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Abstract:

Background: Many randomized clinical studies with long-term follow-up regularly measure time-to-event outcomes, such as survival
time to compare an experimental treatment with a standard treatment or placebo control. In this comparison, one tests whether the two
treatments have the same survival function or equivalently the same hazard function over a given time period in order to evaluate effect
of treatment. However, when comparing treatments in terms of their time to event distribution, there may be reason to believe that the
hazard curves will cross, and in such cases standard comparison techniques could lead to misleading results. It was shown that
extended Cox model performed well to test effect of treatment in case of crossing survival curves at 20% and 40% administratively
censored time. However, most of the studies did not assess the statistical properties of this approach under high censoring rates.
Objective: In this paper, the main objective of the study was to evaluate whether the power and type I error rate of extended Cox model
was robust with variations in censoring rates under five possible treatment effects based on data from simulations.

Methodology: a simulation study was designed to compare the performance of the extended Cox and the data are replicated 1000 times
to estimate type I error rate and empirical power of the test.

Results: type I error rates for the test from the model approached the nominal level of 0.05 at 10% and 30% of censoring rates
regardless of sample size per treatment group considered in the study, however, type I error rates are slightly inflated at 70% of
censoring rate. Moreover, with respect to powers of the test, extended Cox model performed reasonably well with powers of test above
80% in case of crossing survival curves under censoring rates of 10% and 30% to test treatment effect without including baseline
covariates in the model. Although 70% censoring rate appeared to have influence on the power of test, test from extended Cox model
exhibits moderate power in this situation, particularly for sample of size 200 per treatment group. Furthermore, extended Cox model
with heavy side function performed well under the early treatment effect in which hazards is expected to crosses. Using the extended
Cox model with baseline covariate in case of crossing survival curves did not generally yield dramatic decrease in power.

Conclusions: 70% censoring rate appeared to have influence on the power of test and type I error rate although test exhibits moderate
power for sample of size 200 per treatment group.
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. INTRODUCTION experimental treatment with a standard treatment or placebo

control in order to evaluate treatment ellect [1],[2]. In this

1.1. Background

Survival analysis has become one of the most widely
used statistical tools for analyzing clinical research data. It is
specifically concerned with time to event data and is of
particular value because of its intrinsic ability to handle
censored observations. In many randomized clinical trials
includes right censored time to event data, comparing an

case, one tests whether the two treatments have the same
survival function or equivalently the same hazard function
over a given follow up time[3]. The log-rank test is
commonly used test statistic for the comparison. However,
in these trials the characteristics of the patient and of the
tumours that are known before treatment are also recorded.
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Therefore, Cox proportional hazards model is thestmo
common choice to compare the effect of treatmerh wi
advantages of adjusting for
covariate(s)[4].

However, Cox model has the assumption of propaation
hazards, meaning that the ratio of the hazardsréatment
versus control is constant over time [5]. Althougbt as
implicitly assumed as in the Cox regression modieé
validity of the log-rank test is also sensitive the
assumption that the hazard ratios for treatmentsuger
control do not change appreciably over time [6]. a¥h
studying survival data over a short period of tintiee
proportional hazards assumption is often a readerate.
However, in cancer clinical trials with long-termllbw-up,
it often happens that the hazard ratio changes tiwex. In
the beginning of the study for instance, the experital
treatment may vyield better survival, but this effeay be
reversed after some time or vice versa [4]. In sadtase,
the log-rank test for the difference in survivaioa between
the treatments will most likely not be significabgcause of
the contrasting early and late effects of the meaits. When
the proportional hazards assumption is not satisie the
treatment or for one or more of the covariates réseilts of
a Cox model will be misleading. In addition, intexfation
of the hazards ratio resulting from the Cox projpol!
hazards model is not easy because it is a weightethge
hazards ratio over the observed follow-up time [3],

In the literature, to deal with the issues of non-
proportional hazards, the Cox regression model tiitte-
dependent treatment effects was proposed [6].
proposed to compare survival curves at one fixee fpoint
[9],[10]. It was proposed to compare restricted mea
survival time at a pre-specified fixed time pdirthen and
Tsiatis studied methods for comparing covariatersted
restricted mean survival times between two treatmen
groups [11]. It was also proposed for testing treatt effect
by combining weighted log-rank tests and using eicyi
likelihood [2]. Logan proposed to test two sub hyyeses:
the hypothesis of equality of Kaplan-Meier survival
difference at a pre-specified time pointt,() and the
hypothesis of no difference in the hazards afg4].

Moreover, a key characteristic that differentiagasvival
analysis from other areas in statistics is thatisat data are
usually censored. Censoring has an impact on thpesbf
survival curve in a situation when a large numbér o
individuals are censored at a single point of tiesing to
sudden spurious large jumps or large flat sectiosurrvival

baseline and prognostic

Klein

curve [12]. Maximum censoring occurs in cancer icih
studies where the participants are followed throdbé
duration of the study period. In this case, thtsst are
most likely to be censored are those participdrds gurvive
the longest, for two reasons. The first reasoth& the
longer a participant is in a study, the greaterdhance of
them getting lost. The second reason is that tiadeelive
beyond the time period of the study will all be sered, and
since everyone began the study at the same tinee, th
participants that live beyond the time period of #tudy
will also be the people who have the longest saiviimes
[13].

It was shown that extended Cox model performed tabou
the same compared to methods based combination of
early/late treatment effects obtained from stopipéd/
truncated Cox model to test effect treatment inecaé
crossing survival curves at 20% and 40% administit
censored time [14]. Nonetheless, most of the studié not
evaluate the statistical properties of this appnoaader
varieties of censoring rates specifically at higimsoring
rate. Hence, in this paper, data from simulatisas used
to investigate whether the power and type | eraie rof
extended Cox model was robust with variations imsoging
rates under various configurations of survival esrfor
treatment group.

1.2. Statement of the Problem

In many randomized clinical trials in oncologynaw
treatment group is compared with an existing stethda
treatment or control group based on the hazard (&R),
estimated by the Cox proportional hazards model {Y8hen
hazards are not proportional, the Cox may nopdeerful;
consequently, different approaches have been pedpas
alternative to the Cox model in the case of norpprtional
hazards. It was reported that a test statistic feotended
Cox model has optimal power to detect differenaeshie
hazard rates, when the hazard rates are non-piapalrt
[14]. However, most studies have not evaluated the
statistical properties of this approach under highsoring
rate. Therefore, this paper has attempted to ansiher
following scientific question:- How well extendedoxX
model work as censoring rate changes in the situathere
proportional hazards assumption is not satisfigdviaiety
of sample sizes?

1.3. Objective of the Study

The main objective of this paper was to evaluate th
strengths and weaknesses of the extended Cox nmodel
order to test treatment effect in randomized céhitrials
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with possible non proportional hazards with vaaatiof
censoring rates under 50,100,200 subjects perniest

group.
ll. METHODOLOGY

2.1. Simulation Design

A simulation study was designed to compare the
performance of the extended Cox model in orderest t
treatment effect in randomized clinical trials fodifferent
possible treatment effects and censoring rates runde
different sample size in terms of its type | errate and
power. In the simulation design, survival times ti@atment
groups were generated independently for samplesizef
50,100,200 subjects per treatment group with 109% and
70% of administrative censoring (censoring due to
termination of study) using true survival functigmesented
in Figures 1-5. This was done under five differecgnarios
such as: in scenario 1) survival curves are assumdie
identical (i.e., no treatment effect under the hyibothesis),

2) survival curves are assumed to have proportibazhrds,

3) survival curves are assumed identical at thenétp,
then separate as time goes on (late treatment)effBcthe
two survival curves are separate at beginning,iderrtical

as time goes on (early treatment effect) leadingrtssing
hazards, and 5) survival curves are assumed te.chosll
scenarios survival times are simulated conditiondmgthe
binary covariate which was generated from Bernoulli
distribution considering the follow up period of/di years
and independent of the censoring times. For eaehaso,
the data are replicated 1000 times which is the tmos
common choices [15]. The type | error rate and eicgli
power of the test is calculated as the proportibri@0
repeated random samples in which the null hypathesi
rejected at the nominal alpha of 5% with one-sidest
statistics under identical survival curves and fdifferent
alternative scenarios, respectively with and withou
including the covariate in the models. This simolat
setting was adopted from a simulation design used t
evaluate the performance of the new proposed msthod
testing treatment effect, whether or not the urnyiegl
proportional hazards assumption was met [14], [@p-1
Simulations and analysis were done using R software
version of R3.4.0.

2.2.Testing Treatment Effect based on Extended Cox
Model

In cancer clinical trials, which require long-tefoilow
up, a new treatment group is compared with an iegist
standard treatment or control group based on ttmarba

ratio estimated by the Cox model in which the hdzatio
often changes over time [2]. In such cases, iiseasy to
interpret hazard ratio estimated by the Cox model.
Furthermore, when hazard ratio cross, the Coxigdgtown

to lose power. In this situation a way of studythg effect
of treatment changes over time by adding a timesdégnt
treatment effects in a Cox proportional hazards ehd@l],
[19-20]. The most straightforward way to model mdi
dependent treatment effect is by adding interadéoms of
the treatment group witfi(t) asB;G(t) = B;Gf (t), where
f(t) is the function of time t with its popular choicen bet
orlog(t) or heaviside function that take value 1 for attei
point greater than or equal to pre-specified tigner zero
otherwise. In this study, for the practicality and
comparability of results, heaviside function whidk
conceptually related with stopped Cox and definadtie
median of observed eventg) was adopted. In the literature
it is stated that, if there is no information abaubssing
point for hazards the recommended choice is the pwint
where half of the expected number of event are robde
[16]. Gillen and Emerson also suggested the ussgoélly
spaced information time with the goal of balanciags of
statistical power against the potential for eatlypping in
the situation where there is no prior knowledgeadime
varying treatment effect [21]. These are consideesd
motivations for the choice of time poity in this study. The
general form of the extended Cox model with time
dependent treatment effect can be written as:

h(t) = ho(t)exp(BeG * (1 — (1)) + BLG * f(t) + X'Bx) ,
where
Lt>t,. " o
fl) = {0 t <t 1S called heaviside (step) functiah,s
’ 0
treatment groups (1 for treated and O for contlpre
additional baseline covariate(sfz , B, and By are
parameters to be estimated representing earlyirizdément
effects and baseline covariate(s) effects, resgsyti The
parameters of the model were estimated by maxigizin
logarithm of partial likelihood via Newton-Raphsiterative
procedure [22]. Let's denofvalue,q,, andPvalueq. as
one-sided p-value to test for the early and lagatent
effect with hypothesigi,.: Bz = 0 versusH,,: Bz < 0 and
H,;: B, = 0 versusHy;: B, < 0, respectively. Since early and
late treatment effects are independent, the nydbthesis of
H,e:H,, N H,, can be tested by combining two sub
hypothesis [1].
[lI.  RESULTS AND DISCUSSION

3.1. Simulation Results
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In order to evaluate the performance of extended Co  doubt, survival data was simulated from a poputatio

model for testing the effect of treatment in randmed exhibiting different possible treatment effects dasplayed
clinical trial when proportional hazards assumptisnin in Figure 1-5 below.
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Figure 1. True survival curves under the null hyxesis of no treatment effect
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Figures 1-5 display true survival curves that wesed 4 shows true survival curves under early treatnedfect
to simulate sample data under five possible treatme i.e., an initial beneficial effect of treatment thdiminishes
effects. Specifically Figure 1 shows true survialrves long-term and Figure 5 shows true survival curviesat t
under the null hypothesis of no treatment effedgufe 2 exhibits an initial harmful and late beneficial et of
shows true survival curves under constant berfici treatment i.e., crossing survival curves. The sardpta was
treatment effect (i.e., proportional hazards), Fegu3 replicated 1000 times under each scenario.

displays late treatment effect i.e., no initiafeef of
treatment but a gradually increasing beneficia¢@ffFigure

Table 1. Estimated type | error rates and Powetiseotest based on the simulations under diffeseanarios from Extended Cox
model without including covariate.

Percentage of administrative censoring

scenarios Sample size per group 10% 30% 70%
50 0.054 0.057 0.073
Null Hypothesis 100 0.053 0.054 0.062
200 0.051 0.053 0.056
50 0.501 0.450 0.329
Proportional hazards 100 0.640 0.520 0.369
200 0.643 0.579 0.394
50 0.510 0.500 0.410
Late Treatment 100 0.552 0.522 0.430
200 0.652 0.575 0.453
Early Treatment 50 0.566 0.590 0.706
100 0.620 0.890 0.902
200 0.690 0.904 0.934
Crossing Survivals 50 0.750 0.820 0.605
100 0.840 0.870 0.620
200 0.923 0.903 0.760
Table 1 displays simulation results of the estitaype moderate power around 60% at 10% censoring rate
| error rates and powers of test from extended @axiel regardless of sample size considered in the stuty a
without including the covariate in the model. Tegstigate decreased as censoring rate increases from 10%% 7
type | errors from the model, the effect of treatthevas However, at 70% censoring rate, the power of tesbimes
considered under the null hypothesis of no treatreéfiact less than 40% which is a relatively low level (T,
(Figure 1) and various censoring rates were alssidered. Figure 7). In the case of late treatment effde&gre 3), the
Hence, it can be observed that a test from exter@ied test from the model was moderate with power of tds
model controlled a type | error rate stabilizingand the about 50% at censoring rates of 10% and 30% for all
targeted 0.05 level of significance regardlessanfigle sizes combinations of sample size per treatment grougidened
and 10% and 30% censoring rates. This was expénted in the study and the power of the test slightlyréase with
order for the test method to be efficient. Howetee, type | increasing sample size per treatment group fronto5200.
error rates are slightly inflated at 70% censorirade By contrast, under this scenario the powers of tiet
although it gradually decrease as the sample sizease gradually decrease to with increasing censoringesrat
under each treatment group (see Figure 6 also). regardless of sample size per treatment group €Tabl
The powers of the test from the model are expetded Figure 8).
depend heavily on the scenarios, for instance, mnde In the situation where two survival curves are safgaat
proportional hazards alternative (Figure 2), thst thad the beginning and then close as time goes on @axly
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treatment effect,(Figure 4), test demonstrate psvedrove
80% when sample size of 100 and 200 at censoriegofa
30% and 70% and power of the test is less at 10%
censoring rate. It was also noted that powerbefést was
gradually improved increase in censoring rates sardple
size per group. When the sample size of each gin&d,
the power of the test is less regardless of cemgorate
compared to sample size of 100 and 200 for eactintent
group. Under this scenario, the test had betteiopaance
to detect early treatment effect in which hazarde a
expected to cross as sample size increase (Talifgulre

9).

As it was expected under crossing survival
curves( Figure 5), the test for treatment effeoirfrextended
Cox model had better performance with power abd¥s 8
under 10% and 30% censoring rate for all combimatb
sample size under each treatment group. Howevavadgt
noted that the power of test gradually decreasg0%6 with
increasing censoring rate to 70%. Even if 70% oisoeing
rate appeared to influence the power of test, fesn
extended Cox model exhibits the optimal power iis th
situation (Table 1, Figure 10).
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Figure 6: Estimated type | error rates of testfrextended Cox model for variety of censoring rates
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Figure 7: Powers of test under propodlddazards
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Figure 8: Powers sf tander late treatment effect
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curves

Table 2. Estimated type | error rates and Powktiseotest based on the simulations under diffeseanarios from Extended Cox
model with including covariate.

Percentage of administrative censoring

scenarios Sample size per group 10% 30% 70%

50 0.050 0.053 0.083

Null Hypothesis 100 0.052 0.050 0.072

200 0.051 0.049 0.066

50 0.505 0.420 0.308

Proportional hazards 100 0.580 0.440 0.323

200 0.593 0.482 0.353

50 0.610 0.590 0.321

Late Treatment 100 0.660 0.594 0.470

200 0.636 0.658 0.453

Early Treatment 50 0.766 0.790 0.806

100 0.820 0.810 0.836

200 0.902 0.864 0.874

Crossing Survivals 50 0.726 0.810 0.404

100 0.811 0.840 0.609

200 0.890 0.901 0.730
Table 2 displays simulation results of the estimadipe gradually approached the nominal level of 0.05 réigas of
| error rates and powers of the test from exten@ec sample sizes considered under treatment group. ekt
model with the presence of covariate in the model. at 70% of censoring rate, the type | error ratehef test
Estimated type | error rates of the test from ttozleh under exceeds the nominal level of 0.05 (Table 2, finseé rows).

various censoring rates are presented in TablesB(firee
rows). Simulation result revealed that at 10% afd63
censoring rates, the type | error rates for thd tee

Regarding the power of test, when two survival esrv
have proportional hazards, the powers of test risih
increase in sample size per treatment group althdhg
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powers of the test are relatively low. By contrasr, a
particular sample size, the powers of the testdirdeevith
increasing censoring rate. Moreover, in the sitnawhen
there is late treatment effect the test exhibitilsinpattern

to that of under proportional hazards and remaining
relatively low. There was a slight loss in powedenboth
scenarios when covariate is included in the model.

On the other hand, when there is early treatmdatef
the test exhibits powers of 80% and above regasdiéshe
censoring rates for a sample size of 100 and 2@derusach
treatment group. Surprisingly, for increasing ceimgprates,
test exhibits gradually increasing power for alintination
of sample size; however, power of the test is raised with
increase in sample size under each treatment. féssing
of the survival curves, the test demonstrate poweeater
than 80% regardless of sample size under eactmeea
group at censoring rate of 10% and 30%. However, fo
increasing censoring rates, the test reveals glgdua
decreasing powers. When sample sizes are 100 add 20
under each treatment group, the test maintaineceoof
80% and above at censoring rates of 10% and 30% whe
covariate is introduced in the model. When sample s
equal to 50 and censoring rate is 70%, the powetestf
becomes about 40% which is a relatively low level.

3.2.Discussion

In many cancer clinical trials, which require lomegm
follow up, a new treatment group is compared with a
existing standard treatment or control group basedhe
hazard ratio estimated by the Cox model in whiehttazard
ratio often changes over tifffeln such cases, the test for the
difference in hazard ratio between the treatmeriismost
likely not be significant and Cox test is known luse
power, because of the contrasting early and ldectsf of
the treatments; furthermore it is difficult to interpret the
hazard ratio estimated by the Cox model. Hencderdifit
approaches have been proposed as alternative t€dke
proportional hazards model in the case of non-ptogpaal
hazards and extended Cox model is advocated foivalir
data analysis in such a case when there is lomg-feitow
[14],[29-20],[23]. However, most studies have netleated
the statistical properties of test from extendeck @mwdel
under varieties of censoring rates specifically ragh
censoring rate. Therefore, the main purpose of shisly
was to evaluate the performance of extended Coxehfod
testing the treatment effect in randomized clinitdls
when proportional hazards assumption is not satisfith
variations in censoring rates. This was done basedata
from simulation and performance of test was evaldidah

terms of maintaining nominal level of significanead
empirical power. From a simulation result, it wa®s that
the test from extended Cox model controlled the typrror
rate accurately at the targeted 0.05 level of figance with
and without including covariate in the model at 1@%d
30% censoring rates regardless of sample size€,408
and 200 per treatment group. This result was ia livith
findings by Andrea Callegaro and Bart Spiesseng. [14
However, at 70% of censoring rate, the estimatquk ty
error rates of the test exceeds the nominal le¥ed.05
regardless of sample sizes considered in the study.

It was observed that the performance of the tesnfr
extended model for testing treatment effect gehefatks
power in situations where there is late treatmdieiceand
two survival curves proportional. This result wésoan line
with findings by Andrea Callegaro and Bart Spiessgr].
Simulation result showed that the extended Cox inode
testing treatment effect performed reasonably weth
power of about 80% under early treatment effect rehe
hazards are expected to cross at sample sizeDarkD200
per treatment group regardless of censoring rates.
addition, when censoring rate was increased froft 10
70%, the powers of test were improved under early
treatment effect where hazards are expected tes.cBigch
an increase in powers might be due to the fact that
increasing in censoring rates from 10% to 70% neay Ito
a shortening of the follow-up period.

Moreover, the simulation results also suggestet tiie
powers of test statistic rise with increasing samgike at
10% and 30% censoring rates under crossing survival
curves. By contrast, the powers of the test graguaicline
at censoring rate of 70%. When sample size islequa0
per treatment group and when the censoring rateisased
to 70%, the power of each test becomes about 40%, a
relatively low level. However, when sample sizes 400
and 200 per treatment group while the censoringsratre
10% and 30% test demonstrates powers above 80%. As
was expected, the test from extend Cox model shahed
optimal power in this situation at 10% and 30% @fisoring
rates. It should be noted that the performanceesif from
extended Cox depends on choice for heavy sideiumédr
time t. Hence, the choice for heavy side functionstrbe
pre-specified in the protocol.

V. CONCLUSIONS

The main aim of this paper was to evaluate the
performance of the extended Cox model in orderest t
treatment effect in randomized clinical trials wiplssible
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non proportional hazards with variation of censpriates
under 50,100,200 subjects per treatment group. éléoen
simulation results, it can be concluded that thst $tatistic
from extend Cox model had a robust power with reabte
type | error rates at censoring rate of 10% and 30fter
situation of crossing survival curves and the maalkiws
adjusting for baseline covariates as it performesbonable
well with the presence of baseline covariate in rinadel.
However, test exhibits relatively low powers antireated
type | error rates of the test were slightly irdltfrom the
nominal level of 0.05 at censoring rate of 70% rdigess of
sample sizes considered in the study. It is duly
acknowledged that this paper does not cover inkdapout
extended Cox model for survival analysis and evahblizthe
method based on real data set; this might require much
future research. Nonetheless, the paper can seraegaod
note for the beginners who are interested to ledaut the
behavior of extended Cox model with variations in
censoring rates in the situation where proportidregards
assumption is not satisfied.
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