
Censoring Bias in Oncology
Clinical Trials

Andrea Mattsson

A Bachelor’s Degree project in Mathematical statistics in cooperation with

the Danish Medicines Agency.

Supervisor from the Danish Medicines Agency: Aldana Rosso
Academic supervisor: Anna Lindgren
Examiner: Johan Lindström
Centre for Mathematical Sciences
Faculty of Science
Lund University, Sweden
Spring semester 2020



ii

Abstract

Time to disease progression or death (PFS) is of main interest in oncology clinical trials.
The data is commonly analyzed using a Cox model. Early discontinuation gives uncertainty
in the estimated hazard ratio (HR). Censoring is generally used to handle discontinuations.
However, if discontinuations are related to the patients’ prognosis, the HR may be biased.
By simulating PFS data, this bias was investigated. The direction and size of the bias is de-
pendent on the proportion of censored patients in each treatment arm. Our results show that
supplementary analyses with different strategies to handle discontinuation should be used to
compare cancer treatments.

Keywords: survival analysis, censoring, progression-free survival, Cox proportional haz-
ards model, oncology clinical trial, HER2CLIMB
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Populärvetenskaplig sammanfattning

Cancer är en av våra vanligaste sjukdomar och det pågår mycket forskning kring att hitta
nya behandlingar. För att en ny behandling ska kunna erbjudas till cancerpatienter behöver
behandlingens effekt och säkerhet utvärderas och säkerställas i en patientstudie. Effekten
bedöms vanligtvis genom att mäta tiden det tar för cancersjukdomen att sprida sig och/eller
tills patienten avlider. Generellt får de deltagande patienterna antingen den nya behandlingen
eller den etablerade behandlingen och sedan jämförs effekten av de olika behandlingarna.

Det händer att patienter avbryter sitt deltagande i studien, till exempel om de får svåra
biverkningar eller om de byter till en annan behandling. Då uppstår en osäkerhet i beräkningen
av behandlingens effekt eftersom dessa patienter inte fullföljde behandlingen som plan-
erat. Vanligtvis antar man att de avhoppade patienternas tidsförlopp inte skiljer sig från
de kvarvarande patienternas tidsförlopp, om de hade fortsatt delta i studien. Om det stämmer
påverkas inte beräkningen av behandlingens effekt. Om däremot anledningen till patien-
ternas avhopp är relaterad till deras sjukdomsprognos, till exempel om de inte tål den nya
behandlingen eftersom de är mycket sjuka, blir beräkningarna felaktiga.

I den här uppsatsen undersöks storleken på det fel i jämförelse av tid till spridning eller
död som uppstår när man gör antaganden om patienter som avbryter studien i förtid. Utöver
det undersöks om felet gynnar eller missgynnar den nya behandlingen. Undersökningen
gjordes genom att simulera data som efterliknar en nyligen genomförd bröstcancerstudie
[1]. Resultaten visar att andelen av patienter som avbryter behandlingen i de olika behan-
dlingarna har betydelse för åt vilket håll felet går. Ett exempel på det är om patienter som får
den nya behandlingen avbryter i en större utsträckning än de som får den vanliga behandlin-
gen. Om man i det fallet antar att de patienter som avbröt den nya behandlingen fick spridd
cancersjukdom eller avled precis när de avbröt blir beräkningen av behandlingseffekten mer
konservativ.
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Chapter 1

Introduction

In clinical research, clinical trials are a vital part of investigating new disease treatments, for
instance cancer medicines. Besides the clinical considerations, statistics is an important tool,
not only to make sure the trial is conducted in a valid way, but also to make sure that the data
is interpreted correctly.

The objective with oncology clinical trials is to identify treatments which prolong patients’
life and/or help to control the disease, while improving patients’ quality of life. There-
fore, time to progression of the disease and/or death are the most common variables used
to compare between established and experimental treatments in the later phases of clinical
development. Trials investigating potential cancer treatments take a long time, sometimes
several years. Moreover, both experimental and established treatments may have serious
side effects. Therefore, a large commitment is required from the patients who participate
in clinical studies. In many cases, the study treatment may not be well tolerated by the pa-
tient and it will be discontinued earlier than planned. In other cases, the patients may not
be willing to continue receiving the study treatment. Earlier discontinuations interfere with
the statistical comparison between the experimental and established treatments and there are
several ways to handle it in the statistical analysis. Generally, it is assumed that patients
who discontinue treatment are similar to those who remained in the study and were observed
until they experienced the event of interest (death or progression of disease) or the trial was
terminated. Under this assumption, patients who discontinued the trial without experiencing
the event are censored. However, if this assumption is incorrect the results will be biased
[2][3]. Biased estimates can lead the regulatory authorities to granting approval of ineffi-
cient treatments and be the cause of, not only false hope for the patients, but also economical
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risks. Censoring bias has been investigated previously, for instance in [2], [4] [5] and [6]
However, the size and direction of the bias given by early discontinuation is still not fully
understood. A sensitivity analysis in the form of simulations of different scenarios would
give useful information about the validity of the results.

The objective of this thesis is to investigate the possible bias due to censoring of patients
who discontinue early in phase 3 clinical trials. An estimate of the possible bias is computed
through simulations of survival data based on a recent oncology clinical trial, HER2CLIMB
[1]. This trial concerns an experimental treatment for human epidermal growth factor recep-
tor 2 (HER2) positive breast cancer1. It investigates if adding tucatinib, a selective blocker of
HER2, to an already established treatment combination (the control treatment), will increase
the overall treatment effect. In this trial, the early discontinuation rate was around 30%
(27.5% in the experimental treatment arm and 33,8 in the control treatment arm), which re-
stricted the interpretation of the results. The simulations will first mimic the results from
the HER2CLIMB trial and then be modified in order to investigate the possible bias from
different censoring scenarios.

1HER2 is a protein that is involved in cell growth. An overexpression of HER2 (i.e. HER2 positive breast
cancer) leads to faster cancer cell growth and faster spread of cancer [7], i.e. a more aggressive cancer.
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Chapter 2

Background theory

2.1 Clinical trials

A clinical trial is an experiment which investigates the safety and efficacy of an experimen-
tal treatment for some disease using subjects. Typically, the subjects are patients that are
treated for the disease of interest. There are four phases during the development program
of a new potential cancer treatment. Phase I and II mainly focus on the safety of the new
drug, such as potential adverse reactions, for example diarrhea. The optimal dose level is
also investigated. If the drug seems to show a potential treatment effect with a manageable
safety profile, a larger scale phase III trial is conducted. In a phase III trial the effect of the
new therapy is generally compared to a control therapy which is considered standard of care,
i.e. what is currently used as treatment in most cases. Patients are assigned into treatment
arms through a randomization process. This means that the patient is assigned to a treatment
arm at random, without knowing before-hand which treatment she/he will receive. The main
purpose for randomization is to be able to compare the arms in a statistically valid manner.
The randomization process also makes the adjusting for other factors less important, since
the groups of patients are comparable. In order to minimize bias, the study can be blinded,
or even double blinded. This means that the patient does not know which treatment arm
she/he belongs to (single-blind). When double blinding is applied, neither the patient nor the
investigator or other personnel involved in the study know which treatment arm the patient
belongs to. Phase IV investigates the efficacy and safety of the experimental treatment fur-
ther, mostly after the market approval [8].

Before the start of the clinical trial, a protocol that specifies the study design and plan for the
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analysis must be developed. In the protocol, the research questions, i.e. the objectives, to be
addressed are presented, as well as a plan for how patients will be treated, how the treatments
will be compared and which data that will be collected. It describes both the efficacy and
safety objectives of the trial. The protocol needs to fulfil the principles of Good Clinical
Practice and the study should comply with the Helsinki declaration [9].

A clinical trial has primary objectives, which are the most important ones, and secondary
objectives, which are used to support the primary objectives. The primary variables, or end-
points, of the study should address the primary objective of the study. Secondary variables
are related to the secondary objectives. In addition to the protocol, a statistical analysis plan
(SAP) is developed to specify how the statistical analysis will be performed. For instance,
which statistical method will be used to analyze the variables collected during the study,
how to deal with missing data, and the randomization process are specified in the SAP [10].
Efficacy is the measured effect of the new treatment in the clinical trial. The treatments are
compared using several measures or variables, for example length of survival or time to dis-
ease progression [8]. If efficacy is an objective of the trial, it also must examine possible side
effects or harms. This is equally important as the efficacy objective [11].

In oncology clinical trials there are different endpoints of interest, such as overall survival
(OS) and progression-free survival (PFS). OS measures the time from randomization until
death, due to any cause, and is precisely measured and easy to track. A disadvantage is that
it also includes deaths that are not directly connected to cancer. PFS measures the time until
the cancer has progressed, or death, which of the two events that comes first. Progression
of cancer means that the disease has advanced or spread. It is important that the definition
of the progression is clearly stated ahead of the study, in order to decrease potential bias. A
standardized scale, called RECIST, is typically used in solid tumors, to assess progression of
the disease [12]. The advantages of PFS as an endpoint is that it needs a smaller sample size
compared to OS since this is a more frequent event than OS [13]. Also, PFS generally needs
a shorter follow-up period than OS, depending on how fast the disease advances. A disad-
vantage of PFS is that it is harder to track since progression can only be discovered when the
patient is in a follow-up visit at the clinic, for example via a scan. Another disadvantage is
that it does not necessarily correlate with the survival and this could be a problem if OS is
an important objective of the study [14] [15].
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2.2 Survival analysis

Survival analysis, also called time-to-event analysis, studies the time until an event. The rea-
son for using survival analysis in cancer clinical trials is that the efficacy of an experimental
treatment is studied by measuring time to progression or death (PFS time). In this thesis,
standard survival analysis methods, such as Kaplan-Meier and Cox models, will be used to
analyse PFS.

2.2.1 The survival function

In survival analysis, the main focus is the time T until some event. Therefore, it is convenient
to use the survival function S(t), which is defined as:

S(t) = P(T > t) = 1−P(T ≤ t) = 1−F(t),

where F(t) is the cumulative distribution function of T .

2.2.2 The hazard function

An even more convenient way to model the survival is by the hazard function. It is described
as the instantaneous failure rate and is the probability of failure in an infinitesimal time
interval τ , given that you have survived up to now. It is defined as:

h(t) = lim
τ→0

P(t < T < t + τ|T > t)
τ

.

The hazard function is related to the survival function by

S(t) = exp
(
−
∫ t

0
h(u)du

)
.

This means, in theory, that if one of them is known, then so is the other [3].
The cumulative hazard function H(t) is defined through the hazard function as:

H(t) =
∫ t

0
h(u)du.
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2.2.3 Censoring

Censoring is when an event of interest, for example disease progression or death, is not ob-
served, meaning that incomplete information is available about the time-to-event of some
subjects. In clinical trials, right-censoring is the most common type. This is when the event
happened after the last observed time, i.e. the true survival time is longer than the observed
survival time. There is also left-censoring, when the true survival time is shorter than the ob-
served time, and interval censoring, when the true survival time only is known to be within a
time interval [3]. This thesis will only consider right-censoring. In figure 2.1, different types
of right-censoring are depicted in a graph.

There are different types of censoring assumptions. Random censoring is when the cen-
sored subjects are assumed to have the same risk profile as the remaining subjects in the risk
set. Hence, the censored patients are assumed to be represented by all the remaining patients
in the trial. In this case, no bias is expected since no information is lost. On the other hand,
non-random censoring indicates that censored subjects do not have a similar risk as the sub-
jects remaining in the study. This means that it is not sufficient to only consider the observed
events to estimate the survival of the censored subjects. Independent censoring, as opposed
to dependent censoring, is random but only within a subgroup of the whole population, i.e.
random censoring conditioned on some covariates. Hence, the censored patients are assumed
to be represented by all the remaining patients within its subgroup. The assumption of in-
dependent censoring is weaker and less restrictive than the random censoring assumption.
Non-informative censoring, as opposed to informative censoring, is when the distribution of
the event times T gives no information about the distribution of the censoring times C [3].

The assumption of independent and non-informative censoring are often, but not necessar-
ily, valid at the same time, because they are not equivalent to each other. In the same way,
dependent censoring can imply informative censoring and vice versa, but not always. See
figure 2.2 for a presentation of the relation between the different types of censoring assump-
tions, illustrated in a Venn diagram.

All methods and tests presented in this section rely on the assumption of independent cen-
soring. This means that if the censoring is not independent, the validity of the model is
compromised [3].
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Figure 2.1: Graph of event and censoring
times for five subjects. The circles denote that
a patient was censored. The triangles denote
that a patient experienced an event. Subject 2
and 5 experience the event at times 5 and 7 re-
spectively. Subject 1 and 3 are right-censored
at time 3 and 2 respectively, due to discontin-
uation. Subject 4 is administratively censored
at time 10 since this is the end of the study.

Figure 2.2: A Venn diagram that describes the
relation between the different types of cen-
soring assumptions. Independent censoring
implies random censoring but not necessarily
the other way around. All three may be valid
at the same time but not by definition. The
same relations are valid for the counterparts,
i.e. non-random, dependent and informative
censoring.

In clinical trials, censoring may occur if patients are lost to follow-up or if the patient has not
yet experienced the event when the follow-up period is ended. The latter is called adminis-
trative censoring and is considered to be random since the end of the study date is not related
to the patients’ PFS time [16].

Due to censoring, the observed endpoint of a patient is controlled by two time processes.
The PFS event time is denoted by the random variable E ∼ FE(t) and the censoring time
is denoted by C ∼ FC(t), where FE(t) and FC(t) are the PFS event time and censoring time
distributions respectively. The observed time, T , is then the time that happened first, i.e. the
minimum of these, and is defined as

T = min(E,C) (2.1)

A censoring variable δi indicates if the patient is censored or not, i.e. denotes which of the
PFS event or censoring happened first. It is defined as
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δi =

0 if T =C

1 if T = E

Assume that a clinical trial consist of n patients. Each patient i is then represented by a
triplet (Ti,δi,xi), for i = 1, . . . ,n. The observed endpoint for patient i, Ti is i.i.d T , and δi

indicates if the patient was censored or not. The vector xi = (x1i, . . .xdi) = stores the values
of the covariates for each patient i. In this thesis only one covariate, xi, will be considered.
It indicates which treatment arm patient i belongs to and is defined as

xi =

0 if patient i is in the control treatment arm.

1 if patient i is in the experimental treatment arm.

Censoring does not necessarily lead to biased estimates. If it is independent or non-informative,
the censored subjects are considered to be represented by the remaining subjects in the risk
set, hence their hazard is taken into account. However, if the censoring is related to the sur-
vival function, for instance if the patients at higher risk tend to discontinue the trial before
progression or death, this is not the case and bias may occur.

2.2.4 The Kaplan-Meier estimator

The Kaplan-Meier estimator, also called the product limit estimator, is a non-parametric
estimator of the survival function. The estimation is computed stepwise for each interval
between the ordered event times, and results in a right-continuous step function. It estimates
the probability of surviving past an event time by computing the probability of surviving
the previous event time multiplied by the conditional probability of surviving past the next
event time given that you have survived up to the event time. For each step an interval is
defined as I( f ) = [t( f ), t( f )) where t( f ) is an ordered event time, for f : t( f ) < t, for a given
time point t. The number of events at each ordered event time is denoted d( f ). The number
of subjects for which the event has not yet occurred is denoted R( f ) and is called the risk set.
The estimation takes censoring into account by not counting the censored subjects into the
risk set after censoring but neither counting them as an event. In that way the Kaplan-Meier
estimator uses the information about the censored subject just until they are censored.
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The estimated survival probability in a given time point t ∈ I( f ) is then

ŜKM(t) = Ŝ(t( f )) = Ŝ(t( f−1)) ·
R( f )−d( f )

R( f )
= ∏

k: t( f )<t

R(k)−d(k)
R(k)

Two-sided 95% confidence intervals for the Kaplan-Meier estimated survival curve are ob-
tained by either computing the variance of the estimate by the frequently used Greenwood’s
formula [17] [3] [18] or by the delta method [17]. The estimator is asymptotically normally
distributed and therefore the standard normal distribution p-quantile λp is used.

C.I.KM = ŜKM(t)±λ0.975

√
Var(ŜKM(t))

The assumptions made for the Kaplan-Meier estimator is that the censoring is independent
and that the event and censoring times are exact. If the assumptions are not met, bias may
occur [8].

2.2.4.1 Median survival time

The median survival time is defined as the time t such that S(t) = 1
2 . Since Kaplan-Meier

survival curves are step functions it is not necessarily continuous at t = 1
2 , and a more general

definition for the median survival is

tmedian = inf{t : S(t)≤ 1
2
}

The confidence interval for the median survival time is given by the inequality

(ŜKM(t)− 1
2
)2 < χ

2
1 ·Var(ŜKM(t))

In clinical trials, this is the time when 50% of the study subjects have experienced the event.
This is a descriptive statistical measure that can be used to support the comparison the sur-
vival of two different groups, for instance two treatment arms in a clinical trial. It can be
estimated via the Kaplan-Meier estimate of the survival function [8]. In this thesis, the PFS
median time will be considered, since PFS is the primary endpoint.

2.2.4.2 The Log-rank test

In order to compare two survival curves for two different groups and test if the observed
difference is statistically significant, the log-rank test can be used. It is a non-parametric
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large sample chi-square test. The null hypothesis H0 is that the curves are overall equivalent
to each other. The log-rank test compares the observed number of events and the expected
number of events under the null hypothesis, for each event time [17].

In this thesis two groups, group 0 (experimental treatment arm) and group 1 (control treat-
ment arm), will be compared to each other and therefore the test is defined for comparison
of two groups.

In order to define the test statistic, some further definitions about status at each event time
need to be specified. Let n(1 f ) be the number at risk for group 1 and let d(1 f ) be the number
of events for each event time t( f ). It can be shown that d(1 f )|n(0 f ), n(1 f ), d( f ) follows the hy-
pergeometric distribution [16]. This gives that the expected number of events e(1 f ) at event
time t( f ) is

e(1 f ) = E(d(1 f )) =
n(1 f )d( f )

n( f )
,

and the variance v(1 f ) is

v(1 f ) = Var(d(1 f )) =
n(0 f )n(1 f )d( f )(n( f )−d( f ))

n2
( f )(n( f )−1)

The test statistic S is then computed as,

S =
(∑n

f=1(d(1 f )− e(1 f )))
2

∑
n
f=1 v(1 f )

.
The computations are symmetric if group 2 is considered instead, resulting in the same statis-
tic.
Under H0, S∼ χ2

α(1) where α is the significance level.

2.2.5 The Cox proportional hazards regression model

The Cox model is a semi-parametric regression model that can be used to compare two
groups with different treatments, for instance a new treatment compared to a control treat-
ment. It estimates the relative difference in treatment effect.

The general form of the Cox model is expressed in the hazard function h(t,xi) for patient i
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with covariate vector xi = (x1i, . . .xdi) and regression coefficients β = (β1, . . . ,βd) at time t

and is given by

h(t,xi) = h0(t) · exp

(
d

∑
j=1

β jxi j

)
It is a semi-parametric regression model since the baseline hazard function, h0(t), is unde-
fined. This makes it more robust than a fully parametric model, for instance the Weibull
hazard model. However, as a consequence, the model cannot be used to predict unless the
baseline hazard is defined [3].

The baseline hazard is dependent on the time variable but the explanatory variables are as-
sumed to be time-independent for the standard Cox model. If they are considered to be
time-dependent, the extended Cox model can be used [3].

2.2.5.1 Adjusted survival curves

The survival curves can be estimated by the Cox model by using the estimated regression
coefficients and specify some value for each covariate. The adjusted survival curves are then
defined as

Ŝ(t,x) = [S0(t)]
exp∑

d
j=1 β jxi j

where S0(t) is the baseline survival function, defined by the baseline hazard function.

The adjusted survival curves are not the same as the Kaplan-Meier curves since the latter
do not adjust for covariates.

2.2.5.2 The hazard ratio and proportional hazards

The relative measure of difference in treatment efficacy between two groups is estimated
by the hazard ratio (HR). The hazard ratio is a fraction of two hazards for two groups with
different covariate values. Assume that two groups of patients are to be compared, group 0
with population size n0 and group 1 with population size n1. Group 0 has covariate values
xi = (x1i, . . .xdi) for each patient i, i = 1, . . . ,n0 and group 1 with covariate values x∗i =

(x∗1i, . . .x
∗
di) for each patient i∗, i∗ = 1, . . . ,n1. Given the estimated regression coefficients

β̂ = (β1, . . . ,βd), the hazard ratio between patient i in group 0 and patient i∗ in group 1 is
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then computed by

HR =
h0(t)exp

(
∑

d
j=1 β̂ jxi j

)
h0(t)exp

(
∑

d
j=1 β̂ jx∗i j

)
= exp

(
d

∑
j=1

β̂ j(xi j− x∗i j)

)

If there is only one binary covariate with estimated regression coefficient β̂ , then the hazard
ratio becomes HR = exp(β̂ ) between the two groups. This is the case in this thesis, where
the only covariate is the treatment indicator. If HR < 1, the hazard for group 0 is estimated
to be smaller than the hazard for group 1. If HR = 1, the hazards of the two groups are
estimated to be equal.

The baseline hazard h0(t) does not need to be specified since it is cancelled out in the fraction
when the hazard ratio is assumed to be constant over time. This is the main assumption for
the Cox model and is called proportional hazards (PH). If the PH assumption is met can be
evaluated graphically, by goodness of fit tests, or by fitting a model with time-dependent vari-
ables [3].One way of evaluating graphically is to use the log-negative-log-plot. Let’s assume
that we have two estimated survival curves, adjusted for treatment group, Ŝ1(t) and Ŝ2(t).
If the PH-assumption is met, then the plotted curves of ln(− ln(Ŝ1(t)) and ln(− ln(Ŝ2(t))

should be parallel. If they cross, diverge or converge, the PH-assumption is violated [3] [17].

2.2.5.3 The Cox partial likelihood

The Cox likelihood is a partial likelihood which is defined based on the order of event and
censoring times, instead of the survival distribution. This is due to the fact that the survival
distribution is not completely defined, due to the unknown baseline hazard function h0(t).
The assumptions that are made are the same as those described previously, i.e. that we know
the event and censoring times exactly and that the censoring is independent.

The Cox model is fitted using maximum likelihood estimation (MLE). However, in order
to handle censored data the estimation needs to be adapted , so that all information until
censoring is used in the model. The full likelihood is defined by the probability density func-
tions. The probability for the subjects who experiences the event is used but for the censored



CHAPTER 2. BACKGROUND THEORY 13

subjects the survival function is used instead. This allows the model to adapt to the fact that
we know that the survival times of the censored subjects are at least the censoring time but
perhaps greater.

Consider the triplets (T,0,xi) and (T,1,xi) separately for a patient i. For (T,0,xi) the PFS
time is at least ti = T , since the censor variable δi is equal to 0. Hence the probability for
PFS is given by S(T,β ,xi). For (T,1,xi) on the other hand, the PFS time is exactly ti = T ,
hence the probability for PFS is given by the p.d.f. f (T,β ,xi). For a sample of m independent
observations (ti,δi,xi), i = 1, . . . ,m, the likelihood function L(β ) is defined in [17] as

L(β ) =
m

∏
i=1

[ f (ti,β ,xi)]
δi[S(ti,β ,xi)]

1−δi

For simplicity, the log-likelihood function l(β ) is maximized with respect to β and this is
equivalent to maximizing L(β ) since the log-transform is monotone.

l(β ) =
m

∑
i=1

(δi log( f (ti,β ,xi))+(1−δi) log(S(ti,β ,xi)))

Using that f (ti,β ,xi) = h(ti,β ,xi) ·S(ti,β ,xi), this is equivalent to

l(β ) =
m

∑
i=1

(
δi log(h0(ti)+δixiβ + exiβ log(S0(ti))

)
However, since the baseline hazard and survival functions are unknown, the partial log-
likelihood is defined as

lp(β ) =
m

∏
i=1

(
exiβ

∑
m
i=1 exiβ

)δi

.

The partial likelihood was defined in [19] in 1972 and is shown to have the same distribu-
tional properties as the full likelihood, but without having to define the baseline hazard [20].
It can be used for log-likelihood ratio, score and the Wald tests, using the asymptotic proper-
ties of MLE. Furthermore, if the proportional hazards assumption is met, the score statistic
is equivalent to the log-rank statistic, defined in section 2.2.4.2, hence only the log-rank test
will be used in this thesis.
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2.2.5.4 Cox regression compared to other regression models

Similarly to linear and logistic regression a model is estimated when using Cox regression.
In linear regression the outcome variable of interest is some continuous variable and the
measure of effect is the regression coefficient. In logistic regression the outcome variable
of interest is a binary outcome and the measure of effect is the odds ratio expressed as the
exponential of the regression coefficient. In survival analysis, the variable is the time until
an event and the measure of effect is also expressed as the exponential of the regression co-
efficient but in this case is equal to the hazard ratio [3].

The main difference between Cox regression and linear or logistic regression is that it can
handle censoring [16]. In linear and logistic regression the follow-up time is not tracked and
therefore these models do not register if a patient did not complete an observation period [3].

2.2.6 Parametric survival distributions

There are several distributions that are suitable for simulations and inference of survival
data. Since the endpoint variable is a measure of time, the distribution should preferably be
non-negative. If a parametric distribution is assumed, the task is to choose or fit appropriate
parameter values, depending on whether the goal is to simulate or estimate.

Previously, the hazard function was shown to be equivalent to the survival function. It is
also equivalent to the density function f (t) via the relation

f (t) = h(t)exp(−H(t)).

If the hazard function is constant over time, the survival distribution is exponential. If this
is clearly not the case, there are other suitable survival distributions such as Gamma, Log-
normal and Log-logistic. Below, the Weibull distribution is chosen to simulate the event data
and the exponential distribution is chosen to simulate the censoring data [21] [22].

2.2.6.1 The Weibull distribution

The Weibull distribution is a suitable choice for simulating or model survival data, since it is
easy to define the parameters such that the median survival times for both treatment groups
attain the wanted values. It is non-negative, continuous and its survival function is defined
as



CHAPTER 2. BACKGROUND THEORY 15

S(t) = exp
(
−(ρt)λ

)
where ρ is the scale parameter and λ is the shape parameter [23]. The hazard function then
becomes

h(t) = λρ(ρt)λ−1

In order to obtain the wanted median survival time tmedian, for a fixed ρ , λ is given by

λ =
− log(1/2)

tρ

median
(2.2)
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Chapter 3

The HER2CLIMB study

3.1 Tucatinib in combination with trastuzumab and
capecitabine in previously treated patients with
HER2-positive metastatic breast cancer

Tucatinib is an investigational oral selective blocker for a receptor called human epidermal
growth factor receptor 2 (HER2) tyrosine kinase that is present in one breast cancer subtype,
HER2-positive breast cancer. Trastuzumab in combination with capecitabine is already an
established treatment for this type of cancer. The HER2CLIMB trial investigated if the addi-
tion of tucatinib in combination with trastuzumab and capecitabine delays disease progres-
sion and/or improves survival in previously treated patients with HER2-positive metastatic
breast cancer [1]. The primary and most important secondary endpoints of the study are PFS
and OS respectively. Since censoring mostly affects PFS more than OS, this thesis will only
consider PFS.

This new combination treatment has been submitted for marketing authorization approval
to the European Medicines Agency (EMA) in 2019 and their application is currently under
assessment [24]. The Food and Drug Administration (FDA) licensed this treatment in April
2020 [25] for adult patients with locally advanced or metastatic HER2-positive breast cancer,
including patients with brain metastases1, who have received one or more prior anti-HER2-
based regimens in the metastatic setting.

1Brain metastases are tumors that have spread from the primary site of the cancer in the body, in this case
the breast, to the brain.
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The trial population for the PFS endpoint consists of 480 patients with HER2-positive cancer,
some with presence of brain metastases. They were, via a randomization process, assigned
to either the treatment arm (tucatinib plus trastuzumab and capecitabine) or the control arm
(placebo plus trastuzumab and capecitabine). The assignment ratio was 2:1 meaning that 320
patients (2/3) got the experimental treatment and 160 patients (1/3) the standard treatment.

The first objective of the simulations is to investigate if alterations in the proportion of pa-
tients that are censored (censoring rates) induce bias in the estimates (median PFS time and
HR). The second objective is to investigate the extent of the bias in the HR if the assumption
of independent censoring is violated. If bias occur, the size and direction (under- or over-
estimation) of the bias will be discussed.

In order to simulate censoring rates that are similar to those observed in the HER2CLIMB
trial, the patients in the trial are divided into five subgroups, A-E, depending on whether they
experienced a PFS event while on the study or discontinued the study before they experi-
enced a PFS event. In table 3.1, these subgroups are presented. In the primary analysis, the
investigators decided to censor all patients whose PFS event was not observed [1].

In the simulations, the statistical handling (censor or event) of patients who belongs to sub-
groups C, D and E, i.e. the patients who discontinued the study before experiencing a PFS
event, changed to another anti-cancer therapy before experiencing a PFS event or who missed
two or more assessments and experienced a PFS event in the following assessment, will be
altered in order to see what bias may occur. In the HER2CLIMB trial, as in most clinical
trials, the observations period is limited which causes administrative censoring. Subgroup
A is the group of patients that were administratively censored when the observation period
ended. However, in the simulations the observation period is until all patients either had an
PFS event or were censored due to lost to follow-up or change of treatment which means that
no administrative censoring is implemented in the simulations. This will not affect the bias,
since administrative censoring is independent.
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Subgroup Description
No. patients

Control Experimental

A
Patients on-going in the study who did not

experience a PFS event at the time of
database lock (admin. censoring).

9 54

B Patients with observed PFS event. 97 178

C
Patients who discontinued the study

before experiencing a PFS event. 2 7

D
Patients who changed to another anti-cancer

therapy before experiencing a PFS event. 47 75

E
Patients who missed two or more
assessments and experienced a

PFS event in the following assessment.
5 6

Table 3.1: Description of patient subgroups, which are based on whether they experienced a PFS
event while on the study or discontinued the study before they experienced a PFS event

The results from the study, concerning PFS, are presented in table 3.2.

HER2CLIMB study
Median PFS (95% C.I.)

HR (95% C.I.) p
Control Experimental

Estimate 5.6 (4.2, 7.1) 7.8 (7.5, 9.6) 0.54 (0.42, 0.71) < 0.0001

Table 3.2: Estimated median PFS times for each treatment arm, and HR from the HER2CLIMB study
that will be used to simulate similar survival data [1].
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Chapter 4

Results and discussion

The simulations are divided into six cases, based on the subgroups listed in table 3.1. As
mentioned, in the primary analysis for the HER2CLIMB trial, patients who did not experi-
ence a PFS event while being observed, or who missed two or more assessments and then
experienced a PFS events were censored. The first case, case 0, replicates the results from the
HER2CLIMB trial and is considered to be the base case. The five other cases are modifica-
tions of case 0, where the subgroups of patients that are censored are changed to be events in
different combinations. This is done in order to assess the robustness of the published results
and investigate potential bias caused by censoring. In table 4.1, all six cases are described
and the censoring rates are presented. In short, the differences between the cases are how
the subgroups C, D and E are treated in the statistical analysis. Either the patients in these
subgroups (some or all of them) are censored or they are considered to have had their PFS
event at the last observed PFS time, in both or one of the treatment arms. The censoring rate
is the proportion of patients that are censored (not administratively) within each treatment
arm. For instance, in case 0, 33.8% of the patients in the experimental treatment arm were
censored.

In case 1, the patients who discontinued the study before experiencing a PFS event are con-
sidered to have had their PFS events, and in case 2, the patients who missed two or more
assessments and experienced a PFS event in the following assessment are considered to have
had their PFS event. These cases do not differ considerably from case 0 in terms of censoring
rates. In case 3, non of the patients are censored, in neither of the arms, hence the censoring
rates are equal to zero in both arms.
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In case 4, the patients who were lost to follow-up or switched therapy are censored in the
control treatment arm, but considered to have experienced an event in the experimental treat-
ment arm. This is considered to be a conservative case, in the perspective of the regulator.
The reason for this is that an observed PFS event decreases the PFS probability as compared
to censoring. This will cause the estimated HR to be closer to 1 and, accordingly, the experi-
mental treatment shows less difference in PFS compared to the control arm. On the contrary,
in case 5, the opposite of case 4 is simulated, in the sense that the patients who were lost
to follow-up or switched therapy are now censored in the experimental treatment arm but
considered to have experienced an event in the control treatment arm. This is reasoned to
be the ”best case scenario” from the perspective of the experimental treatment manufacturer,
since the estimated HR will be as low as possible.

The first series of simulations, Simulation series 1, will implement independent censoring.
This means that the censoring of patients will be distributed randomly within each treatment
arm. The bias is expected to be small in case 0, 1 and 2 since independent censoring is a key
assumption of the estimation methods and the censoring rates do not differ much between
the cases. Also, the censoring proportion ratio among the treatment arms remain approxi-
mately the same. In case 3, where all of the previously censored patients are considered to be
events, the estimated median PFS times should be shorter in both arms, since the probability
of PFS is declined when there are more events, and therefore the median PFS is shortened.
However, since the PFS event ratio between the treatment arms remain almost the same, the
model should be able to handle this scenario well. On the other hand, in case 4 and 5, where
the censoring/event assumption of the treatment arms contrast, the bias should be more sig-
nificant.

In the second series of simulations, Simulation series 2, dependent and informative cen-
soring is implemented in the experimental treatment arm. This is done by censoring the
patients with a short ”true” PFS time to a higher extent than the other patients. More specif-
ically, 80% of the censoring will be applied to the patients with a shorter PFS time than the
median PFS time and, consequently, 20% of the censoring will be applied to the patients
with equal or longer PFS time than the median PFS time. The censoring in the control arm
is still independent, as in the Simulation series 1.

Simulation series 2 aims to recreate two frequently observed situations in oncology clini-
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Case Description
Censoring rate No. PFS events

Control Treatment Control Treatment

0

Patients who did not experience a PFS
event while being observed (C + D), or who
missed two or more assessments and then

experienced a PFS events (E) are censored.

0.338 0.275 106 232

1

Patients who discontinued the study
before experiencing a PFS event (C) are

considered to have had a PFS events. The
other subgroups are censored as in case 0.

0.325 0.253 108 239

2

Patients who missed two or more
assessments and experienced a

PFS event in the following assessment (D)
are considered to have had a

PFS event. The other subgroups are
censored as in case 0.

0.306 0.256 111 238

3

Patients who did not experience a
PFS event while being observed (C + D),

or who missed two or more assessments and
then experienced a PFS events (E) are
considered to have had a PFS event.

0 0 160 320

4

The patients in the control treatment arm
who did not experience a PFS event

while being observed (C + D), or who
missed two or more assessments and then
experienced a PFS events (E) are censored

(as case 0 but only for the control arm).

The patients in the experimental treatment
arm who did not experience a PFS event
while being observed (C + D), or who
missed two or more assessments and
then experienced a PFS events (E) are

considered to have had a PFS event
(as case 3 but only for the experimental arm).

0.338 0 106 320

5

The patients in the control treatment arm
who did not experience a PFS event

while being observed (C + D), or who
missed two or more assessments and then

experienced a PFS events (E) are
considered to have had a PFS event

(as case 3 but only for the control arm).

The patients in the experimental treatment
arm who did not experience a PFS event
while being observed (C + D), or who
missed two or more assessments and

then experienced a PFS events (E) are censored
(as case 0 but only for the experimental arm).

This is the reversed version of case 4.

0 0.275 160 232

Table 4.1: Description of six different censoring cases with the proportion of censored patients and
number of censored patients in each treatment arm
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cal trials. First, if the experimental treatment has an adverse toxicity profile, the result could
be that the patients in this arm discontinue the treatment early since they do not tolerate
the therapy, even if they have not experienced their PFS event yet. The second frequently
observed situation is that patients switch to another anti-cancer therapy, despite that progres-
sion is not yet declared. This situation occurs in both treatment arms but can have different
motivations behind, with varying consequences. In both cases, these patients are generally
censored in the primary analysis. The issue with these situations is that these patients may
not be well represented by the remaining patients in the study. This is because the discon-
tinuation may be related to a worse health status or clinical progression, and therefore they
may have a different progression or survival expectation than patients who remained in the
study. An example of this, in the second situation, is when the physician is considering to
change to another treatment for a patient but postpones as long as possible since the next
treatment probably is less effective. These patients, for which the discontinuation is related
to their health status, will be denoted as patients at higher risk. This means that the main
assumption of independent censoring is violated and therefore it is interesting to simulate
this scenario and investigate possible bias. In the first series of simulations, these patients
decreased the survival probability, since the probability for them to experience their event
were higher than for the rest of the patients. In this series of simulations, they are censored
and thus the estimated HR is expected to be smaller than the true HR.

In [2], the author has conducted a similar simulation study where a comparison is made
between a scenario where firstly, the patients who switch to another anti-cancer therapy in
the control treatment arm are censored and secondly considered to have PFS events, whereas
all patients in the experimental treatment arm have events. In other words, the author alters
the censoring assumptions in the control arm, as compared to the simulation study in this
thesis, where the alteration of censoring assumption is made for the experimental treatment
arm. Carroll writes that the type of censoring of patients at higher risk that stop the control
or experimental treatment before observed PFS event, should be avoided, since it leads to
informative censoring.

In order to obtain a robust1 result, 1000 simulations are made where in each the median sur-
vival, the hazard ratio and the log-rank statistic is computed. Then the median of these are
computed as the point estimate and the 2.5’th and 97.5’th percentile are taken as confidence

1The results vary for each simulation run due to variability and 1000 simulation repetitions gives robustness
of the estimates.
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bounds, using the bootstrap method [26] and presented in tables. Furthermore, Kaplan-Meier
estimated survival curves are plotted and presented in figures to illustrate the results. A more
detailed technical description of the simulations is presented in Appendix A.

4.1 Simulation series 1 - Independent censoring

The estimated median PFS times and hazard ratios are presented in figures 4.1 and 4.2. They
are essentially equal for case 0, 1 and 2 with negligible HR bias in case 2. In addition, the
HR for case 3 is similar to case 0, with negligible HR bias. In the cases where the previously
censored patients are treated as events in the analysis, the median PFS times are reduced, see
for instance case 3 with median PFS 4.12 and 6.16 in the control and experimental treatment
arm respectively. Furthermore, in case 4 and 5, the HR bias is quite large. In case 4, the
HR is estimated to be 0.803 which means that the efficacy of the experimental treatment is
estimated to be much smaller than in the HER2CLIMB study. On the other hand, in case 5,
the HR is estimated to be 0.370, which indicates that the experimental treatment efficacy is
better than in the HER2CLIMB study. The reason for the decreased median PFS times is that
in these cases there are more PFS events that lower the PFS probability. In case 3, the HR is
still rather unbiased which is explained by the fact that the previously censored patients are
treated as event, in both treatment arms, as opposed to case 4 and 5, where they are treated
differently depending on which arm they belong to. This means that, in case 4, the hazard is
lower for the control treatment arm but higher for the experimental treatment arm, resulting
in a greater HR. For case 5, it is the other way around. This explain why the HR is biased
in case 4 and 5, either towards 1 (in case 4), meaning that the efficacy is worse, or towards 0
(in case 5), meaning that the efficacy is better.

The HR bias presented in figure 4.2 is not due to violation of the independent censoring
assumption, but rather the fact that they are considered to have their PFS event earlier than
they would had been if they were censored. Another reason for the bias in case 4 and 5 is
that the censoring proportion ratios among the treatment arms differ significantly. For exam-
ple, if one arm has a much larger censoring rate than the other, the bias is in favour of the
treatment arm with a higher censoring rate.

The width of the confidence intervals varies and is the narrowest for case 3, and widest
for case 4. Thus, in these cases, precision of the estimates is best and worse respectively, as
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compared to the other cases. An explanation for this is that cases that involves more cen-
soring, as case 3, induces uncertainty into the Cox model, since an exact event time is not
known, only a minimum. If independent censoring can be assumed, case 3 is the best alter-
native from a regulatory point of view, since no significant bias is induced and the precision
is the best.

An HR of 0.54 implies a rather large difference in treatment efficacy (PFS) between the
treatment arms. In order to assess whether there is a difference in PFS for patients treated
with the experimental treatment compared to those who received the standard treatment, it is
important that the upper 95% confidence bound of the HR is below 1. In this case, the true
simulated HR is 0.54, which is relatively far away from 1. This reduces the importance of
the confidence intervals, since the experimental treatment still show a statistically significant
effect, even if we consider the upper bound of the interval. However, if the HR would be
higher, which is the case in many oncology studies 2, the confidence intervals could possibly
cover 1. This would imply that the experimental treatment does not have a statistically lower
PFS than the control arm. A simulation series with HR= 0.8 and independent censoring was
made (not presented) where the 95% confidence intervals covered 1, meaning that there are
no statistically significant difference in the efficacy of the treatments, on a 5% significance
level.

In all cases except case 4, the log-rank statistic supports that the survival curves for each
treatment are not statistically equal.

2In [27] a literature study was done of non-small cell lung cancer trials reported between January 1991 and
November 2010. In figure 2A, HRs are plotted and a major part is in the interval 0.6− 1. In [28], oncology
trials in PubMed (a database consisting of biomedical literature, life science journals, and online books) were
investigated in order to study the correlation between compare PFS to OS as endpoints. In table 2, several HRs
around 0.8 are presented.
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Figure 4.1: The estimated median PFS with 95% confidence intervals for the control treatment group
and experimental group respectively, from Simulation series 1.

Figure 4.2: The estimated HR with 95% confidence intervals, HR bias and log-rank statistics for the
control treatment group and experimental group respectively, from Simulation series 1.
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In figure 4.3, the estimated Kaplan-Meier curves are plotted. The survival curves of case 0-3
are quite similar, which support the similarity of the estimated HR for these cases. A visible
difference is that, when there is censoring involved, as in case 0-2, the curves are slightly
higher, as opposed to for instance in case 3, where patients with no observed progression are
included as events, in both treatment arms. This is also expected since the censoring do not
decrease the survival probability, as an observed event does. However, the difference is so
small, on average, so it is not shown in the hazard ratio estimates in figure 4.2, since both
survival curves are lowered.

In case 4, the high HR of 0.803 is reflected in the estimated survival curves, see figure 4.3e.
They are barely separable which implies that the difference in PFS experience between the
treatment arm is quite small. This might be explained by the fact that the patients that are
lost to follow-up or with therapy are censored in the control group, resulting in a higher sur-
vival curve, whereas these patients are considered to be events in the experimental treatment
group, which decreases the survival curve. In case 5 on the other hand, the curves are even
more separated than in case 0, 1, 2 and 3 which also is a support for the low HR.

The Kaplan-Meier survival curves and the HR are not based on the same models, but they
show the same tendency of the efficacy and survival experience between the treatment arms.
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(a) Case 0, where the patients who are lost to follow-
up or switched therapy are censored, in both treat-
ment arms.

(b) Case 1, where the patients who discontinued the
study before experiencing a PFS event are consid-
ered to have had an PFS events, in both treatment
arms. The other subgroups are censored as in case
0.

(c) Case 2, where the patients who missed two or
more assessments and experienced a PFS event in
the following assessment are considered to have had
an observed PFS event, in both treatment arms. The
other subgroups are censored as in case 0.

(d) Case 3, where the patients who are lost to follow-
up or switched therapy are considered to have an ob-
served PFS event, in both treatment arms.

(e) Case 4, where the patients in the control treat-
ment arm who were lost to follow-up or switched
therapy are censored, whereas these patients in the
experimental arm are considered to have an ob-
served PFS event.

(f) Case 5, where the patients in the experimen-
tal arm treatment arm who are lost to follow-up or
switched therapy are censored, whereas these pa-
tients in the control arm are considered to have an
observed PFS event.

Figure 4.3: Kaplan-Meier survival curves for all cases with independent censoring, from Simulation
series 1.
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4.2 Simulation series 2 - Dependent censoring

Firstly, in case 0, 1, 2 and 3, where the patients in the experimental treatment arm who
were lost to follow-up or switched therapy were censored, the median PFS times are pro-
longed (≈ 9.2) compared to ≈ 7.8 in Simulation series 1, see figure 4.4. Also, the HR is
underestimated (≈ 0.42), which implies that the treatment efficacy, in terms of PFS in the
experimental treatment arm, is overestimated, see figure 4.5. Note that the estimated HR for
case 3, where the patients who did not switch to other anti-cancer therapies or discontinued
the study before progression were considered events, is also underestimated but not as much
as in case 0, 1 and 2.

The median PFS times in case 0, 1, 2 and 5 in the experimental treatment are longer since
the patients who earlier shortened the overall median survival now are censored, which im-
plies that their PFS event is not observed. This is also the reason for the estimated HR to be
smaller than the true HR. If this type of censoring would occur in a trial, which is expected
at least partly, the HR would be underestimated. This kind of censoring seems likely, for
instance when the experimental treatment show a high toxic profile. In those cases, in order
to avoid underestimating the HR in favor for the experimental treatment, it would be better to
consider a case where the worst estimate of HR, in terms of experimental treatment efficacy,
is tested (case 4), at least as a supplementary analysis. The confidence interval for the HR for
case 4, where the patients who are lost to follow-up or switch treatment are censored in the
control arm but considered as PFS events in the experimental arm, are wider than the others.
In this example it still shows a statistically significant treatment effect, since the hazard ratio
is low. However, if HR was higher, around 0.8, it would be anticipated that the confidence
intervals include 1.

The log-rank statistics for all cases except case 4 imply that the null hypothesis, which is
that the survival curves are equivalent for the two treatment groups, can be rejected since
they all are greater than χ2(1) = 3.74 on a 5% significance level. However, this test is
only valid under the assumption of independent censoring, which is not met in this series of
simulations.
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Figure 4.4: The estimated median PFS with 95% confidence intervals for the control treatment group
and experimental group respectively, from Simulation series 2.

Figure 4.5: The estimated HR with 95% confidence intervals, HR bias and log-rank statistics for the
control treatment group and experimental group respectively, from Simulation series 2.
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In figure 4.6, the estimated Kaplan-Meier survival curves are plotted, for each case. In case
0, 1, 2 and 5, where the patients who are lost to follow-up or switched treatment are censored
in the experimental treatment arm, larger differences between the experimental and control
treatment arms are seen, which confirms the lower estimated hazard ratios.
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(a) Case 0, where the patients who are lost to follow-
up or switched therapy are censored, in both treat-
ment arms.

(b) Case 1, where the patients who discontinued the
study before experiencing a PFS event are consid-
ered to have had an PFS events, in both treatment
arms. The other subgroups are censored as in case
0.

(c) Case 2, where the patients who missed two or
more assessments and experienced a PFS event in
the following assessment are considered to have had
an observed PFS event, in both treatment arms. The
other subgroups are censored as in case 0.

(d) Case 3, where the patients who are lost to follow-
up or switched therapy are considered to have an ob-
served PFS event, in both treatment arms.

(e) Case 4, where the patients in the control treat-
ment arm who were lost to follow-up or switched
therapy are censored, whereas these patients in the
experimental arm are considered to have an ob-
served PFS event.

(f) Case 5, where the patients in the experimen-
tal arm treatment arm who are lost to follow-up or
switched therapy are censored, whereas these pa-
tients in the control arm are considered to have an
observed PFS event.

Figure 4.6: Kaplan-Meier survival curves for all cases with dependent censoring, from Simulation
series 2 with dependent censoring.
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4.3 Comparison of the simulations

From a regulatory perspective (for instance the authorities responsible for granting marketing
authorizations or approving reimbursement of treatments’ cost), it is interesting to compare
case 0, that replicates the HER2CLIMB results, and case 4, where all patients that are lost
to follow-up or switched therapy are censored in the control arm but considered to have had
the event in the experimental arm. As mentioned previously, case 4 is the most conservative
case. This is because the events in the experimental arm decreases the survival probability
for this arm but not the control arm, where these patients are censored. Thus, the hazard ratio
increases and the experimental treatment performs worse. In figure 4.7, the Kaplan-Meier
survival curves are plotted together with the true survival curve, for each case and simulation
series respectively. In figure 4.7a, where case 0 and independent censoring is depicted, the
survival curves are quite similar to the true simulated curve. This is expected since the inde-
pendent censoring assumption of the Kaplan-Meier estimation method is met. On the other
hand, in figure 4.7b, where case 0 and independent censoring is depicted, the experimental
treatment curve is significantly underestimated compared to the true simulated curve. This
is because, as explained previously, more events lower the estimated PFS curve.

In figure 4.7c, where case 0 and dependent censoring is depicted, the experimental treatment
curve is overestimated compared to the true curve, meaning that the free-of-progression or
survival probability is estimated to be better than it actually is for the experimental patient
group. However, in figure 4.7d, the same curve is underestimated. This confirms that case 4
provides a more conservative choice in favour of the control treatment, but also that case 0
imply that the experimental treatment efficacy is overestimated, if the censoring is dependent.

If the independent censoring assumption is believed to be met, at least to an acceptable
extent with negligible proportions of patients where dependent censoring is suspected, case
4 is quite extreme and may be overly conservative. Then case 3 provides a better alternative,
as previously mentioned in 4.1. Nevertheless, case 4 provides an estimate of the minimum
efficacy of the experimental treatment. However, if dependent censoring is suspected, case
4 provides a more justifiable conservative scenario that can serve as guidance to regulatory
services.

The relation of the censoring time to the event time is crucial, since the estimation methods
depend on the assumption of independent censoring. In many cases, such as administrative
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(a) K-M survival curves for case 0 with independent
censoring together with the true survival curve.

(b) K-M survival curves for case 4 with independent
censoring together with the true survival curve.

(c) K-M survival curves for case 0 with dependent
censoring together with the true survival curve.

(d) K-M survival curves for case 4 with dependent
censoring together with the true survival curve.

Figure 4.7: Kaplan-Meier survival curves for comparison of case 0, when patients that are lost to
follow-up or switch therapy are censored, and case 4, where those patients are considered to have a
PFS event, for independent and dependent censoring simulations respectively, together with the true
survival curves, if HR=0.54.
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censoring or loss to follow-up, independent censoring can be assumed without any resulting
estimation bias. If this is the case, it is unnecessarily conservative to consider a scenario
such as case 4. However, in some cases, such as when the experimental treatment has a high
toxicity profile depending on the overall health status, the censoring time can be related to
the PFS time. Therefore, it would be useful to know why the patients did not stay in the trial
or switched to another anti-cancer therapy. If it is related to their survival, for example if
the disease status has gotten worse, the HR will be underestimated, meaning that the treat-
ment efficacy will be overestimated. Given that the censoring mechanisms are unknown, it is
therefore of uppermost importance that the primary analysis are followed by supplementary
analysis which simulates a range of censoring schemes, in order to evaluate the robustness of
the primary analysis. Based on for instance the toxicity profile of the experimental treatment,
a customized supplementary analysis may be done, in order to draw confident and decisive
conclusions about the efficacy of the experimental treatment. In the HER2CLIMB study the
censoring rates were approximately around 30% in both treatment arms which is a rather
large proportion. It is reasonable to believe that at least a part of the censoring is related
to the patients’ PFS. Therefore, it is important to investigate the underlying reason why the
patients are censored.

Another important aspect is to investigate the censoring proportions. It is noted that the
bias in case 4 is in favour of the experimental treatment arm. This is due to the fact that
this arm has the greatest share of censoring. In other words, the bias punishes the arm that
has the highest censoring rate. In case 5, where the role of censoring/events is the opposite,
the contrary is true, i.e. the bias is in favour the control treatment arm. Therefore, it is also
important to investigate the censoring proportions in the treatment arms, in order to choose
the most conservative case.
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Figure 4.8: Illustration of the comparison between case 0 and case 4 in terms of precision and con-
servativeness, for Simulation series 1 and 2 respectively.
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Chapter 5

Conclusions

In oncology clinical trials, where an experimental treatment is compared to a control treat-
ment, progression-free survival (PFS) is a common primary endpoint. If a patient discon-
tinue before progression of the disease or death, the PFS time is unobserved and hence, an
assumption about the patient’s PFS time need to be made. This is called censoring and in-
duces uncertainty to the estimates. In some cases, it is reasonable to believe that the censored
patient is well represented by the remaining patients in the trial which means that indepen-
dent censoring is a valid assumption. However, in some cases patients discontinue early
due to intolerability of the experimental treatment. In these cases, the censoring times are
probably related to the PFS times which means that the independent censoring assumption is
violated. This can give biased estimates since independent censoring is a key assumption of
the statistical estimation methods such as Kaplan-Meier survival curves and the Cox model.

The objective of this thesis was to investigate the possible bias due to censoring of patients
who discontinue early in a phase 3 oncology clinical trial. An estimate of the possible bias
was computed by simulating survival data that was based on a recent oncology clinical trial,
the HER2CLIMB study. Patient subgroups were identified based on whether the patients
discontinued early and, in that case, why. Based on these subgroups, six different cases were
simulated and analysed. Furthermore, the cases were investigated under two different cen-
soring assumptions, independent (Simulation series 1) and dependent censoring (Simulation
series 2).

The HER2CLIMB trial resulted in a low HR (0.54) which makes the results robust to differ-
ent censoring scenarios. A higher HR would be more sensitive to changes of the censoring
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rates. When independent censoring was implemented, the HR was unbiased in the cases
where the censoring rates are similar to what they were in the HER2CLIMB study. It was
also unbiased when all patients are considered to have had their event at the last observed
time. However, in a more conservative case the HR is biased. The direction of the bias de-
pends on the censoring proportion in each arm.

When dependent censoring was implemented, the cases that were similar to the HER2CLIMB
study in terms of censoring rates, resulted in an underestimated HR. In a more conservative
setting, the HR was overestimated but not as much as in the independent censoring setting.
Therefore, if the reason for the patient to discontinue could be related to their time to pro-
gression or death in some way, the assumption of independent censoring is violated and
supplementary analyses are encouraged. Moreover, it is important to investigate the censor-
ing proportions in each arm. The conservative choice depends on which arm has the greater
share of censoring.

To summarise, censoring of patients often induces uncertainty into the model since the inde-
pendent censoring assumption may or may not be met. A way of reducing this uncertainty is
to investigate why the patients are lost to follow-up and consider a more specific censoring
scheme, based on the reason for discontinuation.

5.1 Further research

Firstly, this simulation study was following a specific oncology clinical which makes the
result specific for this study. However, the results should be applicable to other oncology
studies with similar HR, censoring rates and PFS patterns. In a larger scope project, it would
have been interesting to consider a third series of simulation where an hazard ratio of 0.8 in
combination with dependent censoring would be investigated in terms of censoring bias.

Furthermore, the implementation of dependent censoring can be varied, for instance by in-
vestigating the censoring bias if patients at lower risk are censored to an higher extent than
the other patients. This would probably give less bias than in Simulation series 2, since
censoring later on in the follow-up period do not influence the efficacy estimate as much as
censoring earlier on.
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In order to obtain more practically accurate results, a more complicated survival times model
could have been implemented, such as a mixture model that is suggested in [22]. Also, other
independent variables, such as a categorical variable for health status (in HER2CLIMB study
they use the Eastern Cooperative Oncology Group (ECOG) performance status) could have
been considered for a stratified Cox model as well as weighted censoring.

In the dependent censoring simulation, the percentage of censoring in low and high respec-
tively is not exactly 80% an differs slightly for each case. This should not lead to that much
difference since first, 80% is chosen just to show an example and the important point is that
it is more censoring for those at higher risk, and second, it is small differences. Nevertheless,
it would have been desirable to further improve this part of the code.

The log-rank statistics that are presented in figure 4.2 and 4.5 is the 50’th percentile log-rank
statistics of the 1000 simulation run for each simulation series respectively. It is not com-
pletely investigated if this is a valid representation of the statistic. In a larger scope project,
this would have been investigated further.
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Appendix A

Technical description of the simulations

The simulations are done in R, a software environment for statistical computations. A sim-
ulated dataset consists of four column vectors with data about the patient’ id, observed PFS
time, treatment arm and censoring status. All vectors are of length length 480, which is the
number of patients in the HER2CLIMB study [1].

The treatment status vector contains 160 0’s (control treatment arm) and 320 1’s (experi-
mental treatment arm).

The PFS event time variable E is simulated from a Weibull distribution using the inverse
cumulative hazard functions that is described in [21]. A standard uniform random variable
UE is drawn and the Weibull survival times are simulated by

E =

(
− log(U)

λ exp(β ·trt|)

)1/ρ

where ρ is the scale parameter, λ sis the shape parameter, β is the treatment status variable
coefficient. The censoring time variable C is simulated from an exponential distribution with
intensity parameter ω . The inverse cumulative hazard functions is then

C =− log(U)

ω exp(β ·trt|)
where UC is a standard uniform random variable. The observed PFS time, T , is then com-
puted using equation 2.1.

The median PFS time, tmedian, is set to be 5.6, which is the estimated median PFS for the con-
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trol group in the HER2CLIMB study. The shape parameter λ is then given by equation 2.2.
Secondly, the scale parameter ρ is fitted such that the median PFS for the experimental treat-
ment group becomes approximately 7.8. Choosing it as ρ = 1.85 is shown to be appropriate.
These parameter values will be kept fixed for all cases and simulation series in order to ob-
tain comparable results.

In order to obtain the wanted censoring rates for the different censoring cases and simu-
lation series, ω is fitted for each case and censoring rate.

In the first simulation series, where independent censoring is implemented, one parameter
value is fitted for each case, see table A.1.

Case
Intensity parameter

ω

Control Experimental
0 0.0728 0.0738
1 0.0690 0.0668
2 0.0640 0.0678
3 - -
4 0.0728 -
5 - 0.0738

Table A.1: The intensity parameter ω for the censoring random variable, for each case in Simulations
series 1, with independent censoring.

In the second simulation series, where dependent censoring is implemented, two parameter
values are fitted since the censoring rate is higher for the patients with E < tmedian and lower
for E ≥ tmedian, see table A.2.
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Case
Intensity parameter ω

Control
Experimental

Low (%) High (%)
0 0.0728 0.239 (79.9) 0.0178 (20.1)
1 0.0690 0.214 (80.2) 0.016 (19.8)
2 0.0640 0.214 (80.2) 0.016 (19.8)
3 - - -
4 0.0728 - -
5 - 0.239 (79.9) 0.0178 (20.1)

Table A.2: The intensity parameter ω for the censoring random variable, for each case in Simulation
series 2. Low denotes the category for the censoring of patients with event times that are shorter than
the median PFS time. High denotes the category for the censoring of patients with event times that
are equal to or longer than the median PFS time.

The median PFS times, Kaplan-Meier survival curves, the log rank statistics and the Cox
model are estimated using the survival package in R, using the survfit, survdiff and
coxph functions. These functions are applied on a formula with a Surv object on the left
hand side and the trt variable on the right hand side.

Given a dataset with observed PFS times time, censoring status delta and treatment status
trt, the following R code computes the Kaplan-Meier survival curves, the log-rank statistic
and the Cox proportional hazards model.

KM. model <− s u r v f i t ( Surv ( t ime , d e l t a ) ˜ t r t , d a t a s e t )

l o g . r ank <− s u r v d i f f ( Surv ( t ime , d e l t a ) ˜ t r t , d a t a s e t )

cox . model <− coxph ( Surv ( t ime , d e l t a ) ˜ t r t , d a t a s e t )
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