� ])/(1 − 𝐻𝐻𝑅𝑅𝑑𝑑𝑒𝑒𝑑𝑑𝑖𝑖𝑙𝑙𝑑𝑑) × 100 for the HR estimands, as (mean[𝑇𝑇𝑅𝑅� ]− 1)/(𝑇𝑇𝑅𝑅𝑑𝑑𝑒𝑒𝑑𝑑𝑖𝑖𝑙𝑙𝑑𝑑 −392 

1) × 100 for the TR estimand, and as (mean[𝛥𝛥RMST� ])/𝛥𝛥RMST𝑑𝑑𝑒𝑒𝑑𝑑𝑖𝑖𝑙𝑙𝑑𝑑 × 100 for the 𝛥𝛥RMST 393 

with the 𝛥𝛥RMST𝑑𝑑𝑒𝑒𝑑𝑑𝑖𝑖𝑙𝑙𝑑𝑑 value obtained empirically from a large N=250,000 simulation of the 394 

design setting. This scaling of treatment effect utilizing the exponentiated measures as reported 395 

was designed to allow direct intuitive comparison of the impact of the different simulation 396 

scenarios on the magnitude of the three different estimands even though they are a mix of 397 

relative and absolute measures, and the beneficial treatment effect can be a value less than 1 398 

(HR) or a value greater than 1 (TR and 𝛥𝛥RMST). The final measure, coverage was calculated as 399 
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the proportion of simulations in which the 100 × (1 − 𝛼𝛼)% confidence interval around analysis 400 

model �̂�𝛽 included the anticipated 𝛽𝛽 from the design model. This allowed assessment of whether 401 

the empirical coverage rate approached the desired rate. The anticipated coverage specified at the 402 

design stage was 95%. 403 

Number of simulations 404 

We generated 2000 simulated datasets for each scenario. The Monte Carlo standard errors 405 

(MCSEs) for coverage and power are maximized when either 50% power or 50% coverage is 406 

observed. In this worst-case scenario, the MCSE for the simulation would be 1.1%. Should 407 

coverage and power be optimal at 95% and 80% respectively as implemented under the design 408 

scenario, the expected MCSEs would be correspondingly less than 0.5% and 0.9% which we 409 

deemed to be acceptable. 410 

Results 411 

Type I error 412 

Prior to comparing performance measures such as power for scenarios with a known treatment 413 

effect, it is important to assess that analytical approaches are controlling the Type I error level at 414 

the same or similar nominal value when there is truly no effect. We compared that empirical 415 

Type I errors were maintained reasonably well and similar to other simulation studies (33, 34). 416 

Additional detail of the Type I error assessment is presented in Additional File 1. 417 

Lag until treatment effect 418 

Power of regression model approaches 419 

Figure 3 presents the simulation results investigating the effect of lag times for eight different 420 

modelling approaches to estimating the HR, 𝛥𝛥RMST and TR. For an indication of data maturity, 421 
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the average number of events for the constant event rate during the no effect period was 10%, 422 

26% and 65% of the total number of events observed for the lag times of one, three and ten 423 

months respectively. For the decreasing hazard event rate, the average number of events during 424 

the no-effect period were 14%, 34% and 71%, and for the increasing hazard event rate, the 425 

average number of events during the no-effect period were 7%, 21% and 60% of the total 426 

number of events observed for the lag times of one, three and ten months respectively. A 427 

summary of event numbers during the inactive and active phases of treatment effect under this 428 

non-PH scenario is presented in Supplementary Table S2 in Additional File 1. 429 

Figure 3 title: Performance measures of regression-based approaches for treatment effect 430 

estimation under increasing lag until effect DGM. 431 

 432 
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Figure 3 legend: The power (%), scaled treatment effect magnitude (%) and coverage (%) are 433 

presented as relative to that anticipated at the design stage of the trial assuming PH. Lag period 434 

lengths investigated were 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0, 1, 3 and 10 months within the maximum follow-up time 𝑡𝑡 =435 

50, with the setting 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0 representing PH. 436 

In the top panel of Figure 3 for the first scenario with no lag to effect (𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0, the PH 437 

scenario), we observed power very close to the design model value of 80% for all estimates of 438 

treatment effect. There was lower power for the two period-specific power estimates (PE2 and 439 

LM) resulting from the smaller number of events used in the estimation of HR after the 440 

prespecified cut points of 𝑡𝑡𝑃𝑃𝑃𝑃 and 𝑡𝑡𝐿𝐿𝐿𝐿 were applied. For all methods, there was an appreciable 441 

loss of power in these non-PH scenarios. This loss of power was present even when 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 1 442 

with greater loss of power observed with increasing lag times. 443 

The impact of non-constant event rates in the presence of non-PH can also be clearly observed, 444 

with the difference in power most differentiated when 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 3.In general, an increasing event 445 

rate slightly attenuated the loss of power as a result of fewer events occurring during the lag 446 

period, relative to the number of events observed under a constant event rate. Conversely, the 447 

losses in power observed under a decreasing event rate in the presence of a lag until effect were 448 

magnified as a result of more events occurring during the period where the treatment had no 449 

effect. This pattern of relative power loss with non-constant event rates was observed for the HR, 450 

TR and 𝛥𝛥RMST. 451 

Scaled Treatment Effects (STE) estimates of regression model approaches 452 

The middle panel of Figure 3 presents the STE results. In the scenario of no lag until treatment 453 

effect (𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0) estimates close to the design model values are observed except for the 𝐻𝐻𝑅𝑅 from 454 

Chapter 3: SIMULATION STUDY

Page | 46



the PE2 model and the 𝑇𝑇𝑅𝑅 from the AFT model. For these two estimators, an increasing event 455 

rate resulted in a lower STE under PH whilst a decreasing event rate resulted in a higher STE. 456 

The presence of any lag period resulted in STE of decreased average magnitude as there were 457 

less events occurring during the period where the treatment was effective. Compared to a 458 

constant event rate, an increasing event rate was able to partially ameliorate this decrease in STE 459 

whilst a decreasing event rate compounded the decrease.  460 

Coverage of regression model approaches 461 

In the bottom panel of Figure 3, coverage of the estimators for the treatment effect used in the 462 

design model is presented. Under PH, we observed coverage at, or very close to, the design 463 

model value of 95%. In the presence of a lag until treatment effect, there was a consistent 464 

decrease in the observed coverage with increasing lag for all methods. The presence of non-465 

constant event rates has less impact on this performance measure. The summary estimates for 466 

bias, coverage and power with the Monte Carlo standard errors (MCSEs) for simulations in the 467 

presence of a lag until treatment for the decreasing, constant and increasing baseline hazards are 468 

presented in Supplementary Tables S3, S4 and S5 respectively in Additional File 1. 469 

Power of the tests of equal survival curves 470 

Figure 4 presents the results for seven tests of equal survival functions compared in the 471 

simulation. The power of the 𝑧𝑧-test for the treatment effect from the Cox model is included in the 472 

panel as a comparator. Results are broadly similar to that observed for the modelling approaches. 473 

In the scenario equivalent to PH, the LR, Cox, versatile and combination tests achieved power 474 

values close to the design model value of 80%. The power dropped swiftly with increasing lag 475 

times. The decreased or increased loss of power observed could be substantial for some tests 476 
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exceeding ±10% of the power observed under a constant event rate depending on the length of 477 

the lag effect under consideration. 478 

Figure 4 title: Power of tests of equal survival function under increasing lag until effect DGM. 479 

 480 

Figure 4 legend: Effect of non-constant event rates on the power of seven tests of equal survival 481 

function. The power of the z-test for the HR treatment effect from the Cox PH model is included 482 

in the panel as a comparator. Lag period lengths investigated were 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0, 1, 3 and 10 months 483 

within the maximum follow-up time 𝑡𝑡 = 50, with the setting 𝑡𝑡𝑙𝑙𝑙𝑙𝑙𝑙 = 0 representing PH. 484 

Early effect that ceases 485 

The early effect that ceases non-PH scenario is the inverse in treatment effect timing to the lag 486 

until treatment effect. The performance measures for the early effect that ceases non-PH scenario 487 

were similarly the converse to that observed in the lag until treatment effect non-PH simulations. 488 

In summary, increasing losses of power and decreased magnitude of the treatment effects and 489 

coverage were observed as the length of the treatment effect period decreased. Relative to a 490 

constant event rate, more events occurred during the early effective period under a decreasing 491 

baseline hazard resulting in some offset of the losses in performance measures observed. Under 492 
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an increasing event rate, some reduction of the losses observed under the constant event rate 493 

were observed. This pattern of relative loss was observed for all three estimands and similar 494 

losses in power were observed in the tests of equal survival curves as were observed for the 495 

regression-based approaches. Results are described in more detail in the Supplementary Results 496 

section in Additional File 1 497 

 498 

Discussion 499 

We have shown that when time-dependent treatment effects are anticipated, then non-PH and 500 

non-constant event rates should both be considered at the time of designing a trial. The adverse 501 

impact of non-PH on power can be further exacerbated or potentially ameliorated by the shape of 502 

the baseline hazard. Non-proportionality of treatment effects has been increasingly observed in 503 

clinical trials (16, 35). New treatments being assessed are often more complex, involving 504 

comparison of new oncology treatments with different biological time courses of action, or 505 

comparing treatments with different mechanisms of action such as surgical versus 506 

chemotherapeutic approaches, or involving the use of composite outcomes - multiple endpoints 507 

jointly assessed as a primary outcome - all increasing the chance of encountering non-PH (36). 508 

Due to increased oversight and increased awareness of the importance of personalised medicine, 509 

trials are often longer in planned follow up, with larger numbers of participants included to allow 510 

for greater assessment of differently responsive sub-populations within them. Trials of longer 511 

duration allow a greater opportunity for non-PH to arise over time, and larger numbers of events 512 

enable assessment of the presence of any non-PH to be more conclusive. The potential impact of 513 

non-PH has been brought into focus due to these longer, larger trials being conducted (33, 37, 514 

38). For these trials, non-constant event rates will also be more likely to be observed, yet the 515 
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interplay between non-PH and the shape of the baseline hazard rates has received little attention 516 

before now, despite the reasonable anticipation that it could also to have important design 517 

implications for clinical trials. 518 

Comparison of power of tests of survival curve difference 519 

In our results, when there was a lag until treatment effect, the best performing test of survival 520 

curve difference in terms of maintaining power under PH and shorter and longer lengths of 521 

effective treatment time was the versatile test. The FH late test was more powerful when there 522 

was longer lags until effect, but was less powerful under shorter lags and PH scenarios more 523 

likely to be encountered in trials compared to the versatile test. When there is an early effect that 524 

ceases, the versatile test closely followed by the RP(TD) combined test would be the 525 

recommended option. Increasing and decreasing event rates affected the power of the tests 526 

compared to a constant event rate, in accordance with the timing of when events were likely to 527 

be observed with respect to the periods of effective treatment. Power was increased when 528 

relatively more events occurred during effective treatment times and decreased when relatively 529 

fewer events occurred during effective treatment times. At the time of designing a trial, if 530 

assumptions about the presence and form of non-PH are not made, then our results suggest that 531 

the versatile test covering PH, early and late forms of non-PH is recommended as a pre-specified 532 

analysis method. This test will retain power under more modest levels of non-PH whilst 533 

maintaining near nominal power under PH and will be less adversely affected by non-constant 534 

event rates. 535 

Our results accord with similar comparative studies published recently that focus on tests of 536 

survival curve difference (33, 34, 38). As part of Cross-Pharma Non-Proportional Hazards 537 

(NPH) working group, Lin et al (2020) compared nine tests of survival curve difference in the 538 
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presence of non-PH covering the LR and weighted LR tests, weighted Kaplan-Meier based tests 539 

(incorporating the RMST) and combination tests (38). Royston and Parmar also included a 540 

similar range of tests covering weighted LR tests and composite tests based on their own (39) 541 

and Karrison’s work (13). Jimenez et al (2019) investigated the properties of the weighted LR 542 

tests in the presence of trials with delayed effects (34). There is substantial overlap between the 543 

tests included in this simulation study and the three other studies, with similar focus on early 544 

(treatment effects that cease) and late (lag until treatment effect) forms of non-PH. For the tests 545 

of survival curve difference in the presence of any non-PH, broadly similar conclusions were 546 

reached by all four studies: that what might have been regarded as minimal amounts of non-PH - 547 

whether expressed in terms of information fraction or percent of study duration - can noticeably 548 

affect the power to detect survival curve differences, and for the trials assessing different forms 549 

of non-PH, there is no consistently powerful test across all non-PH scenarios. Forms of a 550 

versatile test combining information from multiple weighted LRs were the recommended form of 551 

pre-specified test when considering early and late non-PH scenarios (33, 38). When late non-PH 552 

is the only consideration, LR tests weighted to emphasize late differences are recommended to 553 

maintain higher power albeit at the expense of slight Type I error rate inflation (34). 554 

Treatment effect estimands - HR v RMST v AFT 555 

We compared three different estimands for treatment effect - the HR, the TR and 𝛥𝛥RMST. There 556 

have been many studies comparing these estimands and variants of them for their use in research 557 

with TTE outcomes (14, 16, 20, 21, 40-43). There are strengths and limitations in their usage - 558 

relative measures such as the HR and TR do not contain any information about the absolute 559 

effect and can be challenging to interpret and communicate the survival benefit observed. 560 

Estimates provided in a time-based metric such as the TR and the RMST expressed either as a 561 
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ratio or a difference, can be considered more interpretable for a wider audience. The 𝛥𝛥RMST has 562 

an additional advantage of being a summary measure of survival time distribution that does not 563 

rely on the PH assumption although it does require specification of the cutoff timepoint. In this 564 

work, we estimated 𝛥𝛥RMST using both the last uncensored event occurrence as the cutoff time 565 

following recommended practice (25) as well as the maximum follow up time (𝑡𝑡 = 50). By 566 

design, the last uncensored event would have been expected to occur at a time very close to the 567 

maximum follow up time. As a consequence of these design choices, we observed essentially no 568 

differences within simulation error in any of the performance measures of 𝛥𝛥RMST using either 569 

the last uncensored event cut off or the maximum follow up time, and hence presented the results 570 

for the last uncensored event time cutoff only in the interests of clarity. 571 

For this work, the three estimands we compared were broadly similar across the non-PH 572 

scenarios in terms of the power, magnitude of treatment effect estimate and coverage values 573 

benchmarked to the values specified by the design model. Judicious selection of designated 574 

cutpoints for no effect (PE2) or landmark timepoints (LM) could result in improved estimates of 575 

treatment effect magnitude using the period-specific analysis methods in the presence of a lag 576 

until effect non-PH, but also resulted in decreased power if there was PH. Similarly, the 𝛥𝛥RMST 577 

could be assessed at a number of prespecifed clinically relevant time points in order to provide 578 

insight into how treatment effects may change with follow up time. The potential for increased 579 

Type I error that may arise from multiple comparisons would need to be monitored, and 580 

empirical measures to correct for any inflation would have to be incorporated into the trial design 581 

(34). 582 

The impact of non-constant event rates in the presence of non-PH was to partially diminish or 583 

further exacerbate losses in power and treatment effect magnitude. When time-dependent 584 
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treatment effects are present, there is no single summary measure that can adequately describe 585 

the treatment benefit. Analysis methods such as the RP models which allow for the shape of the 586 

baseline hazard make it possible to more fully explore the timing and magnitude of any treatment 587 

effect either graphically or in a series of time period-based estimates. 588 

Designing trials with non-constant event rates in the presence of non-PH 589 

Simulation studies can only ever include a limited range of scenarios. It is critical that selections 590 

are made so as to provide insight on the wider and varied spectrum of scenarios involving non-591 

PH and non-constant event rates that are likely to be encountered in real RCTs. We restricted 592 

attention to simplified forms of non-PH - piecewise constant HRs with a single change point - 593 

comparing PH with early and late forms of non-PH. Change points were placed at times that 594 

enabled us to observe effects over a large proportion of calculated power values with magnitudes 595 

of treatment effect ranging from the design-stipulated to nearly null estimates. Hence our results 596 

may not generalize to more complex forms of non-PH. When choosing non-constant event rates, 597 

we aimed to cover clinically plausible values of the shape parameter in our data-generating 598 

Weibull model that are modest and hence might be assumed to be ‘close enough’ to constant at 599 

the design stage of a trial. More extreme settings could have been chosen and the impacts on 600 

power and effect estimation would have been exaggerated to the point of being quite drastic; 601 

however, we felt that this would represent uncommon scenarios in practice. Our simulations also 602 

featured almost complete follow up of all events before undertaking analysis which, whilst 603 

unrealistic in some applications, resulted in almost identical numbers of total events being 604 

observed in each scenario, and hence provided a fair basis for comparison. We did not cover the 605 

effects of censoring and enrolment rates, nor did we investigate the effect of adjusting sample 606 

size and follow up times all of which impact on the interplay of non-PH and event rates and may 607 
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need to be considered in practice. Sample size calculation options are available for specific forms 608 

of non-PH (44), parametric event rates (45, 46), piecewise models that allow for different 609 

treatment effects within multiple ‘stages’ of a planned trial (47, 48). However, the most flexible 610 

approach to take is to base the sample size on simulation (49, 50). These approaches have been 611 

employed in multi-arm multi-stage and other forms of adaptive trial design. The additional 612 

complexity includes the need for prior specification of additional parameters and a higher degree 613 

of programming skill to explore scenarios covering anticipated event rates and the direction and 614 

timing of non-proportionality. 615 

Conclusions 616 

The mechanisms of action of treatments on time to event outcomes may require nuanced 617 

definitions of treatment effectiveness that go beyond simple single summary estimates assuming 618 

proportional hazards. Our simulations found that even small deviations from proportionality can 619 

result in substantial observed loss of power using standard analysis methods that are maximally 620 

powerful under a PH assumption, and this loss can be exacerbated in the presence of non-621 

constant event rates. It is a desirable strategy to design trials to use analysis methods that can 622 

accommodate delayed treatment effects, or early treatment effects that cease if these are to be 623 

anticipated with the treatment under study. This however requires decisions on what test to 624 

employ and what estimand(s) will be the target. Our simulations provide some guidance on this 625 

choice. In practice, new trials may require the use of bespoke simulation studies to guarantee that 626 

power is maintained under a range of plausible scenarios consistent with expected mechanisms 627 

of treatment action and allowing for departures from non-constant underlying event rates. 628 

 629 
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Chapter 4 

4.1 Manuscript introduction: Examining evidence for time-dependent 
treatment effects using alternative regression-based methods in clinical trials 

Although the last two decades have seen interest in alternative regression approaches to 

modelling time-dependent treatment effects, the uptake of these methodologies has been limited 

as described in the review undertaken for this thesis and reported in Chapter 2. As an illustration of 

the potential application of these methods, an applied project in presented in this chapter. The 

project consisted of examining the evidence for time-dependent treatment effects in selected 

endpoints from a large, long-running community-based clinical trial. The ASPREE trial aimed to 

determine if aspirin improved healthy ageing with a primary composite endpoint of death, dementia 

or persistent physical disability and a range of secondary endpoints. Data collection in ASPREE 

was comprehensive. The 19,114 participants had regular assessments multiple times per year 

through face to face visits, phone call contacts and medical records review and linkage. Retention 

was high with follow up for a median of 4.7 years (IQR 3.6-5.7 years) for the trial. 

The motivations for the study relate to illustrating the potential for new insights or increased clinical 

understanding into the magnitude and persistence of treatment effects for selected endpoints. 

Such insights could be obtained even in the absence of any compelling evidence of 

nonproportionality. We investigated potential time-dependent treatment effects of aspirin directly 

for each of the endpoints, and also the existing evidence for time-dependent interaction effects of 

aspirin usage by age and gender subgroups. Relative and absolute estimands of treatment effect 

provided complementary information about the evolution of treatment impact over time. 

Four modelling approaches for the estimation of the summary treatment effect estimated as either 

a HR or a ∆RMST were used in the study. The HRs were obtained under the assumption of PH 

from 

(i)   the semi-parametric Cox model, 

(ii)  the parametric Weibull model, and 

(iii) the flexible parametric models using restricted cubic splines to model the baseline 

hazard. 

The ∆RMSTs were estimated using 

(iv) the spline-based FPMs assuming PH, ie the same model as in (iii), 

(v)  FPMs allowing for time-dependence and 

(vi) generalised linear modelling of transformed datasets of pseudo-observations which allow 

for non-parametric estimation of treatment effect equivalent to Kaplan-Meier estimation of 

survival probability. 
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From the simulation study presented in Chapter 3, we focused on regression-based methods that 

allow for multiple measures of treatment effect estimation and graphical presentations that are 

suitable for facilitating communication, clinical evaluation and understanding. 

The main content of this chapter is presented in the next section in the form of an applied research 

paper written with input from clinicians and ASPREE trial investigators that has been submitted to 

the journal Pharmaceutical Statistics and is currently under review. The supplementary material for 

the paper is provided in Appendix E of this thesis. 
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Abstract 46 

For the design and analysis of clinical trials with time-to-event outcomes, the Cox 47 
proportional hazards model and the logrank test have been the cornerstone methods for 48 
many decades. Increasingly, the key assumption of proportionality – or time-fixed effects - 49 
that underpins these methods has been called into question, and with it the presentation of 50 
fixed-magnitude treatment effects as the key inferential findings of a trial. The availability 51 
of novel therapies with new mechanisms of action and clinical trials of longer duration 52 
mean that non-proportional hazards are now more frequently encountered. 53 

We compared several regression-based methods to model time-dependent treatment 54 
effects. For illustration purposes we used selected endpoints from a large, community-55 
based clinical trial of low dose daily aspirin in older persons. Relative and absolute 56 
estimands were defined and analyses were conducted in all participants. Additional 57 
exploratory analyses were undertaken by selected subgroups of interest using interaction 58 
terms in the regression models. 59 

In the trial with median 4.7 years follow-up, we found evidence for non-proportionality and 60 
a time-dependent treatment effect of aspirin on cancer mortality not previously reported in 61 
trial findings. We also found some evidence of time-dependence to an aspirin by age 62 
interaction for major adverse cardiovascular events. For other endpoints time-fixed 63 
treatment effect estimates were confirmed as appropriate. The consideration of treatment 64 
effects using both absolute and relative estimands enhanced clinical insights into potential 65 
dynamic treatment effects. We recommend these analytical approaches as an adjunct to 66 
primary analyses to fully explore findings from clinical trials. 67 

 68 

Section 1: Introduction 69 

The most commonly utilised approach for analysis of time-to-event data in clinical trials is 70 
the Cox proportional hazards (PH) model [1]. The advantage of this model is its lack of 71 
assumptions about the shape of the underlying hazard functions and presentation of 72 
treatment effects on a relative scale as hazard ratios (HRs). Increasingly, trials are being 73 
conducted in which the key assumption of PH that underpins this approach, and 74 
presentation of the treatment effect summarised as being of single fixed magnitude is 75 
questionable [2, 3]. Trials of longer duration and larger trials enable investigation of the 76 
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natural history of the disease and interplay of mechanistic processes over time. They offer 77 
compelling rationale for consideration of alternate measures of treatment effect that allow 78 
for the examination of non-PH treatment effects over time. Examples of time-dependent 79 
(TD) effects include delays until treatment effectiveness as observed in immunotherapy-80 
based oncology trials with minimal benefit in the first few months of treatment followed by 81 
a period of effectiveness after the immune system has been activated. In contrast, 82 
vaccinations for influenza and whooping cough provide examples of a treatment that is 83 
beneficial early after administration but whose effectiveness diminishes over time. Despite 84 
the potential importance of TD treatment effects, detailed assessment and reporting of the 85 
PH assumption required to assess the appropriateness of presented time-fixed trial results 86 
has been less than optimal [4-6]. 87 

Parametric models that make assumptions about the shape of the underlying hazard 88 
function can be used as an alternative to the Cox model. Models based on the Weibull and 89 
gamma distributions can specify increasing, decreasing and inverted hazard functions. 90 
However, these models may fail to capture more complex hazard function. A flexible 91 
parametric model (FPM) uses spline functions to model the underlying hazard function of 92 
any shape or complexity with the advantages of modelling within a regression-based 93 
framework [7]. Specifying the baseline hazard allows for the direct estimation of relative 94 
and absolute effects of treatment in addition to other useful measures such as differences 95 
between survival and hazard functions to be estimated. In particular, the use of the 96 
restricted mean survival time (RMST) difference between groups as a distribution-free 97 
measure of treatment effect has been gaining attention as a valid measure of treatment 98 
effect even when nonproportionality is present [8, 9]. 99 

In addition to capturing complex hazard functions under PH [10], flexible parametric 100 
survival models can be easily extended to assess for TD treatment effects on the cumulative 101 
hazard or hazard scales [11, 12]. A second regression-based method to assess for evidence 102 
of TD treatment effects involves pseudo-observations - or jackknife estimates - based on 103 
the non-parametric Kaplan-Meier (KM) curves. These pseudo-observations are used to 104 
create estimates constructed in such a way that their sample mean estimates the parameter 105 
of interest at pre-determined times of interest. The effect of covariates may then be 106 
modelled with the pseudo-observations as the response variable in generalised linear 107 
models (GLMs) with a suitable link function [13, 14]. 108 

Heterogeneity of treatment effects is another form of non-PH that can arise in clinical trials. 109 
Treatment effect heterogeneity is when different subgroups of a trial population respond 110 
differently to treatment. Prior clinical knowledge of potentially strong predictive factors 111 
can - and should - be incorporated into the study design and prespecified analysis plans 112 
through selection of sufficiently homogeneous populations that can be expected to benefit 113 
from the treatment [15, 16]. Subgroup heterogeneity may in itself also be time-dependent 114 
hence reported averaged treatment effects, even in subgroup analysis, can obscure 115 
interesting insights available from the trial [17]. 116 

The goal of this paper is to examine whether regression-based methods allowing for TD 117 
treatment effects can provide additional or new insights. For illustration we apply the 118 
methods to the effects of daily low-dose aspirin in initially healthy older persons using the 119 
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large community-based ASPirin in Reducing Events in the Elderly (ASPREE) clinical trial. 120 
The ASPREE trial aimed to determine if aspirin improved healthy ageing with a primary 121 
composite endpoint of death, dementia or persistent physical disability. Secondary efficacy 122 
and safety endpoints were also collected. For some endpoints event rates were anticipated 123 
to substantially increase with ageing. The large number of participants and long duration of 124 
the treatment phase of the trial provide an opportunity to assess the evidence for potential 125 
TD treatment effects of clinical interest and to investigate any potential interplay between 126 
underlying event rates and non-PH. Editorials accompanying the trial findings support the 127 
need for ongoing follow up of the ASPREE participants to more robustly address 128 
hypotheses regarding benefits or harms of aspirin on endpoints in this older population, 129 
with additional mechanistic studies particularly for cancer incidence and mortality being 130 
critical [18-20]. 131 

The rest of the paper is structured as follows: in Section 2 we give a brief introduction to 132 
the different methods used. In Section 3 we provide further detail of the ASPREE trial and a 133 
selection of endpoints chosen to best illustrate the functionality and interpretability of 134 
modelling time dependence of treatment effects. In Section 4 we present the ASPREE 135 
results using the methods described. Finally, we provide discussions and recommendations 136 
in Section 5. 137 

Section 2 METHODS 138 

We compare four regression-based approaches for the estimation of the summary 139 
treatment effect estimated as either a hazard ratio (HR) or a difference in restricted mean 140 
survival time (𝛥𝛥RMST). The HR estimates were obtained from the Cox model, the Weibull 141 
model and the spline-based flexible parametric model (FPM) all under an assumption of 142 
PH. The 𝛥𝛥RMST was estimated using the FPM PH model, the FPM allowing for time-143 
dependence of treatment effects and from generalised linear modelling of transformed 144 
datasets consisting of pseudo-observations, being jackknife estimates of time-to-event 145 
observations for a specific pre-designated time interval had there not been censoring 146 
present. 147 

2.1 Semi-parametric Cox PH model 148 

Under a Cox proportional hazards model [1], the hazard function for the 𝑖𝑖𝑡𝑡ℎ patient can be 149 
written as 150 

ℎ𝑖𝑖(𝑡𝑡) = ℎ0(𝑡𝑡)exp(𝑥𝑥𝑖𝑖𝛽𝛽) 151 

where 𝑥𝑥𝑖𝑖  represents covariates with regression coefficients 𝛽𝛽 (log hazard ratios) to be 152 
estimated from the data and ℎ0(𝑡𝑡) denotes the baseline hazard function or event rate when 153 
all of the covariates are equal to zero or at their specified baseline levels. 154 

The Cox PH model treats the baseline hazard function as a nuisance parameter by 155 
maximising the partial likelihood function which permits estimation of the regression 156 
parameters but not the baseline hazard function. A key assumption of the Cox PH model is 157 
that of PH, in that the effect of a covariate remains constant or fixed in magnitude over the 158 
entire follow up. The Cox model can be extended to incorporate non-proportional effects by 159 
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including an interaction of the covariate(s) of interest with some function of time. Various 160 
diagnostics have been proposed to assess the PH assumption including graphical 161 
approaches and analysis based on residuals or by including an interaction of a covariate of 162 
interest with a function of time [21, 22]. These tests of PH assumption require correct 163 
specification of the function of time and often lack power to detect non-proportionality 164 
[23]. 165 

2.2 Parametric Weibull model 166 

When non-constant event rates are anticipated, parametric models are an alternative to the 167 
Cox model [6]. Undertaking a parametric approach to the analysis of survival data has a 168 
number of benefits. By directly modelling the baseline hazard function, measures of 169 
absolute risk, as well as relative risk, can be directly quantified with an associated estimate 170 
of uncertainty. There are efficiency gains if the baseline hazard is correctly specified in a 171 
parametric approach compared to the equivalent semi-parametric approach. The 172 
modelling of TD effects in continuous time can be conducted more easily within a 173 
parametric framework. In the ASPREE trial, monotonically increasing event rates were 174 
anticipated - and observed - for the majority of the endpoints which motivated the use of a 175 
Weibull hazard function to model the baseline hazard rate for this work. The estimates of 176 
treatment effect from this fixed distributional parametric approach act as a comparator to 177 
both the semi-parametric Cox model and the more flexible parametric models described 178 
below. 179 

2.3 Royston-Parmar flexible parametric models (FPMs) 180 

Royston and Parmar introduced FPMs that use restricted cubic splines to model 181 
transformations of the survival function, most commonly using the log cumulative-hazard 182 
function [7, 24] and later extended to the log hazard function [25] as a tool to capture 183 
simple and more complex hazard functions under both PH and non-PH scenarios. In this 184 
way, the attraction of the Cox model - allowing the shape of the baseline hazard to be free 185 
of any distributional assumptions - is still achieved by allowing the basis function of cubic 186 
splines to flexibly fit the baseline hazard. Additionally, FPMs attain the efficiency of 187 
parametric models for estimation and interpretability, providing both relative and absolute 188 
estimates of treatment effect. 189 

FPMs use restricted cubic spline functions to model the transformation of the survival 190 
function. Restricted cubic splines are piecewise cubic polynomials joined together at ‘knots’ 191 
with smoothing constraints placed on knot joins, and a restriction that the spline function 192 
is linear beyond the first and last knots to ensure an overall smooth function that is not 193 
unduly affected by sparse data. In the general approach, FPMs are implemented on the log 194 
cumulative hazard scale using one set of spline variables with predefined knot positions 195 
based on evenly spaced centiles of uncensored log survival times, with boundary knots at 196 
the minimum and maximum uncensored log survival times. The number of knots used to 197 
model the baseline hazard can be guided by clinical input and model selection criteria. 198 

Time-dependent effects were modelled using a different set of spline variables for each 199 
covariate of interest, possibly using a different number of knots in potentially different 200 
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locations than the spline variables used to model the baseline hazard. Defining 𝐤𝐤𝟎𝟎 to denote 201 
the number of knots for the baseline hazard function, 𝐤𝐤𝑗𝑗  to denote the knots for the 𝑗𝑗th TD 202 
effect with associated parameters 𝛅𝛅𝑗𝑗  when there are 𝐷𝐷 covariates with TD effects, the log 203 
cumulative hazard model is 204 

ln[𝐻𝐻𝒊𝒊(𝑡𝑡|𝑥𝑥)]  =  𝑠𝑠(𝑙𝑙𝑙𝑙(𝑡𝑡)|𝜸𝜸,𝒌𝒌0)  + � 𝑠𝑠(𝑙𝑙𝑙𝑙(𝑡𝑡)|𝜹𝜹𝑗𝑗

𝐷𝐷

𝑗𝑗=1

,𝒌𝒌𝑗𝑗)𝐱𝐱𝒊𝒊𝑗𝑗 +  𝐱𝐱𝒊𝒊𝜷𝜷 205 

In order to assess the complexity required for the baseline hazard for each endpoint of the 206 
ASPREE trial, a series of preliminary models were fit with varying numbers of knots 207 
considering possible degrees of freedom (df) ranging from one df to five df for the baseline 208 
spline function. Comparisons were then made between the models visually and through 209 
using the Akaike information criterion and Bayesian information criterion statistics with 210 
smaller values preferred. For all endpoints assessed, allowing for one (corresponding to 211 
the Weibull distribution) to three df for the baseline hazard resulted in suitably smooth 212 
curves without evidence of overfitting. Time dependence of the treatment effect could be 213 
captured with either one or two df for the five different endpoints. We utilised a model 214 
with three df for the baseline hazard and allowed for two df for any TD treatment effect 215 
[10, 26]. This was a compromise between the most parsimonious model for any given 216 
endpoint and the clinical utility of fitting the same model to each of the endpoints. 217 

Figure 1 is a graphical presentation of a hypothetical example where non-proportionality of 218 
the treatment effect was present. The true hazard functions (dashed lines), modelled 219 
hazards (solid lines – panels b-d) and treatment effects (arrows) in the form of HRs that 220 
would arise from application of the Cox PH, the Weibull and the PH and TD flexible 221 
modelling approaches are depicted. The arrows in the Cox PH approach (panel a) represent 222 
the constant HR with the absence of solid lines underlining that the hazard function need 223 
not be estimated. The solid lines in the Weibull and PH flexible modelling approaches 224 
(panels b, c) illustrate the constant HR estimated in these approaches. Finally, the varying 225 
arrow sizes in the TD flexible modelling approach (panel d) indicate that the estimated 226 
treatment effect varies over time, unlike the models represented in panels a-c. 227 
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 228 

Figure 1: Estimated hazards (y-axes) and treatment effects from the Cox PH, the Weibull, 229 
the FPM PH and TD models when non-proportionality of the true hazards (dashed lines) 230 
was present. The arrows indicate the magnitude and direction of treatment effect as 231 
measured from the modelled baseline hazard (solid light blue line) to the modelled 232 
treatment line (solid purple line). 233 

2.4 Pseudo-observations approach 234 

Pseudo-observations provide non-parametric estimates of a parameter of interest at the 235 
individual participant level [13]. Pseudo-observations are jackknife estimates constructed 236 
in such a way that their sample mean estimates the parameter of interest, here the RMST. 237 
The pseudo-observations are a transformation of the original data that provides a dataset 238 
without censoring. The effect of covariates such as treatment group on the RMST may then 239 
be modeled with the pseudo-observations as the outcome variable in GLMs with an 240 
appropriate link function. Standard errors of parameter estimates use the robust 241 
“sandwich” estimator. The treatment effect estimates of ∆RMST obtained through the 242 
pseudo-observations approach are distribution-free since they are based on the KM 243 
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survival curve estimates and can be used to compare the magnitude of the ∆RMST 244 
estimates from the TD FPM. To maintain comparability of the HRs and ∆RMST estimates 245 
obtained by the comparator methods, the pseudo-observations approach used the last 246 
uncensored event time in the dataset for each endpoint as the time point chosen at which 247 
to estimate the mean survival. For analyses of the yearly incremental estimates of 248 
treatment effect included as a guide to assessing for non-PH of the main treatment effect, 249 
the indicated duration of time was used to estimate the ∆RMST. 250 

Section 3 The ASPirin in Reducing Events in the Elderly (ASPREE) Trial 251 

The ASPREE trial was a community-based randomised trial comparing daily low-dose 252 
aspirin versus placebo with the aim of extending the duration of disability-free survival in 253 
healthy older adults and was conducted in the US and Australia. Inclusion criteria included 254 
ages 70 years or above, except for African-American and Hispanic participants in the US 255 
who were included from age 65 years. Reporting of the ASPREE trial on the primary 256 
endpoint and other clinical endpoints utilised a Cox PH modelling approach. This analysis 257 
was carried out because the PH assumption was deemed plausible for the primary 258 
endpoint components [27-29]. 259 

Our analyses were facilitated by the comprehensiveness of data collection in ASPREE, with 260 
recruitment of 19,114 participants who attended regular face to face annual study visits for 261 
a median of 4.7 years (IQR 3.6-5.7 years). In addition, all major endpoints were adjudicated 262 
by Endpoint Committees whose members were blinded to treatment allocation. This 263 
enabled us to examine evidence for TD effects of aspirin as well as investigate treatment-264 
covariate interactions of interest. These analyses are to be viewed as supplementary 265 
subsidiary analyses to the pre-specified primary analyses already published. Our aim is to 266 
illustrate the methods for investigating the magnitude and duration of any treatment effect 267 
over time, overall and in specific subgroups of participants even when there was no 268 
statistical evidence against the assumption of proportionality. 269 

In this paper, we reexamine the analysis of the primary endpoint of disability-free survival 270 
and four other selected endpoints, clinically significant bleeding, major adverse 271 
cardiovascular events (MACE), solid tumour cancer incidence and solid tumour cancer 272 
mortality. For each endpoint, we estimate the summary HR treatment effect measure 273 
presented previously utilizing three different regression-based approaches. Additionally, 274 
we provide the summary ∆RMST treatment effect measure estimated using the same 275 
events as for estimation of the summary HR, and graphically display the HR and ∆RMST 276 
endpoint measures over time. 277 

3.1 Disability-free survival 278 

Disability-free survival was the primary endpoint of the ASPREE trial. It was a composite 279 
endpoint defined as survival free from dementia or persistent physical disability and was 280 
derived from the time to first occurrence of any one of the three components of death, 281 
dementia or persistent physical disability in an individual. The endpoint aimed to capture 282 
the qualitative and quantitative components of an ongoing healthy life span in an older 283 
population considered sufficiently healthy to be enrolled in a primary prevention trial. 284 
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Details regarding the health measures and definitions used in the trial and the primary 285 
conclusion that aspirin use in healthy older adults did not prolong disability-free survival 286 
(HR 1.01, 95% confidence interval (CI) 0.92 to 1.11, p-value=0.79) have been reported 287 
elsewhere [27]. 288 

3.2 Clinically significant bleeding 289 

An increased risk of a clinically significant bleeding event is an adverse effect of aspirin 290 
usage [30]. The clinically significant bleeding endpoint of the ASPREE trial included 291 
haemorrhagic stroke, symptomatic intracranial bleeding and clinically significant 292 
extracranial bleeding, which were defined as bleeding that led to hospitalisation, 293 
prolongation of hospitalisation, surgery or death. The trial showed the risk of bleeding was 294 
significantly higher with aspirin than with placebo (HR 1.38, 95% CI 1.18 to 1.62, p<0.001). 295 
The observation of a constantly increasing separation of cumulative incidence curves 296 
suggested that the rate of participants newly experiencing bleeding was constant over time 297 
[28]. Our analyses further assess and quantify the evidence for persistence of a constant 298 
elevated bleeding risk associated with aspirin over the duration of the trial. 299 

3.3 Major adverse cardiovascular events (MACE) 300 

MACE was a non-prespecified composite endpoint which included fatal coronary heart 301 
disease (excluding death from heart failure), nonfatal myocardial infarction, and fatal or 302 
nonfatal ischaemic stroke. These events were adjudicated as part of the broader 303 
cardiovascular disease endpoints, and included the conditions related to ischaemia and 304 
atherothrombosis that were anticipated to be affected favourably by low-dose aspirin. The 305 
effect of aspirin on MACE events in the trial has been reported previously as a HR of 0.89, 306 
95% CI 0.77, 1.03 [28]. 307 

3.4 Solid tumour cancer mortality and incidence 308 

Cancer incidence was a prespecified endpoint in the trial. At the time of the trial’s 309 
conception, there was emerging evidence to suggest that low dose regular aspirin usage 310 
may be a potential cancer preventative [31]. As participants with a history of cancer were 311 
able to enter the trial, incident cancer events included in analysis required diagnosis of new 312 
site-specific cancers post randomisation. For the present analysis, only solid tumour 313 
cancers were considered in order to be consistent with previous analyses [31]. The effect of 314 
aspirin on solid tumour cancer incidence was reported as a HR of 1.05, 95%CI 0.95 to 1.14; 315 
the effect of aspirin on cancer mortality was reported as a HR of 1.35, 95%CI 1.13 to 1.61 316 
[32]. Possible time-dependence of these cancer endpoints was acknowledged with 317 
additional mechanistic studies and further follow up called for [19]. We aim to further 318 
explore possible time-dependence of treatment effect for the solid tumour cancer 319 
endpoints as suggested by progressive separation of the cumulative incidence curves in 320 
previous reports [29, 32]. 321 

 322 
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SECTION 4 Results 323 

Table 1 presents results for the two estimands of treatment effect (HR and ∆RMST) for the 324 
selected five endpoints. HR estimates were obtained from the Cox PH model, the Weibull 325 
model and the FPM PH model. ∆RMST estimates were obtained from the FPM PH model, 326 
the FPM TD model and the pseudo-observations (p-obs) dataset. The duration of time at 327 
which the final summary estimates of HR were assessed extended from time of 328 
randomisation to the time of last endpoint in the trial dataset. The same time period was 329 
used for the estimation of the ∆RMST. 330 

Table 1: Summary of the ASPREE trial results for five endpoints using regression-based 331 
modelling approaches assuming PH or allowing for TD treatment effects. 332 

Endpoint 
Estimation 
model HR (95% CI), p-value  Estimation 

model ∆RMST (95% CI), p-value 

     

Primary 
Cox PH 1.01 (0.92,1.11), 0.79  FPM PH -0.006 (-0.047, 0.035), 0.79 
Weibull 1.01 (0.92,1.11), 0.79  FPM TD -0.005 (-0.046, 0.036), 0.81 
FPM PH 1.01 (0.92,1.11), 0.79  GLM p-obs -0.007 (-0.049, 0.035), 0.75 

      

MACE 
Cox PH 0.89 (0.77,1.03), 0.12  FPM PH 0.021 (-0.006, 0.049), 0.13 
Weibull 0.89 (0.77,1.03) 0.12  FPM TD 0.021 (-0.006, 0.048), 0.12 
FPM PH 0.89 (0.77,1.03), 0.12  GLM p-obs 0.021 (-0.008, 0.050), 0.16 

      
Clinically 
significant 
bleeding 

Cox PH 1.38 (1.18,1.62), <0.001  FPM PH -0.050 (-0.075, -0.026), <0.001 
Weibull 1.38 (1.18,1.62), <0.001  FPM TD -0.052 (-0.077, -0.027), <0.001 
FPM PH 1.38 (1.18,1.62), <0.001  GLM p-obs -0.057 (-0.084, -0.029), <0.001 

      

Cancer 
incidence 

Cox PH 1.05 (0.95,1.15), 0.32  FPM PH -0.020 (-0.059, 0.019), 0.32 
Weibull 1.05 (0.95,1.15), 0.32  FPM TD -0.018 (-0.058, 0.021), 0.36 
FPM PH 1.05 (0.95,1.15), 0.32  GLM p-obs -0.024 (-0.068, 0.020), 0.29 

      

Cancer 
mortality 

Cox PH 1.36 (1.13,1.63), 0.001  FPM PH -0.032 (-0.047, -0.013), 0.001 
Weibull 1.36 (1.13,1.63), 0.001  FPM TD -0.029 (-0.048, -0.010), 0.003 
FPM PH 1.36 (1.13,1.63), 0.001  GLM p-obs -0.033 (-0.055, -0.012), 0.003 

      

 333 

For all five endpoints, the summary results presented here for the Cox PH model agree with 334 
the previously reported results in the main and follow up trial publications [27-29, 32, 33]. 335 
The three modelling approaches with the underlying PH assumption gave almost identical 336 
estimates of the HR. P-values from the three PH modelling approaches and across the HR 337 
and ∆RMST estimates from the FPM PH model were also similar. There were some 338 
differences between the estimates of ∆RMST from the flexible TD and pseudo-observation 339 
modelling approaches, however these were small and unlikely to have any substantive 340 
impact on the clinical interpretation of the results. The FPM PH modelling approach 341 
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provides a link between the HRs and ∆RMSTs, giving a means to relate the magnitude of 342 
treatment effect of a relative hazard reduction to an absolute decreased mean survival time 343 
on average. As an illustration, for the clinically significant bleeding endpoint, a 38% 344 
increased relative risk of bleeding expressed in terms of the ∆RMST could be equivalently 345 
expressed as on average during the trial, a participant on low-dose aspirin would have 346 
experienced a bleeding event 0.050 years – or approximately 18 days – sooner than a 347 
participant on placebo. 348 

For each endpoint, the HR and ∆RMST at yearly incremental durations of time after 349 
randomisation are additionally presented in Supplementary Tables S1-S5. These yearly 350 
estimates are a tabular subset of the PH and TD analyses of treatment effect presented in 351 
panels C and D of Figures 2 and 3 (and Supplementary Figures S1-S3). Qualitative 352 
assessment of TD treatment effects comes from comparing the HRs from yearly 353 
incremental durations of follow up, and by comparing the overall HRs with the duration-354 
specific HRs. This is undertaken here regardless of statistical evidence to indicate non-355 
proportionality of treatment effect so caution is warranted with these exploratory analyses 356 
to avoid over-interpretation. 357 

Concerning solid tumour cancer mortality, there was an overall increased risk (HR 1.36, 358 
95% CI 1.13, 1.63) found at the end of the trial using a Cox model. However, for this 359 
endpoint there was statistical evidence to indicate non-proportionality of treatment effect 360 
(PH test p=0.01 [22]) with the incremental assessments providing some insight into the 361 
evolution of this treatment effect. The estimated hazard ratio gradually changed from 0.90 362 
for the first year of the trial (95% CI 0.47,1.73) to 1.20 (95% CI 0.96, 1.50) suggestive of a 363 
possible adverse effect of treatment emerging at four years from randomization 364 
(Supplementary Tables S1-S5).  365 

For the major haemorrhage endpoint there was no statistical evidence to indicate non-366 
proportionality of treatment effect, and although an initial higher treatment-related 367 
adverse effect was seen during the first year of follow up this stabilised to a lower - but still 368 
adverse - effect for the remaining years. 369 

For the primary endpoint, MACE and cancer incidence endpoints, the similarity of the 370 
duration-specific HRs over time suggest that a summary estimate of treatment effect was 371 
appropriate with little to suggest any time-dependence of effect. 372 

4.1 Exploring time-dependence of treatment effect for the solid tumour cancer 373 
mortality endpoint 374 

Figure 2 shows a four-panel graphical presentation of the treatment effect over time for the 375 
cancer mortality endpoint. Figure 2, panel A (top left) shows KM survival curves for aspirin 376 
and placebo arms, an FPM analysis assuming PH and an FPM analysis allowing for TD of the 377 
treatment effect. The KM curves shown in black for the aspirin (solid lines) and placebo 378 
(dashed lines) arms in the top left panel (A) show little difference in the first 2-3 years with 379 
an apparent separation of the two curves beginning from year 3 onwards. The survival 380 
curves from a conventional analysis assuming PH (blue curves) appear to capture the 381 
pattern reasonably well. However, even with the greatly expanded y-axis used here, 382 
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differences in the survival proportions can be difficult to discern graphically. The summary 383 
HR from the conventional FPM PH model estimates the treatment effect as 1.36 (95% CI 384 
1.13, 1.63; p=0.001) and the ∆RMST to be -0.032 (-0.052, -0.013; p=0.001) indicating worse 385 
outcomes in the aspirin arm. The survival curves from the analysis allowing for a TD 386 
treatment effect (green curves) are able to capture the lack of separation of the non-387 
parametric KM curves in the first few years of the trial and the increasing separation in the 388 
latter years. 389 

The hazard rates by treatment group are presented in Figure 2, panel B. On this scale, the 390 
initial lack of separation of the two groups, followed by a clear separation can be clearly 391 
discerned in the curves generated from the FPM allowing for a TD treatment effect. An 392 
indication of uncertainty is provided with a shaded 95% CI around the estimated curves. 393 
Figure 2, panel C is the difference in RMST (∆RMST) between the two curves assessed at 394 
incremental durations of time since randomisation over the time period 0.25-6.75 years. 395 
The emergence of a treatment effect in later years of follow-up is apparent and it is evident, 396 
on the ∆RMST scale, regardless of whether a PH model or a TD model is used. The timing of 397 
the emergence of the delayed adverse treatment effect appears to differ between the 398 
chosen models. The PH analysis resulted in a larger estimate of treatment effect at all 399 
follow up times considered. 400 

In Figure 2, panel D, the HR estimates as a function of time since randomisation from the 401 
PH and TD analyses of treatment effect are presented. Compared to the summary HR from 402 
the PH analysis presented as the constant horizontal line, the HR estimates in the TD 403 
analysis varied from an initial small non-significant benefit during the first year of the trial 404 
to a gradually increasing harmful effect of aspirin. From a likelihood ratio test of model fit, 405 
there is evidence to suggest that the TD model better fits the data compared to the PH 406 
model (p=0.03). 407 

Chapter 4 : ASPREE TRIAL APPLICATION

Page | 72



 408 

Figure 2: Survival curves (panel A) and hazard rates (panel B) by treatment arm, and 409 
difference in RMST (∆RMST; panel C) and HR (panel D) over time from PH (blue curves) 410 
and TD (green curve) analysis models for the cancer mortality endpoint. Y-axes scales are 411 
chosen to emphasise any model or treatment differences. 412 

4.2 Absence of any time dependence of treatment effect for the primary and 413 
other ASPREE endpoints 414 

An exploratory analysis of treatment effect on disability-free survival, the ASPREE primary 415 
endpoint, presented in Figure 3, shows the survival curves for the aspirin and placebo arms 416 
of the trial are almost identical for the entire duration of the trial (panel A). There was no 417 
evidence of a treatment effect and the summary HR estimate of 1.01 (95% CI 0.92, 1.11; 418 
p=0.79) or the ∆RMST of -0.006 (-0.047, -0.035; p=0.79) provide an adequate description of 419 
the lack of effect of aspirin on this composite outcome over the duration of the trial. Even 420 
with an expanded survival proportion axis, the survival proportion curves for the aspirin 421 
and placebo arms are almost identical for the entire duration of the trial. The duration of 422 
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follow up captured by these analyses is from randomisation until the last uncensored event 423 
time in the dataset occurring at 7.01 years. 424 

 425 

 426 

Figure 3: Survival curves (panel A) and hazard rates (panel B) by treatment arm, and 427 
difference in RMST (∆RMST; panel C) and HR (panel D) over time from PH and TD analysis 428 
models for the composite primary endpoint. 429 

Similar four panel presentations for the MACE, clinically significant bleeding and cancer 430 
incidence endpoints are in Supplementary Figures S1, S2 and S3. For the MACE and cancer 431 
incidence endpoints, there is little to differentiate visually between the PH and TD analysis 432 
models, confirming the appropriateness of applying single summary estimates of treatment 433 
effect for these three endpoints. There is an overall increased risk of clinically significant 434 
bleeding due to aspirin with some suggestion that this risk is highest for the first six 435 
months after commencement of daily usage. This transitory treatment effect is explored 436 
further as part of assessing for time-dependent treatment effects by sex (section 4.3). For 437 
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all three endpoints, there is no suggestion of improvement of the overall model fit from the 438 
likelihood ratio tests comparing the PH and TD approaches. 439 

4.3 Time-dependent treatment effects by subgroup: clinically significant 440 
bleeding in males and females 441 

The flexible modelling approaches being examined here can also be used to provide 442 
additional insight into interactions between time-dependent treatment effects and 443 
subgroups of interest. Here, this is conducted as a post-hoc exploratory analysis although it 444 
could form part of a pre-specified analysis plan. 445 

For the clinically significant bleeding endpoint, from a comparison of the HR from PH and 446 
TD models (see Supplementary Figure S2 panel D) there is some evidence for an elevated 447 
risk in the first year of taking low dose aspirin daily (HR 1.84 95% CI 1.25, 2.70, p=0.002), 448 
which then plateaued after the first year to a lower, but still elevated risk (HR 1.30 95% CI 449 
1.08, 1.55, p=0.003) similar to the reported overall HR 1.38 95%CI 1.18, 1.62, p<0.001 for 450 
the overall treatment effect from the PH model. Published subgroup analysis by sex did not 451 
show strong evidence of different treatment effects in males and females (males HR=1.21 452 
95% CI 0.97, 1.51; females HR=1.58, 95% CI 1.26, 1.99; interaction p-value = 0.1) [27]. The 453 
potential time-dependence of this interaction is explored visually in Figure 4. 454 

For males, the increased risk of a major bleeding event due to aspirin was at its highest 455 
during the first few months although a still-elevated risk persisted throughout the follow-456 
up and was estimated to be approximately constant after the first year of treatment. 457 
Compared to males, females had a higher increased risk of bleeding due to daily aspirin 458 
usage throughout follow-up. For females, the acute increased risk persisted for most of the 459 
first year, and this risk decreased more slowly over the duration of the trial than males. The 460 
shaded area in Figure 4 indicates the uncertainty band around the estimated time-461 
dependent HR for all participants enrolled in the trial and highlights the increasing 462 
uncertainty at later timepoints. Supplementary Figure S4 contains graphs for the difference 463 
by sex in the HR(t) from the TD analysis for the other four endpoints under consideration. 464 
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 465 

Figure 4: Assessing time-dependence of effect of aspirin for males and females on risk of 466 
clinically significant bleeding. The overall estimated HR(t) for treatment effect is the solid 467 
green line with the shaded green area indicating the 95% CI width. The HR(t) for treatment 468 
effect estimated from females only is indicated by a purple dashed line, and the HR(t) for 469 
treatment effect estimated from males only indicated by the blue dashed line. 470 

4.4 Time-dependent treatment effects by subgroup: MACE by age as a 471 
continuous covariate 472 

Insight into potential treatment effects and continuous predictor covariates can also be 473 
obtained using the FPM approaches. For the ASPREE primary analysis, subgroup effects by 474 
age at randomisation were examined categorised as younger than the median age (<74 475 
years) vs older (74+ years) as specified in the statistical analysis plan. For illustration 476 
purposes here in order to maximise power to detect any treatment effect interactions, age 477 
was analysed on a continuous scale. 478 

For the MACE endpoint a tendency towards a greater beneficial treatment effect for the 479 
<74 yrs age group (HR=0.76, 95% CI 0.59, 0.97) compared to the 74+ age group (HR=0.97, 480 
95%CI 0.81, 1.17) has been reported although this interaction was not statistically 481 
significant (p-value𝑖𝑖𝑖𝑖𝑡𝑡 = 0.11) [27]. To illustrate application of the method, age at baseline 482 
was included in the PH FPM model as a continuous covariate with an assumed linear 483 
association with the endpoint. The evidence of an interaction effect between aspirin and 484 
(continuous) age at randomization was summarized by p𝑖𝑖𝑖𝑖𝑡𝑡 = 0.06. When allowing for TD 485 
of the effect of aspirin and age on MACE the evidence of an interaction effect between 486 
aspirin and age was similar (p𝑖𝑖𝑖𝑖𝑡𝑡 = 0.04). Figure 5 presents these PH and TD FPM analyses 487 
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assessing treatment effect of aspirin according to age for the MACE endpoint. When a linear 488 
relationship between age and MACE was assumed – and one accepts the hypothesis that 489 
there is an interaction - the FPM PH analysis showed a protective effect of aspirin at 490 
younger baseline ages, increasing towards an absence of any benefit at older ages (blue line 491 
with 95% CI shaded area). From the exploratory analysis of the time-dependence of this 492 
effect depicted in the green lines in Figure 5, there is some evidence to suggest that the 493 
possible beneficial effect of aspirin for ASPREE participants younger than the median was 494 
greatest during the earlier years following randomization and reduced with time. For 495 
participants older than the median, there was no evidence of any benefit of aspirin during 496 
the trial. Supplementary Figure S5 contains graphs of the effect of age with treatment for 497 
the other ASPREE endpoints examined in this report. There was no evidence of any 498 
interaction effect between aspirin and age in either the PH or TD FPM analyses for these 499 
other endpoints. 500 

 501 

Figure 5: The effect of aspirin on age at randomisation in PH and TD analysis for the MACE 502 
endpoint. The estimated age by treatment interaction effect from the PH model is the solid 503 
blue line with the shaded area indicating the 95% CI width. The interaction treatment 504 
effect from the TD model at yearly intervals is indicated by the green lines with color 505 
intensity decreasing over time. 506 

  507 
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SECTION 5 Discussion 508 

In this paper we demonstrated the potential for increased clinical insight using regression-509 
based analysis methods to model the time-dependence of treatment effects compared to 510 
methods that assume proportionality of the treatment effect. For five endpoints of the 511 
ASPREE trial, we compared the results obtained using the Cox and Weibull PH models to 512 
alternative flexible modelling methods utilising splines that are suitable in the context of 513 
non-PH and which describe time-dependent treatment effects. We have shown enhanced 514 
interpretability by flexibly modelling the baseline hazard or by using the approach of 515 
pseudo-observation jackknife estimates in a generalised linear modelling approach. We 516 
have further demonstrated the potential of the flexible modelling approaches to explore 517 
time-dependent treatment effect heterogeneity in subgroups. 518 

There has been a proliferation of research into analysis methods when non-PH is 519 
anticipated or detected with much focus on weighted adaptations to the standard logrank 520 
(LR) test in the presence of specific forms of non-pH such as delayed effects [34-39]. 521 
Combination tests have also been proposed that combine multiple weighted LR tests 522 
and/or weighted LR tests with tests for non-PH designed to provide robust power to detect 523 
survival curve differences under a range of non-PH scenarios [40-45]. These hypothesis 524 
testing approaches have been aimed at maintaining power to detect statistical significance 525 
in clinical trials in the primary analysis. We have focused instead on regression-based 526 
approaches and graphical exploratory analyses to examine the evidence for TD treatment 527 
effects. In particular, we have utilised the flexible parametric modelling approach as, unlike 528 
test-based approaches, it provides estimation of treatment effects under PH and non-PH. 529 

From a clinical perspective, there is utility in being able to present any treatment effects 530 
with estimates in both risk-based and time-based metrics which provide complementary 531 
information. They provide equivalent information albeit on different metrics when a one-532 
summary treatment effect is sufficient to describe the findings from a trial. When treatment 533 
effects vary over time, the different metrics may provide insight into the timing and 534 
duration of period specific effects reflective of clinician and patient interest. For three 535 
endpoints in the ASPREE trial: disability-free survival, MACE and cancer incidence, a single 536 
HR or ∆RMST provided an appropriate and clinically meaningful summary of the effect of 537 
aspirin in healthy older adults, similar in magnitude and direction of treatment effect for 538 
the entire duration of the trial. In contrast, for solid tumour cancer mortality and clinically 539 
significant bleeding, there was some evidence of time-dependent treatment effects that we 540 
now discuss in further detail. 541 

The possible time-dependence of the effect of aspirin on solid tumour cancer mortality 542 
suggested adverse effects of treatment emerging by the third year of the trial. We provided 543 
evidence that the time-dependent model was a more appropriate fit to the trial data than 544 
the proportional hazards model used in the original trial analyses. The findings contrast 545 
with the longer-term beneficial effects of aspirin observed in other RCTs. Previously 546 
postulated hypotheses to account for this unexpected increase in cancer mortality suggest 547 
that the effect of aspirin may have biological effects that vary according to the timing of the 548 
exposure, or vary according to age or other participant-specific characteristics. It is 549 
conceivable that aspirin may have short-term actions on pathways specific to ageing or 550 
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tumour cell types in older hosts that could explain the worsened survival among 551 
participants in ASPREE in the absence of any apparent effect on cancer incidence [20]. 552 
Continued follow up of ASPREE participants is currently underway to examine legacy 553 
effects of the intervention. 554 

For clinically significant bleeding, plausible observations of clinical interest from an 555 
analysis of time-dependent treatment effects were seen. An increased risk with aspirin was 556 
durable to five years of exposure and beyond. There appeared to be a particularly elevated 557 
risk of bleeding events with aspirin in the first few months after beginning treatment, 558 
which by the end of the first year of follow-up had plateaued to a lower but still increased 559 
harmful effect which was then sustained for the remainder of follow up. However, care is 560 
required not to over-interpret this conclusion as the existence of this time-dependence of 561 
treatment effect was not confirmed by a statistical test. Hence clinical and mechanistic 562 
plausibility should be considered carefully, and additional studies would be necessary to 563 
confirm the working hypotheses regarding any time-dependent aspirin treatment effects. 564 

Further insights into the potential benefits and harms of treatment effects can be 565 
demonstrated using flexible modelling approaches by incorporating categorical covariates 566 
for subgroups, and by allowing continuous covariates to be investigated assuming linear 567 
and more flexible spline functional forms. These analyses can provide a more nuanced 568 
understanding of potential treatment subgroup heterogeneity and time-dependent 569 
treatment effects. Clinical trials are rarely adequately powered to detect interaction effects 570 
so any findings need to be considered with the requisite understanding of the exploratory 571 
nature of these investigations. 572 

For the clinically significant bleeding endpoint of ASPREE, by allowing for the treatment 573 
effect to differ in males and females and allowing that difference to be time-dependent, we 574 
were able to demonstrate an acute period of higher risk upon starting daily aspirin usage 575 
for both males and females. Our analyses also suggest that females had a relatively higher 576 
increased risk of clinically significant bleeding at all times compared to males.  577 

Previous assessments for possible treatment-age interactions for the MACE endpoint had 578 
been performed using pre-specified categorical groupings of the continuous age at 579 
randomisation covariate.  Based on the selected categorisations, there had been little 580 
evidence to suggest any treatment-age interaction effect (see Supplement S7, S8 in [27]). 581 
Our detailed exploratory analysis suggested a beneficial effect of aspirin for ASPREE 582 
participants younger than the median age (<74 years) particularly in the early years of 583 
follow up, but for older participants (74+ years), there was no indication of aspirin benefit 584 
during the trial. 585 

To more fully report the information in a trial, tabulation of both relative and absolute 586 
measures of treatment effect at key times of clinical interest, and graphical presentation of 587 
complementary measures of treatment effect over time for subgroups should be 588 
encouraged. In this way, readers can ascertain any time-dependence of treatment effects 589 
and subgroup heterogeneity. We note that apparent time-dependent treatment effects can 590 
arise if underlying event susceptibility varies between participants, a flaw of using relative 591 
measures such as the hazard ratio for casual inference [46]. Effect measures directly 592 
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estimable from absolute risks such as the ∆RMST and difference in survival proportion 593 
retain their causal interpretability regardless of the proportionality of the treatment effect 594 
and should be used to supplement reports of relative effect measures [47]. 595 

Conclusion 596 

We have compared a range of regression-based approaches allowing for assessment of 597 
time-dependent treatment effects and illustrated their potential using a range of endpoints 598 
from the ASPREE trial. We recommend these analyses as exploratory and supplementary to 599 
the pre-specified primary analyses, aiming to provide enhanced insight and understanding 600 
to the mechanisms of any treatment effect, over time and in subgroups of interest. In order 601 
to facilitate interpretation, results should be presented using relative and absolute 602 
measures of treatment effect in a range of graphical and tabular presentations to provide 603 
complementary insights into the timing, magnitude and duration of any treatment effects in 604 
a trial. 605 
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Chapter 5 

5.1 Manuscript introduction: Complementing the Kaplan-Meier plot to enable 
assessment of treatment effect consistency with proportional hazards 

In Chapter 2 it was found that Kaplan-Meier plots have been used almost exclusively to visually 

present the survival experience of different treatment groups over time and earlier in the thesis it 

was noted that these plots do not provide for an assessment of the treatment effect which is of 

primary interest to trialists. In this chapter a complementary plot of treatment effect measure is 

proposed to accompany Kaplan-Meier plots to provide for direct assessment of treatment effect 

consistency with proportional hazards. 

Previous reviews and guidelines for the presentation of survival curve estimates have provided a 

series of recommendations based on graphical principles that are applicable to any plots, and 

recommendations that are specific to survival curve plots. These recommendations were collated 

and harmonised and used to assess the plots from trials in the review from Chapter 2 for 

adherence. Through presentation of a variety of reconstructed individual patient datasets from 

previously published trials, we illustrate the utility of our recommended composite presentation of a 

Kaplan-Meier survival curve and a treatment effect plot. 

In the next section is presented a manuscript submitted to the journal Trials. Three supplementary 

files for the manuscript are available as Appendices F, G and H of this thesis. These provide the 

citations references for the trials used in the review (Appendix F), supplementary figures for 

presentation (Appendix G) and example code to create the complementary plots (Appendix H). 
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Abstract

Background: Kaplan-Meier plots are typically used to present the results from
clinical trials with time-to-event outcomes. They display the survival experience
over time in different treatment arms. However, when used to assess for
treatment effect there can be a disconnect between visual impression and the
statistical evidence. The hazard ratio from a Cox proportional hazards model
provides a summary treatment effect measure. Increasingly, the key assumption of
proportionality – or time-fixed effect - that underpins this model has been called
into question, potentially casting doubt on the presentation of a fixed-magnitude
treatment effect as the key inferential finding of a trial.

Methods: We investigated how clinical trials with time-to-event outcomes
present results graphically utilizing our review of all original reports from four
medical journals during the first half of 2017. We assessed the published
Kaplan-Meier plots against a series of general graphical and survival
curve-specific recommendations based on reviews and researcher guidelines. We
used reconstructed individual patient datasets from published trials exhibiting
nonproportionality to illustrate our recommended complementary treatment
effect plots.

Discussion: We reviewed 65 trials that presented a Kaplan-Meier plot to present
primary outcome results. Adherence to all general graphical recommendations
and most survival curve-specific recommendations was excellent with the
depiction of the level of uncertainty around survival curves the main area for
improvement identified. We illustrated our recommendations for presenting
combinations of survival curves and treatment effect measures over time using
selected trials showing different levels of proportionality and baseline event rates.

Conclusions: There is still scope to improve the presentation of Kaplan-Meier
plots, especially for depicting the uncertainty associated with survival curve
estimates over time. Further, we present a complementary plot to the
Kaplan-Meier survival curves that enables more intuitive insight into the dynamic
nature of any treatment group differences over time. Visual presentation is
effective in conveying the information of primary interest on the treatment effect
– be it a point difference in time, a ratio or cumulative summary of change over
time – and in this respect the proposed treatment effect plot complements and
enhances the value of the Kaplan-Meier plot.

Keywords: survival analysis; Kaplan-Meier plots; nonproportionality; clinical
trial; treatment effects
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Introduction
Clinical trials with time-to-event outcomes almost invariably present Kaplan-Meier

(KM) estimated survival probabilities over time as the graphical means to present

results. The evidence for any difference in these survival curves between treatment

groups is typically provided by an accompanying logrank test or estimation of a

hazard ratio (HR) typically from a Cox proportional hazard (PH) model [1, 2, 3]

A major strength of KM plots is that they appear relatively intuitive to read, easily

providing information about the survival experience of the groups presented, and a

visual indication of the difference between the survival proportions and quantiles of

survival time over time. However, the information to detect survival curve differences

comes from the number of events occurring in each group relative to the number of

participants available. This can create a disconnect between the visual impression

and the statistical evidence. The survival curves are often visually closest together

at earlier times and if this is when more events occurred, then small differences

between curves may be estimated from a large number of events and thus maybe

determined to be statistically significant. Conversely, at latter times survival may

be estimated from fewer events and it is possible that a perceived large difference

between survival proportions could be based on relatively few event occurrences,

and hence be determined to be not statistically significant.

Pointwise estimates of uncertainty around each survival curve are useful additions

to survival plots. Clear separation of the 95% confidence intervals (CIs) for the

series of point-wise estimates of each survival curve provides a visual confirmation

of treatment differences. However, overlapping 95% CIs are possible in the presence

of a significant treatment difference, so can’t be used as a visual confirmation of lack

of treatment effect. The accumulation of censored observations - patients dropping

out of the trial without having experienced the event of interest, or having not yet

been followed up for their planned observation period - is an added complication

which ensures that visual assessments of any treatment differences from a plot of

survival curves may be suggestive but usually cannot be confirmatory.

The Cox PH model is the most widely used regression-based analysis method for

estimation of a relative treatment effect in the form of a HR although alternative

regression-based approaches can be utilised including simple parametric models such

as the Weibull [4, 5, 6]. There has been a trend away from the sole reliance on tests

of statistical significance such as the logrank test towards regression-based methods

that enable estimation of the magnitude of treatment effects with an accompanying

estimate of uncertainty around a point estimate [7]. More flexible modelling ap-

proaches than semiparametric Cox model or simple parametric models can also be

used and have the advantage that the baseline hazard is modelled explicitly – not

so the case with the Cox model - and that this modelling is free of any strict dis-

tributional assumptions – unlike the simple parametric models [8]. Flexible models

enable estimation of multiple measures of treatment effect from the same modelling

framework. As well as relative effect measures such as the HR, absolute effect mea-

sures that can vary over time such as difference in survival proportion and difference

in risks can be obtained from the flexible modelling approach, and it is also possi-

ble to estimate distribution-free summary measures of treatment effect such as the
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difference in mean survival time (MST) restricted to a specified duration of time

from the start of treatment [9, 10].

When trial results are summarised in the form of a HR, a key outcome for clinical

researchers is to determine whether a single HR captures the effect of treatment

with a reasonable degree of consistency across the entire duration of the trial. Us-

ing the shape of the survival curves in a KM plot to attempt some assessment of

the proportionality or otherwise of the underlying hazards - or instantaneous risks

- between treatment arms of a trial is not straight forward and caution has been

advised [11].The easiest patterns that can be inferred from KM plots are survival

curves showing no apparent difference, and those showing a steady divergence be-

tween treatments arms over time. This latter case is expected when the treatment

difference is proportional over time on the hazard scale. However, many more com-

plex patterns are observed in reality, such as large divergences between treatment

arms early in the survival experience gradually rejoining, or initially similar curves

diverging later on. These indicate some form of non-proportionality where the treat-

ment effect is varying over time. Clear indications of non-proportionality can be

observed when survival curves cross. To enable assessment of the stability of the

HR estimates over time, additional analytical tests or visual presentations should

be provided along with KM plots. There have long been concerns about the use of

HRs and the testing and reporting of the crucial assumption of non-proportionality

in reports of treatment effect in clinical trials [5, 12, 13, 14, 15].

The goals of this paper are (1) to provide a snapshot of adherence to the recom-

mendations of good KM plots, and (2) propose an improvement to the reporting

of clinical trials with time-to-event outcomes by visual presentations of treatment

effect estimation over time as an accompaniment to the standard KM plots.

Methods

Review of graphical presentation: We assessed the presentation of Kaplan-

Meier plots as part of a larger review of practice in designing, analysing and pre-

senting time-to-event outcomes in clinical trials [5]. We reviewed all original reports

in four high impact medical journals, the New England Journal of Medicine, the

British Medical Journal, The Lancet and the Journal of Clinical Oncology during the

first six months of 2017. We identified clinical trials for which the primary outcome

involved time-to-event analysis. The usage of KM plots as the graphical presen-

tation method was recorded and the quality of the plots against recommendations

encompassing general graph components and KM-specific graphing components was

assessed. Based on recommendations from previous reviews of the display and in-

terpretation of KM plots, we defined seven recommendations for KM plots to be

judged against in this review [11, 12, 16].

General graphing components informed three recommendations assessing whether

(1) graphical elements were clear and plots had enough information to be self-

explanatory, (2) the use of meaningful time intervals within a time period for which

a reasonable proportion of participants had been followed up was used on the hor-

izontal axis, so differences between arms at this time are not “unduly” influenced
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by chance events, and (3) whether an appropriate vertical axis was chosen so as to

convey any treatment difference between arms of the trial but still fill the visual

space informatively. This was usually a choice between plotting the KM survival

curve displaying the probability of remaining event free over time or the cumulative

incidence curve with cumulative incidence estimated using a KM approach as the

complement one of survival in the absence of competing events.

Survival curve specific components were assessed as (1) whether step functions

were used to join lines acknowledging the event-driven estimation process, (2) an

indication of the number of participants at risk at selected times, (3) an indication

of event times or censoring events during the trial, and (4) displaying some measure

of statistical uncertainty for each of the treatment groups either through the use

of 95% CIs at regularly spaced time points or shading to indicate the same. This

does not directly display the uncertainty of the treatment effect measure which is

usually of primary interest but the absence (or presence) of overlapping 95% CIs

can be taken as a rough guide to the significance (or lack thereof) of the treatment

effect difference.

Proposal to improve the visual representation of treatment effects:

In order to improve the visual informationregarding treatment effects in clinical

trials with time-to-event outcomes, we propose a graphical estimate of treatment

effect over time to accompany the KM plot. We demonstrate the utility of this

proposal using trials identified from previous reviews exhibiting varying amounts

of non-proportionality and separation of the individual survival curves. To this

end, we reconstructed individual participant data (IPD) for each treatment arm

from published KM curves of these trials using the DigitizeIt graphical digitisation

software to create time and survival probability coordinates from the curves. Where

possible, we extracted the number of patients at risk at selected times, and total

number of events in each arm of the trial. We estimated individual times to event or

censoring using the ipdfc Stata command which is based on an algorithm developed

originally in R [17, 18].

For each reconstructed dataset, estimates of treatment effect were obtained from

the Cox PH model and from parametric modelling of the baseline log hazard us-

ing restricted cubic splines [19]. Such flexible parametric models (FPMs) allow for

treatment effect estimation under a PH assumption equivalent to a Cox PH model,

and can also be extended to allow for time-dependent treatment effects by defining

a different set of spline variables used in the estimation of the treatment covariate

over time. In order to undertake analysis as might be pre-specified in a statistical

analysis plan, here FPM models were fit assigning four degrees of freedom for the

baseline hazard function of each reconstructed dataset, with two degrees of freedom

used in models allowing for possible time-dependence (TD) of treatment effect. This

model specification is flexible enough to fit likely forms of non-constant event rates

and non-proportionality encountered in practice whilst maintaining as parsimonious

a model specification as possible. The agreement of published curves with the ex-

tracted curves was assessed visually and by comparison of the published treatment

effect estimates with estimates of treatment effect obtained from the IPD dataset.
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The HR and the differences in restricted MST (∆RMST) were calculated as treat-

ment effect measures and visualization of their evolution over time was constructed.

We compared the reported treatment effects obtained from the Cox PH model and

an FPM under an assumption of PH. We used the Grambsch-Therneau PH test

to assess for evidence of non-proportionality [20]. We also used a likelihood ratio

test of model fit comparing the FPM PH model against the FPM TD model as an

additional measure of time-dependent treatment effect.

Results

From our review of trials with time-to-event primary outcomes, a KM survival

plot or its reciprocal, a cumulative incidence plot, was used in 65 of 66 trials as

the graphical presentation of the primary outcome results. Table 1 presents their

adherence to recommendations for plotting survival curves.

Table 1 Adherence to graphing recommendations for plots of survival curve analysis

Characteristic Recommendation
Review of trials

n (%)

General graphing components
Graphical elements clear, explanation within plot, legend or figure key 65 (100)
Use of meaningful time intervals, clear indication of time intervals (x-axis) 65 (100)
Appropriate selection of survival curve or cumulative incidence (y-axis) 64 (98)

Survival curve specific components

Step functions to join survival proportion or cumulative incidence estimates 65 (100)
Indication of number of patients at risk during trial 62 (95)
Indication of number of events or censoring during trial 28 (43)
Depiction of uncertainty through shading or use of confidence intervals 1 (1.5)

Adherence to the recommendations for general graphing components was excellent

with all plots showing required graphical elements and use of meaningful time inter-

vals. Similarly, the selection of the appropriate scale and plot type for the y-axis was

followed in most of the assessed plots (64/65; 98%). Adherence to two of the survival

curve specific recommendations was also high with step functions used to plot the

curves in all cases and an indication of the number of patients at risk at selected

times during the trial provided in the majority of cases (62/65; 95%). Providing

an indication of censoring during the trial occurred in just under half of the plots

(28/65; 48%). Censoring events were depicted through the use of markers on the

plot. Cumulative event numbers at intervals throughout the trial were usually pro-

vided in a risk table. Only one trial provided some depiction of uncertainty around

the survival curve plots and this was through the use of 95% CIs at yearly intervals.

Full citation details for all trials and review results are available in Additional File

1.

We now present examples of current recommendations for KM plots and our pro-

posed accompanying plot of treatment effect over time plot, the time-dependent

hazard ratio, HR(t) plot. We selected five trials to demonstrate the visual infor-

mation that can be obtained about treatment effect magnitude and direction using

an HR(t) plot to accompany a KM plot. The selected trials were previously used

by other researchers to demonstrate clear examples of non-proportionality of the
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treatment effect measure supplemented by one trial from our review. Details of the

selected trials are presented in Table 2 – they showed differing event rate patterns

and amounts of survival curve separation. In these examples, we have focused on

the HR, but acknowledge that this is not always the treatment effect measure used

to convey trial outcomes.

Table 2 Information about the trials used for reconstructed IPD results

No. Trials Treatment effect results

1

RT01: compared an escalated dosage of radiotherapy to the usual dosage
of radiotherapy in patients with localised prostate cancer over a 12-year
time frame [21].
Dataset reconstructed from Figure 2C showing a clear difference in bio-
chemical progression free survival with event numbers to 12 years.

Reported results:
HR = 0.69, 95% CI 0.56 to 0.84, p=0.0003
Reconstructed IPD results:
HR = 0.69, 95% CI 0.56 to 0.84, p=0.0002
Assessment for non-PH: p=0.95
Test of model fit (TD versus PH): p=0.41

2

Head: compared radiotherapy (RT) to radiotherapy plus a weekly dose of
anti-epidermal growth factor receptor monoclonal antibody (RT+mAb)
in patients with head and neck cancers over 5 years [22].
Dataset reconstructed from Figure 1 showing good separation of KM es-
timates of time free from locoregional progression or death to 60 months.

Reported results:
HR = 0.68, 95% CI 0.52 to 0.89, p=0.005
Reconstructed IPD results:
HR = 0.72, 95% CI 0.56 to 0.83, p=0.008
Assessment for non-PH: p=0.85
Test of model fit (TD versus PH): p=0.90

3

RTOG: prostate cancer therapy trial compared radiotherapy to radiother-
apy plus anti-androgen therapy (RT+antiA) with a median of 12 years
follow up [23].
Dataset reconstructed from Figure 2A showing some separation of KM
curves for overall survival gradually increasing over the duration of the
follow up 15 years.

Reported results:
HR = 0.77, 95% CI 0.59 to 0.99, p=0.04
Reconstructed IPD results:
HR = 0.76, 95% CI 0.59 to 0.89, p=0.04
Assessment for non-PH: p=0.81
Test of model fit (TD versus PH): p=0.78

4

ICON7: ovarian cancer trial compared chemotherapy to chemother-
apy plus an anti-growth factor monoclonal antibody (CT+mAb) with
a median follow up of 28 months [24]. Reported evidence of non-
proportionality (p<0.001)
Dataset reconstructed from Figure 2A clearly showing crossing survival
curves. Acknowledged lack of meaningful interpretation for a HR in
presence of non-proportionality so also provided alternative absolute ef-
fect measures including difference in survival proportion at 12mths and
∆RMST at 36mths.

Reported results:
HR = 0.81, 95% CI 0.70 to 0.94, p=0.004
∆RMST 36m: 1.5m, 95%CI 0.1m to 2.9m
Reconstructed IPD results:
HR = 0.83, 95% CI 0.72 to 0.94, p=0.006
∆RMST 30m: 1.3, 95%CI 0.4m to 2.3m
Assessment for non-PH: p<0.001
Test of model fit (TD versus PH): p<0.001

5

EUROPA: compared rate of cardiovascular events between patients
treated with angiotensin-converting enzyme (ACE) inhibitor or placebo
with a mean follow up 4.2 years [25].
Dataset reconstructed from Figure 2, cumulative incidence curves show-
ing increasing separation of curves after 1.5 years.

Reported results:
HR = 0.80, 95% CI 0.71 to 0.91, p=0.0003
Reconstructed IPD results:
HR = 0.81, 95% CI 0.72 to 0.91, p=0.0006
Assessment for non-PH: p=0.11
Test of model fit (TD versus PH):p=0.13

HR: hazard ratio; ∆RMST: difference in restricted mean survival time
PH: proportional hazards; TD: time-dependent

Example presentation of a current recommended Kaplan-Meier plot with extended risk

table and 95% confidence interval shading

Figure 1 shows the results from the RT01 trial with an extended risk table beneath

the KM plot and 95% CI shading for each survival curve added. These additions

have been recommended to improve (i) the depiction of the state of participants over

time, and (ii) uncertainty over time around the survival curve estimates [26]. Figure

1 is thus an example of the application of current recommendations for improving

graphical presentation of results from trials with time-to-event outcomes.

From Figure 1, a sustained risk reduction due to the escalated dose over time is

apparent from the clear separation observed for most of the follow up period. There
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Figure 1 Presentation of the RT01 trial following recommendations to improve information
conveyed by Kaplan-Meier plots. An area of uncertainty around each Kaplan-Meier survival curve
from pointwise 95% CI estimates is shown along with an extended risk table with numbers for the
number at risk, censored and having experienced an event at periodic intervals.

appears to be reasonable numbers at risk and event occurrence for most of the trial

as shown by the width of the area of uncertainty around the survival curves. For the

RT01 trial it was reported that the assumption of proportionality was assessed al-

though no results were provided in the main report. From the reconstructed dataset,

we also found no evidence to suggest any non-proportionality (test of PH p=0.95;

LR test of TD v PH model fit p=0.41).

Using HR(t) plots to visually assess for time-dependence of treatment effects

The next set of results demonstrate the use of the HR(t) plot to visually assess the

magnitude and timing of treatment effect s over the trial duration. This is shown

firstly in trials for which the proportional hazards assumption seems reasonable and

secondly in trials for which a time-dependence of treatment effect may exist.

The HR(t) plot in trials with no evidence against the proportional hazards

assumption subsubsection

The reconstructed primary outcome results for three trials using a KM plot with an

accompanying HR(t) plot are depicted in Figure 2. These three trials had similar

average reduction in risks of 31%, 28% and 24% risk reduction for the RT01, Head
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and RTOG trial datasets respectively, with similar 95% CI widths (Table 2). How-

ever, the control groups in the trials had different hazard curve shapes. For a visual

assessment of model fit, the KM curves are similar to the fitted curves from the

FPM TD model as displayed in the top panels of Figure 2. Further evidence that

the PH assumption is reasonable is provided by the HR(t) displaying approximately

constant point estimates over time.

Figure 2 Kaplan-Meier plots with accompanying HR(t) plots for the RT01, Head and RTOG
trials. Kaplan-Meier plots (upper panels) showing the estimated Kaplan-Meier curves (dashed
black lines) overlaid by the estimated time-dependent curves for each treatment group (dashed
blue and solid red lines). Accompanying HR(t) plots (lower panels) showing (a) the average
treatment effect estimates (solid grey lines) with flanking 95% CI band (dotted grey lines)
estimated from the Cox PH model, (b) the null effect corresponding to HR=1 (dashed black lines)
and (c) the estimated time-dependent treatment effect (solid purple lines) and its 95% CI area
(purple shading) from the flexible parametric model.

Design elements of the HR(t) plots that we propose are to include the text sum-

marising the treatment effect measure, which is often located in the KM plot, and

include the word “average” in the descriptor of this effect measure. These changes

are designed to make the HR(t) plot the source of explicit quantification of the

treatment effect measure, and to emphasise that an underlying assumption of pro-

portionality is used to obtain a summary, the “average” value, the reasonableness

of which can be assessed visually from the HR(t) plot. We construct the HR(t) plot

using the summary HR point estimate and 95% CI from the PH model as horizon-

tal lines overlaid with the estimated HRs from the TD model with 95% CI areas.

A final design choice is to left-truncate the plots at a time point corresponding to

approximately the fifth centile of event times. This avoided undue visual influence

of early estimates of the HR based on few events with associated large uncertainty.
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From the accompanying HR(t) plots in Figure 2, it can be visually inferred that in

each of the three trials the respective average effect was an appropriate summary

of the treatment effect over the entire duration of the trial. In each HR(t) panel

of Figure 2 the estimated time-dependent HR remains close to the average HR

horizontal line and the uncertainty around the HR estimates fit mostly within the

average HR’s 95% CI band (the dotted lines). This conclusion is confirmed by

analytical results suggesting no evidence of non-proportionality in any of the three

trials. Additional insight into the precision of the treatment effect estimate over the

duration of the trial is conveyed by the shaded area in the lower panel.

The HR(t) plot in trials with possible time-dependence of treatment effect

Figure 3 Kaplan-Meier plots with accompanying HR(t) plots for the ICON7 and EUROPA trials.
Kaplan-Meier plots (upper panels) showing the estimated Kaplan-Meier curves (dashed black
lines) overlaid by the estimated time-dependent curves for each treatment group (dashed blue and
solid red lines). Accompanying HR(t) plots (lower panels) showing (a) the average treatment
effect estimates (solid grey lines) with flanking 95% CI band (dotted grey lines) estimated from
the Cox PH model, (b) the null effect corresponding to HR=1 (dashed black lines) and (c) the
estimated time-dependent treatment effect (solid purple lines) and its 95% CI area (purple
shading) from the flexible parametric model.

When the treatment effect is time-dependent, assessment of the magnitude and

timing of any possible resulting benefit can be obtained from the HR(t) plot. Figure

3 presents the KM and HR(t) plots for two reconstructed primary outcome results

from two trials showing different levels of non-proportionality for the treatment

effect on the primary outcome. The crossing survival curves from the ICON7 trial
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showed clear evidence of non-proportionality with a reported test of PH having 
p<0.001. Despite acknowledging the lack of meaningful interpretation for an average 
HR in the presence of non-proportionality, the authors reported the treatment effect 
of the trial as a HR =0.81 95% CI 0,70 to 0.94, p=0.004. From the HR(t) plot for 
the ICON7 trial in Figure 3, the lack of proportionality is apparent with a beneficial 
effect of treatment early in the trial and a harmful effect of treatment later in the 
trial becoming apparent sometime shortly after the first year. This strong time-

dependence of the estimated treatment effect is not adequately described by the 
average HR estimate nor even is it hinted at by the narrow bounds of the 95%

CI for the average HR. Sensibly, the results of the trial were published with two 
alternative measures provided: a maximal improvement in progression-free survival 
proportion at 12 months of 15.1% (95% CI 10.7% to 19.5%) and the ∆RMST at 36 
months being 1.5 months (95% CI 0.1 to 2.9).

A nuanced example of non-proportionality was presented in the EUROPA trial. In 
our reconstructed dataset we did not find strong evidence of non-proportionality 
from the test of PH (p=0.11) or the likelihood ratio test of TD versus PH model 
fit (p=0.13). From the accompanying HR(t) plot for the EUROPA trial in Figure 
3, the increased risk reduction after the initial year of minimal treatment benefit is 
apparent. The trend of increasing risk reduction is sustained such that by the end 
of the follow up period, the estimated treatment effect was approximately a 30%

reduction.

Recommended presentation of Kaplan-Meier plots augmented by time-dependent 
treatment effect visualisations

In Figure 4, the trials from Figure 3 are re-presented in a format that we propose 
as an optimal template for trials in general. To facilitate interpretability, we have 
maintained the focus on the KM plot with the risk table presentation underneath. 
We include shading to indicate the 95% CI area around the survival curves and the 
extended risk table information. The HR(t) plot is placed below the risk table with 
alignment of time on the X-axes of the HR(t) and KM plots.

As a supplementary presentation, an expanded set of plots for all trials are presented 
in Additional File 2. Supplementary Figures S1 - S5 are four-panel presentations of 
the survival curves (S(t); panel A) and hazard rates (h(t); panel B) for treatment 
groups over time. Two estimates of treatment effect, the ∆RMST (panel C) or the 
HR (panel D) are shown below the by-treatment arm plots. The proportionality 
of the hazards can be assessed visually in panel B, and also the shape of the un-

derlying baseline hazard which could be otherwise extremely difficult to infer from 
the shape of the survival curves. Dotted lines in panels C and D indicate the null 
treatment effect. Supplementary Figure S6 is the ICON7 trial presented with the 
two alternative treatment effect estimates reported in the original trial findings –
the ∆RMST reported as a cumulative estimate to 30 months, and the difference in 
survival curve proportions, (∆S(t)) reported as a point estimate at 12 months.

Discussion
We have demonstrated the utility of presenting a plot of treatment effect measure 
to accompany the Kaplan-Meier plots that are almost universally used to convey
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Figure 4 Recommended presentation for the ICON7 and EUROPA trials. Kaplan-Meier plots
(upper panels) showing the estimated Kaplan-Meier curves for each treatment group (dashed blue
and solid red lines). Risk table giving the number of participants at risk, number censored and the
cumulative number of events at periodic intervals. Accompanying HR(t) plots (lower panels)
showing (a) the average treatment effect estimates (solid grey lines) with flanking 95% CI band
(dotted grey lines) estimated from the Cox PH model, (b) the null effect corresponding to HR=1
(dashed black lines) and (c) the estimated time-dependent treatment effect (solid purple lines)
and its 95% CI area (purple shading) from the flexible parametric model.

the results of clinical trials with time-to-event outcomes [16]. Plots can be more

noticeable than text or tables and convey information about treatment effects and

dynamic changes with more immediacy. Measuring the effect of treatment is the

primary goal of most clinical trials and potential time-variations in this effect will

be of interest to trialists, patients and healthcare providers. Visualisation of the

summary treatment effect measure should be part of any trial report. The display

of statistical uncertainty and the assessment of assumptions underlying the model

are also important aspects of appropriately reporting the findings from a trial, and

ideally would be key components of any plots aiming to present trial results visually.

Our review found there has been improvement in the presentation of KM plots with

excellent adherence to the recommendations of good graphing practice and some

of the KM-specific plot recommendations. However, recommendations to provide

for some estimation of uncertainty via point-wise confidence intervals at selected
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times, or shading of the area depicting the 95% confidence interval area for survival

plots were rarely implemented. These findings concur with another review of KM

plots [26] which found similar results with recommendations regarding displaying

uncertainty rarely implemented whilst the more general graph recommendations

and other KM plot recommendations were well implemented. In contrast, earlier

review findings found generally poor implementation of most of the recommenda-

tions [11, 12, 16].

Large trials, trials with long term follow up and trials with novel mechanisms of

action have become commonplace and mean that non-proportionality is being de-

tected more frequently [27, 28, 29]. It has been argued that the default expectation

should be that the HR will vary over the follow-up period [30]. The reported sum-

mary HR from a Cox PH model should be interpreted as a weighted average of the

true time-varying HRs over the entire follow up. Statistical testing of PH provides a

quantifiable rationale to support clear evidence of non-proportionality but may miss

clinically important deviations from PH in small studies while detecting clinically

unimportant deviations from PH in large trials [31]. Visualisation of the degree

of non-proportionality in the key treatment effect of a trial gives impetus to ex-

plore possible reasons for time-dependence; encouraging further analysis to ascribe,

if possible, any non-proportionality to time-dependent treatment effects, subgroup

heterogeneity or allowance for unobserved ‘frailty’ factors. Recommendations for the

use of more interpretable estimands and clearer reporting of potentially dynamic

treatment effects are supported by the causal inference literature and regulatory

guidelines [32, 33].

We recommend that the KM curve be accompanied by a plot of treatment effect over

time. This treatment effect plot will most likely be in the form of a HR, but could

also be a difference in survival proportion, difference in RMST, time ratio or other

estimand [27, 34, 35]. In our proposed composite plots, we have incorporated the

KMunicate proposals aimed at improving the visual aspect of uncertainty around

the within-arm survival comparisons in KM plots by including an extended risk

table and the use of shading to indicate the level of uncertainty around individual

survival curve estimates [26]. However, the amount of overlap between confidence

intervals around two survival curves can only be used as a guide to assess the

significance or otherwise of the treatment effect. Direct plotting of the treatment

effect measure with its own estimate of uncertainty is a more definitive means of

assessing the strength of evidence of any reported finding.

Our recommended plot layout has been informed by the principles of good graphing

practice outlined in seminal data visualisation sources [36, 37, 38]. We considered

how these principles of data visualisation should be incorporated to enhance read-

ers’ understanding of the alternative displays of the same trial outcomes. Examples

include the vertical alignment of the treatment group experience in the KM plots

and the difference in treatment effect in the HR(t) plots emphasising that the same

information from the trial was being presented, and use of a log scale for the HR(t)

plots to provide spatial symmetry to the reference band of treatment effect uncer-

tainty. Code for creating an example graph using Stata is available in Additional File

3. Future research that examines readers’ understanding of the composite displays
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of potentially different treatment effect measures could help in refining recommen-

dations for presentation.

Conclusions

We believe presentation of treatment effect estimation complements the Kaplan-

Meier plot and will improve the reporting of trials with time-to-event outcomes.

By visually highlighting the presence of any non-proportionality of treatment effect

with a clear display of the associated uncertainty, readers can ascertain whether a

summary fixed-magnitude treatment effect adequately captures the treatment effect

findings of a trial. Regression-based methods which model the baseline hazard and

allow for both relative and absolute time-dependent treatment effect measures to

be calculated directly are ideal for this purpose.
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Chapter 6 Discussion and Conclusions 

The focus of this thesis on time-dependent effects of treatment in randomised trials reflects that 

clinical trials are the gold standard for examining the impact of these treatments. In clinical trials 

with time-to-event outcomes, the hazard ratio estimated from a Cox PH model has been used 

almost exclusively as the measure of treatment effect. However, nonproportional hazards are 

being detected more frequently with the advent of new treatments with novel mechanisms of action 

and the use of composite outcomes - multiple endpoints jointly assessed as a single outcome - in 

clinical trials, calling into question the presentation of a single HR as an adequate summary of a 

clinical trial findings. Refinements to existing methods and new methods to deal with specific types 

of nonproportionality such as lag to effect have been proposed although the evaluation and uptake 

of these methods has not been exhaustive. Guidance on the implementation of the methods and 

reporting may also require development. The aim of the research in this thesis was to assess how 

nonproportional hazards and non-constant event rates are allowed for in the design, analysis and 

reporting of clinical trials with time-to-event outcomes, to examine the relative performance of 

competing methods, and to identify areas where additional guidance on the implementation could 

be useful. 

In order to examine the approaches to design, analyse and report time-to-event outcomes, a 

review of current practice was undertaken (Chapter 2). The review assessed the sample size 

calculation methods to see if the effect of either non-constant hazard rates or anticipated 

nonproportionality was allowed for during the trial design, and recorded the method to analyse and 

present the main outcomes of the trials. When an analytical method assuming proportional hazards 

was employed for the primary outcome, the reporting of assumptions underlying these methods 

was assessed. A simulation study using the statistical methods identified in the review including 

tests of survival curve difference and regression-based measures of treatment effect was 

undertaken to determine the impact of a clinically plausible non-constant baseline hazard on the 

detection of time-dependent treatment effects (Chapter 3). The findings from the simulation study 

justified use of alternative regression-based methods to examine in detail the evidence for time-

dependent treatment effects from a large long-running community-based clinical trial. This 

application study provided an opportunity to assess for potential interplay between underlying 

event rates and nonproportionality (Chapter 4). The review reported in Chapter 2 highlighted that 

the predominant means to visually present trial findings for time-to-event endpoints was a Kaplan-

Meier plot. Of potential concern is that this plot does not directly provide for an assessment of 

treatment effect consistency over time. Hence in Chapter 5 we presented a complementary plot 

that enables intuitive assessment of the dynamic nature of any treatment group differences over 

time. 
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6.1 Summary of the thesis chapters 

6.1.1 Chapter 2 – Are non-constant event rates and non-proportional treatment effects 
accounted for in the design and analysis of randomised controlled trials? A review of 
current practice 

Chapter 2 presented the results of the review of all original reports published between January and 

June 2017 in four high impact medical journals involving trials for which the primary outcome 

involved time-to-event analysis. The aims of the review were to identify whether non-constant 

event rates and time-dependent treatment effects were allowed for in the sample size calculations 

of trials, and to assess the methods used for the analysis and reporting of time-to-event outcomes 

with a focus on the awareness and reporting of testing for nonproportional treatment effects when 

the main analytical method involved the Cox model. 

Key findings from the review included: 

• time-to-event outcomes were the predominant primary outcome in phase III trials (66/168; 

39%) 

• sample size calculations that explicitly assume proportional hazards, or are maximally 

powerful under an assumption of proportional hazards were used in the majority of trials 

(48/66; 73%) with 

o calculations based on the logrank test the most common (40/48; 83%) 

o calculations based on a difference between exponential survival distributions (4/48; 

8%) or the beta coefficient of the Cox model (4/48:8%) the other approaches used 

• simulation-based sample size calculations for predicted non-constant event rates or 

allowing for non-proportional treatment effects are being employed (7/66; 11%) 

• reporting of sample size calculations has improved over time due to more stringent 

regulatory requirements, however there is still room for improvement 

• in an analysis of trials, the HR from a Cox PH model is used most frequently as a means to 

assess for significance and to quantify treatment effect (64/66; 97%) 

• the logrank test of significance of treatment effect was also provided in many trials (58/66; 

88%) 

• parametric regression-based modelling approaches were planned or used in a minority of 

trials (7/66; 11%), usually as a supplementary or secondary analysis method to semi-

parametric Cox modelling with only one trial using parametric regression for its inferential 

finding 

• graphical presentation of the primary time-to-event outcome was either a Kaplan-Meier 

survival plot or its reciprocal, a cumulative incidence plot (65/66; 98%) 

• when the Cox model was used, awareness and reporting of the importance of the 

proportional hazards assumption was not optimal 
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o half of the trials indicated awareness (34/64; 53%) or included details of planned 

tests (31/64; 48%) 

o explicit reporting of PH testing results was rare (7/64; 11%) 

The review highlights a gradual change in analysis approaches over recent decades with 

recognition that quantification of treatment effect is of crucial importance in addition to hypothesis 

testing. Use of the Cox model has increased from 4/113 (4%) trials published during 1991 [37] to 

64/66 (97%) of trials in our review. This review was the first to document the level of usage of 

parametric modelling approaches for analysing trials with time-to-event outcomes. 

The review also demonstrated the potential of regulatory guidelines in conjunction with journal 

editorial boards to impact on the quality of reporting of trials. In September 2004 the International 

Committee of Medical Journal Editors disseminated a policy requiring pre-trial public registration as 

a condition of publication of trials with a start date from July 2005 onwards with retrospective 

registration of trials with pre-July 2005 start dates also strongly encouraged. Following 

implementation of this policy, all trials after July 2005 were registered prior to, or in a timely manner 

after the nominated start date of the trial. No trials which began prior to July 2005 were registered 

prior to their start date, with all bar one trial registered in the ensuing years as they published 

findings from their trials. 

6.1.2 Chapter 3 – Impact of a non-constant baseline hazard on detection of time-
dependent treatment effects: a simulation study 

Chapter 3 presented a simulation study investigating the impact of a non-constant baseline 

hazards in the presence of time-dependent treatment effects. The parameter values used in 

constructing the simulated datasets and the statistical methods evaluated were informed by the 

findings of the review (Chapter 2). 

In our review, many of the trials exhibiting potential nonproportionality of treatment effect were from 

oncology research. The advent of immunotherapy-based treatments for cancer has resulted in 

identification of two forms of nonproportionality of particular interest - a time lag until treatment 

becomes effective and an early effect of treatment that ceases. In sample size calculations for 

time-to-event outcomes where information is based on the number of events rather than the 

number of participants, correct specification of the baseline hazard can be crucial when any 

nonproportionality might be anticipated. From the review, six of the seven trials that employed 

simulation-based approaches to sample size determinations (in anticipation of changing event 

rates or changing treatment effects over time) were oncology trials. However, there were over 

twenty oncology trials involving immunotherapies where standard sample size calculations were 

employed and these calculations carry an implicit assumption of constant event rates and are 

maximally powerful under proportional hazards. 
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The simulation study aimed to assess the impact of clinically plausible non-constant event rates 

when there was no time-dependent treatment effect ie under a proportional hazards assumption, 

and also when there exists time-dependent treatment effects in the form of either lag until effect or 

early effect that ceases. The performance of commonly utilised regression-based measures of 

treatment effect and tests of survival curve difference was assessed in terms of power. 

Key findings from the simulation study included: 

• the lack of stability of all commonly utilised methods of analysis in terms of the power to 

detect treatment effects in the presence of clinically plausible durations of non-proportionality 

and modest non-constant event rates 

• no single summary estimate of treatment effect was able to adequately describe the full extent 

of a potentially time-limited treatment effect and maintain power at nominal levels 

• judicious selection of designated cut points for period-specific estimands could result in 

improved estimates of treatment effect but may also result in decreased power under 

proportional hazards and/or increased Type I errors 

• depending on the nature of the nonproportionality, non-constant event rates could further 

exacerbate or somewhat ameliorate losses in power, treatment effect magnitude and 

coverage 

• the novel reporting of the interplay between nonproportionality and the shape of the baseline 

hazard rates and exploration of the implications for clinical trial designs 

This work highlights the importance of analysis methods which allow for the shape of the baseline 

hazard to enable a richer exploration of the timing, magnitude and persistence of any treatment 

effects. A range of different effect measures- HRs, piecewise HRs, milestone survival probabilities, 

RMST difference - presented as a series of time period-based estimates or via graphical formats 

enables a comprehensive evaluation of the effect based on the whole follow-up time. 

6.1.3 Chapter 4 – Examining evidence for time-dependent treatment effects using 
alternative regression-based methods in the ASPREE clinical trial 

Chapter 4 presented the findings for time-dependent treatment effects using selected endpoints 

from a large long-running community-based clinical trial. Primary analyses of the trial endpoints 

employed a Cox PH modelling approach and had not identified any compelling evidence of 

nonproportionality for the primary endpoints. Based on the results of the simulation study (Chapter 

3) we focused on regression-based methods and graphical exploratory analyses to examine the 

evidence for any time-dependent treatment effects in the ASPREE trial. By utilising regression-

based methods allowing for time-dependent treatment effects, this work aimed to illustrate potential 

new insights or increased clinical understanding into the magnitude and persistence of treatment 
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effects that could be gained even when there was no statistical evidence against the assumption of 

proportionality. 

This study estimated treatment effects in the form of a hazard ratio (HR) using 

(1) the semi-parametric Cox model, 

(2) the parametric Weibull model and 

(3) flexible parametric models using splines to model the baseline hazard under an assumption of 

proportional hazards, 

and treatment effects in the form of a difference in restricted mean survival time(∆RMST) using 

(4) flexible parametric models using splines to model the baseline hazard under a proportional 

hazards assumption or 

(5) flexible parametric models using splines to model the baseline hazard allowing for time-

dependent treatment effects or 

(6) generalised linear modelling of transformed datasets consisting of pseudo-observations which 

allow for time-dependence of treatment effect equivalent to that estimated non-parametrically 

by the Kaplan-Meier estimate of survival probability. 

Key findings from this research included the following: 

• illustrative examples of the use of relative and absolute estimands of treatment effect to obtain 

complementary information on the emergence, magnitude and balance between benefit and 

harms over time of estimated treatment effects 

• exploration of the evidence for emerging time-dependent treatment effects of aspirin directly, 

and time-dependent interactions of aspirin in subgroups not previously been reported in trial 

findings 

• visualisation of the modelling approaches and presentation of risk-based and time-based 

estimates of treatment effect aimed at clinicians enabling comprehensive evaluation of 

treatment effects 

6.1.4 Chapter 5 – Complementing the Kaplan-Meier plot to enable assessment of 
treatment effect consistency with proportional hazards 

In the review publication (Chapter 2) Kaplan-Meier plots were included in almost all reports of trial 

findings. These curves intuitively display the survival experience in treatment groups over time but 

do not directly provide for an assessment of the treatment effect measure which is of primary 

interest to trialists. In the publication presented in Chapter 5 a series of general graphical and 

survival-curve specific recommendations were collated and harmonised from previous researcher 

reviews and guidelines for presentation of survival curve estimates. Plots from the trials in the 

review in Chapter 2 were assessed for adherence to the recommendations and guideline. We 

proposed a plot of treatment effect over time to be presented as an accompaniment plot to Kaplan-
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Meier survival curves. Our proposed arrangement enables intuitive assessment of the consistency 

of treatment effect over time. 

Key results from this research included the following: 

• provision of a series of recommendations for general graphing components and survival 

curve specific components harmonised from previous reviews of Kaplan-Meier plots and 

further informed by seminal data visualisation resources 

• findings of overall excellent adherence to most of the general graphing and survival curve 

specific components in contrast to the earliest reviews of adherence to recommendations 

which found adherence to most recommendations was poor 

• identification of a remaining area for improvement of the presentation of Kaplan-Meier plots 

being the depiction of the uncertainty associated with survival curve estimates over time 

• our proposal for a complementary plot of treatment effect measure to accompany Kaplan-

Meier plots to provide for direct assessment of the treatment effect consistency with 

proportional hazards 

• through presentation of reconstructed individual patient datasets from previously published 

trials showing different levels of proportionality and baseline event rates, illustration of the 

utility of the treatment effect plots to enhance intuitive insight into the dynamic nature of any 

treatment effect measure 

6.2 Integrated discussion of overall findings 

The overall aim of this thesis was to advance the existing body of knowledge on the design, 

analysis and reporting of time-to-event analyses in the presence of nonproportionality of treatment 

effect. Adequately accounting for nonproportionality in trials is an important and active research 

area as nonproportionality and non-constant event rates are encountered more frequently. 

We reviewed the sample size calculations from recently published trials for our review for the 

adequacy of reporting and for allowances for nonproportionality. Previous reviews found that whilst 

reporting of sample size calculations has improved over time as a result of more stringent 

requirements imposed by regulatory bodies and journals [31, 32], there were still inadequacies in 

the assumption reported. We similarly found that the initial sample size calculation could have 

been more adequately reported. We found the majority of trials were using calculation methods 

that explicitly assume proportional hazards, or are maximally powerful under a proportional 

hazards assumption. No trials used any of the more recently proposed modified sample size 

calculations to allow for specified forms of nonproportionality [24, 46, 47] but there were 

encouraging signs that researchers are beginning to anticipate the impacts of nonproportionality 

and the shape of the baseline event rate with a minority of trials using calculations involving a 

series of stages within a trial or simulation-based procedures [26, 48, 49]. 
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Lack of awareness of the proportional hazards assumption and concerns about the testing and 

reporting of this assumption when trial results are based on a Cox model have been evident for 

several decades. Reviews of the usage of the Cox model over the past three decades have all 

highlighted the lack of planned testing, or comprehensiveness of any results for assessing for 

nonproportionality [3, 37, 39, 40]. Over the same time frame, our review and other demonstrates 

the changes in modelling approaches over recent times as quantification of treatment effects has 

gained prominence over hypothesis testing approaches. Whilst the logrank test is still employed 

and reported in many of the trials, it is the hazard ratio from the Cox model that is presented as the 

primary means to convey the trial findings. Our review also noted that additional landmark 

analyses and the use of period-specific hazard ratios were used in several of the trials, tacit 

acknowledgment from the authors that one summary measure of treatment effect did not fully 

describe trial findings. 

As part of our simulation study, we assessed the impact of non-constant event rates on the power 

of a range of tests of survival curve difference due to treatment in the presence of two forms of 

nonproportionality, a lag until effect and an early effect that ceases [13–15, 50, 51]. Our 

conclusions and those of similar comparative studies published recently were that there is no 

consistently powerful test across all forms of nonproportionality that can be recommended. Forms 

of a versatile test combining information from multiple weighted logrank tests were the most useful 

at detecting some level of nonproportionality whilst maintaining adequate Type I control [52–54]. 

We further highlighted the lack of robustness of these tests to maintain power in the presence of 

even small deviations from proportionality can be further exacerbated by clinically plausible non-

constant event rates. 

A range of regression-based approaches and extensions to these estimators enabled us to assess 

the impact on the magnitude of treatment effect estimate and coverage values benchmarked to the 

values specified by design assumptions. We compared three different estimates of treatment effect 

through analytical approaches including a landmark approach to obtain a hazard ratio from the Cox 

model, piecewise exponential models to obtain period-specific hazard ratios, Royston-Parmar 

models under a PH assumption to obtain hazard ratios and differences in RMST, Royston-Parmar 

models allowing for time-dependence of treatment to obtain differences in RMST and used a 

Weibull accelerated failure time model to estimate a time ratio [2, 16, 55–58]. Despite the multitude 

of modelling approaches, the three estimands we compared were broadly similar across the 

nonproportionality scenarios in terms of the adverse impact of increasing amounts of non-PH. 

Again, the impact of non-constant event rates in the presence of nonproportionality was to partially 

diminish or further exacerbate losses in power and treatment effect magnitude. Judicious selection 

of designated cut points or landmark time points could result in improved estimates of treatment 

effect magnitude but would need to be clearly pre-specified in order to be valid. 
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The interpretation of changes in period-specific or weighted hazard ratios as changes in treatment 

effect is concerning from a causal perspective [59]. Period-specific hazard ratios are subject to 

selection bias due to the existence of ‘frailty’ factors which affect a patient’s survival time. At 

randomisation, the distribution of these factors in the trial is balanced on average, but at later times 

during follow-up different treatment groups will have systemically different distributions of these 

factors [60, 61]. Period-specific HRs estimated from latter periods reflect the effects of treatment 

and the effect of differences in the distribution of frailty factors between the two groups. These 

concerns about the lack of comparability between two treatment groups extend to the weighted HR 

and even the unconditional HR, raising doubts about the interpretability of the HR even under 

proportional hazards [62, 63]. The use of alternative estimands such as the difference in RMST or 

differences of survival probability at specified times, or specified quantiles such as the median 

survival time may be more appropriate than the reporting of hazard ratios when nonproportionality 

is present, and even when it is not. Reporting of multiple measures of treatment effect enables a 

more comprehensive assessment of treatment effect over time and facilitates the evaluation of the 

timing, magnitude and persistence of such effect. 

As an illustrative example of this approach to more comprehensively reporting treatment effects for 

a trial, we compared a range of regression-based approaches allowing for assessment of time-

dependent treatment effects using a range of outcomes from a previously reported long-running 

community trial. For the majority of the selected outcomes, we were able to confirm that summary 

estimates of treatment effect obtained from models assuming proportional hazards were suitable 

descriptions of the trial findings. We demonstrated the use of relative and absolute estimands of 

treatment effect to obtain complementary information on the emergence, magnitude and balance 

between benefit and harms over time of estimated treatment effects, again useful even when there 

was no evidence of nonproportionality. We found evidence for a time-dependent treatment effect of 

aspirin on a cancer outcome that had not previously been reported in trial findings. By investigating 

possible subgroup interactions with treatment, we found some evidence of differential effects of an 

adverse side-effect in males and females. We also found a time-dependent interaction effect of 

treatment and age on the risk of cardiac events. 

Recommendations for the use of alternative estimands to the HR [3, 8, 12, 64, 65] and clearer 

reporting of potentially dynamic treatment effects have been supported by the causal inference 

literature and regulatory agencies [34, 35, 63, 66, 67]. The main graphical presentation of time-to-

event results, survival curves based on the Kaplan-Meier estimates do not show the treatment 

effect directly and do not enable easy examination for the presence of any nonproportionality. 

Visual presentations of treatment effect showing time-dependent treatment effects would give 

impetus to explore possible reasons for the time-dependence, encouraging further analysis to 

ascribe if possible any non-proportionality to time-dependent treatment effects, subgroup 

heterogeneity or allowance for unobserved covariate effects. To this end, we present a 
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complementary plot to the Kaplan-Meier survival curves that enables more intuitive insight into the 

dynamic nature of any treatment effects. We illustrate the utility of our proposed plot using 

reconstructed datasets from published trials with varying degrees of nonproportionality and 

different baseline hazards. 

6.3 Limitations and future directions 

We undertook the scoping review to understand how nonproportionality and non-constant event 

rates are accounted for in the design and analysis of randomised controlled trials. Although not a 

systematic review, we aimed to follow the principles of the Preferred Reporting Items for 

Systematic reviews and Meta-Analyses (PRISMA) statement [68] for the planning and 

documentation of review outcomes, especially for the data management, data itemisation and 

collection processes. All data extraction was undertaken by one reviewer only (Kim Jachno) so no 

protocol was required to obtain consensus for any discrepant finding; however, this single data 

extraction is a limitation of the completed review. Wherever possible, objective automated key 

word strategies were employed to ensure all relevant sections of the published report and all 

supplementary information were reviewed. We selected four high impact journals that have 

emphasised the CONSORT guidelines as part of their submission requirements and might be 

expected to be home to high quality presentation. Thus, our findings may not reflect the full 

spectrum of reporting quality possible for clinical trial findings and different insights might have 

resulted if a more comprehensive range of journals had been included. The restricted range of 

journals did enable us to discuss our findings alongside previous reviews of clinical trials reports 

involving time-to-event outcomes from the same - or similar - journals. This enabled trends in 

modelling approaches and the adequacy of reporting to be identified. Future reviews could 

continue this assessment of the use of alternative methodologies for trial design, analysis and 

reporting approaches in the presence of nonproportionality and non-constant baseline hazards. 

In the chapters of the thesis exploring alternative analytical approaches to assess for time-

dependent treatment effects, we considered only a subset of the possible ways in which time-to-

event outcomes could be assessed. There is a growing body of research encompassing tests of 

significance and regression-based methods that allow for estimation of the effect of treatment over 

time in the presence of anticipated patterns of nonproportionality. We aimed to include the most 

widely used approaches implemented in the medical research literature and additionally include 

examples of the more recently developed proposed approaches that may not yet have been used 

as pre-specified analytical methods in statistical analysis plans. The tests of significance we 

included in our simulation study broadly overlapped with two research reports published after our 

simulation study had been carried out [53, 54]. Their objective was to assess their performance in 

terms of power to detect a treatment effect under selected non-PH scenarios. Those reports 

provided similar conclusions to our findings as to the robustness of versatile tests encompassing a 
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range of weightings to allow for multiple non-PH scenarios as a means to establish statistical 

significance of a treatment difference. Additionally, in our simulation from Chapter 3 and in the 

application paper presented in Chapter 4, we also assessed regression-based approaches that 

allow for quantification of the effect of treatment over time for both risk-based and time-based 

treatment effect measures. Again, not all possible approaches were included but the chosen ones 

are representative of the methods typically used to account for time-dependent treatment effects 

and are included in similar illustrative papers [42, 69]. 

In the simulation study in Chapter 3 we only considered nonproportionality manifesting as time-

dependent treatment effects of the form of either a lag until effect or an early effect that ceases. 

These forms were achieved through use of a piecewise Weibull model with one change point. 

There are a host of ways in which this simulation work could be extended to further enrich our 

understanding. The results of our simulation could be generalised by adding more data-generating 

scenarios such as crossing survival curves or allowing for cure fractions or increasing the number 

of change points in the piecewise data-generating model. Other parametric baseline hazards, such 

as the Gompertz or a mixture of Weibull distributions, could be utilised and it is possible to 

incorporate nonproportionality via continuous covariates to more closely approximate the shape of 

any baseline hazard and nonproportionality likely to be encountered in realistic settings. 

Additionally, we could have investigated multiple treatment effect magnitudes, and explored more 

complex model formulations with multiple covariates demonstrating treatment effect heterogeneity. 

We did not cover the effects of censoring and enrolment rates or the effect of adjusting sample size 

and follow up times all of which impact on the interplay of non-PH and event rates. However, we 

aimed to undertake a simulation that provided enough scenarios to clearly demonstrate that single 

summary effect measures are unable to comprehensively describe the magnitude of treatment 

effect over time when that effect changes over time, that what could be regarded as negligible 

periods of nonproportionality could have noticeable impacts on the power to detect treatment 

effects and that the impact of clinically plausible non-constant event rates could further impact on 

the loss of power depending on the nature of nonproportionality and the shape of the underlying 

hazard. Nevertheless, there remains further work to expand out knowledge of the circumstances 

under which nonproportionality must be taken in to account and when it might be safe to ignore it in 

a simplified analysis. 

Whilst we considered how visual display literature [70–72] could be used to inform 

recommendations for our proposed composite presentation of Kaplan-Meier plots and treatment 

measure estimations over time, alternative approaches such as consensus-based methods from 

surveys of end users could also have been undertaken and may have resulted in different 

recommendations or placed a different emphasis on aspects of the presentation not foreseen by 

us. The availability of freely available user-friendly software is key to achieving meaningful 
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adoption of reporting recommendations in applied biostatistics. We have provided code to enable 

other researchers to generate similar graphs using their own preferred means of time-dependent 

treatment effect estimation. Writing of general-purpose user-friendly software to implement the 

graphical presentations outlined here utilising Royston-Parmar models [17, 58] would be of value. 

The extension of the summary plot we proposed to the cumulative incidence curve in the presence 

of competing events is equally worth pursuing. The use of pseudovalues equivalent to 

nonparametric estimation [73, 74] of treatment effect incorporating earlier proposals to improve the 

presentation of Kaplan-Meier curves [75] is another avenue for future work. 

For our proposed arrangement of treatment effect plots we undertook preliminary presentations in 

a seminar context for clinicians involved in the ASPREE trial. We received very positive feedback 

of the increased clinical insight available by assessing for possible time-dependent treatment 

effects. Most often these experiences provided reassurance to clinicians that a summary fixed 

hazard ratio provided by the Cox PH model was an appropriate means to describe the effect of 

treatment for the entirety of the trial duration. As importantly, the graphs were also able to convey 

the importance of considering nuanced effects of treatment over time such as gradual increasing or 

decreasing efficacy or transitory periods of increased risk. These subtle trends might not be 

detected using formal statistical tests for the PH assumption but can still have important clinical 

implications, especially when married to a strong biological rationale. Similar trials with a longer 

follow up, such as those conducted in the field of cardiovascular diseases, would allow for the 

assessment of long-term effects of treatment that could otherwise be missed. Trials of 

cardiovascular diseases provide some of the earlier examples of time-dependent treatment effects 

such as the LIPID trial conducted in the 1990s where the authors established a benefit of statin 

treatment increasing with time over the seven years of follow up by employing novel tests of time-

dependence of effect [76]. A more recent RCT with apparent time-dependent and cross-over 

treatment benefits was observed in the ISCHAEMIA trial comparing survival outcomes following 

invasive intervention versus optimal medical therapy in coronary heart disease [77]. 

Following cessation of the intervention, the majority of the ASPREE trial participants have been 

enrolled in an extended observational study in order to examine the legacy effects of daily aspirin 

use. Further work following up these participants for a range of endpoints could involve the 

analysis approaches presented in this thesis; in particular for examining evidence of long-term 

aspirin effects on cancer prevention which has been proposed to become apparent only after 

approximately 5 years and through 10 years and longer follow up [78]. Further clarification and 

guidance for clinicians and the research community on the interpretability of different estimators of 

treatment effect and their relevance to an individual patient’s experience is required. 
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6.4 Conclusions 

The Cox PH model with its hazard ratio as a summary measure of treatment effect has been the 

basis of designing and analysing clinical trials with time-to-event outcomes for many decades. 

However, nonproportionality is being observed more frequently due to the mechanistic nature of 

new interventions and because increased regulatory oversight has required the conduct of larger, 

longer trials. Our review showed that, despite the slow improvement in the design, analysis and 

reporting of time-to-event outcomes, the presentation of a unique summary measure of treatment 

effect was not adequate when nonproportionality is present. When the assumption of PH is 

satisfied, the Cox PH model is the most statistically powerful method and the interpretation of a 

hazard ratio as the measure of treatment effect is widely understood by clinicians; however, the 

time has come to rely less systematically on the hazard ratio alone. 

Even when the assumption of PH holds, there may be some advantages in presenting treatment 

effect estimates in both risk-based and time-based metrics which provide complementary 

information from a clinical perspective. We aimed to illustrate the increased insight and clinical 

understanding that can be obtained through the application of alternative regression-based 

methods for time-to-event outcomes and through our proposed presentation of complementary 

plots of survival probability and treatment effect estimate over time. 

When major deviations from PH are anticipated, it may be possible to adapt the design via 

logistical considerations and/or pre-specify analysis techniques that maintain power to detect 

treatment effects [13, 15, 53, 54]. When early treatment effects are anticipated for example, 

recruiting more patients and running a trial of shorter duration may maximise power albeit at the 

(intentional) cost of no information on the longer-term effects of the treatment. In this setting 

judicious selection of appropriately weighted tests of survival curve difference or cutoff times for 

period-based estimands could be employed. Our simulation study demonstrated the need to allow 

for the additional impact of non-constant event rates should any nonproportionality be anticipated. 

However, it is not intuitive how to examine the appropriateness of any treatment benefit resulting 

from the use of differential weight functions from a clinical perspective. 

In most circumstances anticipating the existence and correct form of nonproportionality can be 

hard and ideally trials should continue for sufficient time so that the long-term effects of treatment 

can be adequately estimated. For this reason, the default pre-specified analysis may still involve 

methods maximally powerful under PH. However, there should be detailed contingency plans for 

alternative primary analyses should clear evidence of nonproportionality be detected. Flexible 

parametric modelling methods allow for a generalised approach by estimating both the magnitude 

and the shape of treatment effects over time based on the data and should be more widely 

considered as an analysis approach. Popularising different measures of treatment effect through 

graphical displays is another way forward. The use of different measures of treatment effect will 
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provide the means to comprehensively assess the evolution of effect over time and facilitate the 

clinical evaluation of treatments. 
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Journal PubmedIDKMcurve LogrankTeCoxPH RegressionOther Otherdetail loglogSurv logcumH Schoenfeld
NEJM 27959717 y n y n n n y n
NEJM 28076709 y y y n n n n n
NEJM 28002688 y y y n n n n n
NEJM 28146658 y y y n y competing risks n n n
NEJM 27959709 y y y n n n n n
NEJM 28146651 y y y y n Weibull model y n n
NEJM 27959700 y y y n n n y n
NEJM 28118549 y n y n n n n n
NEJM 28249141 y y y n n n n n
NEJM 28212060 y y y n n y n n
NEJM 28296618 y y y n n n n n
NEJM 28316279 y n y n n y n y
NEJM 28317428 y y y n n n n n
NEJM 28379796 y y y n y competing risks n n n
NEJM 28304242 y y y n n n n n
NEJM 28445659 y y y n n n n n
NEJM 28304224 y y y n y landmark analyses n n y
NEJM 28514624 y y y n n n n n
NEJM 28402745 y n y n n n n n
NEJM 28564564 y y y n n n n n
NEJM 28591523 y y y n y competing risks (Wei, Lin, Weissn n n
NEJM 28402237 y y y n y landmark analyses n n n
NEJM 28468518 n n n n y two-sample van Elteren test (exte
NEJM 28636851 y y y n n n n n
NEJM 28578639 y y y y y restricted cubic splines, competinn n n
NEJM 28578601 y y y n n y n n
NEJM 28578607 y y y n n y n n
NEJM 28581356 y y y n n n n n
NEJM 28586279 y y y n y competing risks n n n
NEJM 28605603 y n y n n n n n
NEJM 28605608 y y y y n AFT models mentioned but no ren n n
NEJM 28644114 y y y n y competing risks, landmark analysn n n
Lancet 27932229 y y y n n n n n
Lancet 27979383 y y y n n n n n
Lancet 28017406 y y y n n n n n
Lancet 28161016 y y y n n n n n
Lancet 28126333 y y y n n n n n
Lancet 28129987 y y y n n n n y
Lancet 28215665 y y y n y competing risks, landmark analysn n n
Lancet 28236467 y y y y y segmented Poisson, stratified Con n n
Lancet 28237263 y n y y n Weibull regression n n n
Lancet 28262269 y n y n n n n n
Lancet 28325638 y y y n n landmark analyses n n n
Lancet 28410791 y y y n n n n n
JCO 28034081 y y y n n n n n
JCO 28034079 y y y n n n n n
JCO 28056202 y y y n n n n n
JCO 27918718 y y y n n n n n
JCO 28129526 y y y n n landmark analyses - figures 2B an n y
JCO 27937096 y y y n n n n n
JCO 28029326 y y y n n n n n
JCO 28199818 y y y n n n n n
JCO 27400939 y y y n y competing risks n n n
JCO 28135150 y y y n n n n n
JCO 28113032 y y y n n n n n
JCO 28380315 y y y n y competing risks n n n
JCO 28221862 y y y n y competing risks n n n
JCO 28135143 y y y n n n n n
JCO 28300506 y y y y y parametric survival models, com n n n
JCO 28240967 y y y n n n n n
JCO 28384065 y y y n n n n n
JCO 28368672 y y y n n landmark in appendix n n n
JCO 28402747 y y y n n n n n
JCO 28355113 y y n y y flexible parmetric PH models (R 
JCO 28355112 y y y n n n n n
JCO 28296582 y y y n n n n n
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TandG timeinteracothPHtest othPHdetassc_method prim_methprim_result1 prim_method2 prim_result2 npt_aware
n n n logrank cox 1.02, 0.92, 1.13, 0.65 logrank yes
n n y unspecifiedexponential logrank 18%, 3%, 0.001 cox 0.21, 0.13, 0.33yes
n n n logrank cox 0.76, 0.59, 0.98, 0.03 logrank 29.6%, 35.7% no
n n n logrank cox 0.77, 0.59, 0.99, 0.04 logrank 76.3%, 71.3% no
n n n proportion cox 0.55, 0.32, 0.95, 0.04 logrank .03 no
n n n simulation logrank .67 weibull .01 no
n y n logrank cox 0.3, 0.23, 0.41, 0.001 yes
n n n exponential PH regress19.4,19.4,0.58 no
n n n logrank cox 0.71,0.55, 0.93, 0.01 logrank 7.7,4.4, 0.009 no
n n y unspecifiedlogrank cox 0.73,0.59,0.91,0.002 yes
n n n logrank cox 0.67,0.56,0.8, 0.001 no
n y n logrank cox 0.34, 0.20, 0.59,0.001 cox 0.26,0.14,0.47,0yes
n n n proportion cox 0.35,0.22,0.55,0.001 no
n n n logrank cox 0.65,0.53,0.8,0.001 no
n n y graphical slogrank cox 0.88,0.76,1.02,0.08 yes
n y n proportion cox 0.25,0.12,0.49,0.001 yes
n n n exponential cox 0.85,0.79,0.92,0.001 yes
y n y unspecifiedlogrank cox 1.03,0.93,1.15,0.58 yes
n n y unspecifiedlogrank cox 1.03,0.85,1.25,0.75 yes
n n n logrank cox 0.7,0.53,0.92,0.01 no
n n y unspecifiedsimulation logrank .42 cox 1.08,0.88,1.34,0yes
n n n proportion cox 1.12,0.85,1.48,0.43 no

two sample ttest ttest 13,7,21,0.001 na
n n n simulation cox 1.15,0.91,1.45,0.25 yes
y y n simulation cox 0.63,0.52,0.76,0.001 yes
n y n logrank cox 0.58,0.43,0.80,0.001 yes
n n n cox cox 0.62,0.51,0.76,0.001 yes
n n n logrank cox 0.81,0.66,1.00,0.045 no
n y n logrank cox 0.47,0.34,0.65 logrank .001 yes
n n n cox cox 0.91,0.78,1.06,0.001 no
n n y unspecifiedlogrank cox 0.86,0.75,0.97,0.02 yes
n n n logrank logrank 25.6,74.7,0.009 no
n n n logrank cox 0.63,0.5,0.79,0.0001 no
n n n couldn't determine cox 0.73,0.62,0.87,0.0003 no
n n y Kolmogorologrank cox 0.712,0.560,0.906,0.0037 yes
n n n logrank cox 0.9,0.7,1.2,0.61 no
n n n logrank cox 0.55,0.42,0.73,0.00001 yes
n n n logrank cox 0.82,0.68,0.98,0.032 yes
n y n interaction exponential cox 0.76,0.68,0.86,0.0001 yes
n t y not fully splogrank cox 0.74,0.70,0.80,0.0001 yes
n n n logrank weibull 0.21,0.13,0.34,0.0001 no
n n n cox cox 0.83,0.63,1.09,0.18 no
n n n couldn't determine cox 1.09,0.80,1.50,0.584 no
y n n logrank logrank 5.6%,12.3%,0.008 cox 0.44,0.23,0.82,0yes
n y n logrank logrank .3667 cox 1.11, 0.88,1.39,yes
n n n logrank cox 1.07,0.81,1.43,0.63 no
n n y acknowled logrank cox 0.91,0.73,1.13,0.31 yes
n n n couldn't determine cox 1.06,0.72,1.56,0.74 no
y y n logrank logrank 0.654,0.002 km 31.2,22.8,40.0,1yes
n n n couldn't determine proportion 52,46 cox 1.27,0.98,1.65,0no
n n y piecewise simulation cox 1.12,0.89,1.42,0.33 yes
n n n logrank cox 0.66,0.46,0.95,0.012 no
n n y unspecifiedproportion logrank 97.3,80,0.001 yes
n n n simulation logrank 0.7,0.7,0.964 cox 0.98,0.79,1.22 yes
n n n logrank cox 0.93,0.80,1.07,0.315 no
n n y unspecifiedproportion proportions0.677,0.775,0.07 yes
n n y unspecifiedlogrank cox 0.65,0.43,0.98,0.041 yes
n n n logrank cox 0.78,0.58,1.06,.113 no
n n y unspecifiedsimulation cox 0.98,0.8,1.2,0.847 yes
n n n logrank cox 1.01,0.88,1.16,0.9 no
n n n logrank cox 0.93,0.73,1.18,0.55 no
n n n logrank logrank 47,40,56,35,28,44,.045 no
n n n logrank cox 1.09,0.85,1.4,.67 no

logrank logrank 86,79,.68
n n n logrank logrank .0009 cox 0.54,0.38,0.77 no
n n y ref: the Co cox cox 0.96,0.77,1.2 yes
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npt_report date_registered date_start date_finish date_publish SigEffect CoxUsed CoxInferenPHaware PHreport ParametricLandmark
no 26/11/2012 4/12/2012 26/09/2016 5/01/2017 Yes Yes Yes
no 16/04/2012 1/09/2012 1/07/2015 12/01/2017 Yes Yes Yes Yes
no 3/10/2010 2/03/2011 23/07/2015 19/01/2017 Yes Yes Yes
no 27/01/2003 1/02/1998 1/08/2015 2/02/2017 Yes Yes Yes
no 25/08/2014 2/09/2014 3/01/2017 2/02/2017 Yes Yes Yes
no 21/07/2010 1/09/2010 1/05/2014 2/02/2017 Yes Yes
no 2/06/2014 4/08/2014 15/04/2016 16/02/2017 Yes Yes Yes Yes
no 29/03/2012 1/04/2012 1/09/2016 23/02/2017 Yes Yes
no 17/12/2013 3/01/2014 29/12/2015 2/03/2017 Yes Yes Yes
no 3/10/2014 22/10/2014 7/09/2016 16/03/2017 Yes Yes Yes Yes
no 5/06/2007 1/05/2007 1/03/2016 16/03/2017 Yes Yes Yes
no 17/02/2014 5/03/2014 22/09/2016 30/03/2017 Yes Yes Yes Yes
no 22/07/2011 22/07/2011 31/10/2016 30/03/2017 Yes Yes Yes
no 30/08/2010 1/10/2010 1/09/2015 6/04/2017 Yes Yes Yes
no 4/11/2013 29/10/2013 22/03/2017 20/04/2017 Yes Yes Yes
no 24/06/2011 21/10/2011 14/12/2016 27/04/2017 Yes Yes Yes Yes
no 9/01/2013 8/02/2013 11/11/2016 4/05/2017 Yes Yes Yes Yes Yes
no 19/09/2012 1/10/2012 12/10/2015 18/05/2017 Yes Yes Yes
no 9/08/2012 1/07/2012 1/11/2015 18/05/2017 Yes Yes Yes
no 6/10/2007 1/02/2007 20/01/2017 1/06/2017 Yes Yes Yes
no 3/01/2006 1/12/2004 9/05/2017 8/06/2017 Yes Yes Yes
no 21/05/2013 1/08/2013 16/05/2017 15/06/2017 Yes Yes Yes
na 17/10/2011 1/11/2011 1/06/2017 15/06/2017 Yes
no 22/01/2014 25/03/2014 1/07/2016 22/06/2017 Yes Yes Yes
yes 22/12/2005 8/07/2005 27/06/2017 27/07/2017 Yes Yes Yes Yes Yes Yes
no 4/12/2013 27/03/2014 9/12/2016 10/08/2017 Yes Yes Yes Yes
no 26/10/2012 12/02/2013 31/10/2016 27/07/2017 Yes Yes Yes Yes
no 24/05/2011 8/11/2011 19/12/2016 13/07/2017 Yes Yes Yes
no 3/03/2014 19/08/2014 9/02/2017 31/08/2017 Yes Yes Yes
no 10/10/2013 29/10/2013 16/10/2016 24/08/2017 Yes Yes Yes
no 15/12/2009 9/12/2009 22/02/2017 17/08/2017 Yes Yes Yes Yes Yes
no 2/04/2008 2/04/2008 1/07/2016 3/08/2017 Yes Yes Yes
no 24/01/2013 14/05/2013 29/02/2016 7/01/2017 Yes Yes Yes
no 11/12/2013 11/03/2014 7/07/2016 21/01/2017 Yes Yes Yes
yes 26/03/2008 1/04/2008 1/07/2016 4/02/2017 Yes Yes Yes Yes Yes
no 26/06/2012 16/07/2012 1/05/2015 4/03/2017 Yes Yes
no 10/04/2013 9/07/2013 24/06/2016 4/03/2017 Yes Yes Yes Yes
yes 15/01/2009 13/10/2008 30/01/2017 11/03/2017 Yes Yes Yes Yes Yes
yes 27/01/2003 1/11/2001 1/06/2015 25/03/2017 Yes Yes Yes Yes Yes Yes
yes 6/04/2000 1/07/1995 31/12/2015 1/04/2017 Yes Yes Yes Yes Yes Yes
no 7/01/2011 1/06/2011 2/03/2015 8/04/2017 Yes Yes Yes
no 30/09/2008 1/03/2009 1/03/2016 15/04/2017 Yes Yes
no 18/11/2014 20/04/2015 14/10/2016 6/05/2017 Yes Yes Yes
yes 12/09/2005 1/06/2009 1/12/2016 17/06/2017 Yes Yes Yes Yes Yes
no 27/01/2010 1/07/2010 1/04/2015 1/01/2017 Yes Yes Yes
no 30/07/2009 1/03/2009 1/07/2015 1/01/2017 Yes
no 10/05/2010 31/07/2010 16/09/2016 10/01/2017 Yes Yes
no 2/07/2012 29/06/2012 21/01/2016 20/01/2017 Yes
no 18/06/2008 1/06/2002 1/09/2012 1/02/2017 Yes Yes Yes Yes
no 20/10/2011 1/01/2012 1/01/2016 1/02/2017 Yes Yes
no 16/11/2009 1/03/2010 1/11/2014 10/02/2017 Yes Yes Yes
no 18/04/2013 8/07/2014 18/04/2016 20/02/2017 Yes Yes Yes
no 5/06/2007 1/08/2007 1/09/2012 20/02/2017 Yes Yes Yes
no 27/01/2003 1/12/1998 4/05/2016 10/03/2017 Yes Yes Yes
no 2/11/2005 1/12/2005 1/09/2014 1/04/2017 Yes Yes
no 21/04/2011 1/06/2011 16/01/2017 10/04/2017 Yes Yes
no 3/07/2009 1/03/2009 1/04/2016 10/04/2017 Yes Yes Yes Yes
no 8/10/2008 11/09/2009 31/12/2015 20/04/2017 Yes Yes
yes 22/12/2005 1/07/2005 12/09/2016 10/05/2017 Yes Yes Yes Yes Yes
no 12/02/2007 1/01/2007 1/11/2013 10/05/2017 Yes Yes
no 6/12/2007 1/12/2007 28/04/2016 20/05/2017 Yes Yes
no 5/08/2005 1/07/2003 31/07/2013 20/05/2017 Yes Yes Yes
no 13/03/2012 1/05/2012 1/07/2015 1/06/2017 Yes Yes

1/01/2002 1/01/2016 10/06/2017 Yes
no 21/09/2005 1/01/2003 1/04/2017 10/06/2017 Yes Yes Yes
no 20/03/2006 1/05/2006 1/01/2016 10/06/2017 Yes Yes Yes
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For: Impact of a non-constant baseline hazard on detection of time-dependent treatment effects

Supplementary Information

Supplementary Methods

Data-generating processess for simulation scenarios
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Supplementary Figure S1: Baseline hazard function, cumulative hazard curves and survival curves for the early effect that
ceases non-PH under three event rates. The control group is indicated by the lightest dashed line and the treatment group is
shown by the darkest solid lines. Increasing effect times of 3, 10 and 20 months are indicated by the increased shading and
decreased dashed lines. Decreasing, constant and increasing event rate scenarios are indicated by the green, purple and blue
lines respectively.
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Supplementary Results

Type I error

When comparing performance measures such as power for the stipulated PH and non-PH scenarios with a known treatment
effect, it is important to assess all analytical approaches are controlling the Type I error level at the same or similar nominal
value when there is truly no effect. We compared the empirical type I error of the tests of regression-based treatment effect
estimate and equal survival function under the null treatment effect by simulation. In these simulations, there was no treatment
effect (ie HR =1) in both periods specified by the data- generating models. Pooled replicates for each event rate type and all
change point times are presented in Table S1. For the majority of the tests, the empirical Type I errors are within or close to
the nominal two-sided 5% significance level. The Type I error of the RP(PH) combined test is conservative under both types
of non-PH. A minor Type I error inflation is observed for the FH(0,1) test weighted for late effects (Type I error: 5.7% (95%
CI 5.5%, 5.8%)), with even smaller increases in the Type I error above the nominal level also being observed for the versatile
test and the regression coefficient estimates for the RP(PH) ∆RMST, the RP(TD)∆RMST and the AFT TR. Similar minor
increases in Type I error rate have been reported in other simulation studies comparing the power of tests for treatment effect
under non-PH scenarios.

Supplementary Figures S2 and S3 further present the results of this empirical assessment of Type I error by the decreasing,
constant and increasing event rate scenarios using the change points from the lag to effect and early effect that ceases non-PH
scenario under investigation for each of the analysis methods. Comparisons of the power of the analysis methods presented below
needs to be undertaken with the conservative Type I error for the RP(PH) combined test, and minor inflation of the empirical
Type I errors for versatile test and the regression coefficient estimates for the RP(PH) ∆RMST, the RP(TD) ∆RMST and the
AFT TR in mind.

Table S1: Empirical Type I error (%) of the test of treatment effect or equal survival functions

Size (95% CI)
Estimands of treatment effect

Cox Proportional Hazards HR Cox HR 5.1 (5.0, 5.3)
Piecewise Exponential HR PE1 HR 5.2 (5.0, 5.3)
Royston-Parmar (PH) HR RP(PH) 5.3 (5.1, 5.5)
Royston-Parmar (PH) ∆RMST RP(PH) ∆RMST 5.4 (5.2, 5.6)
Royston-Parmar (TD) ∆RMST RP(TD) ∆RMST 5.4 (5.3, 5.6)
Accelerated Failure Time model TR AFT TR 5.4 (5.2, 5.5)

Tests of equal survival functions
Logrank LR 5.1 (5.0, 5.3)
Fleming Harrington (1,0) early effects FH early 5.1 (4.9, 5.2)
Fleming Harrington (1,1) middle effects FH middle 5.1 (4.9, 5.2)
Fleming Harrington (0,1) late effects FH late 5.7 (5.5, 5.8)
Versatile test versatile 5.4 (5.3, 5.6)
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Supplementary Figure S2: Empirical type I error of the tests of regression-based treatment effect estimate and equal survival
functions under the null treatment effect by event rate for change point times used in the increasing lag until effect data-generating
model. Decreasing, constant and increasing event rate scenarios are indicated by the green, purple and blue lines respectively.
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Supplementary Figure S3: Empirical type I error of the tests of regression-based treatment effect estimate and equal survival
functions under the null treatment effect by event rate for change point times used in the early effect that ceases data-generating
model. Decreasing, constant and increasing event rate scenarios are indicated by the green, purple and blue lines respectively.
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Lag until treatment effect

Table S2: Summary of event numbers during the inactive and active phases of the treatment effect in the simulation investigating
the effect of a lag until treatment effect

Lag until Event Number events Number events Total number

effect rate inactive phase active phase of events
Mean (range) Mean (range) (N)

None
Decreasing N/A 198 (190,202) 198 (190,202)
Constant N/A 198 (188,202) 198 (188,202)
Increasing N/A 198 (189,202) 198 (189,202)

One
Decreasing 28 (11,46) 170 (151,188) 198 (191,202)
Constant 19 ( 6,35) 179 (188,202) 198 (190,202)
Increasing 14 ( 2,25) 185 (170,198) 198 (190,202)

Three
Decreasing 67 (46,95) 131 (103,153) 198 (190,202)
Constant 52 (34,72) 146 (128,167) 198 (189,202)
Increasing 42 (26,69) 156 (131,172) 198 (190,202)

Ten
Decreasing 141 (118,161) 58 (38, 79) 199 (192,202)
Constant 128 (107,150) 71 (49, 93) 199 (192,202)
Increasing 118 ( 98,143) 81 (56,100) 199 (192,202)
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Table S3: Bias (MCSE), % Coverage (MCSE) and % Power (MCSE) for the scenario investigating the lag until treatment effect that ceases for the decreasing
baseline hazard

Hazard Ratio ∆RMST Time Ratio
Effect time Cox PH PE1 PE2 LM RP(PH) RP(PH) RP(TD) Weibull AFT

Bias Zero 0.01 (0.003) -0.01 (0.003) -0.02 (0.004) 0.00 (0.004) 0.00 (0.003) -0.3 (0.03) -0.3 (0.03) 0.04 (0.004)
One 0.06 (0.003) 0.05 (0.003) -0.01 (0.004) 0.00 (0.004) 0.06 (0.003) -0.9 (0.03) -0.9 (0.03) -0.01 (0.004)

Three 0.14 (0.003) 0.13 (0.003) -0.02 (0.004) 0.00 (0.004) 0.14 (0.003) -1.6 (0.04) -1.7 (0.04) -0.09 (0.004)
Ten 0.29 (0.003) 0.26 (0.004) 0.19 (0.004) 0.22 (0.004) 0.28 (0.003) -3.3 (0.03) -3.3 (0.03) -0.25 (0.004)

Coverage Zero 94.8 (0.5) 93.8 (0.5) 94.3 (0.5) 95.4 (0.5) 94.6 (0.5) 94.3 (0.5) 94.8 (0.5) 93.8 (0.5)
One 92.8 (0.6) 92.4 (0.6) 93.9 (0.5) 94.9 (0.5) 92.6 (0.6) 90.2 (0.7) 89.9 (0.7) 95.3 (0.5)

Three 82.4 (0.9) 83.6 (0.8) 93.4 (0.6) 94.7 (0.5) 82.9 (0.8) 80.4 (0.9) 79.7 (0.9) 90.9 (0.6)
Ten 48.0 (1.1) 54.4 (1.1) 79.1 (0.9) 75.5 (1.0) 48.7 (1.1) 35.3 (1.1) 35.8 (1.1) 65.2 (1.1)

Power Zero 77.5 (0.9) 81.1 (0.9) 69.2 (1.0) 64.9 (1.1) 78.8 (0.9) 78.3 (0.9) 78.5 (0.9) 78.9 (0.9)
One 66.1 (1.1) 70.2 (1.0) 66.2 (1.1) 61.8 (1.1) 67.2 (1.0) 67.2 (1.1) 66.9 (1.1) 66.8 (1.1)

Three 43.4 (1.1) 50.2 (1.1) 66.8 (1.1) 61.5 (1.1) 44.2 (1.1) 44.7 (1.1) 44.3 (1.1) 46.0 (1.1)
Ten 13.1 (0.8) 20.0 (0.9) 26.5 (1.0) 17.0 (0.8) 13.9 (0.8) 14.1 (0.8) 14.4 (0.8) 15.6 (0.8)

Table S4: Bias (MCSE), % Coverage (MCSE) and % Power (MCSE) for the scenario investigating the lag until treatment effect that ceases for the constant
baseline hazard

Hazard Ratio ∆RMST Time Ratio
Effect time Cox PH PE1 PE2 LM RP(PH) RP(PH) RP(TD) Weibull AFT

Bias Zero 0.00 (0.003) 0.00 (0.003) 0.00 (0.004) 0.00 (0.004) -0.01 (0.003) -0.1 (0.03) -0.1 (0.03) 0.00 (0.003)
One 0.04 (0.003) 0.04 (0.003) 0.01 (0.004) 0.00 (0.004) 0.04 (0.003) -0.6 (0.04) -0.6 (0.04) -0.04 (0.003)

Three 0.11 (0.003) 0.11 (0.003) 0.00 (0.004) 0.00 (0.004) 0.11 (0.003) -1.3 (0.04) -1.4 (0.04) -0.10 (0.003)
Ten 0.26 (0.003) 0.25 (0.003) 0.19 (0.004) 0.21 (0.004) 0.26 (0.003) -3.0 (0.03) -3.1 (0.03) -0.24 (0.003)

Coverage Zero 95.7 (0.5) 95.7 (0.5) 95.4 (0.5) 95.8 (0.4) 95.7 (0.5) 95.2 (0.5) 95.2 (0.5) 95.2 (0.5)
One 93.4 (0.6) 93.7 (0.5) 95.2 (0.5) 95.3 (0.5) 93.2 (0.6) 92.9 (0.6) 92.8 (0.6) 94.1 (0.5)

Three 87.3 (0.7) 87.5 (0.7) 95.3 (0.5) 94.8 (0.5) 87.4 (0.7) 85.1 (0.8) 84.2 (0.8) 90.0 (0.7)
Ten 56.3 (1.1) 59.4 (1.1) 77.5 (0.9) 76.7 (0.9) 56.5 (1.1) 48.6 (1.1) 46.3 (1.1) 62.7 (1.1)

Power Zero 80.7 (0.9) 81.4 (0.9) 71.3 (1.0) 69.8 (1.0) 81.3 (0.9) 81.3 (0.9) 81.4 (0.9) 81.7 (0.9)
One 70.9 (1.0) 72.3 (1.0) 69.8 (1.0) 68.4 (1.0) 71.8 (1.0) 72.1 (1.0) 71.6 (1.0) 71.8 (1.0)

Three 52.0 (1.1) 54.5 (1.1) 68.2 (1.0) 67.2 (1.1) 53.0 (1.1) 53.3 (1.1) 50.8 (1.1) 53.7 (1.1)
Ten 17.0 (0.8) 21.5 (0.9) 26.4 (1.0) 20.0 (0.9) 17.9 (0.9) 18.0 (0.9) 16.8 (0.8) 20.0 (0.9)
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Table S5: Bias (MCSE), % Coverage (MCSE) and % Power (MCSE) for the scenario investigating the lag until treatment effect that ceases for the increasing
baseline hazard

Hazard Ratio ∆RMST Time Ratio
Effect time Cox PH PE1 PE2 LM RP(PH) RP(PH) RP(TD) Weibull AFT

Bias Zero 0.01 (0.003) 0.03 (0.003) 0.03 (0.003) 0.01 (0.004) 0.01 (0.003) -0.3 (0.04) -0.3 (0.04) -0.05 (0.003)
One 0.03 (0.003) 0.05 (0.003) 0.02 (0.003) 0.00 (0.004) 0.03 (0.003) -0.5 (0.03) -0.6 (0.03) -0.06 (0.003)

Three 0.09 (0.003) 0.10 (0.003) 0.02 (0.003) 0.00 (0.004) 0.08 (0.003) -1.1 (0.03) -1.2 (0.04) -0.10 (0.003)
Ten 0.25 (0.003) 0.25 (0.003) 0.20 (0.004) 0.21 (0.004) 0.25 (0.003) -2.9 (0.03) -3.0 (0.03) -0.25 (0.003)

Coverage Zero 94.4 (0.5) 95.1 (0.5) 95.5 (0.5) 94.8 (0.5) 94.3 (0.5) 94.1 (0.5) 93.6 (0.5) 93.1 (0.6)
One 94.1 (0.5) 94.3 (0.5) 95.4 (0.5) 95.1 (0.5) 94.1 (0.5) 92.9 (0.6) 92.4 (0.6) 92.3 (0.6)

Three 90.7 (0.7) 89.8 (0.7) 96.1 (0.4) 95.3 (0.5) 90.3 (0.7) 87.8 (0.7) 86.4 (0.8) 88.3 (0.7)
Ten 57.1 (1.1) 57.8 (1.1) 74.7 (1.0) 74.7 (1.0) 58.3 (1.1) 49.5 (1.1) 46.2 (1.1) 54.3 (1.1)

Power Zero 78.9 (0.9) 76.9 (0.9) 66.4 (1.1) 69.7 (1.0) 78.9 (0.9) 79.3 (0.9) 79.2 (0.9) 79.8 (0.9)
One 74.3 (1.0) 72.6 (1.0) 69.5 (1.0) 71.5 (1.0) 74.9 (1.0) 74.9 (1.0) 73.9 (1.0) 75.2 (1.0)

Three 60.5 (1.1) 58.5 (1.1) 67.6 (1.0) 70.1 (1.0) 62.1 (1.1) 62.2 (1.1) 58.0 (1.1) 62.5 (1.1)
Ten 18.8 (0.9) 20.4 (0.9) 24.6 (1.0) 21.5 (0.9) 19.4 (0.9) 19.4 (0.9) 18.0 (0.9) 22.0 (0.9)
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Supplementary Results cont’d

Early effect that ceases

Power of the regression model approaches

Figure S4 presents the results for the non-PH scenario of an early effect that ceases. Seven different modelling approaches were
compared. For the constant hazard event rate scenario, the average number of events during the effective treatment period
were 22%, 56% and 82% of the total number of events observed for the early effect times of three, ten and twenty months
respectively. For the decreasing hazard event rate, the average number of events during the period when there was an early effect
were 28%, 63% and 85%, and for the increasing hazard event rate, the average number of events during the effective period were
18%, 52% and 80% of the total number of events observed for the early effect times of three, ten and twenty units respectively.
Supplementary Table S6 presents a summary of event numbers during the active and inactive phases of treatment effect for this
early effect that ceases non-PH scenario.
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Supplementary Figure S4: The power (%), scaled treatment effect magnitude (%) and coverage (%) are presented as relative
to that anticipated at the design stafe of the trial assuming PH. The early effect period lengths investigated were tearly = 3, 10, 20
and 50 months, with the setting tearly = 50 representing PH.

When the treatment was constantly effective throughout the follow up period (tearly = 50) equivalent to a PH data generating
model, we observed power at or very close to the design model values of 80% for all estimates of treatment effect except for the
LM method. There was substantial decreased power for this period-specific estimate partly due to less than half of the events
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Table S6: Summary of event numbers during the active and inactive phases of the treatment effect in the simulation investigating
an early treatment effect that ceases

Early Event Number events Number events Total number
effect rate active phase inactive phase of events
time Mean (range) Mean (range) (N)

Three
Decreasing 57 (38,78) 143 (121,163) 201 (195,202)
Constant 45 (28,66) 156 (135,173) 201 (196,202)
Increasing 36 (15,54) 165 (146,184) 201 (194,202)

Ten
Decreasing 126 (103,148) 75 (53, 95) 198 (191,202)
Constant 113 ( 90,138) 87 (64,110) 198 (190,202)
Increasing 104 ( 77,128) 97 (73,125) 198 (190,202)

Twenty
Decreasing 168 (147,184) 32 (16,54) 198 (190,202)
Constant 162 (142,181) 38 (19,57) 198 (189,202)
Increasing 158 (140,175) 42 (25,61) 198 (190,202)

Fifty
Decreasing 198 (188,202) N/A 198 (188,202)
Constant 198 (191,202) N/A 198 (191,202)
Increasing 198 (191,202) N/A 198 (192,202)

being used in the estimation of HR after the prespecified cutpoint of tLM = 10 was applied under all event rates, and partly
due to the inclusion of more events from the no treatment effect period. For all methods, there was an appreciable loss of power
in the early effect non-PH scenario. A decreasing event rate was able to offset the lower power seen as a result of fewer events
occurring during the period when the treatment effect had ceased, relative to the number of events observed under a constant
event rate. Conversely, the losses in power observed under an increasing event rate in the presence of an early effect that ceases
were greater as a result of more events occurring during the period where the treatment had no effect. This pattern of relative
power loss was observed for all three estimands.

Scaled Treatment Effect (STE) estimates of regression model approaches

The results comparing the magnitude of treatment effect estimates are presented in the middle panel of Figure S4. For the STE
under the PH scenario (tearly = 50), estimates close to the design model values are obtained for the HR and ∆RMST estimands.
Non-constant event rates affect the magnitude of the TR estimated from an AFT model. A decreasing event rate resulted in
STEs greater than were observed with a constant event rate, and an increasing event rate resulted in STEs lower than estimated
under constant event rates.

Coverage of regression model approaches

Coverage of the estimators for the treatment effect used in the design model is presented in the bottom panel of Figure S4.
Under PH, coverage at the design model value of 95% was observed when the treatment effect persisted throughout the analysis
period (tearly = 50). The presence of an early effect that ceases quickly causes a dramatic decrease in the observed coverage. In
contrast, having a treatment that stops being effective later has far less impact and most of the nominal coverage is maintained.
Non-constant event rates have minimal impact on coverage for the estimates of HR, but for an increasing event rate, estimates
of ∆RMST were more affected. The effect of non-constant event rates was most noticeable for the coverage estimates for the TR
from an AFT model, consistent with the observed effect of non-constant event rates on the STEs. The summary estimates for
bias, coverage and power with the Monte Carlo standard errors (MCSEs) for simulations under this scenario for the decreasing,
constant and increasing baseline hazards are presented in Supplementary Tables S7, S8 and S9 respectively.
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Table S7: Bias (MCSE), % Coverage (MCSE) and % Power (MCSE) for the scenario investigating the early treatment effect that ceases for the decreasing
baseline hazard

Hazard Ratio ∆RMST Time Ratio
Effect time Cox PH PE1 PE2 LM RP(PH) RP(PH) RP(TD) Weibull AFT

Bias Three 0.29 (0.003) 0.29 (0.003) 0.41 (0.006) 0.40 (0.006) 0.29 (0.003) -3.5 (0.03) -3.5 (0.03) -0.29 (0.003)
Ten 0.14 (0.003) 0.14 (0.003) 0.40 (0.006) 0.40 (0.006) 0.14 (0.003) -2.1 (0.03) -2.0 (0.03) -0.14 (0.003)

Twenty 0.06 (0.003) 0.06 (0.003) 0.16 (0.005) 0.15 (0.006) 0.06 (0.003) -1.1 (0.03) -1.1 (0.03) -0.05 (0.003)
Fifty 0.01 (0.003) -0.01 (0.004) -0.01 (0.006) 0.00 (0.006) 0.00 (0.003) -0.3 (0.04) -0.3 (0.04) 0.04 (0.004)

Coverage Three 45.7 (1.1) 45 (1.1) 62.5 (1.1) 63.5 (1.1) 45.3 (1.1) 22.5 (0.9) 23.4 (0.9) 49.8 (1.1)
Ten 80.8 (0.9) 81 (0.9) 60.4 (1.1) 60.7 (1.1) 80.1 (0.9) 64.3 (1.1) 66.6 (1.1) 84.5 (0.8)

Twenty 92.1 (0.6) 92.3 (0.6) 88.9 (0.7) 89.1 (0.7) 91.8 (0.6) 87.3 (0.7) 88.3 (0.7) 94.8 (0.5)
Fifty 93.7 (0.5) 92.7 (0.6) 94.5 (0.5) 95 (0.5) 93.6 (0.5) 93.1 (0.6) 92.8 (0.6) 92.9 (0.6)

Power Three 13.4 (0.8) 13.9 (0.8) 6.1 (0.5) 5.6 (0.5) 13.6 (0.8) 14.2 (0.8) 14.2 (0.8) 13.4 (0.8)
Ten 45.7 (1.1) 48.0 (1.1) 6.6 (0.6) 6.4 (0.5) 45.7 (1.1) 45.5 (1.1) 49.0 (1.1) 45.3 (1.1)

Twenty 67.6 (1.0) 68.9 (1.0) 17.4 (0.8) 20.0 (0.9) 67.8 (1.0) 67.8 (1.0) 69.4 (1.0) 66.9 (1.1)
Fifty 78.6 (0.9) 80.4 (0.9) 40.8 (1.1) 37.4 (1.1) 79.2 (0.9) 79.1 (0.9) 79.9 (0.9) 79.8 (0.9)

Table S8: Bias (MCSE), % Coverage (MCSE) and % Power (MCSE) for the scenario investigating the early treatment effect that ceases for the constant
baseline hazard

Hazard Ratio ∆RMST Time Ratio
Effect time Cox PH PE1 PE2 LM RP(PH) RP(PH) RP(TD) Weibull AFT

Bias Three 0.31 (0.003) 0.32 (0.003) 0.41 (0.005) 0.4 (0.005) 0.31 (0.003) -3.7 (0.03) -3.6 (0.03) -0.32 (0.003)
Ten 0.17 (0.003) 0.18 (0.003) 0.39 (0.005) 0.39 (0.005) 0.17 (0.003) -2.3 (0.03) -2.1 (0.03) -0.19 (0.003)

Twenty 0.07 (0.003) 0.08 (0.003) 0.18 (0.005) 0.16 (0.005) 0.07 (0.003) -1.1 (0.03) -1.0 (0.03) -0.09 (0.003)
Fifty 0.01 (0.003) 0.01 (0.003) 0.00 (0.005) 0.00 (0.005) 0.00 (0.003) -0.2 (0.04) -0.2 (0.04) -0.01 (0.003)

Coverage Three 39.5 (1.1) 39.2 (1.1) 57.4 (1.1) 58.6 (1.1) 39.7 (1.1) 21.0 (0.9) 22.5 (0.9) 33.7 (1.1)
Ten 77.4 (0.9) 76.8 (0.9) 54.0 (1.1) 54.5 (1.1) 76.8 (0.9) 60.5 (1.1) 65.7 (1.1) 70.6 (1.0)

Twenty 91.4 (0.6) 92.4 (0.6) 88.3 (0.7) 88.3 (0.7) 91.3 (0.6) 87.7 (0.7) 89.8 (0.7) 90.5 (0.7)
Fifty 94.4 (0.5) 93.9 (0.5) 94.8 (0.5) 95.1 (0.5) 94.3 (0.5) 93.8 (0.5) 93.9 (0.5) 93.8 (0.5)

Power Three 12.0 (0.7) 10.9 (0.7) 6.3 (0.5) 5.7 (0.5) 11.9 (0.7) 12.3 (0.7) 12.6 (0.7) 11.6 (0.7)
Ten 36.8 (1.1) 35.9 (1.1) 5.7 (0.5) 5.6 (0.5) 36.4 (1.1) 36.8 (1.1) 41.7 (1.1) 35.3 (1.1)

Twenty 66.3 (1.1) 65.4 (1.1) 18.3 (0.9) 21.3 (0.9) 66.8 (1.1) 66.4 (1.1) 68.8 (1.0) 65.7 (1.1)
Fifty 79.8 (0.9) 80.0 (0.9) 44.7 (1.1) 43.6 (1.1) 80.1 (0.9) 80.2 (0.9) 79.8 (0.9) 80.3 (0.9)
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Table S9: Bias (MCSE), % Coverage (MCSE) and % Power (MCSE) for the scenario investigating the early treatment effect that ceases for the increasing
baseline hazard

Hazard Ratio ∆RMST Time Ratio
Effect time Cox PH PE1 PE2 LM RP(PH) RP(PH) RP(TD) Weibull AFT

Bias Three 0.33 (0.003) 0.34 (0.003) 0.40 (0.005) 0.40 (0.005) 0.33 (0.003) -3.9 (0.03) -3.7 (0.03) -0.34 (0.003)
Ten 0.20 (0.003) 0.21 (0.003) 0.42 (0.004) 0.42 (0.005) 0.20 (0.003) -3.2 (0.03) -3.0 (0.03) -0.27 (0.002)

Twenty 0.08 (0.003) 0.10 (0.003) 0.19 (0.004) 0.17 (0.005) 0.08 (0.003) -1.3 (0.03) -1.1 (0.03) -0.13 (0.003)
Fifty 0.00 (0.003) 0.01 (0.003) 0.01 (0.005) -0.01 (0.005) 0.00 (0.003) -0.2 (0.03) -0.2 (0.03) -0.04 (0.003)

Coverage Three 34.8 (1.1) 33.2 (1.1) 53.0 (1.1) 54.1 (1.1) 34.8 (1.1) 18.4 (0.9) 21.0 (0.9) 20.0 (0.9)
Ten 71.1 (1.0) 69.2 (1.0) 47.5 (1.1) 47.9 (1.1) 71.0 (1.0) 27.5 (1.0) 31.6 (1.0) 27.2 (1.0)

Twenty 89.1 (0.7) 89.8 (0.7) 86.3 (0.8) 85.2 (0.8) 89.2 (0.7) 83.2 (0.8) 86.2 (0.8) 81.1 (0.9)
Fifty 95.3 (0.5) 95.6 (0.5) 95.9 (0.4) 95.1 (0.5) 95.2 (0.5) 94.8 (0.5) 94.7 (0.5) 94.3 (0.5)

Power Three 7.9 (0.6) 7.1 (0.6) 4.6 (0.5) 5.5 (0.5) 8.1 (0.6) 8.1 (0.6) 8.9 (0.6) 8.5 (0.6)
Ten 31.1 (1.0) 29.9 (1.0) 3.5 (0.4) 4.7 (0.5) 31.4 (1.0) 31.0 (1.0) 37.5 (1.1) 25.9 (1.0)

Twenty 60.4 (1.1) 58.1 (1.1) 17.6 (0.9) 21.9 (0.9) 60.8 (1.1) 60.4 (1.1) 63.6 (1.1) 60.0 (1.1)
Fifty 80.2 (0.9) 79.8 (0.9) 47.0 (1.1) 48.4 (1.1) 81.1 (0.9) 80.8 (0.9) 79.9 (0.9) 80.9 (0.9)
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Power of the tests of equal survival curves

Supplementary Figure S5 presents the results of investigating the effect of non-constant hazard rates in the presence of an early
effect that ceases for seven tests of equal survival functions. In the scenario equivalent to PH, only the LR and Cox tests achieve
the power values anticipated under the design model, with the versatile test and the combined tests showing a small decrease in
power. Under PH, all three FH tests (using early, middle and late weightings) had lower power than the expected 80%. The FH
early test, with weighting emphasising earlier events in the survival curve, obtained the highest power when the treatment was
only effective for short initial periods of 3% and 10% of study duration. The versatile test obtained the next highest power in the
presence of the shorter effective periods but also had a power value closer to that observed for the LR and Cox tests when the
treatment effect length was longer or persisted for the entire follow up. The RP(TD) combined test was closest to the versatile
test, with allowing for a time-dependent treatment effect improving the power values slightly at each of the times investigated,
relative to the RP(PH) combined test.

In general, the effect of non-constant event rates on the power of tests was consistent with what we observed for the modelling
approaches. Decreases in the power loss were observed for a decreasing event rate compared to a constant event rate. An
increasing event rate resulted in greater power losses than observed under a constant event rate. Whilst most changes in power
observed attributable to a non-constant event rate were relatively modest for this simulation, depending on the test and the
length of the effective period under consideration differences in power values ±5% were observed.
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Supplementary Figure S5: Effect of non-constant event rates on the power of seven tests of equal survival function. The
power of the z-test for the HR treatment effect from the Cox PH model is included in the panel as a comparator. The early
effect period lengths investigated were tearly = 3, 10, 20 and 50 months, with the setting tearly = 50 representing PH.
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/* Simulations example: lag length 

Three hazard functions scenarios 
*constant - lambdas(0.1) gammas(1.0)
*decreasing - lambdas(0.15) gammas(0.9)
*increasing  - lambdas(0.07) gammas(1.1)

Using n=202 for each run 
Decreasing lag to effect; lag time = 3 

*/ 

version 15 
set more off 
clear 

cd "`yourpath'" 
*number of simulations
local sims = 100
local trt_eff1 = 0
local trt_eff2 = -0.4

*set seed for reproducibility
set seed 50621

*lag length
local laglen 3

*event rate scenario - decreasing
local lambda_1 0.15
local gamma_1 0.9
local evtype_1 "dec"

local timetot = 50 
local time1 = `laglen' 
local time2 = `timetot' - `time1' 

clear 
set obs 202 
generate id = _n 
*treatment variable, probability of 50% into each arm
generate trt = rbinomial(1,0.5)
*generate a time change
gen tchange1= cond(trt==1, `laglen', 500)

*user-defined hazard function
survsim survtime died, ///

hazard( (`lambda_`rate'':*`gamma_`rate'':*#t:^(`gamma_`rate'':-1) ) :* /// 
( exp( (`trt_eff1':*trt):*(#t:<tchange1) :+   /// 

   (`trt_eff2':*trt):*(#t:>=tchange1) ) ) ) maxtime(50)  nodes(50) 
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*number of events pre and post lag time
count if died==1 & survtime <=`laglen'
local n_pre = r(N)
count if died==1 & survtime >`laglen' & survtime<=`timetot'
local n_post = r(N)
*by treatment group
count if died==1 & survtime <=`laglen' & trt==0
local n_pre_c = r(N)
count if died==1 & survtime <=`laglen' & trt==1
local n_pre_t = r(N)
count if died==1 & survtime >`laglen' & survtime<=`timetot' & trt==0
local n_post_c = r(N)
count if died==1 & survtime >`laglen' & survtime<=`timetot' & trt==1
local n_post_t = r(N)

stset survtime, failure(died = 1) id(id) 

*Hazard Ratio from a Cox PH model
stcox trt, iterate(200)

*p-value from test of PH using Schoenfeld residuals
estat phtest

*Beta coefficients from a Cox PH model
stcox trt, iterate(200) nohr

*p-value from the logrank test and fleming-harrington tests
*equal weighting on all events
sts test trt, fh(0 0)

*early events weighting
sts test trt, fh(1 0)

*middle events weighting
sts test trt, fh(1 1)

*later events weighting
sts test trt, fh(0 1)

*versatile tests for equal, early or late (Karrison, 2016)
verswlr trt
local ver_std_p = r(pval)

*Cox model with time interaction for t>3 using stsplit
*includes landmark analyses

stsplit time_gt3, at(3) 
*landmark analysis at t=3
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*logrank test
sts test trt if time_gt3==3

stcox trt if time_gt3==3 

*piecewise exponential model (at t=3)
*one estimate of treatment effect
streg trt ibn.time_gt3, dist(exponential) nocons

*two estimates of treatment effect
streg trt ibn.time_gt3 trt#ibn.time_gt3, dist(exponential) nocons

*estimate of treatment effect in interval time>3 (same as trt output)
lincom _b[_t:trt]  + _b[_t:1.trt#3.time_gt3], hr

*estimate of treatment effect when in interval time<=3
lincom  _b[_t:trt]  + _b[_t:1.trt#0.time_gt3], hr

stjoin 

*Weibull shape and scale
streg trt, distribution(weibull) iterate(200)

*Time Ratio from accelerated failure time (AFT) model - Weibull
streg trt, distribution(weibull) time tr iterate(200)

*Estimate HR from RP model with 5 df - PH model parametric (ie no tvc option)
stpm2 trt, scale(hazard) df(5) failconvlininit eform iterate(200)

*Estimate diff in RMST from RP model with 5 df - PH model above
*using t* to be maximum uncensored event time
centile _t if _d==1, centile(100)
predictnl diff = ///

predict(rmst at(trt 1) tmax(`t') ) - predict(rmst at(trt 0) tmax(`t') ), /// 
se(diff_se) p(diff_p) ci(diff_lci diff_uci)  

*using t=50 to be the event time
predictnl diffm = ///

predict(rmst at(trt 1) tmax(50) ) - predict(rmst at(trt 0) tmax(50) ), /// 
se(diffm_se) p(diffm_p) ci(diffm_lci diffm_uci)  

*Royston-Parmar (RP) test for a generalized treatment effect (p-value)
*using default 5df (and as above) and specifying PH model
stctest rp trt, df(5) dftvc(0)

*Estimate HR from RP model with 5 df using dftvc(2) option
stpm2 trt, scale(hazard) df(5) tvc(trt) dftvc(2) failconvlininit eform
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*Estimate diff in RMST from RP model with 5 df using tvc(2) option
*using t* to be maximum uncensored event time
centile _t if _d==1, centile(100)
local t = r(c_1)
predictnl diff_t = ///

predict(rmst at(trt 1) tmax(`t') ) - predict(rmst at(trt 0) tmax(`t') ), /// 
 p(diff_p_t) ci(diff_lci_t diff_uci_t) se(diff_se_t) 

*using t=50 to be the event time
predictnl diffm_t = ///

predict(rmst at(trt 1) tmax(50) ) - predict(rmst at(trt 0) tmax(50) ), /// 
 p(diffm_p_t) ci(diffm_lci_t diffm_uci_t) se(diffm_se_t) 

*Royston-Parmar (RP) test for a generalized treatment effect (p-value)
*using default 5df and using tvc(2) option
stctest rp trt, df(5) dftvc(2)

exit 
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Supplementary material: Examining evidence for time-
dependent treatment effects using alternative regression-
based methods in clinical trials 

Supplementary Figure S1: Survival curves (panel A) and hazard rates (panel B) by 
treatment arm, and difference in RMST (RMST; panel C) and HR (panel D) over time from 
PH and TD analysis models for the MACE endpoint. 
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Supplementary Figure S2: Survival curves (panel A) and hazard rates (panel B) by 
treatment arm, and difference in RMST (RMST; panel C) and HR (panel D) over time from 
PH and TD analysis models for the clinically significant bleeding endpoint. 
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Supplementary Figure S3: Survival curves (panel A) and hazard rates (panel B) by 
treatment arm, and difference in RMST (RMST; panel C) and HR (panel D) over time from 
PH and TD analysis models for the cancer incidence endpoint. 
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Supplementary Figure S4: Effect of binary covariate sex on the HR(t) of treatment from 
TD analysis models for (A) the primary, (B) MACE, (C) cancer incidence and (D) cancer 
mortality endpoints. The overall estimated HR(t) for treatment effect is the solid green line 
with the shaded green area indicating the 95% CI width. The HR(t) for treatment effect 
estimated from females only is indicated by a purple dashed line, and the HR(t) for 
treatment effect estimated from males only indicated by the blue dashed line. 
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Supplementary Figure S5: Effect of covariate age at randomisation with treatment from 
PH and TD analysis models for (A) the primary, (B) clinically significant bleeding, (C) solid 
tumour cancer incidence and (D) solid tumour cancer mortality endpoints. The estimated 
age by treatment interaction effect from the PH model is the solid blue line. The interaction 
treatment effect from the TD model at yearly intervals is indicated by the green lines with 
color intensity decreasing over time. 
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Supplementary Table S1: Overall and yearly incremental treatment effect estimates for the primary endpoint. Estimates are from regression-
based modelling approaches assuming PH (Cox, Weibull and FPM PH) or allowing for TD treatment effects (FMP TD and pseudo-observations). 

HR (95% CI) RMST (95% CI) 

Cox PH Weibull PH FPM PH FPM PH FPM TD pseudo-observations 

Overall 1.01 (0.92, 1.11) 1.01 (0.92, 1.11) 1.01 (0.92, 1.11) -0.006 (-0.047, 0.035) -0.006 (-0.047, 0.035) -0.006 (-0.047, 0.035)

0-1 years 0.87 (0.65, 1.18) 0.87 (0.65, 1.18) 0.87 (0.65, 1.18) 0.000 (-0.000, 0.001) 0.000 (-0.001, 0.001) 0.000 (-0.001, 0.001)

0-2 years 0.99 (0.83, 1.18) 0.99 (0.83, 1.18) 0.99 (0.83, 1.18) 0.000 (-0.003, 0.004) 0.001 (-0.004, 0.005) 0.001 (-0.004, 0.005)

0-3 years 0.95 (0.83, 1.08) 0.95 (0.83, 1.08) 0.95 (0.83, 1.08) 0.003 (-0.004, 0.010) 0.002 (-0.007, 0.010) 0.001 (-0.008, 0.009)

0-4 years 0.96 (0.86, 1.07) 0.96 (0.86, 1.07) 0.96 (0.86, 1.07) 0.005 (-0.007, 0.017) 0.005 (-0.009, 0.019) 0.005 (-0.010, 0.019)

0-5 years 0.99 (0.89, 1.09) 0.99 (0.89, 1.09) 0.99 (0.89, 1.09) 0.003 (-0.016, 0.022) 0.006 (-0.015, 0.027) 0.006 (-0.015, 0.027)

0-6 years 1.01 (0.92, 1.11) 1.01 (0.92, 1.11) 1.01 (0.92, 1.11) -0.003 (-0.032, 0.027) 0.002 (-0.027, 0.032) 0.002 (-0.028, 0.032)

Supplementary Table S2: Overall and yearly incremental treatment effect estimates for the clinically significant bleeding endpoint. Estimates 
are from regression-based modelling approaches assuming PH (Cox, Weibull and FPM PH) or allowing for TD treatment effects (FMP TD and 
pseudo-observations). 

HR (95% CI) RMST (95% CI) 

Cox PH Weibull PH FPM PH FPM PH FPM TD pseudo-observations 

Overall 1.38 (1.18, 1.62) 1.38 (1.18, 1.62) 1.38 (1.18, 1.62) -0.050 (-0.075, -0.026) -0.052 (-0.077, -0.027) -0.053 (-0.078, -0.028)

0-1 years 1.84 (1.25, 2.70) 1.84 (1.25, 2.70) 1.84 (1.25, 2.70) -0.002 (-0.003, -0.001) -0.001 (-0.003, -0.000) -0.001 (-0.003, -0.000)

0-2 years 1.56 (1.20, 2.04) 1.56 (1.20, 2.04) 1.56 (1.20, 2.04) -0.005 (-0.008, -0.002) -0.005 (-0.009, -0.002) -0.006 (-0.009, -0.002)

0-3 years 1.37 (1.12, 1.68) 1.37 (1.12, 1.68) 1.37 (1.12, 1.68) -0.008 (-0.014, -0.003) -0.011 (-0.017, -0.004) -0.011 (-0.017, -0.004)

0-4 years 1.41 (1.18, 1.69) 1.41 (1.18, 1.69) 1.41 (1.18, 1.69) -0.018 (-0.027, -0.008) -0.019 (-0.029, -0.009) -0.019 (-0.030, -0.009)

0-5 years 1.38 (1.17, 1.63) 1.38 (1.17, 1.63) 1.38 (1.17, 1.63) -0.027 (-0.040, -0.013) -0.029 (-0.043, -0.015) -0.029 (-0.044, -0.014)

0-6 years 1.38 (1.17, 1.62) 1.38 (1.17, 1.62) 1.38 (1.17, 1.62) -0.039 (-0.059, -0.020) -0.042 (-0.062, -0.021) -0.042 (-0.062, -0.021)
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Supplementary Table S3: Overall and yearly incremental treatment effect estimates for the major adverse cardiovascular endpoint. Estimates 
are from regression-based modelling approaches assuming PH (Cox, Weibull and FPM PH) or allowing for TD treatment effects (FMP TD and 
pseudo-observations). 

HR (95% CI) RMST (95% CI) 

Cox PH Weibull PH FPM PH FPM PH FPM TD pseudo-observations 

Overall 0.89 (0.77, 1.03) 0.89 (0.77, 1.03) 0.89 (0.77, 1.03)  0.021 (-0.005, 0.048)  0.021 (-0.005, 0.048)  0.020 (-0.008, 0.047) 

0-1 years 1.07 (0.76, 1.53) 1.07 (0.76, 1.53) 1.07 (0.76, 1.53) -0.000 (-0.001, 0.001) -0.001 (-0.002, 0.001) -0.000 (-0.002, 0.001)

0-2 years 0.86 (0.68, 1.09) 0.86 (0.68, 1.09) 0.86 (0.68, 1.09) 0.002 (-0.001, 0.005) 0.000 (-0.004, 0.004) 0.000 (-0.004, 0.004)

0-3 years 0.85 (0.70, 1.03) 0.85 (0.70, 1.03) 0.85 (0.70, 1.03) 0.005 (-0.001, 0.012) 0.003 (-0.004, 0.010) 0.004 (-0.003, 0.011)

0-4 years 0.87 (0.73, 1.03) 0.87 (0.73, 1.03) 0.87 (0.73, 1.03) 0.008 (-0.002, 0.018) 0.007 (-0.004, 0.018) 0.008 (-0.003, 0.019)

0-5 years 0.88 (0.75, 1.03) 0.88 (0.75, 1.03) 0.88 (0.75, 1.03) 0.012 (-0.002, 0.027) 0.011 (-0.004, 0.027) 0.012 (-0.004, 0.028)

0-6 years 0.88 (0.76, 1.03) 0.88 (0.76, 1.03) 0.88 (0.76, 1.03) 0.017 (-0.003, 0.037) 0.016 (-0.005, 0.037) 0.017 (-0.004, 0.038)

Supplementary Table S4: Overall and yearly incremental treatment effect estimates for the cancer incidence endpoint. Estimates are from 
regression-based modelling approaches assuming PH (Cox, Weibull and FPM PH) or allowing for TD treatment effects (FMP TD and pseudo-
observations). 

HR (95% CI) RMST (95% CI) 

Cox PH Weibull PH FPM PH FPM PH FPM TD pseudo-observations 

Overall 1.05 (0.95, 1.15) 1.05 (0.95, 1.15) 1.05 (0.95, 1.15) -0.020 (-0.061, 0.021) -0.018 (-0.061, 0.021) -0.019 (-0.061, 0.021)

0-1 years 0.99 (0.80, 1.22) 0.99 (0.80, 1.22) 0.99 (0.80, 1.22) 0.000 (-0.002, 0.002) 0.000 (-0.002, 0.002) 0.000 (-0.002, 0.002)

0-2 years 1.06 (0.91, 1.22) 1.06 (0.91, 1.22) 1.06 (0.91, 1.22) -0.002 (-0.007, 0.003) -0.001 (-0.007, 0.005) -0.001 (-0.007, 0.005)

0-3 years 1.03 (0.91, 1.15) 1.03 (0.91, 1.15) 1.03 (0.91, 1.15) -0.002 (-0.012, 0.008) -0.002 (-0.013, 0.009) -0.002 (-0.014, 0.009)

0-4 years 1.04 (0.94, 1.14) 1.04 (0.94, 1.14) 1.04 (0.94, 1.14) -0.006 (-0.022, 0.010) -0.005 (-0.022, 0.013) -0.005 (-0.023, 0.010)

0-5 years 1.04 (0.95, 1.15) 1.04 (0.95, 1.15) 1.04 (0.95, 1.15) -0.010 (-0.033, 0.013) -0.009 (-0.034, 0.017) -0.008 (-0.034, 0.017)

0-6 years 1.04 (0.94, 1.14) 1.04 (0.94, 1.14) 1.04 (0.94, 1.14) -0.013 (-0.045, 0.019) -0.012 (-0.045, 0.021) -0.014 (-0.048, 0.019)
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Supplementary Table S5: Overall and yearly incremental treatment effect estimates for the cancer mortality endpoint. Estimates are from 
regression-based modelling approaches assuming PH (Cox, Weibull and FPM PH) or allowing for TD treatment effects (FPM TD and pseudo-
observations). 

HR (95% CI) RMST (95% CI) 

Cox PH Weibull PH FPM PH FPM PH FPM TD pseudo-observations 

Overall 1.36 (1.13, 1.63) 1.36 (1.13, 1.63) 1.36 (1.13, 1.63) -0.032 (-0.052, 0.013) -0.029 (-0.048, 0.010) -0.029 (-0.049, 0.010)

0-1 years 0.90 (0.47, 1.73) 0.90 (0.47, 1.73) 0.90 (0.47, 1.73)  0.000 (-0.001,  0.001)  0.000 (-0.001,  0.001)  0.000 (-0.001,  0.001) 

0-2 years 1.04 (0.72, 1.50) 1.04 (0.72, 1.50) 1.04 (0.72, 1.50) -0.000 (-0.002,  0.002)  0.000 (-0.002,  0.002)  0.000 (-0.002,  0.002) 

0-3 years 1.06 (0.82, 1.38) 1.06 (0.82, 1.38) 1.06 (0.82, 1.38) -0.001 (-0.004,  0.003) -0.000 (-0.004,  0.004) -0.000 (-0.005,  0.004)

0-4 years 1.20 (0.96, 1.50) 1.20 (0.96, 1.50) 1.20 (0.96, 1.50) -0.005 (-0.011,  0.001) -0.002 (-0.009,  0.005) -0.002 (-0.009,  0.005)

0-5 years 1.27 (1.04, 1.55) 1.27 (1.04, 1.55) 1.27 (1.04, 1.55) -0.012 (-0.022, -0.002) -0.007 (-0.018,  0.003) -0.007 (-0.018,  0.003)

0-6 years 1.36 (1.13, 1.64) 1.36 (1.13, 1.64) 1.36 (1.13, 1.64) -0.024 (-0.038, -0.009) -0.017 (-0.038, -0.003) -0.018 (-0.033, -0.003)
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SUPPLEMENTARY MATERIAL 

Complementing the Kaplan-Meier plot to enable assessment of treatment effects consistent with proportional 
hazards 

Citation references for the 65 articles included in the Kaplan-Meier plot recommendations review: 
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SUPPLEMENTARY MATERIAL 

Complementing the Kaplan-Meier plot to enable assessment of treatment effects consistent with 
proportional hazards 

 

 

Supplementary Figure 1: RT01 Trial showing good proportionality, clear separation between arms of 
trial 
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Supplementary Figure 2: Head and neck cancer trial showing good proportionality and treatment effect 
difference in the presence of some overlap of survival curve 95% CIs 
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Supplementary Figure 3: Prostate cancer trial showing good proportionality and treatment effect 
difference in the presence of clear overlap of survival curve 95% CIs 
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Supplementary Figure 4: Ovarian cancer trial showing clear non-proportionality of treatment effect 
difference 
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Supplementary Figure 5: Cardiovascular events trial showing minor non-proportionality of treatment 
effect difference, increasing benefit 
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Supplementary Figure 6: The ICON7 trial with two alternative treatment effect measures provided in 
the original report, the difference in restricted mean survival time (∆RMST) and the difference in 
survival curves (∆S(t)) at 12 months. The reported point estimate of treatment effect time is indicated 
by the black dashed line extending upwards from the x-axis. 
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SUPPLEMENTARY MATERIAL 

Complementing the Kaplan-Meier plot to enable assessment of treatment effects consistent with proportional 

hazards 

Stata code to create a Kaplan-Meier graph and complementary HR(t) plot for a trial with a treatment group and a 

comparison group. 

Uses portions of the Stata code provided at https://github.com/tpmorris/kmunicate  from the KMunicate paper. 

Morris, T. P., Jarvis, C. I., Cragg, W., Phillips, P. P. J., Choodari-Oskooei, B., & Sydes, M. R. (2019). Proposals on 

Kaplan–Meier plots in medical research and a survey of stakeholder views: KMunicate. BMJ Open, 9(9), e030215. 

doi:10.1136/bmjopen-2019-030215 

/*Graphical presentation paper 

Figure 4 – (left) non proportional hazards ICON7 

RECOMMENDED PRESENTATIONS 

Dataset (trial_data.dta) contains trial data and estimated baseline and treatment group 

survival curves with associated 95% CIs from  

• Kaplan-Meier survival curves: skm0,skmlb0,skmub0,skm1,skmlb1,skmub1

• FPM TD model baseline hazard has 4df, time-depenendent trt effect with 2df

(stpm2 trt, scale(hazard) df(4) tvc(trt) dftvc(2))

o hrrptd, hrrptd_lci, hrrptd_uci

See Tim Morris KMunicate paper for extended risk table code 

*/ 

version 15.1 

capture log close 

clear 

use trial_data.dta, clear 

*get estimate of centile times

centile _t if _d==1, centile(2.5(2.5)10 20(10)100) 

*recode to match "opt" groups as 1 and 2

recode trt (0=1) (1=2), gen(trt2) 

* First create row labels for risk table (need to modify according to # groups -

clunky) 

local times 0(6)30 // times at which you want to summarise 

local groups 1 2 // labels for groups 

forval j = `times' { 

foreach i of local groups { 

quietly count if trt2==`i' & _t >= `j' 

local risk_`i'_`j' = r(N) 

quietly count if trt2==`i' & _t < `j' & !_d 

local cens_`i'_`j' = r(N) 

quietly count if trt2==`i' & _t < `j' & _d 

local ev_`i'_`j' = r(N) 

} 

local opt `opt' `j' `"  " " "`risk_1_`j''" "`cens_1_`j''" "`ev_1_`j''" " " 

"`risk_2_`j''" "`cens_2_`j''" "`ev_2_`j''" "' 

} 

di "`opt'" 

quietly { 
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stcox trt 

mat cox = r(table) 

mat list cox 

local c_hr  = round(cox[1,1],0.01) 

local c_p   = round(cox[4,1],0.01) 

local c_lb  = round(cox[5,1],0.01) 

local c_ub  = round(cox[6,1],0.01) 

noisily di "HR=" %03.2f `c_hr' ", 95%CI " %03.2f `c_lb' ","  %03.2f `c_ub' " 

p="  %03.2f `c_p'  

} 

*HR=0.83, 95%CI 0.72,0.96 p=0.01

*control (blue) and treatment (red) group colors

local con_color_area "`"blue*1%20"'" 

local trt_color_area "`"red*1%20"'" 

local con_color_line "`"blue*1%100"'" 

local trt_color_line "`"red*1%100"'" 

local trteff_color_area "`"purple*1%10"'" 

local trteff_color_line "`"purple*1%100"'" 

*reference and model line types

local con_pattern "dash" 

local trt_pattern "solid" 

local alook_con "sort fc(`con_color_area') lc(white%10)" 

local alook_trt "sort fc(`trt_color_area') lc(white%10)" 

local alook_trteff "sort pstyle(ci) fc(`trteff_color_area') lc(white%10)" 

local llook_con_gp "sort lc(`con_color_line') lp(`con_pattern') lw(thick) c(stepstair)" 

local llook_trt_gp "sort lc(`trt_color_line') lp(`trt_pattern') lw(thick) c(stepstair)" 

local llook_trteff "sort lc(`trteff_color_line') lp(`trteff_pattern') lw(thick)"  

local ylabelopts "angle(horizontal) grid labsize(medium)" 

local xlabelopts "labsize(medlarge)" 

local xscale_opts "lwidth(medthick)" 

local yscale_opts "lwidth(medthick)" 

local ind_gr_size "ysize(4) xsize(4)" 

local fy_val "30" 

local comb_gr_size "ysize(8) xsize(6)" 

*S(t)

*text sizes are too big for individual graphs but work when combined into a panel

tw rarea skmub0 skmlb0 _t, `alook_con' /// 

|| rarea skmub1 skmlb1 _t, `alook_trt'  /// 

|| line skm0 _t,  `llook_con_gp' /// 

|| line skm1 _t,  `llook_trt_gp' /// 

xaxis(1 2 3)  /// 

ytitle("Survival proportion", size(medsmall) )  /// 

ylabel(0.0(0.2)1.0, format(%3.1f) `ylabelopts' ) /// 

yscale(range(0 1.0) `yscale_opts' )  /// 

xtitle("", size(medsmall) axis(1))  /// 

xtitle("", axis(2))  /// 

xtitle("", axis(3))  /// 

xscale(range(0 30) `xscale_opts' axis(1) )  /// 

xscale(range(0 30) lstyle(none) axis(2) )  /// 

xscale(range(0 30) lstyle(none) axis(3) )  /// 

xlabel(0(6)30, `xlabel_opts' axis(1))  /// 

xlabel(0(6)30, nolabels axis(3))  /// 
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xlabel(-2.2 `" "{bf:Chemo}" "At-risk" "Censored" "Event" "{bf:Chemo+mAb}" "At-risk" 

"Censored" "Event" "' `opt', notick custom norescale labsize(medsmall) axis(2) 

labjustification(right)) /// 

legend( label(3 "Chemo") label(4 "Chemo + mAB") /// 

order(3 4) /// 

position(7) ring(0) cols(1)  /// 

region(lstyle(none) ) symxsize(*0.45)  ) /// 

plotregion( color(white) fcolor(white) margin(small) )  /// 

graphregion(color(white) fcolor(white) margin(l+10 b-8)) /// 

ysize(4) xsize(4)  /// 

name(km_plot, replace) draw 

*text sizes are too big for individual graphs but work when combined into a panel

*hazard ratio over time

local st 0 /* left truncate at 5th centile if needed */

tw rarea hrrptd_uci hrrptd_lci _t if _t>`st', `alook_trteff' /// 

|| line hrrptd _t if _t>`st', `llook_trteff' /// 

text(0.25 3 "Average HR=0.83, 95%CI 0.72,0.96" "p=0.01", size(medlarge) placement(se) 

margin(zero)) /// 

ytitle("Hazard Ratio", size(medsmall) ) /// 

ylabel(0.2 0.5 1 2 8, format(%3.1f) `ylabelopts')  /// 

yscale(range(0.05 10) log  `yscale_opts' )  /// 

yline(1, lpattern(dash) lwidth(medthick) lcolor(black))  /// 

yline(`c_hr', lpattern(solid) lwidth(thick) lcolor(gs4%60))  /// 

yline(`c_lb', lpattern(shortdash) lwidth(thick) lcolor(gs4%60)) /// 

yline(`c_ub', lpattern(shortdash) lwidth(thick) lcolor(gs4%60)) /// 

xtitle("Time since randomisation (months)")  /// 

xlabel(0(6)30, `xlabelopts')  /// 

xscale(range(0 30)  `xscale_opts'  )  /// 

fysize(`fy_val')  /// 

legend(off)  /// 

plotregion( color(white) fcolor(white) margin(small) )  /// 

graphregion(color(white) fcolor(white) margin(l+10 ))  /// 

`ind_gr_size' /// 

name(hrt_plot, replace) draw 

graph combine km_plot hrt_plot, cols(1) colfirst  /// 

graphregion(color(white) fcolor(white) margin(tiny)) /// 

`comb_gr_size’ nocopies iscale(*1) 

exit 
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