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Abstract

Background: Non-proportional hazards are common with time-to-event data but the majority of randomised
clinical trials (RCTs) are designed and analysed using approaches which assume the treatment effect follows
proportional hazards (PH). Recent advances in oncology treatments have identified two forms of non-PH of
particular importance - a time lag until treatment becomes effective, and an early effect of treatment that ceases
after a period of time. In sample size calculations for treatment effects on time-to-event outcomes where
information is based on the number of events rather than the number of participants, there is crucial importance in
correct specification of the baseline hazard rate amongst other considerations. Under PH, the shape of the baseline
hazard has no effect on the resultant power and magnitude of 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.

Methods: A simulation study was undertaken to assess the impact of clinically plausible non-constant baseline hazard
rates on the power, magnitude and coverage of commonly utilized regression-based measures of treatment effect and
tests of survival curve difference for these two forms of non-PH used in RCTs with time-to-event outcomes.

Results: In the presence of even mild departures from PH, the power, average treatment effect size and coverage were
adversely affected. Depending on the nature of the non-proportionality, non-constant event rates could further
exacerbate or somewhat ameliorate the losses in power, treatment effect magnitude and coverage observed. No
single summary measure of treatment effect was able to adequately describe the full extent of a potentially time-
limited treatment benefit whilst maintaining power at nominal levels.

Conclusions: Our results show the increased importance of considering plausible potentially non-constant event rates
when non-proportionality of treatment effects could be anticipated. In planning clinical trials with the potential for
non-PH, even modest departures from an assumed constant baseline hazard could appreciably impact the power to
detect treatment effects depending on the nature of the non-PH. Comprehensive analysis plans may be required to
accommodate the description of time-dependent treatment effects.

Keywords: Non-proportionality, Non-constant hazards, Flexible parametric models, Weighted logrank tests, Restricted
mean survival time
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Background
Randomised clinical trials (RCTs) have an overarching
objective to understand if a new treatment is effective
compared to existing treatments. RCTs with time-to-
event outcomes can examine when, and for how long,
the treatment exhibits an effect. Nevertheless, the vast
majority of RCTs with time-to-event outcomes are ana-
lysed using methods that are maximally powerful under
an assumption of proportional hazards, implying time-
independent or ‘fixed’ magnitude treatment effects. The
main analytical approaches currently reported in major
medical journals can be broadly categorised as tests of
equal survival functions which provide a p-value for in-
ference only, or modelling approaches which provide an
estimate of treatment effect along with a p-value for in-
ference [1–5]. When designing trials, as well as the as-
sumption of time-independent treatment effects, there is
often an explicit or implicit assumption of constant
event rates – constant baseline hazards - used to deter-
mine the number of events required and hence the num-
ber of patients that need to be recruited for the trial to
have the desired power in the sample size calculations
methods employed [4, 6].
Paradigm shifts in oncology treatments over the past

two decades provides motivation for assessing the effect
of non-proportionality on analytical methods for time-
to-event outcomes [7]. Two broad classes of time-
dependent treatment effects, early effect that attenuates
and lag to effect, have emerged as there has been a shift
to biomolecular-targeted and immunotherapy-based
treatments implemented either alone or as an adjunct to
surgical and chemotherapy-based approaches. Many of
the first wave of biomolecular-based anticancer agents
were observed to improve patient survival initially but
have limited long-term survival benefit due to acquired
biological resistance to, or accumulated toxicities from
the treatment. This is an example of an early treatment
effectiveness which attenuates or becomes harmful over
time. A subsequent wave of immunotherapy-based
treatments act to stimulate the patient’s own immune
system to kill cancerous cells. This circumvents the
problems observed with toxicity and resistance to the
biological-based agents. However, this mechanism of
action via immune system activation is typically asso-
ciated with a delay of varying months’ duration until
any treatment effect may be observed, an example of
a lag until treatment effectiveness. Recent reappraisals
using reconstructed data of published phase III
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 [5, 8].

The two most popular analysis approaches for com-
paring survival curves in different treatment groups are
the logrank (LR) test used to evaluate the null hypothesis
of identical survival functions, and the Cox PH model to
obtain an estimate of the treatment effect as a summary
hazard ratio (HR). Under PH, these two approaches are
known to be maximally powerful and provide an
asymptotically equivalent test of significance. When
non-proportionality exists, the LR test can lose power to
detect survival curve differences with the magnitude of
the loss dependent on the configuration of the non-
proportionality. Extensions to the LR test have been pro-
posed which maintain power under different anticipated
scenarios of non-proportionality. These include the
Fleming-Harrington (FH) family of weighted LR test sta-
tistics which can be differentially weighted to emphasise
events that occur earlier, in the middle, or later over the
survival time horizon of interest [9]. Other weighting
approaches exist that use more flexible data-driven
procedures to specify weight functions that maintain
power, such as Yang and Prentice’s adaptive model [10]
or Magirr and Burman’s modestly weighted LR test for
delayed-onset non-proportionality [11]. Weighted LR
tests can be criticised because they treat some events as
more important than others and that there is not neces-
sarily an accompanying estimate of treatment effect
available for clinical interpretation. An alternative
approach to testing for a generalised treatment effect
is to use the combined results of multiple significance
tests appropriately standardised to maintain the null
distribution. Examples of these combined tests include
using the minimum of the Cox PH model p-value
and a permutation test based on the restricted mean
survival time [12] or selecting the minimum of the
three p-values from the FH family weighted LR tests
under equal, early effect and lag to effect weighting
scenarios [13].
When the assumption of proportionality of the treat-

ment effect is met, the summary HR from a Cox PH
model is a suitable parameter to provide a clinically
meaningful measure of the relative difference between
two survival curves. When not met, the clinical inter-
pretation of a single summary measure such as the HR
is not clear. When the underlying HR varies over time,
assuming that there are a series of periods in which the
PH assumption holds, then the magnitude of the sum-
mary HR can be interpreted as a weighted average of the
sum of the proportion of events and estimated HR in
each of the periods. These weights depend on the event
rates, accrual distribution and the dropout pattern, and
these dependencies could result in different parameter
estimates in different trials, even with identical survival
curves, thus removing the integrity of the summary HR
as a meaningful measure of overall treatment effect.
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An alternative estimand of treatment effect for time-
to-event outcomes that does not rely on the PH assump-
tion is the restricted mean survival time (RMST) [14].
The RMST is the mean duration of survival for the trial
population up to a given time point (often designated t∗).
Recent research on the use of the RMST to estimate
treatment effects as an adjunct estimand to the HR has
shown agreement in terms of statistical significance of
the treatment effect under PH [14–16]. Since the choice
of estimand and analytical method needs to be pre-
specified in a clinical trial, to avoid any bias from select-
ive reporting, a summary HR from a Cox model is often
stipulated as the primary analysis because at that point
in time there may be an absence of meaningful data
from which to justify the treatment effect as a time-
varying quantity. However, it has been recommended
that the difference in RMST, or the ratio of RMST, be
reported complementary to, or as the primary outcome
measure in trials whether or not non-proportionality of
the treatment effect could be anticipated [17, 18]. As
well as not relying on a PH assumption, the RMST also
has desirable properties for (i) interpretability in that it
can be expressed in both relative and absolute measures
and the chosen metric is time, not risk, and (ii) perform-
ance since it is a summary measure that captures the
temporal profile of all events up to the cut off time t∗.
When conducting clinical trials, in order for a single

test of RMST difference to be valid, the selected time
point of interest t∗ must be pre-specified at the design
stage. Choices of t∗ relatively late in the follow up confer
power similar to that observed with the Cox PH model.
Depending on the patterns of non-PH, other choices of
t∗ may considerably increase the power to detect a differ-
ence. Royston and Parmar have also developed a gener-
alised test of treatment effect, which tests the RMST
difference at several prespecified values of t∗ during the
follow-up, taking the smallest p-value as the basis for the
test after adjusting for multiple testing [12]. By combin-
ing this p-value and the p-value from the Cox PH model,
an overall p-value for the combined test (designated
pCT) can be derived and has the correct distribution
under the null hypothesis of equal survival curves.
Accelerated failure time (AFT) models [19–21] also

model the treatment effect on a time-based rather than
a hazard-based metric, enabling potentially more
intuitive clinical understanding. These models include a
survival model based on the Weibull distribution which
has both PH and AFT interpretations depending on the
parameterisation selected, thus acting as a conduit
model for investigating treatment effects in both risk-
based and time-based metrics.
A further consideration, as yet unexamined in the

comparisons of the performance of analysis methods, is
the shape of the hazard in the baseline treatment group.

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 underes-
timated [22] or that there were large discrepancies
between the assumed parameters and the estimated ones
from observed data [23]. Sample size calculations assum-
ing constant, or at the most, piecewise constant event
rates were applied even when prior information on the
shape of the underlying event rate was available [6].
The Cox model makes no assumption about this shape

whereas parametric modelling approaches, including
fractional polynomials [24] or splines [25] model the
underlying shape of the baseline hazard function. If the
PH assumption holds, the time when the events occur
does not influence the magnitude, coverage, power or
type I error rate of the HR estimate. However, in the
presence of a time-dependent effect of treatment, the
summary HR provides an ‘average’ effect with the aver-
aging being weighted by the number of events and the
timing of their occurrence. While it is reasonably intui-
tive [14] to infer that the shape of the hazard function in
the control group will impact on the extent to which a
HR from a Cox PH model is a misleading summary of
time-dependent effects of treatment, there is limited
work that has quantified this phenomenon nor explored
general properties of the Cox PH model HR estimand
when the model is mis-specified in this way. The proper-
ties of other analytical approaches that estimate effects
of treatment have also not been examined in this
context.
This paper evaluates the impact of a non-constant

event rate on the suitability of three measures of treat-
ment effect - the HR, the difference in RMST (Δ RMST),
and an acceleration factor expressed as a time ratio (TR)
under scenarios where PH do not hold. Suitability of the
treatment effect estimates will be assessed in terms of
their estimated magnitude, coverage and power bench-
marked to that assumed at the design phase of the trial.
The properties of three modelling approaches will be
examined, the semiparametric Cox PH model, the
Royston-Parmar (RP) models utilising flexible restricted
cubic splines and parametric models assuming the
exponential or Weibull distributions. A landmark (LM)
approach to the parametric modelling that allow for
multiple estimates of time period-specific or conditional
treatment effects will also be undertaken. Additionally,
the impact of non-constant event rates on the power of
commonly pre-specified analytical approaches that
provide a test of equal survival curve significance but
not an estimate of treatment effect will be assessed.
These approaches include using the p-values obtained
from the Cox PH model, the LR test, weighted LR tests
and omnibus extensions to the weighted LR test and the
combination test based on the RMST.
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The structure of the article is as follows. In the
Methods section we describe the aims of the simulation
study, the data-generating models used for the different
non-PH scenarios, the estimands of treatment effect and
tests of equal survival functions to be compared and the
measures used to assess the performance of the analysis
methods. In the Results section, we report the results of
the findings of the simulations. We end with a Discussion
and some recommendations and conclusions.

Methods
We aimed to assess the effect of non-constant event
rates on the suitability of the estimates from three mea-
sures of treatment effect, the HR, the time ratio (TR)
and the Δ RMST, and on the performance of tests of
equal survival function under PH and two non-PH
scenarios. Our motivation came from phase II and III
clinical trials of immunotherapies for late stage cancers
[5, 8]. In the absence of treatment, most participants
were likely to experience the event of interest within the
study’s proposed follow-up time of 50 months. We based
the simulation on a generic two-group trial to detect a
33% reduction in the hazard rate underlying
progression-free survival with 80% power and a

significance level 0.05. Assuming a constant – or equiva-
lently proportional - event rate and PH, a sample size
calculation based on the LR test with HR = 0.67, (log
(HR) = − 0.4) would require 202 events to be observed
[26]. Characteristics of the Design model used in the
simulations are detailed in Table 1, along with the Data-
Generating models (DGMs) for the simulation and
Analysis models that could be chosen for pre-
specification in a trial protocol.

Data-generating processes for simulation scenarios
Using a Weibull data-generation model, three different
event rate scenarios were considered by selecting a scale
parameter λ and a shape parameter γ such that there
was a near zero probability of survival by the end of an
administratively imposed time in each scenario. For the
constant event rate scenario, we determined the value
for the scale factor (λc) that would result in less than
0.7% chance of survival in the absence of treatment ef-
fect under a constant event rate (γc = 1; ie the exponen-
tial distribution) within the specified trial time frame
(t = 50 months). In the second and third scenarios,
clinically plausible values of the shape parameter were
selected to provide modest decreasing (γd = 0.9) and

Table 1 Characteristics of the Design model, the Data-Generating models and the Analysis models

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
a

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
b

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

ΔRMST from all events in t

RP time-dependent (RP (TD)) ln (Hi(t)) = s (ln(t)|γs,k0) + s
(ln(t))XTRT + βXTRT

ΔRMST from all events in t

Accelerated Failure Time
(AFT)

ln (ti) = βXTRT + εi Average TR from all events in t

aPre-specified tLM = 3 for lag until effect non-PH, tLM = 10 for early effect ceasing non-PH
bPre-specified tPE = 3 for lag until effect non-PH, not reported for early effect ceasing non-PH
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increasing (γi = 1.1) event rate scenarios. For these latter
scenarios, we determined the scale parameter that would
result in the same survival probability by the end of
follow up (t = 50), and hence observation of the same
number of events in the absence of treatment, as under
the constant event rate (see Table 1). This enabled us to
assess the effects of non-constant event rates on the differ-
ent analytical approaches with the same total number of
events in each scenario with only the timing of the events
differing due to the selected shape of the baseline hazards.
We selected modest values of the shape parameter to
assess the impact of non-constant event rates in cir-
cumstances where an assumption of constant event
rates at the design stage of the trial would have been
considered appropriate. Use of more extreme values
of the shape parameter may have resulted in far
more impactful effects on simulation performance
measures, but would not have been reflective of
typical experiences with clinical trials. The baseline
hazard, cumulative hazard and survival functions for
the three event rate scenarios for the control and
treatment groups are shown in Fig. 1.
Event times were simulated using the survsim com-

mand in Stata [27]. A binary covariate for treatment
group status (Xtrt) was simulated from a Bernoulli ran-
dom variable with probability p = 0.5 to mimic 1:1 ran-
domisation. Non-proportional hazards were introduced
by dividing the analysis time into two periods with a
change point at tlag or tearly depending on the non-PH
scenario. The baseline hazard in the control group was
either a decreasing, constant or increasing continuous
event rate the same as depicted in Fig. 1A. For simula-
tions investigating a lag until treatment effect, the hazard
in the treatment group during the first period prior to

tlag was the same as in the control group, ie there was
no effect of treatment (β = 0). After tlag the hazard in the
treatment group had the anticipated beneficial design ef-
fect (β = − 0.4). The lag period lengths investigated were
tlag = 0, 1, 3 and 10 months within the maximum follow-
up time t = 50, with the setting tlag = 0 representing PH.
The three lag durations were selected to enable us to in-
vestigate a range of power values and treatment effect
magnitudes from the stipulated design values to nearly
null values, with the maximum delayed effect of 20% of
study duration the longest lag time likely to be encoun-
tered in practice. The hazard, cumulative hazard and
survival functions for the PH and increasing lag until ef-
fect times for the control and treatment groups under
the decreasing, constant and increasing event rate sce-
narios are shown in Fig. 2.
Simulations were also performed for the scenario of a

treatment that is effective for an initial period then
ceases. The period prior to tearly was the period in which
the treatment had the anticipated design effect (β = −
0.4), and the period after tearly was when there was no ef-
fect of treatment (β = 0). The early effect period lengths
investigated were tearly = 3, 10, 20 and 50 months, with
the setting tearly = 50 representing PH. Again, these early
effect durations were selected to cover power values and
treatment effect magnitudes from nearly null to the
nominal design values. The DGM section of Table 1 de-
tails the simulation characteristics for survival data for
three different baseline hazard functions under PH and
two different non-PH scenarios. Supplementary Figure
S1 presents the hazard, cumulative hazard and survival
functions for the PH and early effect that ceases non-PH
scenarios for the decreasing, constant and increasing
event rates in Additional file 1.

Fig. 1 Three event rate scenarios depicted on the hazard scale, cumulative hazard and survival curves. Lines depict baseline hazards – or
instantaneous risk of event occurrence in the control group over time – under the three scenarios used for data generation. Decreasing, constant
and increasing event rate scenarios are indicated by the green, purple and blue lines respectively. By design, the survival proportion will be the
same at t = 50 under all three event rates
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Fig. 2 Hazard functions, cumulative hazard curves and survival curves for lag until effect non-PH scenario. Lag period lengths investigated were
tlag = 0, 1, 3 and 10 months within the maximum follow-up time t = 50, with the setting tlag = 0 representing PH. The lag period instantaneous
change point times from control group hazard to treatment group hazard are indicated by the vertical gray lines. Decreasing times for treatment
effectiveness as a result of increasing lag times are indicated by the decreased shading of the dashed lines used for the treatment group.
Decresing, constant and increasing event rate scenarios are indicated by the green, purple and blue lines respectively
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Estimands of treatment effect
The estimands of treatment effect in the simulation
study were the hazard ratio, the time ratio and the dif-
ference in restricted mean survival time.

Hazard ratio (HR)
The HR is obtained by comparing the instantaneous
event rates in the treatment group (Xtrt = 1) to the con-
trol group (Xtrt = 0). For the Weibull data generation
model, the effect of treatment is measured as

HR ¼ exp β0 þ β1
� �

γtγ−1

exp β0
� �

γtγ−1
¼ exp β1ð Þ

where β1 is the co-efficient of the covariate for treatment
group status. In the simulation study comparing differ-
ent modelling approaches, summary estimates of HR
were obtained by fitting a Cox PH model, a piecewise
exponential (PE) regression model and a Royston-
Parmar model [28] under the assumption of PH (time-
fixed treatment effects). Time-period specific estimates
of HR, either conditional on being event-free at a pre-
specified landmark time point, or from allowing an
interaction with a discrete-period time point indicator in
the PE model were also measured.

Difference in restricted mean survival time (Δ RMST)
The RMST μ of a time-to-event random variable T is
the mean of min (T, t∗) where the cut off time t∗ is
greater than zero. RMST can be derived as the area
under the survival curve S(t) = P(T > t) from t = 0 to t =
t∗. In a randomised two-group trial with survival func-
tions SXT ðtÞ and SXC ðtÞ for the treatment group and the
control group respectively, the difference in RMST
between groups can be calculated as

ΔRMST ¼
Z t�

0
SXT tð Þ−SXC tð Þ½ � dt

In the simulation study an estimate of the Δ RMST
was obtained by fitting a RP model under the assump-
tion of PH (RP (PH): time-fixed treatment effects) or
allowing for non-PH (RP (TD): time-dependent treat-
ment effects). The Δ RMST with t∗ taken to be the last
uncensored observed event time was obtained by pre-
dicting the log cumulative hazard functions for the treat-
ment and the control groups over a grid of time values,
transforming into the survival functions and integrating
over (0, t∗). Standard errors were estimated using the
delta method [29]. By using the last uncensored ob-
served event time, the same events were used for the
estimation of Δ RMST as were used for the estimates
of HR and TR.

Time ratio (TR)
The TR is an estimand of treatment effect that arises
from direct comparison of the time that elapses until ex-
periencing the outcome event, and for the Weibull data
generation model used

TR ¼ − ln S tð Þð Þ1γ exp β0 þ β1
� �

− ln S tð Þð Þ1γ exp β0
� �

 !
¼ exp β1ð Þ

In the PH parameterisation of a Weibull regression
model, the effect of a covariate is multiplicative by a fac-
tor of exp(β). In an AFT parameterisation, the effect of a
covariate is to accelerate time by a factor of exp(β)
where the relationship between the coefficients in the
two parameterisations is βPH = − βAFT × γ.

Methods to assess treatment effect
Cox proportional hazards (PH) model
In the Cox PH model the hazard rate for the ith individ-
ual is hi(t) = h0(t) exp(Xiβ) with regression coefficients β
to be estimated and h0(t) denoting the baseline hazard
function or event rate [30]. The estimate of treatment ef-
fect from the Cox model is obtained by comparing the
hazard in the treatment group to the hazard in the con-
trol group to obtain the HR. If non-proportional hazards
are anticipated, landmark analyses can be obtained by
undertaking a Cox analysis conditional on individuals
being event free at the pre-specified LM time point tLM.
Events prior to tLM do not contribute to the estimation
of the LM HR.

Piecewise exponential (PE) regression
The simplest parametric proportional hazards model is
the exponential survival model which assumes that the
hazard rate is constant over the entire analysis time. To
accommodate a non-constant hazard, a useful extension
is the piecewise exponential model which allows the
time scale to be split into an arbitrary number of inter-
vals each of differing lengths, with a constant hazard rate
assumed within each interval. The PE model can be
written as hi(t) = λj exp(Xiβ) where hi(t) is the hazard rate
for the ith individual, λj is the baseline hazard rate for
the jth follow up interval, Xi is the vector of covariates
for the ith individual and β are log hazard-ratios to be es-
timated. The PE model provides a summary estimate of
the HR for the treatment effect for the entire analysis
time, or can be extended to provide period-specific esti-
mates of the (HRj) for the treatment effect by including
an indicator variable for each period with an interaction
with treatment effect.

Weibull accelerated failure time (AFT) model
An alternative parameterisation of the Weibull model
is the accelerated failure-time model which has the
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parameterisation ln(ti) = Xiβ + ϵi where ϵi has an ex-
treme value distribution. Under this parameterisation
for the Weibull distribution, the treatment effect is
estimated as a summary fixed effect TR in an equiva-
lent manner to the summary HR estimated under the
PH assumption.

Royston Parmar (RP) models
Royston-Parmar parametric models utilise restricted
cubic splines to estimate complex shape functions. The
models describe the baseline log cumulative hazard
function on the log timescale as a series of cubic spline
subfunctions joined at knots with a ‘restriction’ that the
first and last subfunctions beyond the boundary knots
are linear functions instead of cubic.
The RP PH model can be written as ln(H(t)) = s(ln(t)|

γs, k0) + Xiβ where s(ln(t)| γs, k0) is the restricted cubic
spline that is the function of the coefficients of the
spline-derived variables (γs) and the number of knots k0.
In the PH context, the RP model is a generalisation of
the Weibull distribution where the restricted cubic
spline function models the Weibull log cumulative haz-
ard function ln[H0(t)] = ln(λ) + γ ln(t) + Xiβ on the log
timescale. The HR and Δ RMST for treatment effect can
be estimated from this PH model. We assigned 5 degrees
of freedom (df) to the baseline distribution which should
provide for an adequately flexible fit to a wide variety of
survival curves [31]. The Δ RMST allowing for TD treat-
ment effects was estimated by including interactions be-
tween the treatment variable and additional spline
function in the RP model. We assigned 5 df to the
baseline distribution as in the PH model, and 2 df to the
TD treatment effect to account for possible non-PH.

Tests of equal survival functions
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 nom-
inal level. Few have become widely accepted as analytical
approaches for analysing trials. In this simulation we in-
cluded tests from two broad categories of test statistics -
weighted variants of the LR test designed to improve
power under particular non-PH patterns, and omnibus
global tests that combine results of several individual
tests of significance in an attempt to improve power
across a wider range of non-PH patterns. Tests from
these two broad categories were identified as the most
utilised in recent reviews of analysis methods used in
clinical trials with time-to-event outcomes [4, 5].
The classical LR test assesses the null hypothesis that

there is no difference between the survival curves of two
groups in the probability of an event at any time point
over the total survival time period under consideration.

The analysis is based on the sum of differences of the es-
timated hazard function at each observed event time
with an implicit equal weighting of one for all event
times. Fleming and Harrington proposed a family of
weighted tests, the extended FH (ρ, γ) tests with weight-

ing ½Ŝðt−Þ�ρ½1−Ŝðt−Þ�γ ; ρ; γ≥0 where Ŝðt−Þ is the Kaplan-
Meier estimate of the survival rate based on the pooled
data from the two treatment groups. When ρ = 0, γ = 0,
the FH (0, 0) corresponds to the LR test with equal
weights [32]. When ρ > γ, the test gives more weight to
earlier events than to later ones, and when ρ < γ more
weight is given to later events than to earlier ones. In
this simulation, the power of the FH tests FH (1, 0), FH
(1, 1) and FH (0, 1) weighting early, middle and latter
events respectively will be assessed.
The performance of two omnibus tests will be

compared in this simulation. The performance of the de-
fault form of the versatile test proposed by Karrison [13]
considers Zm =max(| Z1| , | Z2| , | Z3| ) where Z1, Z2 and
Z3 are Z statistics from the FH (0, 0), FH (1, 0) and FH
(0, 1) extended family respectively, and Zm ∼N3(μ, Σ) an
asymptotic, trivariate normal distribution with μ the vec-
tor of means and Σ the variance-covariance matrix. This
combination of Z statistics was selected to provide rela-
tively good coverage across the range of likely scenarios
encompassing PH, early and late treatment effect scenar-
ios. The second omnibus test which will be assessed in
this simulation, the combined test proposed by Royston
[12] utilises information from the Cox test and a permu-
tation test based on the maximal squared standardized Δ
RMST between treatment groups. The motivation for
the development of the combined test was to capitalise
on the optimal power of the Cox test when the assump-
tion of PH is met, and to provide some insurance should
non-PH be present.

Performance measures
In this simulation study we are interested in assessing
the impact of non-constant event rates under two non-
PH scenarios on the estimated treatment effect from a
range of analysis models. Under PH, the three data-
generating models would all result in the same number
of events occurring within the specified follow up time.
We compared the performance of estimators from an
analysis model against the design model knowing that
the design model would not necessarily accord with the
data-generating model. Discussion of performance mea-
sures is in relation to design model using the parameters
from the design stage of the trial. This point will be fur-
ther explained in the context of specific performance
measures below.
Power, the first performance measure, was obtained as

the proportion of simulations where the p-value was less
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than the nominal significance level α. The anticipated
power specified at the design stage was 80%. The sec-
ond performance measure was the scaled treatment ef-
fect (STE). The mean treatment effect for each
simulation scenario was scaled so that a value of 100%
corresponded to the full design-stipulated treatment
effect, and a value of 0% would be the anticipated
magnitude in the absence of any treatment effect. The

scaling was calculated as ð1−mean½cHR�Þ=ð1−HRdesignÞ
�100 for the HR estimands, as ðmean½cTR�−1Þ=ðTRdesign

−1Þ � 100 for the TR estimand, and as ðmean½ dΔRMST�Þ
=ΔRMSTdesign � 100 for the Δ RMST with the
ΔRMSTdesign value obtained empirically from a large
N = 250,000 simulation of the design setting. This
scaling of treatment effect utilizing the exponentiated
measures as reported was designed to allow direct in-
tuitive comparison of the impact of the different simu-
lation scenarios on the magnitude of the three different
estimands even though they are a mix of relative and
absolute measures, and the beneficial treatment effect
can be a value less than 1 (HR) or a value greater than
1 (TR and ΔRMST). The final measure, coverage was
calculated as the proportion of simulations in which
the 100 × (1 − α)% confidence interval around analysis

model β̂ included the anticipated β from the design
model. This allowed assessment of whether the empir-
ical coverage rate approached the desired rate. The
anticipated coverage specified at the design stage was
95%.

Number of simulations
We generated 2000 simulated datasets for each scenario.
The Monte Carlo standard errors (MCSEs) for coverage
and power are maximized when either 50% power or
50% coverage is observed. In this worst-case scenario,
the MCSE for the simulation would be 1.1%. Should
coverage and power be optimal at 95 and 80% respect-
ively as implemented under the design scenario, the
expected MCSEs would be correspondingly less than 0.5
and 0.9% which we deemed to be acceptable.

Results
Type I error
Prior to comparing performance measures such as
power for scenarios with a known treatment effect, it is
important to assess that analytical approaches are
controlling the Type I error level at the same or similar
nominal value when there is truly no effect. We com-
pared that empirical Type I errors were maintained
reasonably well and similar to other simulation
studies [33, 34]. Additional detail of the Type I error
assessment is presented in Additional file 1.

Lag until treatment effect
Power of regression model approaches
Figure 3 presents the simulation results investigating the
effect of lag times for eight different modelling ap-
proaches to estimating the HR, Δ RMST and TR. For an
indication of data maturity, the average number of
events for the constant event rate during the no effect
period was 10, 26 and 65% of the total number of events
observed for the lag times of 1, 3 and 10 months re-
spectively. For the decreasing hazard event rate, the
average number of events during the no-effect period
were 14, 34 and 71%, and for the increasing hazard event
rate, the average number of events during the no-effect
period were 7, 21 and 60% of the total number of events
observed for the lag times of 1, 3 and 10 months re-
spectively. A summary of event numbers during the
inactive and active phases of treatment effect under
this non-PH scenario is presented in Supplementary
Table S2 in Additional file 1.
In the top panel of Fig. 3 for the first scenario with no

lag to effect (tlag = 0, the PH scenario), we observed
power very close to the design model value of 80% for
all estimates of treatment effect. There was lower power
for the two period-specific power estimates (PE2 and
LM) resulting from the smaller number of events used
in the estimation of HR after the prespecified cut points
of tPE and tLM were applied. For all methods, there was
an appreciable loss of power in these non-PH scenarios.
This loss of power was present even when tlag = 1 with
greater loss of power observed with increasing lag times.
The impact of non-constant event rates in the pres-

ence of non-PH can also be clearly observed, with the
difference in power most differentiated when tlag = 3.In
general, an increasing event rate slightly attenuated the
loss of power as a result of fewer events occurring dur-
ing the lag period, relative to the number of events ob-
served under a constant event rate. Conversely, the
losses in power observed under a decreasing event rate
in the presence of a lag until effect were magnified as a
result of more events occurring during the period where
the treatment had no effect. This pattern of relative
power loss with non-constant event rates was observed
for the HR, TR and Δ RMST.

Scaled treatment effects (STE) estimates of regression model
approaches
The middle panel of Fig. 3 presents the STE results. In
the scenario of no lag until treatment effect (tlag = 0) es-
timates close to the design model values are observed
except for the HR from the PE2 model and the TR from
the AFT model. For these two estimators, an increasing
event rate resulted in a lower STE under PH whilst a de-
creasing event rate resulted in a higher STE. The pres-
ence of any lag period resulted in STE of decreased
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average magnitude as there were less events occur-
ring during the period where the treatment was
effective. Compared to a constant event rate, an in-
creasing event rate was able to partially ameliorate
this decrease in STE whilst a decreasing event rate
compounded the decrease.

Coverage of regression model approaches
In the bottom panel of Fig. 3, coverage of the estimators
for the treatment effect used in the design model is pre-
sented. Under PH, we observed coverage at, or very
close to, the design model value of 95%. In the presence
of a lag until treatment effect, there was a consistent de-
crease in the observed coverage with increasing lag for
all methods. The presence of non-constant event rates
has less impact on this performance measure. The sum-
mary estimates for bias, coverage and power with the
Monte Carlo standard errors (MCSEs) for simulations in
the presence of a lag until treatment for the decreasing,

constant and increasing baseline hazards are presented
in Supplementary Tables S3, S4 and S5 respectively in
Additional file 1.

Power of the tests of equal survival curves
Figure 4 presents the results for seven tests of equal
survival functions compared in the simulation. The
power of the z-test for the treatment effect from the
Cox model is included in the panel as a comparator.
Results are broadly similar to that observed for the
modelling approaches. In the scenario equivalent to
PH, the LR, Cox, versatile and combination tests
achieved power values close to the design model
value of 80%. The power dropped swiftly with in-
creasing lag times. The decreased or increased loss of
power observed could be substantial for some tests
exceeding ±10% of the power observed under a
constant event rate depending on the length of the
lag effect under consideration.

Fig. 3 Performance measures of regression-based approaches for treatment effect estimation under increasing lag until effect DGM. The power (%),
scaled treatment effect magnitude (%) and coverage (%) are presented as relative to that anticipated at the design stage of the trial assuming PH. Lag
period lengths investigated were tlag = 0, 1, 3 and 10 months within the maximum follow-up time t = 50, with the setting tlag = 0 representing PH
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Early effect that ceases
The early effect that ceases non-PH scenario is the in-
verse in treatment effect timing to the lag until treat-
ment effect. The performance measures for the early
effect that ceases non-PH scenario were similarly the
converse to that observed in the lag until treatment ef-
fect non-PH simulations. In summary, increasing losses
of power and decreased magnitude of the treatment ef-
fects and coverage were observed as the length of the
treatment effect period decreased. Relative to a constant
event rate, more events occurred during the early effect-
ive period under a decreasing baseline hazard resulting
in some offset of the losses in performance measures ob-
served. Under an increasing event rate, some reduction
of the losses observed under the constant event rate
were observed. This pattern of relative loss was observed
for all three estimands and similar losses in power were
observed in the tests of equal survival curves as were ob-
served for the regression-based approaches. Results are
described in more detail in the Supplementary Results
section in Additional file 1.

Discussion
We have shown that when time-dependent treatment ef-
fects are anticipated, then non-PH and non-constant
event rates should both be considered at the time of de-
signing a trial. The adverse impact of non-PH on power
can be further exacerbated or potentially ameliorated by
the shape of the baseline hazard. Non-proportionality of
treatment effects has been increasingly observed in clin-
ical trials [16, 35]. New treatments being assessed are
often more complex, involving comparison of new on-
cology treatments with different biological time courses
of action, or comparing treatments with different
mechanisms of action such as surgical versus chemo-
therapeutic approaches, or involving the use of

composite outcomes - multiple endpoints jointly
assessed as a primary outcome - all increasing the
chance of encountering non-PH [36]. Due to increased
oversight and increased awareness of the importance of
personalised medicine, trials are often longer in planned
follow up, with larger numbers of participants included
to allow for greater assessment of differently responsive
sub-populations within them. Trials of longer duration
allow a greater opportunity for non-PH to arise over
time, and larger numbers of events enable assessment of
the presence of any non-PH to be more conclusive. The
potential impact of non-PH has been brought into
focus due to these longer, larger trials being con-
ducted [33, 37, 38]. For these trials, non-constant
event rates will also be more likely to be observed,
yet the interplay between non-PH and the shape of
the baseline hazard rates has received little attention
before now, despite the reasonable anticipation that it
could also to have important design implications for
clinical trials.

Comparison of power of tests of survival curve difference
In our results, when there was a lag until treatment ef-
fect, the best performing test of survival curve difference
in terms of maintaining power under PH and shorter
and longer lengths of effective treatment time was the
versatile test. The FH late test was more powerful when
there was longer lags until effect, but was less powerful
under shorter lags and PH scenarios more likely to be
encountered in trials compared to the versatile test.
When there is an early effect that ceases, the versatile
test closely followed by the RP (TD) combined test
would be the recommended option. Increasing and de-
creasing event rates affected the power of the tests com-
pared to a constant event rate, in accordance with the
timing of when events were likely to be observed with

Fig. 4 Power of tests of equal survival function under increasing lag until effect DGM. 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. Lag period lengths investigated were tlag = 0, 1, 3 and 10 months within the maximum follow-up time t = 50, with the setting tlag = 0
representing PH
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respect to the periods of effective treatment. Power was
increased when relatively more events occurred during
effective treatment times and decreased when relatively
fewer events occurred during effective treatment times.
At the time of designing a trial, if assumptions about the
presence and form of non-PH are not made, then our
results suggest that the versatile test covering PH, early
and late forms of non-PH is recommended as a pre-
specified analysis method. This test will retain power
under more modest levels of non-PH whilst maintaining
near nominal power under PH and will be less adversely
affected by non-constant event rates.
Our results accord with similar comparative studies

published recently that focus on tests of survival curve
difference [33, 34, 38]. As part of Cross-Pharma Non-
Proportional Hazards (NPH) working group, Lin et al.
(2020) compared nine tests of survival curve difference
in the presence of non-PH covering the LR and weighted
LR tests, weighted Kaplan-Meier based tests (incorporat-
ing the RMST) and combination tests [38]. Royston and
Parmar also included a similar range of tests covering
weighted LR tests and composite tests based on their
own [39] and Karrison’s work [13]. Jimenez et al. (2019)
investigated the properties of the weighted LR tests in
the presence of trials with delayed effects [34]. There is
substantial overlap between the tests included in this
simulation study and the three other studies, with simi-
lar focus on early (treatment effects that cease) and late
(lag until treatment effect) forms of non-PH. For the
tests of survival curve difference in the presence of any
non-PH, broadly similar conclusions were reached by all
four studies: that what might have been regarded as
minimal amounts of non-PH - whether expressed in
terms of information fraction or percent of study dur-
ation - can noticeably affect the power to detect survival
curve differences, and for the trials assessing different
forms of non-PH, there is no consistently powerful test
across all non-PH scenarios. Forms of a versatile test
combining information from multiple weighted LRs
were the recommended form of pre-specified test when
considering early and late non-PH scenarios [33, 38].
When late non-PH is the only consideration, LR tests
weighted to emphasize late differences are recom-
mended to maintain higher power albeit at the expense
of slight Type I error rate inflation [34].

Treatment effect estimands - HR v RMST v AFT
We compared three different estimands for treatment
effect - the HR, the TR and Δ RMST. There have been
many studies comparing these estimands and variants of
them for their use in research with TTE outcomes
[14, 16, 20, 21, 40–43]. There are strengths and limi-
tations in their usage - relative measures such as the
HR and TR do not contain any information about the

absolute effect and can be challenging to interpret
and communicate the survival benefit observed. Esti-
mates provided in a time-based metric such as the
TR and the RMST expressed either as a ratio or a
difference, can be considered more interpretable for a
wider audience. The Δ RMST has an additional ad-
vantage of being a summary measure of survival time
distribution that does not rely on the PH assumption
although it does require specification of the cutoff
timepoint. In this work, we estimated Δ RMST using
both the last uncensored event occurrence as the cut-
off time following recommended practice [25] as well
as the maximum follow up time (t = 50). By design,
the last uncensored event would have been expected
to occur at a time very close to the maximum follow
up time. As a consequence of these design choices,
we observed essentially no differences within simula-
tion error in any of the performance measures of Δ
RMST using either the last uncensored event cut off
or the maximum follow up time, and hence presented
the results for the last uncensored event time cutoff
only in the interests of clarity.
For this work, the three estimands we compared were

broadly similar across the non-PH scenarios in terms of
the power, magnitude of treatment effect estimate and
coverage values benchmarked to the values specified by
the design model. Judicious selection of designated cut-
points for no effect (PE2) or landmark timepoints (LM)
could result in improved estimates of treatment effect
magnitude using the period-specific analysis methods in
the presence of a lag until effect non-PH, but also resulted
in decreased power if there was PH. Similarly, the Δ
RMST could be assessed at a number of prespecifed clin-
ically relevant time points in order to provide insight into
how treatment effects may change with follow up time.
The potential for increased Type I error that may arise
from multiple comparisons would need to be monitored,
and empirical measures to correct for any inflation would
have to be incorporated into the trial design [34].
The impact of non-constant event rates in the

presence of non-PH was to partially diminish or further
exacerbate losses in power and treatment effect magni-
tude. When time-dependent treatment effects are present,
there is no single summary measure that can adequately
describe the treatment benefit. Analysis methods such as
the RP models which allow for the shape of the baseline
hazard make it possible to more fully explore the timing
and magnitude of any treatment effect either graphically
or in a series of time period-based estimates.

Designing trials with non-constant event rates in the
presence of non-PH
Simulation studies can only ever include a limited range
of scenarios. It is critical that selections are made so as
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to provide insight on the wider and varied spectrum of
scenarios involving non-PH and non-constant event
rates that are likely to be encountered in real RCTs. We
restricted attention to simplified forms of non-PH -
piecewise constant HRs with a single change point -
comparing PH with early and late forms of non-PH.
Change points were placed at times that enabled us to
observe effects over a large proportion of calculated
power values with magnitudes of treatment effect ran-
ging from the design-stipulated to nearly null estimates.
Hence our results may not generalize to more complex
forms of non-PH. When choosing non-constant event
rates, we aimed to cover clinically plausible values of the
shape parameter in our data-generating Weibull model
that are modest and hence might be assumed to be
‘close enough’ to constant at the design stage of a trial.
More extreme settings could have been chosen and the
impacts on power and effect estimation would have been
exaggerated to the point of being quite drastic; however,
we felt that this would represent uncommon scenarios
in practice. Our simulations also featured almost
complete follow up of all events before undertaking ana-
lysis which, whilst unrealistic in some applications, re-
sulted in almost identical numbers of total events being
observed in each scenario, and hence provided a fair
basis for comparison. We did not cover the effects of
censoring and enrolment rates, nor did we investigate
the effect of adjusting sample size and follow up times
all of which impact on the interplay of non-PH and
event rates and may need to be considered in practice.
Sample size calculation options are available for specific
forms of non-PH [44], parametric event rates [45, 46],
piecewise models that allow for different treatment ef-
fects within multiple ‘stages’ of a planned trial [47, 48].
However, the most flexible approach to take is to base
the sample size on simulation [49, 50]. These approaches
have been employed in multi-arm multi-stage and other
forms of adaptive trial design. The additional complexity
includes the need for prior specification of additional
parameters and a higher degree of programming skill to
explore scenarios covering anticipated event rates and
the direction and timing of non-proportionality.

Conclusions
The mechanisms of action of treatments on time to
event outcomes may require nuanced definitions of
treatment effectiveness that go beyond simple single
summary estimates assuming proportional hazards. Our
simulations found that even small deviations from
proportionality can result in substantial observed loss of
power using standard analysis methods that are max-
imally powerful under a PH assumption, and this loss
can be exacerbated in the presence of non-constant
event rates. It is a desirable strategy to design trials to

use analysis methods that can accommodate delayed
treatment effects, or early treatment effects that cease if
these are to be anticipated with the treatment under
study. This however requires decisions on what test to
employ and what estimand(s) will be the target. Our
simulations provide some guidance on this choice. In
practice, new trials may require the use of bespoke simu-
lation studies to guarantee that power is maintained
under a range of plausible scenarios consistent with ex-
pected mechanisms of treatment action and allowing for
departures from non-constant underlying event rates.

Abbreviations
RCT: Randomised controlled trial; PH: Proportional hazards; LR: Logrank;
HR: Hazard ratio; FH: Fleming-Harrington; RMST: Restricted mean survival
time; AFT: Accelerated failure time; RP: Royston -Parmar; LM: Landmark;
TR: Time ratio; DGM: Data-generating model; PE: Piecewise exponential;
TD: Time-dependent; STE: Scaled treatment effect; MCSE: Monte Carlo
standard error

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12874-021-01372-0.

Additional file 1.

Additional file 2.

Acknowledgements
Not applicable.

Authors’ contributions
KJ conceived the simulation, and drafted the manuscript. RW helped with
the drafting of the manuscript. SH revised draft versions of the manuscript.
All authors read and approved the final manuscript.

Funding
KJ was supported in part by an Australian Government Research Training
Program (RTP) Stipend and RTP Fee-Offset Scholarship through Federation
University Australia and a National Health and Medical Research Council of
Australia grant (APP1128222). The funding bodies had no role in the design
of the study, the collection, analysis and interpretation of data or in the writ-
ing of the manuscript.

Availability of data and materials
All data generated or analysed during this study are included in this
published article [Additional_file_2.pdf].

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The Authors declare that they have no competing interests.

Received: 12 March 2021 Accepted: 26 July 2021

References
1. Altman DG, De Stavola BL, Love SB, Stepniewska KA. Review of survival

analyses published in cancer journals. Br J Cancer. 1995;72(2):511–8. https://
doi.org/10.1038/bjc.1995.364.

Jachno et al. BMC Medical Research Methodology          (2021) 21:177 Page 13 of 15

https://doi.org/10.1186/s12874-021-01372-0
https://doi.org/10.1186/s12874-021-01372-0
https://doi.org/10.1038/bjc.1995.364
https://doi.org/10.1038/bjc.1995.364


2. Mathoulin-Pelissier S, Gourgou-Bourgade S, Bonnetain F, Kramar A. Survival
end point reporting in randomized Cancer clinical trials: a review of major
journals. J Clin Oncol. 2008;26(22):3721–6. https://doi.org/10.1200/JCO.2
007.14.1192.

3. Batson S, Greenall G, Hudson P. Review of the reporting of survival analyses
within randomised controlled trials and the implications for Meta-analysis.
PLoS One. 2016;11(5):e0154870. https://doi.org/10.1371/journal.pone.0154870.

4. Jachno K, Heritier S, Wolfe R. 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. BMC Med Res Methodol.
2019;19(1):103. https://doi.org/10.1186/s12874-019-0749-1.

5. Rahman RM, Fell G, Ventz S, Arfe A, Vanderbeek AM, Trippa L, et al.
Deviation from the Proportional Hazards Assumption in Randomized Phase
3 Clinical Trials in Oncology: Prevalence, Associated Factors and
Implications. Clin Cancer Res. 2019;25(21):6339–45 clincanres.3999.2018.

6. Zhang X, Long Q. Modeling and prediction of subject accrual and event
times in clinical trials: a systematic review. Clinical Trials. 2012;9(6):681–8.
https://doi.org/10.1177/1740774512447996.

7. Ferrara R, Pilotto S, Caccese M, Grizzi G, Sperduti I, Giannarelli D, et al. Do
immune checkpoint inhibitors need new studies methodology? J Thorac
Dis. 2018;10(S13):S1564–S80. https://doi.org/10.21037/jtd.2018.01.131.

8. Castañon E, Sanchez-Arraez A, Alvarez-Manceñido F, Jimenez-Fonseca P,
Carmona-Bayonas A. Critical reappraisal of phase III trials with immune
checkpoint inhibitors in non-proportional hazards settings. Eur J Cancer.
2020;136:159–68. https://doi.org/10.1016/j.ejca.2020.06.003.

9. Fleming TR, Harrington DP. Weighted Logrank statistics, Counting
Processes and Survival Analysis: Wiley Series in Probability and Statistics;
2005. p. 255–85.

10. Yang S, Prentice RL. Assessing potentially time-dependent treatment effect
from clinical trials and observational studies for survival data, with
applications to the Women’s Health Initiative combined hormone therapy
trial. Stat Med. 2015;34(11):1801–17. https://doi.org/10.1002/sim.6453.

11. Magirr D, Burman C-F. Modestly weighted logrank tests. Stat Med. 2019;
38(20):3782–90. https://doi.org/10.1002/sim.8186.

12. Royston P, Parmar MK. Augmenting the logrank test in the design of clinical
trials in which non-proportional hazards of the treatment effect may be
anticipated. BMC Med Res Methodol. 2016;16(1):16. https://doi.org/10.1186/
s12874-016-0110-x.

13. Karrison TG. Versatile tests for comparing survival curves based on weighted
log-rank statistics. Stata J. 2016;16(3):678–90. https://doi.org/10.1177/153
6867X1601600308.

14. Royston P, Parmar MK. Restricted mean survival time: an alternative to the
hazard ratio for the design and analysis of randomized trials with a time-to-
event outcome. BMC Med Res Methodol. 2013;13(1):152. https://doi.org/1
0.1186/1471-2288-13-152.

15. Uno H, Claggett B, Tian L, Inoue E, Gallo P, Miyata T, et al. Moving beyond
the Hazard ratio in quantifying the between-group difference in survival
analysis. J Clin Oncol. 2014;32(22):2380–5. https://doi.org/10.1200/JCO.2014.
55.2208.

16. Trinquart L, Jacot J, Conner SC, Porcher R. Comparison of treatment effects
measured by the Hazard ratio and by the ratio of restricted mean survival
times in oncology randomized controlled trials. J Clin Oncol. 2016;34(15):
1813–9. https://doi.org/10.1200/JCO.2015.64.2488.

17. Royston P. Estimating the treatment effect in a clinical trial using difference
in restricted mean survival time. Stata J. 2015;15(4):1098–117. https://doi.
org/10.1177/1536867X1501500409.

18. Stensrud MJ, Hernán MA. Why test for proportional hazards? JAMA. 2020;
323(14):1401–2. https://doi.org/10.1001/jama.2020.1267.

19. Wei LJ. The accelerated failure time model: a useful alternative to the cox
regression model in survival analysis. Stat Med. 1992;11(14–15):1871–9.
https://doi.org/10.1002/sim.4780111409.

20. Kay R, Kinnersley N. On the use of the accelerated failure time model as an
alternative to the proportional hazards model in the treatment of time to
event data: a case study in influenza. Drug Inf J. 2002;36(3):571–9. https://
doi.org/10.1177/009286150203600312.

21. Swindell WR. Accelerated Failure Time Models Provide a Useful Statistical
Framework for Aging Research. Exp Gerontol. 2009;44(3):190–200. https://
doi.org/10.1016/j.exger.2008.10.005.

22. Mahmoud KD, Lennon RJ, Holmes DR. Event rates in randomized clinical
trials evaluating cardiovascular interventions and devices. Am J Cardiol.
2015;116(3):355–63. https://doi.org/10.1016/j.amjcard.2015.04.045.

23. Charles P, Giraudeau B, Dechartres A, Baron G, Ravaud P. Reporting of
sample size calculation in randomised controlled trials: review. BMJ. 2009;
338(may12 1):b1732. https://doi.org/10.1136/bmj.b1732.

24. Royston P, Sauerbrei W. Multivariable Model-Building. A Pragmatic
Approach To Regression Analysis Based On Fractional Polynomials For
Modelling Continuous Variables. West Sussex: Wiley; 2008.

25. Royston P, Lambert PC. Flexible parametric survival analysis using Stata:
beyond the Cox model: Stata press; 2011.

26. Schoenfeld DA, Richter JR. Nomograms for calculating the number of
patients needed for a clinical trial with survival as an endpoint. Biometrics.
1982;38(1):163–70. https://doi.org/10.2307/2530299.

27. Crowther MJ, Lambert PC. Simulating complex survival data. Stata J. 2012;
12(4):674–87. https://doi.org/10.1177/1536867X1201200407.

28. Royston P, Parmar MKB. Flexible parametric proportional-hazards and
proportional-odds models for censored survival data, with application to
prognostic modelling and estimation of treatment effects. Stat Med. 2002;
21(15):2175–97. https://doi.org/10.1002/sim.1203.

29. Royston P, Parmar MKB. The use of restricted mean survival time to
estimate the treatment effect in randomized clinical trials when the
proportional hazards assumption is in doubt. Stat Med. 2011;30(19):2409–21.
https://doi.org/10.1002/sim.4274.

30. Cox DR. Regression models and life-tables. J R Stat Soc Ser B Methodol.
1972;34(2):187–220.

31. Royston P, Parmar MKB. An approach to trial design and analysis in the era
of non-proportional hazards of the treatment effect. Trials. 2014;15(1):314.
https://doi.org/10.1186/1745-6215-15-314.

32. Harrington DP, Fleming TR. A class of rank test procedures for censored
survival data. Biometrika. 1982;69(3):553–66. https://doi.org/10.1093/biomet/
69.3.553.

33. Royston PB, Parmar MK. A simulation study comparing the power of
nine tests of the treatment effect in randomized controlled trials with a
time-to-event outcome. Trials. 2020;21(1):315. https://doi.org/10.1186/s13
063-020-4153-2.

34. Jiménez JL, Stalbovskaya V, Jones B. Properties of the weighted log-rank
test in the design of confirmatory studies with delayed effects. Pharm Stat.
2019;18(3):287–303. https://doi.org/10.1002/pst.1923.

35. Rahman R, Fell G, Trippa L, Alexander BM. Violations of the proportional
hazards assumption in randomized phase III oncology clinical trials. J Clin
Oncol. 2018;36(15_suppl):2543.

36. Rulli E, Ghilotti F, Biagioli E, Porcu L, Marabese M, D’Incalci M, et al. Assessment
of proportional hazard assumption in aggregate data: a systematic review on
statistical methodology in clinical trials using time-to-event endpoint. Br J
Cancer. 2018;119(12):1456–63. https://doi.org/10.1038/s41416-018-0302-8.

37. Eaton A, Therneau T, Le-Rademacher J. Designing clinical trials with
(restricted) mean survival time endpoint: practical considerations. Clinical
Trials. 2020;17(3):285–94. https://doi.org/10.1177/1740774520905563.

38. Lin RS, Lin J, Roychoudhury S, Anderson KM, Hu T, Huang B, et al.
Alternative analysis methods for time to event endpoints under
nonproportional hazards: a comparative analysis. Stat Biopharmaceutical
Res. 2020;12(2):187–98. https://doi.org/10.1080/19466315.2019.1697738.

39. Royston P. A combined test for a generalized treatment effect in clinical
trials with a time-to-event outcome. Stata J. 2017;17(2):405–21. https://doi.
org/10.1177/1536867X1701700209.

40. Andersen PK, Pohar PM. Pseudo-observations in survival analysis. Stat Methods
Med Res. 2010;19(1):71–99. https://doi.org/10.1177/0962280209105020.

41. Coory M, Lamb KE, Sorich M. Risk-difference curves can be used to
communicate time-dependent effects of adjuvant therapies for early stage
cancer. J Clin Epidemiol. 2014;67(9):966–72. https://doi.org/10.1016/j.
jclinepi.2014.03.006.

42. Zhao L, Claggett B, Tian L, Uno H, Pfeffer MA, Solomon SD, et al. On the
restricted mean survival time curve in survival analysis. Biometrics. 2016;
72(1):215–21. https://doi.org/10.1111/biom.12384.

43. Dehbi H-M, Royston P, Hackshaw A. Life expectancy difference and life
expectancy ratio: two measures of treatment effects in randomised trials
with non-proportional hazards. BMJ. 2017;357:j2250.

44. Sit T, Liu M, Shnaidman M, Ying Z. Design and analysis of clinical trials in
the presence of delayed treatment effect. Stat Med. 2016;35(11):1774–9.
https://doi.org/10.1002/sim.6889.

45. Wu J. Power and sample size for randomized phase III survival trials under
the Weibull model. J Biopharm Stat. 2015;25(1):16–28. https://doi.org/10.1
080/10543406.2014.919940.

Jachno et al. BMC Medical Research Methodology          (2021) 21:177 Page 14 of 15

https://doi.org/10.1200/JCO.2007.14.1192
https://doi.org/10.1200/JCO.2007.14.1192
https://doi.org/10.1371/journal.pone.0154870
https://doi.org/10.1186/s12874-019-0749-1
https://doi.org/10.1177/1740774512447996
https://doi.org/10.21037/jtd.2018.01.131
https://doi.org/10.1016/j.ejca.2020.06.003
https://doi.org/10.1002/sim.6453
https://doi.org/10.1002/sim.8186
https://doi.org/10.1186/s12874-016-0110-x
https://doi.org/10.1186/s12874-016-0110-x
https://doi.org/10.1177/1536867X1601600308
https://doi.org/10.1177/1536867X1601600308
https://doi.org/10.1186/1471-2288-13-152
https://doi.org/10.1186/1471-2288-13-152
https://doi.org/10.1200/JCO.2014.55.2208
https://doi.org/10.1200/JCO.2014.55.2208
https://doi.org/10.1200/JCO.2015.64.2488
https://doi.org/10.1177/1536867X1501500409
https://doi.org/10.1177/1536867X1501500409
https://doi.org/10.1001/jama.2020.1267
https://doi.org/10.1002/sim.4780111409
https://doi.org/10.1177/009286150203600312
https://doi.org/10.1177/009286150203600312
https://doi.org/10.1016/j.exger.2008.10.005
https://doi.org/10.1016/j.exger.2008.10.005
https://doi.org/10.1016/j.amjcard.2015.04.045
https://doi.org/10.1136/bmj.b1732
https://doi.org/10.2307/2530299
https://doi.org/10.1177/1536867X1201200407
https://doi.org/10.1002/sim.1203
https://doi.org/10.1002/sim.4274
https://doi.org/10.1186/1745-6215-15-314
https://doi.org/10.1093/biomet/69.3.553
https://doi.org/10.1093/biomet/69.3.553
https://doi.org/10.1186/s13063-020-4153-2
https://doi.org/10.1186/s13063-020-4153-2
https://doi.org/10.1002/pst.1923
https://doi.org/10.1038/s41416-018-0302-8
https://doi.org/10.1177/1740774520905563
https://doi.org/10.1080/19466315.2019.1697738
https://doi.org/10.1177/1536867X1701700209
https://doi.org/10.1177/1536867X1701700209
https://doi.org/10.1177/0962280209105020
https://doi.org/10.1016/j.jclinepi.2014.03.006
https://doi.org/10.1016/j.jclinepi.2014.03.006
https://doi.org/10.1111/biom.12384
https://doi.org/10.1002/sim.6889
https://doi.org/10.1080/10543406.2014.919940
https://doi.org/10.1080/10543406.2014.919940


46. Phadnis MA, Wetmore JB, Mayo MS. A clinical trial design using the concept
of proportional time using the generalized gamma ratio distribution. Stat
Med. 2017;36(26):4121–40. https://doi.org/10.1002/sim.7421.

47. Barthel FMS, Babiker A, Royston P, Parmar MK. Evaluation of sample size and
power for multi-arm survival trials allowing for non-uniform accrual, non-
proportional hazards, loss to follow-up and cross-over. Stat Med. 2006;
25(15):2521–42. https://doi.org/10.1002/sim.2517.

48. Bratton DJ, Choodari-Oskooei B, Royston P. A menu-driven Facility for
Sample-size Calculation in multiarm, multistage randomized controlled trials
with time-to-event outcomes: update. Stata J. 2015;15(2):350–68. https://doi.
org/10.1177/1536867X1501500202.

49. Hooper R. Versatile sample-size calculation using simulation. Stata J. 2013;
13(1):21–38. https://doi.org/10.1177/1536867X1301300103.

50. Wittes J. Sample size calculations for randomized controlled trials. Epidemiol
Rev. 2002;24(1):39–53. https://doi.org/10.1093/epirev/24.1.39.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Jachno et al. BMC Medical Research Methodology          (2021) 21:177 Page 15 of 15

https://doi.org/10.1002/sim.7421
https://doi.org/10.1002/sim.2517
https://doi.org/10.1177/1536867X1501500202
https://doi.org/10.1177/1536867X1501500202
https://doi.org/10.1177/1536867X1301300103
https://doi.org/10.1093/epirev/24.1.39

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Data-generating processes for simulation scenarios
	Estimands of treatment effect
	Hazard ratio (HR)
	Difference in restricted mean survival time (Δ RMST)
	Time ratio (TR)

	Methods to assess treatment effect
	Cox proportional hazards (PH) model
	Piecewise exponential (PE) regression
	Weibull accelerated failure time (AFT) model
	Royston Parmar (RP) models
	Tests of equal survival functions

	Performance measures
	Number of simulations

	Results
	Type I error
	Lag until treatment effect
	Power of regression model approaches
	Scaled treatment effects (STE) estimates of regression model approaches
	Coverage of regression model approaches
	Power of the tests of equal survival curves

	Early effect that ceases

	Discussion
	Comparison of power of tests of survival curve difference
	Treatment effect estimands - HR v RMST v AFT
	Designing trials with non-constant event rates in the presence of non-PH

	Conclusions
	Abbreviations
	Supplementary Information
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	References
	Publisher’s Note

