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Introduction and research objectives

Clinical trials are powerful experimental studies for assessing the effect of medical in-
terventions on health-related outcomes. A proper clinical trial not only requires a good
design but also an appropriate statistical analysis. To avoid misleading conclusion and
ensure the credibility of the trial, data analysis must be carried out with careful consid-
eration regarding the research purposes and the nature of treatment outcomes. When it
comes to a time-to-event outcome, the comparison of treatment effects between two ex-
perimental arms mostly relies on the hazard ratio which is often estimated through a Cox
proportional hazard model [I]. However, it has been recently argued that this traditional
measure is not always suitable and sufficient to report the results of clinical trials, es-
pecially when the condition of proportional hazards is not met [2], [3]. The proposals for
new measures as alternatives or complements to hazard ratio are thus being very welcomed.

Moreover, results analyzed based on one single endpoint may sometimes fail to convey
the proper clinical value of a treatment. For instance, a drug claimed to be efficacious
may no longer be recommended if one takes into account its safety profile [4]. Therefore,
to make use of all clinically important events, there is a growing interest in novel methods
which are able to incorporate multiple outcomes in the analysis. Such strategies would
provide investigators with different perspectives to better inform clinical practice and de-
cision making.

Among the recently proposed measures of treatment effect, net benefit estimated using
Generalized Pairwise Comparisons (GPC) procedure seems to be highly attractive. This
measure, defined as the probability for a random patient in the treatment group to have a
better outcome than a random patient in the control group minus the opposite probability,
not only analyzes time-to-event data but can also be applied to any type of outcomes.
More importantly, GPC can easily extend to several prioritized outcomes and include in
the analysis a threshold of clinical significance which is the smallest change in treatment
outcome so that the treatment can be considered meaningful in practice. This method
was first proposed by Buyse [5] (called standard GPC herein) and has demonstrated its
usefulness in a database of pancreatic cancer trials |4, [6]. Nevertheless, the technique
suffers some drawbacks when dealing with censored data and thus needs to be improved.
Currently, four GPC approaches have been suggested to overcome the challenges left by
the standard technique: (1) Peron original method (PO method); (2) Peron method with
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correction (PC method), (3) method based on the Extreme Value Theory (EVT method);
and (4) Restricted net benefit method (RNB method). Considering that each approach
has its own limitation and may not applicable to all situations, this Master’s thesis has
been conducted to compare these new estimators (mainly between PO, PC and EVT) and
to identify which method would be the most appropriate in certain cases. To achieve this
goal, we will perform an extensive simulation study to examine the performance of net
benefit estimators in various scenarios. It should be noted that even though GPC can
handle several outcomes simultaneously, within this work, we will restrict ourselves to a
single time-to-event variable with emphasis on the impact of censored data on the bias of
estimates. We will also consider the variance of estimators as an aspect to evaluate their
quality.

In order to respond to the research question above, this thesis is structured in five
chapters. In the first chapter, we give a brief introduction about clinical trials and survival
analysis, focusing towards the measures of treatment effect for time-to-event outcome.
Chapter 2 describes the standard GPC and highlights its shortcomings which need to be
addressed by the new GPC procedures. Chapter 3 summarizes the methodology and the
reported results of four new GPCs. By discussing the limitations of these approaches,
we can clearly point out several scenarios that would be interesting to investigate in the
simulation study. The implementation and results of the simulation will be presented in
Chapter 4, followed by the general conclusions and discussion in Chapter 5.



Chapter 1

Clinical trials and survival analysis

1.1 Overview of clinical trials

According to the definition by US National Institutes of Health’s clinical trials [7],
clinical trials are the research studies which are conducted in human volunteers (healthy
participants or patients with a specific health issue) and are intended to test new medical
products such as drugs or devices, new medical procedures, or new diagnostic tests. These
new medical approaches may be compared to a standard one that is already available,
or to a placebo that contains no active ingredients, or to no intervention. To ensure the
complete safety of volunteers and protection of human rights, clinical trials are highly
monitored and regulated through the standard ethical guidelines, codes of conduct and
national laws. Before an experimental treatment can be considered for testing in humans,
it must undergo intense laboratory testing and animal research. Once the safety and
potential effectiveness of the treatment have passed preclinical studies and been approved
for human research, clinical trials will be carefully designed and typically proceed through
four phases, each phase has a different purpose [8, 9]:

e Phase I:. Experimental treatment is tested for the first time in human to evaluate
safety, to identify side effects, as well as to learn about optimal dosage range. At a
particular tested dose, there are typically three enrolled participants. If no unaccept-
able toxicity is observed in any participant, one can move to the next higher dose.
If two or three participants experience the toxicity, the study is terminated at this
dose. If the toxicity occurs in one participant, the study is repeated at the same
dose, usually with another three participants. If no toxicity is further seen in the
additional individuals, the dose is escalated. Otherwise, the study is terminated, the
current dose, or perhaps the previous dose, is declared to be the maximum tolerated
dose. Generally, 5-8 doses will be tested and fewer than 30 participants are included
in phase I of trial.

e Phase II: Experiment is conducted in a larger group of people (from 50 to 200) to
determine the effectiveness of treatment and to further study its safety. Phase II is



Chapter 1. Clinical trials and survival analysis

commonly designed into two steps. The first step (phase IIA) is to check whether
the treatment has no or little therapeutic effect. If the estimated effect does not
exceed the minimal specified activity, the treatment will not be further considered.
Otherwise, more participants would be added to better estimate the response rate
(phase IIB). The number of additional participants would depend on the desired
precision of estimation.

e Phase III: Experimental treatment is given to a large group of people (from several
hundred to several thousand) and is compared to a standard treatment, or a best
supportive care, or a placebo. The purpose is to confirm effectiveness, to monitor
adverse effects and to collect information for the safe use of new treatment.

e Phase IV: Studies are conducted after the new treatment has been marketed to
track its safety in the general population and to get more information about benefits
and optimal use.

Typically, it takes around 10 to 15 years for a new treatment to complete clinical
trials and receive market approval. In clinical trials, safety and efficacy of treatment
or intervention are determined by measuring several outcomes in participants. Outcome
variables can be discrete (e.g. cure or no cure, infection or no infection...), continuous
which are accessed on a numeric scale (e.g. blood pressure, quality of life scores. .. ) or time-
to-event. The latter possesses unique characteristics since here, one is not only interested
in whether or not an event occurred, but also when that event occurred. This kind of
information is not always fully available (i.e. presence of censoring), which creates some
special challenges when analyzing time-to-event data. As time-to-event is of interest in this
work, more description about this type of outcome will be presented in the next section.

1.2 Swurvival analysis

1.2.1 Time-to-event outcome

Time-to-event outcome is the variable of interest in the statistical procedures that are
generally called survival analysis. Time-to-event data arise when the focus of research is
time until an event occurs [10, [ITI]. They are commonly referred as survival data since
death is often the event of interest, notably in oncology and cardiology. But they can be
any designated experience that may happen to an individual such as tumor remission, my-
ocardial infarction, discharge from hospital... In most clinical trials, investigators may not
be able to obtain the fully observed data as some subjects may not experience the event
during the follow-up time. The data recorded for these subjects are called “censored”, their
survival time is only known to occur within a certain period of time. If the event occurs
beyond the study, then the data is right-censored. If the event has already occurred before
the study, the data is left-censored. And data are interval-censored if the event is known
to fall in an interval but not exactly when. Right-censored data are the most frequently

4
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observed in clinical trials; and within this thesis, from now on, by mentioning “censored
data”, we imply the right censoring.

With right-censored data, one knows that the patient stays alive at least as long as
the period C' that he/she has been followed (i.e. censored time), but if the relevant out-
come occurs after that, one can not obtain the complete survival time 7. T is only fully
determined if the patient experienced the event of interest during his/her follow-up time.
Therefore, to express time-to-event data, one would need a pair of random variables (7", 0)
for each individual:

o 7" =min(T,C): length of time during which the event has not been observed.

o 0 =1I(T < C): indicator of whether the end of the above time period corresponds to
an event occurrence or a censorship.

The censored issue may emerge due to the three following reasons: (1) patient has not
yet experienced the event by the close of the study; (2) patient is lost during the follow-up;
(3) patient withdraws from the study because of different event. In the first situation,
the study is terminated at a prespecified time point before all the patients experience the
event. These censored times, called Type I censoring, may be equal among the participants
if they all enter the study on common date. If patients are enrolled in staggered manner,
the administrative censored times will be different from individual to individual. Figure
illustrates the observed and censored times for four individuals. Survival time for patient
2 is completely observed; whereas, only the lower bound of the survival time is known for
the three remaining patients. Unlike patient 1 who is lost before the end of the study, pa-
tient 3 and 4 are censored because of the study termination. Also, the type I censored time
of patient 3 is longer than that of patient 4 as the former entered the study before the latter.

1 =
g 2 *
C 3 >
4 >
Start of study End of study

Figure 1.1: Illustration of observed and censored data of a study where patients are en-
rolled in staggered manner. Gray dot represents the fully observed event. Arrow represents
the censored observation.
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In most analytical approaches, censored time C'is commonly assumed to be independent
of survival time T as the relation between them are not identifiable in general. This
condition is satisfied if censoring occurs due to administration or other reasons that are
totally unrelated to the event of interest. In the cases where patients withdraw from
the study because they have suffered side effects or because their health condition has
improved, the independence of T" and C may be in doubt. The assumption of independent
censoring is also applied to the GPC methods presented in this work.

1.2.2 Key functions

Let T; for i = 1,...,n be iid samples of the non-negative continuous random variable
T ~ F. T represents the time until the event of interest. To characterize the behavior of
T, the three functions below are mostly considered [10), [T]:

e Survival function S(t): Defined as the probability that a random individual will
survive beyond time ¢:
S(t) =P(T > t).
S(t) is a continuous and strictly decreasing function. It is equal to 1 at t = 0 and
tends to 0 as the time approaches infinity.

e Hazard function A(¢): Defined as:

P(t <T <t+ AT > 1)
At—0 At

. (1.1)

Hazard function measures the “instantaneous risk” of occurrence of an event right
after time ¢ given that the individual has survived up to time t. It is a positive
function which is not necessarily increasing or decreasing, and has no upper bound.
Furthermore, one has:

Pt <T <t+At,T>t)
P(T > t)
P <T <t+ Al)
S(t)
_ F(t+At) - F(1)
S(t)

Pt <T <t+At|T >t) =

So,
1 F({t+AL) - F(1)
S(t) Ats0 At

1 d
%&F(t)

= —jtlogS(t). (1.2)

A(t) =
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e Cumulative hazard function A(t): Defined as the integral of the hazard function
from time 0 to time ¢:

A= | "\(s)ds. (1.3)

A(t) describes the “total exposure risk” up to time ¢ for a survivor. It is an increasing
function taking the values from 0 to infinity. Moreover, from the formula (1.2 and
(1.3), one can get: A(t) = —logS(t).

Clearly, there is a relationship between the survival function, hazard function and
cumulative hazard function. If one knows one of these functions, one can derive the corre-
sponding and vice versa (Table [1.1])

Table 1.1: Relationship between survival function, hazard and cumulative hazard

S(t) A(t) A(t)
S(t) —jtlogS(t) —logS(t)
A(t) | expl= i Als)ds] £ A(s)ds
A) | exp[—A()] th(t)

1.2.3 Kaplan-Meier estimation

Kaplan-Meier (KM) is the most common method for non-parametrically estimating
the survival function. The formula to calculate KM estimator S(t) is given as below [12]:

& i) — dg
S(t):H (@) ()7

116 <t T('L)

(1.4)

where t(;) is the duration of the study up to the it" ordered event time, d(;y is the number
of events occurring at time £(;), and r(;) is the number of individuals at risk just prior to
t). Note that censored observations are not counted as “at risk”. The idea behind KM
procedure is that the estimation of S(t) can be divided into a series of intervals based
on the ordered event times, and the probability of surviving at the end of a time interval
depends conditionally on the probability of surviving at the start of this time interval.

7
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That is:

(
(
(T > t—)P(T >ty |T > t—1y)
(ti-1)P(T > to)|T = b))

The conditional probability P(T" > ¢;|T" > t(;)) can be estimated as the fraction of

individuals who are at risk at time #(; but do not die at this time:
BT > [T > 1) = "0—40.
")

Using the recursive expansion, one can then construct the estimate S (t) of the survival
function as displayed in the formula . Intuitively, there are two important remarks
which can be deduced from this formula. First, KM estimator is a step function with
the jumps corresponding to the moment when one moves from an observed event time to
another. The size of the jumps not only depends on the number of events d(;) but also on
the censoring pattern as the censored individuals prior to time #(; are excluded from the
risk set r(;. Second, S (t) is well determined up to the largest event time. If the largest
observation corresponds to an occurrence of event, S (t) will attain 0 at this time point. If
the largest observation is censored, it is impossible to estimate S(¢) beyond this because
one does not know until when the last survivor would experience the event.

1.2.4 Hazard ratio and proportionality assumption

In order to express the treatment effect for time-to-event outcome, hazard ratio (HR)
is the most commonly used and may be nearly universal measure when comparing the
survival of two groups [I]. HR is defined as the hazard for one individual divided by the
hazard for a different individual, and can be estimated using the Cox proportional hazards
model that is written as follows [13]:

A(H1Z) = Mo(t) exp(872)

where \g(t) is the baseline hazard function, § is the parameter vector and Z is the covariate
vector. Cox model can be estimated using a semi-parametric approach; concretely, it
is still possible to estimate the exponential term (i.e. parametric component) without
specifying the baseline hazard (i.e. non-parametric component). It means that one does
not need to assume about the survival time distribution to make inference about HR.
This appealing feature is one of the reasons why Cox model is very popular in medical
research. Nevertheless, the use and interpretation of Cox model require a vital condition,
called proportional hazards (PH) assumption. To understand this, let us consider two
individuals with covariate Z; and Zs, we then have:
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_ AtZ1) _ Xo(t) exp(87Z1) _ exp(BTZ4)

A(t]Z2)  Ao(t) exp(672Z2)  exp(f7Zs)

As can be seen in the above equation, the baseline hazard Ay(t) is canceled out in the
final expression. Thus, HR does not involve time . It implies that hazard functions for
any two individuals are proportional at all time points; or equivalently, HR is constant over
time even though hazards themselves may change continuously. Given the importance of
PH assumption, numerous methods, both graphical and test-based, have been suggested
to verify its validity [II]. This will be not discussed here as it goes beyond the scope of
the thesis.

HR

Under the PH assumption, HR can be interpreted in a similar way as a relative risk, it
indicates how many times more (or less) a patient would likely experience the event if he /she
receives the experimental treatment rather than the control one. If the PH assumption does
not hold, the explanation for treatment difference using HR would be more complicated
or less straightforward. On the other hand, even when the PH is plausible, the relative
difference between two survival curves reflected by HR is still not a completely satisfactory
measure due to the lack of absolute component. Indeed, considering the mathematical
formula to calculate hazard (equation (1.1])), the absolute values of hazard themselves may
be very difficult to clinically interpret. This fact would limit the translation of hazard
difference into an interesting and transparent treatment benefit.

1.2.5 Other measures of treatment effect

Given the undesirable features of HR cited in the previous section, there is a recent
encouragement to accommodate other measures as alternatives or complements to the
conventional HR [3]. Several proposed measures for evaluating the treatment effect on
time-to-event data can be listed as below; some of them are the absolute measures which
compute the actual difference between groups and the others are the relative ones which
describe the results based on the ratio:

e Difference in survival probabilities at a single or a few points in time
[T4]: A simplest way for quantifying the group difference is comparing the survival
probabilities at a given time point ¢. Such measure can be easily obtained from
KM estimators but the treatment effect is clearly influenced by the choice of t. Two
survival curves could be judged significantly different at time ¢ but not at other
points. This issue would become more problematic when the hazard ratio is not
proportional. Therefore, this kind of comparison is not recommended unless a few
clinically relevant points can be justified as prior to the analysis.

e Difference in median survival times [15]: Another way to assess treatment effect
is comparing the time that corresponds to the 50% survival probability. The median
survival time is easily computed using KM estimation and intuitive for clinicians, but
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it is only estimable when the study is long enough so that one half of the participants
had the event. Of course, one can choose a lower percentile if the survival does not
drops below 50%. However, this measure is based on a single point and thus unable
to take the entire survival curve into account; except for the special case where the
survival time follows an exponential distribution. In the latter situation, the median
survival time is proportional to the inverse of hazard; hence, the ratio of the median
survival times can be used to estimate the hazard ratio.

e Difference between restricted mean survival times |2, [16]: Mean survival time
1, which is the expected time that patients are still alive from the start of study, can
be estimated non-parametrically as the area under the survival curve S(t); however,
the computation is only feasible if the survival curve reaches 0. If it is not the case,
one must restrict the analysis up to a chosen time point ¢, called the restricted mean
survival time pi.:

e = E[min(T, )] = /0 "5 (s)ds.

The difference in restricted mean survival times between the treatment and the con-
trol group is then the area between the two survival curves. This measure provides
the mean gain or the mean loss in the survival time of the treatment group as com-
pared to the control within a window time e. Such interpretation is still valid whether
hazards are proportional or not; however, it depends on the choice of the restricted
time € which may be quite arbitrary and tricky, especially when two survival curves
cross each other. To make use of all the available information, ¢ can be set to the
minimum time of the largest observed event in the comparison groups; or it can be
prespecified at the stage of study design based on the clinical relevance. Furthermore,
the interpretation may be criticized if the survival probabilities at € are too far from
0.

e Ratio of restricted mean survival times [I7]: One can also evaluate the treat-
ment effect in two groups by computing the ratio of their restricted mean survival
times; i.e. the ratio of the area under the survival curves up to a given time point
€. This measure shares the same advantages and disadvantages as the difference in
restricted mean survival times.

e Difference between unrestricted mean survival times [3]: An alternative ap-
proach to estimate the mean survival time when the estimated survival curve does
not reach 0 is to make an assumption about the distribution of survival function.
This strategy can take the entire survival curve into account and does not require
the PH assumption either. The key issue here is to select a suitable parametric model
and to check its fit to the data. If the data are too immature (i.e. the survival prob-
ability is far from 0 at the largest follow-up time), it would be difficult to choose
the appropriate distribution and the estimation for model parameters would be less
precise.

10
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e Net benefit: This measure is estimated by GPC procedure, and is defined as the
probability for a random patient in the treatment group to have a better outcome
than a random patient in the control group minus the opposite probability [5]. All
the relevant methods analyzing net benefit, which is the main focus of the work in
this thesis, will be further discussed in the next chapters.

e Win ratio: This measure was first proposed by Pocock et al. to analyze multi-
ple outcomes in cardiovascular diseases by accounting for clinical priorities [18]. It
summarizes the ratio of number of patients who fared better versus worse on the
experimental group. Hence, the idea of Win ratio is very similar to net benefit but it
displays the treatment effect as a relative difference. Recently, Oakes et al. revealed
that Win ratio estimate could be affected by the follow-up time [19] and how to tackle
this issue is still under research [20].

Among the absolute measures, net benefit appears to be highly appealing in the sense
that it is able to combine several outcomes of different nature. Indeed, when evaluating
a new drug, not only efficacy but safety is also the main concern driving the decision of
adopting a treatment. However, these two outcomes are often reported independently,
which makes it hard to access benefit and risk on a comparable scale. Hence, if it is
possible to make a direct link of all the important events, clinicians would have sounder
information to rationally make decision in practice.

11
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Chapter 2

Standard Generalized Pairwise
Comparisons

2.1 Overview

In order to compare two groups of observations, many parametric and non-parametric
tests have been constructed for a single variable or for several variables in multivariate
analysis |10, 2I]. However, none of these available tests are designed to tackle the situ-
ation where the comparison is performed based on several variables of different types or
a variable measuring different occasions. Therefore, Buyse has extended the idea behind
the Wilcoxon-Mann-Whitney test to carry out the pairwise comparisons in a more general
setting [5].

Briefly, pairwise comparisons require to compare all possible pairs of individuals, one
taken from the treatment group (group Trt) and the other taken from the control group
(group Ctr). Let assume the outcomes in group Trt (Xi,...,X,,) be iid copies of X, the
outcomes in group Ctr (Y;,...,Y,,) be iid copies of Y, and X and Y being independent.
Then, one will have totally nxm pairs to compare. Pair is classified as “favorable” or “Win”
if the outcome X; of the i individual (i = 1, ...,n) in group Trt is better than the outcome
Y; of the j individual (j = 1,...,m) in group Ctr, “unfavorable” or “Loss” if the outcome
of the individual in group Trt is worse than that of the individual in group Ctr, “neutral”
if there is no difference between the outcomes of two individuals, or “uninformative” if
it is impossible to determine which one has better outcome (e.g. due to missing data or
censored observation). The net benefit, denoted A, which is defined as the probability for
a random patient in the treatment group to have a better outcome than a random patient
in the control group minus the opposite probability, is then given by:

A=PX>Y +7)-PY >X+1),

where 7 is the threshold of clinical relevance. This threshold is crucial to ensure that
a treatment would work in practice. For instance, a drug may statistically significantly

13
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reduce the heart rate by average of 2 or 3 beats per minute but it would not be clinically
significant as the effect is not large enough to improve the life quality of patients. The rule
to define “better outcome” depends on the type of variables and is presented as follows:

e Binary variable: Table[2.1]displays the possible situations when comparing a binary
outcome with X; =1 (or Y; = 1) indicating success, and X; = 0 (or Y; = 0) indicating
failure.

e Continuous variable: Assuming that larger values of X (and Y') are preferable to
their smaller values when evaluating the treatment effect, and the effect would be
considered meaningful only if the difference between the values of these two variables
exceeds the clinically relevant threshold 7. The status of a pair can be decided as
shown in Table 2.2

e Time-to-event variable: As mentioned in Section [I.2.1] the true survival times
X and Y are not observed for all individuals in the case of right censoring. The
observable times are the minimum between the event times and the censored times
(denoted X7 and Yy). That is, the observed samples are:

(X!, 6;) where X! = min(X;, X{) and 0; = I(X; < X7).
(Y1) where ¥} = min(¥;, Y¢) and n; = I(Y; < Y¢).

Table shows all possible situations when comparing time-to-event outcomes with
7 as the threshold of clinical relevance. As compared to other types of variables,
one has a new situation, “uninformative”, besides the favorable, unfavorable and
neutral categories. These “uninformative” pairs are the critical part of GPCs for
time-to-event data and will be developed more in the following sections.

Table 2.1: Generalized pairwise comparisons for binary variable

Pairwise comparison Pair is
Xi=1Y;=0 Favorable
Xi=1Y,= Neutral
X;i=0,Y=0 Neutral
X;=0Y;=1 Unfavorable

Table 2.2: Generalized pairwise comparisons for continuous variable

Pairwise comparison Pair is
Xi=Y;>71 Favorable
|IX; =Yl <71 Neutral

Xi—=Y; <-—1 Unfavorable

14
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Table 2.3: Generalized pairwise comparisons for time-to-event variable

(6i,1m;) Xi=Y/i>7 X/ Y/ <-7 ]X{—Y}’\<T
) Favorable Unfavorable Neutral
) Favorable Uninformative Uninformative
, 0)  Uninformative Uninformative  Unfavorable
) Uninformative Uninformative Uninformative

Importantly, the idea of net benefit can be easily extend to several outcomes, providing
that the outcomes are prioritized and handled in descending order of priority. The highest
priority is assigned to the variable considered as the most clinically relevant. Outcome
of lower priority is taken into account only when a pair is uninformative or neutral for

outcomes of higher priority (Table .

Table 2.4: Status of a pair defined by GPC when considering two prioritized outcomes

Outcome with higher priority Outcome with lower priority Pair is
Favorable Ignored Favorable
Unfavorable Ignored Unfavorable
Uninformative/neutral Favorable Favorable
Uninformative/neutral Unfavorable Unfavorable
Uninformative/neutral Uninformative/neutral Uninformative/neutral

Furthermore, prioritized outcomes can be variables of different nature. It means that
time-to-event can be combined with binary variables such as toxicities, or with continuous
variables such as quality of life scores. On the other hand, several outcomes can be defined
as successive thresholds of a single treatment measure. For instance, in ophthalmology,
visual acuity is evaluated based on the number of letters correctly read on a standardized
visual acuity chart. Prioritized outcomes in GPC could be then the difference in the number
of letters before and after treatment, which may varies from 30 letters (corresponding to
high improvement in vision) to less than 5 letters (corresponding to minor improvement)
[5]. Tt is also possible to apply GPC for repeated observations. In longitudinal study, for
example, a later measure between the groups is usually more relevant than an earlier one
as it represents a sustained treatment effect over time. The later difference would thus be
assigned to higher priority in GPC.

2.2 Estimation and testing

For the [** outcome measure (I = 1, ..., L) numbered from 1 (highest priority level) to
L (lowest priority level), there are two indicators associated with a couple of observation
(4, 7): the scoring indicator s;; defined as:
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1 if the [ outcome is favorable ,
siji = 4 —1 if the I*" outcome is unfavorable ,
0  if the {** outcome is neutral or uninformative ,

and the weight w;j;. This weight is naturally initialized to 1 for each pair and for the
highest priority outcome. With [ > 1, w;;; is set to 0 if the pair is classified as favorable or
unfavorable for the higher priority outcome, and to 1 if the pair is uninformative or neutral
for the higher priority. The net benefit A can be then estimated as the net difference
between the proportion of pairs in favor of treatment and not in favor of treatment:

L
~ 2121 ?:1 Z;n:l Sij1-Wiji

A =

(2.1)

n.m

A randomization test can be used to test the null hypothesis Hy: A = 0. As a remark,
randomization test is considered as a permutation test which is based on random assign-
ment (not random sampling) [22]. To perform the randomization test, a statistic that
is relevant to the purpose of research is first defined and computed for the experimental
data. Next, the data are rearranged in a manner consistent with the random assignment
which has been used to conduct the actual experiment (i.e. keeping all experimental de-
sign features, except the groups). For instance, if n subjects were randomly assigned to
each of two experimental groups, there would be (2n)!/n!n! different ways to re-allocate
these subjects to the two groups. The test statistic is calculated for each of these different
assignments, and so a distribution of possible statistics could be generated. Finally, the
statistical significance of the observed statistic can be determined by examining its position
within the above distribution. Therefore, the idea behind the randomization test is that
if the null hypothesis of no difference between the groups is true, the test statistic should
be mostly uninfluenced by the different assignments. This test does not require any as-
sumption regarding the density or mass probability functions and is thus distribution-free.
However, it is only valid under the condition that subjects are randomly allocated to the
experimental groups or data are exchangeable between groups. The latter condition is to
ensure that under the null hypothesis, the joint distribution of observations is invariant for
all the permuted samples [23]. In other words, it is only the observations that matter and
not the order in which they are considered. Intuitively, in clinical research, participants in
the experimental arms are exchangeable if the difference in outcome is attributed to the
assigned treatments and not to the difference in characteristics of groups. For instance,
the exchangeability assumption may be doubtful if age of participants, which is probably
a factor influencing treatment response, is not comparable among the groups.

Returning to the GPC testing procedure, a confidence interval for A and the signif-
icance probability (p-value) can be calculated based on the empirical distribution of A
under Hy. Let Ags and A (K = 1,..., K with K being the number of random assign-
ments) be the net benefit calculated for the observed and permuted samples, respectively.
Ay /o is the value that leaves at most «/2(%) values of Ay to its left, and A;_,/» be the

16



Chapter 2. Standard Generalized Pairwise Comparisons

value that leaves at most a/2(%) values of Ay to its right. The (1 — «) confidence interval
under Hy for A is given by [Agys + Aqyo; Aops + A1_qy2]. Let ki be the number of Ay, for
which Ay > Ay, and ky be the number of Ay for which [Ag| > |As|. The p-value is
calculated as k;/K for a one-sided test, and ko/K for a two-sided test. Other approaches
such as bootstrap resampling or the asymptotic distribution can also be used to make the
inference about A [24].

Additionally, it has been demonstrated that GPC for a single variable is analogous to
the standard non-parametric tests for traditional measures of treatment effect [5]. If the
variable of interest is binary, net benefit A is equal to the absolute risk difference and a
link can be established between GPC and Fisher’s exact test. If the variable is continuous,
GPC is equivalent to the Wilcoxon rank-sum test in the special case where 7 = 0, and A
is related to the effect size through the standard normal cumulative distribution function.
For a time-to-event variable, GPC is equivalent to Gehan’s generalized Wilcoxon rank-sum
test when 7 = 0 [25], and A can be expressed as a function of the hazard ratio:

1—HR

A= .
1+ HR

2.3 Advantages and limitations

Net benefit by GPC is an extremely general measure of treatment effect as the pro-
cedure can handle variables of any type as long as one has a unique way to define “a
better outcome” for the considered variables. The measure is also quite easy to interpret.
Intuitively, net benefit is positive if the treatment is better than the control, and negative
if the treatment is worse than the control. It would be equal to 100% if the treatment is
more effective for all patients. Another key advantage of the GPC developed by Buyse is
the possibility of simultaneously analyzing several prioritized outcomes [5]. This feature
is valuable when one needs to express beneficial and harmful effects of a treatment on a
common scale. A clinically relevant threshold can also be incorporated for each outcome,
allowing researchers to put in evidence any difference between groups as they wish.

In the context of survival analysis, GPC can extend easily to various time-to-event end-
points. For instance, in advanced cancer, time to disease progression is another clinically
important event besides time to death. A traditional way to make use of all these events
of interest is to define a single composite endpoint [26]. However, this approach is based
on the time course; i.e. it considers only the first occurred event and ignores the later one
regardless of the higher clinical importance of the latter. Whereas, GPC is more flexible,
it can use either time to death or time to disease progression depending on the available
data of the higher priority outcome. If clinicians are more interested in the survival time
of patients following cancer therapy, this outcome is considered as the first priority and is
taken to compute the net benefit. In the case where the patient stays alive until the end of
the study (i.e. absence of the first prioritized outcome), the second outcome which is the

17



Chapter 2. Standard Generalized Pairwise Comparisons

time to disease progression would then be employed. Moreover, in clinical statistics, time-
to-event outcomes are usually analyzed under the PH assumption and treatment effect is
reported as hazard ratio. Net benefit has been shown to link to HR in the case of a sin-
gle time-to-event variable and is still interpretable whether the PH assumption is satisfied
or not. This is highly advantageous for the situation where HR changes with folllow-up
time; for instance, early effect captured in trials with cytotoxic chemotherapies [27] or late
survival differences typically observed with modern immunotherapies [28]. GPC does not
require the model hypothesis either as it is completely non-parametric.

However, the main limitation of the GPC procedure developed by Buyse is that the
scoring rule cannot extract all the useful information of censored times, leading to a loss of
power in many cases. The larger the amount of censoring is, the more pairs are classified
as uninformative. And since the score of these pairs is set to 0, the numerator in the
formula will get closer to 0, whereas the denominator (i.e. the total number of pairs)
is unchanged. Consequently, the estimated net benefit will become more and more biased
towards no effect treatment. This bias can be corrected using the proportion of informative
pairs of the entire trial (denoted f) as follows [29] 30]:

~

Acorr -

|

Nevertheless, it is barely applicable for the case consisting of one outcome. Such a
simple correction would not be able to tackle the possible dependence between the higher
and the lower priority endpoints at the pair level. As analyzing multiple endpoints is one of
the main interests of GPCs, this correction will not be further mentioned in this document.
Instead we will discuss the Peron method with correction which proceeds the rectification
at the pair level (see Section [3.2)).
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GPC methods for censored data

3.1 Peron original method

As mentioned in the previous chapter, the standard GPC is not optimal to analyze
time-to-event data with censored observations as the censored times are completely ignored
in this procedure. To make use of the information of censored times, Peron et al. suggested
replacing the “definite” status of Win, Loss, or Neutral by a corresponding probability for
each pair to belong to one of these three categories [30]. As such, the pairwise score for
time-to-event outcome of a pair of observations (i, 7) would be computed as:

Sij = P(XZ > Y} + 7'|X/ Y! ei,T]j,SX,Sy) — P(Y; > XZ + T|X/ Y! ei,ﬁj,SX,Sy), (31)

1779 1) 790

where X’ and Y’ are the observable times which are the minimum between the event
times and the censoring times, Sx(t) = P(X > ¢) and Sy(t) = P(Y > t) are the
survival function of group Trt and Ctr. P(X; > Y; + 7|X], Y], 0;,m;, Sx, Sy), P(Y; >
Xi +7|X, Y], 0i,m5, Sx, Sy), and P(|.X; — Y;| < 7 X[, Y/, 0;,n;, Sx, Sy) denote the proba-
bility for a pair to be favorable, unfavorable and neutral, respectively. For instance, if the
observed times (7, y}) of two individuals of a pair are both censored and |z} — | < 7, the

probability of this pair to be favorable is given by:

P(X; >Y; +7|X] = 2, Y] = ¢},0, = 0,m; = 0,5x, Sy) = P(X; > Y; + 7|X; > 2, Y; > y;, Sx, Sy)
PXs > Y+, X > a Y > ]Sk, Sy)
P(X; > 2}|Sx)P(Y; > y;|Sy)
_ P(X; > Y+ 7SX)P(Y; > v Sy)
B Sx (27) Sy (y5)
= SX(x;)le(y;)/y P(X; >t + 7]Sx)dFy(t)
—1

~ Sx(2) Sy (y)) //Oo Sx(t +7)dSv (D).
: (3.2)

/.
J

Yi
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Similarly, the probability of this pair to be unfavorable can be computed as:

—1 o)
7 j) 7T

l.
J

and then the pairwise score is calculated as the formula . Assuming that the censoring
distribution is independent of the time-to-event distribution, the probabilities to be a Win,
Loss and Neutral can be estimated based on S (t) and Sy (t), the KM estimates of Sx, Sy
The 5;; for each combination {X;,Y7,0;,7;} have been fully derived and presented in the
paper of Peron et al [30]. Obviously, this score would be equivalent to that of Buyse
procedure in the case where pairs can be decidedly classified as “Favorable”, “Unfavorable”
or “Neutral” as described in Table 2.3} i.e. the Peron’s score for those pairs would be 1,
-1 or 0, respectively. Complex scores are only needed to compute the pairs classified as
“Uninformative” in Table [2.3] Hence, by using censored times and survival curves, Peron
et al. were able to improve the quantity of informative scores as compared to that of the
standard procedure. It is worth noting that this new scoring rule leads to all “completely”
informative pairs only when the entire survival curve can be estimated. If the largest
observation is censored, as discussed in Section [I.2.3] the survival curve can barely be
estimated up to a finite time ¢;; corresponding to the largest event time. Whereas, for
some pairs like the above example, one has to integrate the estimated survival functions
and their derivatives (i.e. their jumps) until infinity. When there is no more jumps after
the last event time, the probabilities computed from this integral are underestimated since
— 57 ds (t) # 1. As a consequence, the probability of being Win, Loss, Neutral calculated
for some pairs may not sum up to 1; the remaining probability corresponding to the non-
estimated part will be considered “uninformative” (Figurd3.1)).

The procedure can be generalized to include L outcomes by using a more sophisticated
weight. This weight is now defined as the probability for a given pair being neutral (v;;;)
or uninformative (;5) based on all the outcomes of higher priority:

G 11 if 1= 1.
vt YDy + i) otherwise.

As compared to the standard method, the score s;;; no longer takes the “definite” values
{—1,0,1} but can be any value in [-1, 1]. Also, the weight w;; varies between 0 and 1
instead of being 0 or 1. The formula (2.1)) can then be rewritten as:

L -
2y L 2?11 Sij1-Wij1

n.m

A= (3.4)
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Survival

tM
Time

Figure 3.1: Illustration of Kaplan-Meier survival curve for a dataset of which the last
observation is censored. There is no longer jump after the largest event time t;;, the
remaining part that cannot be estimated is considered as uninformative.

3.2 Peron method with correction

Based on Table [2.3] it can be deduced that the number of uninformative pairs would
increase when the censoring proportion becomes larger. With GPC procedure described
above (i.e. PO method), if the survival function is not fully estimated, the score of these
uninformative pairs involving the non-estimated part will be ignored when computing the
pairwise score 3;;;. As a result, if the censoring proportion is too important, very few pairs
would remain “completely” informative (i.e. containing the uninformative score @;; > 0),
and thus the ultimately estimated net benefit would be shrunk towards 0 which is the
value of no treatment effect. Peron et al. have tried to deal with the bias by converting
the uninformative proportion into informative one [31I]. To do that, they make the strong
assumption that uninformative pairs would behave on average like informative pairs. As
such, they can compute the contribution of the uninformative score of each pair to the
pairwise score of that pair based on the average contribution of the informative scores of
all pairs. They introduce puin, Pross and Prewtrar @s the probabilities of pairs classified as
Win, Loss and Neutral in the entire study. Their corresponding estimates, denoted pyin,
Dioss and Dpeutrai, are computed by averaging the empirical probability of being favorable,
unfavorable or neutral over all the pairs, respectively. The corrected score is then estimated
as follows:

Pwin — Ploss ~

Uijl . (35)

57

ijl = Sijt + =

Pwin + Dloss + Preutral

When considering several outcomes, the corrected net benefit can be easily calculated
using the formula (3.4]), providing that the neutral score (v;;;) and the weight (w;j) are
corrected accordingly, as detailed below:
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Pneutral

~c ~
ijl 1] ~ —~ =
Pwin + Pioss + Preutral

. {1 if 1 =1.

w: ., = 1 .
il [157'9, otherwise.

Uijl

3.3 Extreme Value Theory method

Peron’s scoring rule relies on KM estimation and is thus only appropriate if it is possi-
ble to estimate the survival functions at all time points. If the last observation is censored,
the tail of survival distributions can not be consistently estimated using KM method. Fur-
thermore, the performance of PO procedure may get poorer in the situations when one
needs to take a deeper dive into the tail. For instance, as can be intuitively observed from
the formulas and , when the threshold of clinical relevance 7 is larger, one has
to go further in the tail to be able to detect the difference. Also, when the treatment
effect is more important, i.e. the survival times of the treatment group is much longer as
compared to those of the control, one has to evaluate Sy at the observed times of group
Trt and therefore needs to explore more the tail of Sy. To address this challenge, De
Backer proposed a method using the result of Extreme Value Theory (EVT) built on the
approach of peaks-over-threshold [32]. The idea here is to improve the overall estimation of
the survival distribution by fitting a parametric model to only the tail while keeping using
the KM estimator for the remaining. A full description of this approach can be found in
the report of De Backer [32].

To briefly remind some main results of EVT related to the context of GPC, let us
consider now only one group; e.g. group Trt of which the outcome variable X ~ Fx(¢). As
its name suggests, EVT involves the studies about the behavior of large observations where
the sample information may be very limited. The Pickands-Balkema-de Haan theorem
states that for a wide class of underlying distributions F'x(t), the conditional distribution
of the extreme values, which exceed some sufficiently high threshold z, can be approximated
by the Generalized Pareto Distribution (GPD) [33], B4]. That is for z — oo:

¢t —1/¢
P(X—z>t]X>z)—>H(t)::ll+] ;

0z+

where [t]; = max(t,0), 0, > 0 and ¢ are the scale and shape parameters for the GPD
H(t), respectively. H(t) is generalized in the sense that it subsumes most of the usual
parametric models for modeling the tail. It belongs to the attraction domain of Weibull
distribution if £ < 0, of Fréchet distribution if £ > 0 or of Gumbel distribution if £ = 0 [35].
Of course, there is a sufficient regularity condition to guarantee the tail convergence, called
the extended regular variation [36]. As the theorem is barely applicable to the extreme
values (i.e. the tail), survival curve will be estimated into two parts: estimate the first part
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using a nonparametric technique until a threshold z (to be distinguished with the clinical
threshold 7 previously mentioned), and then approximate parametrically the tail using the
result of EVT. Since for t > 0 and z > 0,

PX>t+2)=PX >t+z|X > 2)P(X > 2),

a semiparametric estimator for Sx(t) = P(X > ¢) can be constructed as:

Sx(t) ifr<z,
Sevr(t) =14 - £t —2)] V¢
zve(t) Sx(z)ll—i-g(A Z>] if> 2,
0. ]

where Sy (t) is the nonparametric Kaplan-Meier estimator, {A and &, are estimators of &
and o,. The choice of z depends on the trade-off between variance and bias. If z is too
high, the variance of the parameter estimates will be large due to the limited number of
the excesses. If z is too low, the EVT asymptotic approximation will be less reasonable to
employ since the available information used to estimate the GPD would be too far away
from the tail and not adequate enough to precisely capture the tail behavior; consequently,
a bias may be induced. For the present application, a z corresponding to 80% quantile of
the observed event times seems to be acceptable; i.e. one will devote 20% of the uncensored
data to estimating the parameters of GPD. This has been justified by the simulation results
of Alvarez-Iglesias [37] as well as those of De Backer [32]. Once z is selected, € and . can
be obtained by maximizing the likelihood. The censored likelihood function is:

k z 7l71 az z -1 1791
L(Xizﬁi;fﬂz):H(lll—i—gXi] f ) QH%] ) |
+ +

i=1 z 0z 0z

where X7 are the excesses above the threshold z (i.e. X7 = X| — z with X/ > z) and k
is the number of the excesses. Maximizing this function is equivalent to minimizing the
negative log-likelihood:

o~

__ . K ko1 £X7
(§7 UZ) = arg(gl)l{l()g(az) Zgi + Z (5 + ¢9i> log [1 + Ul] }

i=1 =1 z

In addition, one should keep in mind that the regularity assumption of EVT implies that
the decreasing survival function would attain 0 at a certain time point. Hence, GPC using
EVT tool is only valid under the hypothesis that all patients would experience the event
of interest if the follow-up period is long enough, i.e. in the absence of cure fraction.
Extending GPC to the latter case, however, is beyond the scope of this work.

3.4 Restricted net benefit method

Restricted net benefit method (RNB) proposed by Kicinski et al. solves the problem of
censored observations with a different perspective [38]. Considering the fact that survival
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time beyond the end of the trial may depend on many unknown factors, the authors
proposed to use only the available data instead of extrapolating the missing information,
and hence do not need to make any “unverifiable” assumption as the other methods do.
The motivation here is very similar to that of restricted mean survival time previously
mentioned in Section [L2.5l That is in the case where the information collected from the
trial is insufficient for a reliable inference, one may prefer using an alternative estimator
which is robust and provides a straightforward clinical interpretation. Concretely, Kicinski
et al. restrict the analysis of net benefit to the period of time [0, €] covered by the study.
Here, € is the time prespecified at the design stage depending on the clinical relevance or
the feasibility of conducting the trial. The formula (3.1) would thus be redefined as:

s;; = P(min(X;, €) > min(Yj, €) + 7| X/, Y/, 0;,m;, Sx, Sy)

ir Lo
— P(min(Yj}, €) > min(X;, €) + 7| X}, Y], 03, m;, Sx, Sy)
= P(min(X;,€) > Y; + 7|X}, X, 0;, 75, Sx, Sy) — P(min(Yj, €) > X; + 7|X}, Y], 0;,1;, Sx, Sy)

(3.6)

To compute the two probabilities in the above equation, one has to distinguish the cases
where there is no censoring, where only one observation of the pair is censored and when
both observations are censored [38]. For instance, for a pair with only the observation from
the treatment group censored, the first probability in the equation is given by:

P(min(Xj, €) > Y; + 7(X; > 2, Y; = v}, Sx, Sy)
=P(X; >Y; +71,Y; + 7 < €e|X; > 2}, Y; = yj, Sx, Sy)
CPXi > Y+ 1Y+ T <6, Xi > 3i]Y; =y, Sx, Sy)
P(X; > 2i|Y; = v}, Sx, Sy)
Py + 7 < e)P(Xi > max(y; + 7, 77)|5x)
P(X; > x}|Sx)
{ 0 if y, +7 > e

Sx (max(y’+1,27)) .
XSW lf y; + 7 <e.

The second probability in the equation (3.6)) for this pair is given by:

P(min(Yj, €) > X; + 7|X; > 2, Y; = y;, Sx, Sy)
P> Xi+ 7, X+ 7T <6, X > 2]Y) =y;, Sx, Sy)
P(X; > «}|Y; = v}, Sx, Sy)

P(z; < X; < min(y}, €) — 7[Sx)
P(X; > x}|Sx)
{ 0 if r; > min(y}, ) — 7.
/

Six (2})—Sx (min(y,6)—7)
Sx (xf)

, < min(y},e) — 7.
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To obtain the estimator of pairwise score s;;, the survival distributions are replaced by
the KM estimators. Then, the estimator of restricted net benefit A can be computed
using the formula . As the survival curves are always estimable up to the time point e,
one has no longer the uninformative pairs and thus obtains un unbiased estimate. However,
the interpretation for Ag should be modified since it now explains the difference between
groups within a specified period of study, and not the entire profile of treatment effect as
A does.

3.5 Reported results and limitations

The currently reported results and limitations of the four GPC methods for censored
data are summarized in Table The three “correction” methods (PC, EVT and RNB)
are all based on the main framework of the PO procedure where pairwise scores are esti-
mated based on censored times and survival curves. The main limitations of PO method
are the underestimation in the presence of censoring and the inflation of the number of
uninformative pairs when the censoring proportion increases, leading to a bias towards
0. Peron et al. corrected their own method by converting the uninformative score into
the informative counterpart. As this correction is carried out at the pair level, it can be
applied for the GPC analysis with several outcomes; however, PC approach is only valid
under the condition that uninformative pairs are exchangeable with informative pairs. In
another work, De Backer tackled the bias of PO method by using the results of EVT to
extrapolate the tail of the survival curves and thus improve the overall estimation. Unlike
PC and EVT, RNB method of Kicinski et al. discards the information unobtainable from
the trial, and only computes the relevant probabilities until when the survival functions
remain estimable. As such, their net benefit estimation is unbiased but the interpretation
of results may be less persuasive as it depends on the arbitrary restriction time (i.e. the
estimate only reflects the treatment effect within this selected period). Different strategies
of these approaches are graphically illustrated in Figure [3.2]

Heretofore, PO method has been assessed together with PC method in the work of
Peron [31] and directly compared with EVT method by De Backer [32]. Peron et al. have
investigated PC estimator in many scenarios where clinical threshold is null or non null,
where hazards are proportional or not proportional, and where there is one time-to-event
outcome or one time-to-event outcome combined with one binary outcome. In addition,
they varied the censoring proportion p., which is the censoring due to the withdrawal of
patients from the study or due to the lost during follow-up, from 0% to 90%. In most
of the scenarios, it has been found that PC procedure is barely slightly better than PO
method when up to 70% of data are censored. At 90% of censoring, the estimation with
correction (PC) is much better than those without correction (PO) but still very biased.
In the work of De Backer, the authors introduced the type I censoring proportion (denoted
pM) in their simulation settings besides the classical one p.. Of note, since type I censored
observations occur at the end of the study due to the early termination, they would be
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Figure 3.2:  Graphical illustration of the strategies of GPC procedures. The solid line
represents the KM estimator of survival function. The dashed line represents the tail
estimated by EVT method (i.e. the survival part beyond the threshold z). PO method
can only estimate the pairwise score up to a limited time t,,, the survival part beyond t,, is
considered uninformative. PC method converts this uninformative score into informative
one. The prespecified period € corresponds to the restriction time analyzed with RNB
method.

expected to cause more perturbation to the tail estimation than the classical censoring.
De Backer also varied these two censoring proportions (p. from 0% to 45% and pM from
0% to 20%) and showed that the PO estimation is very sensitive in the presence of type
I censoring; whereas the estimation by EVT still well resists if the p» remains low and
Pe is not too high. Furthermore, EVT estimator has been demonstrated to outperform in
the cases where one has to explore further into the tail (e.g. when threshold of clinical
relevance 7 grows or when net benefit A is high) as anticipated (see Section .

Considering that the previous studies have already investigated the classical censoring
at very high rates, in this work, we will not focus on the estimation performance when
increasing p.. We will keep the p. as low as 10% or 20%, which is the drop-out rate
generally anticipated in clinical trials [39]. On the other hand, we will aim at exploring
the scenarios where PC and EVT method may fail. Several potential scenarios can be
rationalized as follows:

e As can be seen in the formula , the correction of PC procedure involves the
attribution of a weight to the uninformative score and this weight depends on the
estimated proportion of Win, Loss and Neutral pairs. The calculation of these latter
quantities would become more delicate if one needs to evaluate the survival curves
far in the tail, for example when 7 is large. Therefore, we would suggest varying
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the clinically relevant difference 7 in the first simulation scenario to see if the PC
correction is still effective.

PC method may be more useful when the Type I censoring is high but the classical
censoring remains low. In this case, EVT tool would certainly have more difficulties to
extrapolate the tail due to the lack of extreme observation; whereas, the assumption
about the same behavior of informative and uninformative pairs could be plausible in
some situations. Hence, in the next potential scenario, we will increase the proportion
of type I censoring much higher than what has been tested in the previous studies.

It has been well known that the PC estimation would be problematic if its inherent
assumption is violated, for example when the hazards are not proportional. Indeed,
this assumption implies that the average of treatment effect obtained during the
follow-up can carry over to beyond that. Whereas, under non PH, the magnitude of
treatment benefit at later time points would be different from that earlier. Hence,
if there are too many censored patients and they actually experience the event of
interest after the study period, PC estimator will not be able to correctly infer the
treatment benefit. This issue may become more pronounced if the change of hazards
is more considerable.

Since EVT method has not been investigated yet in non-PH settings, it would defi-
nitely be interesting to examine the quality of EVT estimator in such cases. Partic-
ularly, we will distinguish the non-PH scenarios with and without the plausibility of
EVT regularity assumption.
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Table 3.1: Summary of main results and limitations of GPC methods

Method Simulation scenarios Main results Limitations
1. PO A. One time-to-event outcome and proportional hazards - Higher power than the - Unable to estimate
B. One time-to-event outcome and late treatment effect (HR: 1 — 0.3) standard method '3‘-""15i_5[91"[]}" survival
C. One time-to-event outcome and early treatment effect (HR: 0.5 —1) fﬂi';i?ﬁ;;::igé:ﬁ;;f;d
D. One time-to-event outcome and one binary outcome, T=1 - Estimator starts to be '
biased when pc> 30% but
i : always better than that of | - Inflation of number of
In all scenarios: X ~ Exp(Ax), Y ~ Exp(Av=1) the standard procedure uninformative pairs
and pc e {0%, 15%, 30%, 50%, 70%) when princreases.
2.PC A. One time-to-event outcome and proportional hazards, =0 - PO and PC method have | - Strong assumption

B. One time-to-event outcome and proportional hazards,
t=50 (40 percentile of the time-to-event distribution in group C)

C. One time-to-event outcome and early treatment effect
(HR: 0.5 =1), t=0

D. One time-to-event outcome and late treatment effect
(HR: 1 — 0.3), =0

E: One time-to-event outcome and one binary outcome,
t=50 (40 percentile of the time-to-event distribution in group C)

* In all scenarios: X~ Exp(Ax), ¥~ Exp(Ayv=1)
and pe e {0%, 20%, 50%, 70%, 90%)

the same power and type |
error.

- Performance of the
estimator may depend on
case study.

- In general, PC method is
only slightly better than
PO method when pr>70%

about the similar
behavior of informative

and uninformative pairs.
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Table 3.1: (cont.)

JLEVT A.Varying censoring proportion, (fixing A=1/3, t=0) - PO method is still good - Problem of choosing the
Pe e {0%, 15%, 30%, 45%) and p™ < {0%, 10%, 20%) enough until (pc= 30%, threshold z when the
pa'=10%) or (pc=15%, | proportion of censoring
) _ e p¥=20%). Above these, | is too high.
B. Varying threshold t (with (pg p;') = {(30%, 10%),(15%, 20%)}) EVT method is better with
T {0,1, 1.5} lower bias.
C. Varying net benefit A (with (ps p™) < {(30%, 10%),(15%, 20%)} and | - EVT method is better
1=0) than PO method when T or
Aef{0,1/3,1/2) A increases.
) - Similar conclusion when
D. The same settings above but X'~ Log-normal(p, o?) varying time-to-event
distribution.
* In all scenarios, X~ Exp(Ax) (except Scenario 3D), ¥~ Exp(Ay=1) and
proportional hazards
4. RNB No data No data - Less persuasive

interpretation as it
depends on the
restriction time,
especially when survival
curves are far from 0.
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Chapter 4

Simulation study

4.1 Implementation

In this chapter, we conduct a simulation study including several scenarios to evaluate
the performance of different GPC procedures. For each scenario, data will be generated
for the two groups (treatment Trt and control Ctr) with sample size n = m = 500 patients.
True survival times are assumed to follow an exponential distribution, with a scale param-
eter Ay = 1 for group Ctr in all scenarios; the hazard Ax of group Trt will vary depending
on the investigated scenario. In both groups, censored times X¢ and Y¢ are assumed to
be uniformly distributed on the interval (0, M); type I censoring due to the termination of
study at ¢y is also added. M and ty; (with M > t);) are selected to reach the target value
of p. (classical censoring) and pM (type I censoring) in group Trt by numerically solving
these two equations [32]:

tm
Pe=P(C < X,C < tn) = 1/ Sy (t)dt,
M Jo

(M —tar)

P =Pty <X <CO)+Plty<C<X)= i

Sx(t]\/[)

The first equation is due to the fact that censored times are uniformly distributed and
the other equation follows from the fact that a Type I censored observation is fully observed
at a time greater than t);, or is censored at a time greater than ;. Of note, since the same
distribution is used to generate censored times in the two groups, and M and t,; are chosen
focusing only on the treatment group, it implies that if the net benefit A > 0, we will have
a larger censoring proportion in the treatment group than in the control group, and this
difference will be more important when the treatment effect increases. According to the
definition of net benefit A, the true value of this quantity can be computed as follows:
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A=PX>Y+7)-PY >X+71)
__ /O°° S (t+7)dSy (1) + /OOO Sy (t 4+ 7)dSx (1)
- /O°° Sx(t +7)fy(t)dt — /0°° Sy (t 4+ 7) fx ()t
_ /O°° Sy (t + 7)Sy () Ay (£)dt — /OOO Sy (t+7)Sx (DA (£)dt
= /OOO exp| — /00o Ax(t+ 7)dt|exp| — /00o Ay (£)dt | Ay (t)dt
- /0 exp| — /0 Ay (t + 7)dt|exp| — /0 Ax (H)dt| Ax (t)dt, (4.1)
where fx and fy is the density function of X and Y, respectively.
The data generation process is executed as follows:

e Draw a random sample of n+m censored times: (x5, ..., x5, y$. .., yS,) ~ Unif(0, M)
and randomly allocate the censored times to group Trt and Ctr.

e Draw two random samples of true survival times:

- Group Trt: In the PH cases, Ax is constant and (z1,zs,...,x,) can be simulated
directly from Ezp(Ax). In the non PH cases, Ay is a function of ¢; the survival times
will be simulated from the hazard function using the principle described in the paper
of Bender et al. [40]:

X = A Hlog(U)] with U ~ Unif(0,1),

where A = [ Ax(s)ds is the cumulative hazard function.

- Group Ctr: (y1,Y2, .-, Ym) ~ Exp(Ay) with Ay = 1 in all scenarios.

e Obtain the observed values: 2, = min(xz;, x§,ty) for group Trt (i = 1,2,...,n), and
y; = min(y;, y$, tar) for group Ctr (j =1,2,...,m).

e Obtain the censoring indicators: 6; = I(z; < z§f,x; < ty) for group Trt, and n; =
I(y; < y§, x5 < tu) for group Ctr.

For each generated dataset, the following net benefit estimators will be computed:

e Peron original method (PO): Using the R package BuyseTest [41].

e Peron method with correction (PC): Using the R package BuyseTest with the
option for applying the correction based on the average score of informative pairs
[41].
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e Extreme Value Theory method (EVT): The entire estimation procedure has
been re-coded by De Backer as it is not straightforward to use the package BuyseTest
when considering the semiparametric estimator; notably, one has to distinguish many
situations depending on the thresholds z7 and zo above which the survival distribu-
tion starts to be parametrically estimated for the treatment and the control group
[32]. Here we will fix these thresholds at 80% quantile of the uncensored data in all
scenarios.

These above steps will be repeated nsim € {100; 500} times; the mean of the estimated
values and their empirical variance will be then calculated. The bias and mean squared
error (MSE) of these estimators can be assessed based on the true net benefit A obtained
by numerically solving the formula (4.1)):

Bias(A) = Li=i Bk _ A

nsim ’
St (A — A)?

nsim

MSE(A) =

4.2 Investigated scenarios

As discussed in Section [3.5] we will examine the situations which can potentially help
us unravel the usefulness of each GPC estimator. In the first two data generating process
(DGP), we consider the scenarios where the hazards of group Trt and Ctr are proportional.

e DGP 1: A\x = 0.5, i.,e. HR = 0.5 and constant over time. p. = 20% and p¥ =
20%. The threshold of clinical relevance will be varied: 7 € {0,1, 1.5} to investigate
the impact of this factor on the estimated net benefit. We may expect that the
performance of PO and PC estimators would deteriorate when 7 gets larger as we
must go further to the tail of survival curves to detect the difference between two
groups. The HR and representative survivals curves in this scenario are illustrated
in Figure [4.1

e DGP 2: Ay = 0.5, i.e. HR = 0.5 and constant over time. p. = 10% and 7 = 0.
The type I censoring proportion will be varied: pM € {40%, 50%,60%} (Figure
so that we can investigate the impact of p* on the estimation performance when
the underlying assumption of all GPC procedures are satisfied. PO estimator may
be expected to outperform EVT as the latter would possess too little fully observed
data to extrapolate the tail.
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Figure 4.1: Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 1 (p. = 20% and p = 20%). The solid and dashed lines
represent the observable and true survival times, respectively. The dotted vertical line
represents the time ¢;; at which the study is terminated.

In the remaining settings, HR is no longer constant but increases (early treatment
effect) or decreases (late treatment effect) over time. The hazard of group Trt in the next
two DGPs (DGP 3 and DGP 4) is let vary but in a regular manner so that the underlying
assumption of EVT is still plausible. The latter estimator would thus be expected to be
the most effective; whereas, PC estimator may be in trouble as its assumption is violated
in the non-PH cases.

e DGP 3 (early treatment effect): Ax(t) = 0.1 + at with p. = 20%, pM = 20%, 7 =0
and o € {0.1,0.15,0.2}. « is let vary to examine how the magnitude of changing
hazard would impact the estimation quality. We may expect that the faster the
hazard changes, the less effective the correction of PC method would be, due to its
inherent assumption. As we fix the censoring rates, changing the slope also implies
changing the study termination time t,; (Figure .

e DGP 4 (late treatment effect): \x(t) = max(0.8—at, 0.1) with p. = 20%, pM = 20%,
7=0and o € {0.1,0.15,0.2}. Similarly to DGP 3, « is let vary with the expect that
the faster the hazard changes, the less effective the correction of PC method would

be. As we fix the censoring rates, changing the slope also implies changing the study
termination time ¢y, (Figure [4.4)).
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Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 2 when varying the proportion of type I censoring (p. =
= 0).The solid and dashed lines represent the observable and true survival
times, respectively. The dotted vertical line represents the time ¢;; at which the study is
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Figure 4.3: Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 3 (p. = 20%, p¥ = 20% and 7 = 0). The solid and dashed
lines represent the observable and true survival times, respectively. The dotted vertical
line represents the time ¢,; at which the study is terminated.
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Figure 4.4: Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 4 (p, = 20%, p¥ = 20% and 7 = 0). The solid and dashed
lines represent the observable and true survival times, respectively. The dotted vertical
line represents the time ¢,; at which the study is terminated.
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In the two following scenarios (DGP 5 and DGP 6), the hazard of group Trt is changed
in such a way that the survival function Sx would vary irregularly. EVT estimator may fail
in these cases as the regularity assumption is no longer realistic. To generate such situation,
we will simulate the survival times from different distributions. More specifically, one part
of the survival function will follow an exponential distribution characterized by a constant
hazard; and the other part will correspond to a Weibull distribution with a linear hazard.
The hazard Ax will be selected based on the shape of the survival curve; (i.e. graphical
inspection).

e DGP 5 (early treatment effect):

o ift<3
AX(t)_{ a+2(t—3) ift>3

with p. = 20%, pM = 20%, 7 = 0 and o € {0.3,0.35,0.4}. Time t,; at which the
study is terminated will be varied when changing the value o (Figure [4.5)).

e DGP 6 (late treatment effect):

Ax(t) = o ift <15
A max(a— 0.5(t — 1.5),0.1) ift > 1.5

with p. = 20%, pM = 20%, 7 = 0 and a € {0.5,0.55,0.6}. Time t,; at which the
study will be terminated would be varied when changing the value a (Figure [4.6).

The two last DGPs (DGP 7 and DGP 8) are added with two purposes: first, to observe
the behavior of PO estimator in more non-PH cases, especially when HR increases over

time; second, to assess the behavior of EVT estimator when the EVT assumption seems
more plausible than in the case of DGP 5 and DGP 6.

e DGP 7 (early treatment effect): Ax(t) = min(0.2+at, 1) with p. = 20%, pM = 20%,
7=0and a € {0.2,0.4,0.8} (Figure [1.7).

e DGP 8 (late treatment effect): Ax(t) = max(1—at,0.2) with p. = 20%, pM = 20%,
7=0and a € {0.2,0.43,0.55} (Figure [1.).
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Figure 4.5: Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 5 (p. = 20%, p¥ = 20% and 7 = 0). The solid and dashed
lines represent the observable and true survival times, respectively. The dotted vertical
line represents the time ¢,; at which the study is terminated.
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Figure 4.6: Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 6 (p. = 20%, p¥ = 20% and 7 = 0). The solid and dashed
lines represent the observable and true survival times, respectively. The dotted vertical
line represents the time ¢,; at which the study is terminated.
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Figure 4.7: Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 7 (p. = 20%, p¥ = 20% and 7 = 0). The solid and dashed
lines represent the observable and true survival times, respectively. The dotted vertical
line represents the time ¢,; at which the study is terminated.
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Figure 4.8: Hazard ratio (left panel) and estimated survival curves of one representative
dataset (right panel) in DGP 8 (p. = 20%, p¥ = 20% and 7 = 0). The solid and dashed
lines represent the observable and true survival times, respectively. The dotted vertical

line represents the time ¢,; at which the study is terminated.
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Net benefit estimation

4.3 Results

The true net benefits along with the mean, the variance, the bias and the MSE of
PO, PC and EVT estimators in all simulation scenarios are calculated and summarized in
the Appendices. Except for the EVT estimator in DGP 2, the variances of all estimators
are fairly similar; hence, the difference in MSE among the considered estimators mostly
come from their bias. For the following, we will focus mainly on the bias to evaluate the
estimation quality of net benefit.

Figure illustrates the results of DGP 1 for different number of simulations when
increasing the clinically significant difference 7 between two groups. Not surprisingly, the
EVT estimation is the most effective in this case. The scoring rule of PO method, which is
based on the KM estimation, is negatively impacted by censoring, and this impact becomes
more remarkable when we are forced to explore further into the tail as 7 grows. This is well
in accordance with the previous results reported by De Backer [32]. The correction used in
PC procedure can improve the net benefit estimation of PO method but it is still biased
when a 7 # 0 is applied. This can be explained on the one hand by the shrinking of the
correction weight along with the increase of the neutral probability; and on the other hand
by the fact that all relevant terms to calculate the weight in the formula would be
less accurate since the estimation of Win and Loss probabilities will be more complicated
with large 7. It can be also noted that the result is almost unchanged when we increase
the number of simulations.
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Figure 4.9: Net benefit estimation obtained from 100 and 500 datasets generated in DGP
1. The dashed line represents the true net benefit.
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Net benefit estimation

In DGP 2 scenario (Figure [4.10]), we set a low proportion of classical censoring (p. =
10%) and clinical threshold 7 = 0 so that we can evaluate the impact of only type I cen-
soring. As expected, the quality of PO estimation dramatically deteriorates at high pM.
The EVT estimator somewhat resists at pM = 40%; however, it can be noticed that its
variance starts to be larger than that of the PO and PC estimators. This is due to the
fact that we need 20% of the uncensored data for the parametric estimation of the tail.
When the overall censoring rate grows, we will have less and less fully observed values
for this estimation procedure. At pM = 50%, not only the variance but also the bias of
EVT noticeably worsen since the asymptotic results of EVT is no longer appropriate to
apply. In fact, when the type I censoring proportion becomes more and more important
(i.e. the study is terminated very early), the 80% quantile of the observed event times gets
smaller and smaller, and thus not “extreme” enough to provide the adequate tail fitting.
At pM = 60%, it is unable to estimate the net benefit in many generated datasets using
EVT tool as there is too little excesses for reliably justifying the model. Whereas, the PC
estimator persists well regardless of high type I censoring rate. It should be emphasized
that the hazards are proportional in this scenario and hence, the underlying assumption of
PC method is totally plausible here. Again, the results obtained with 100 and 500 repeti-
tions are very similar, we will thus run only 100 simulations for the remaining scenarios.
On the other hand, considering the deterioration of PC along with the value 7 in DGP 1,
we re-run DGP 2 but set 7 to 0.5 instead of 0 as previously. Figure [4.11] clearly indicated
that PC is no longer effective with 7 # 0, it is even much more biased than EVT.
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Figure 4.10: Net benefit estimation obtained from 100 and 500 datasets generated in DGP
2. The dashed line represents the true net benefit.
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sub-DGP 2 (tau = 0.5)
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Figure 4.11:  Net benefit estimation obtained from 100 dataset generated in the sub-
scenario DGP 2 (7 = 0.5 instead of 7 = 0.5 as in the main DGP 2). The dashed line
represents the true net benefit.
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Figure 4.12: Net benefit estimation obtained from 100 datasets generated in DGP 3 (left
panel) and DGP 4 (right panel). The dashed line represents the true net benefit.

To evaluate the estimation quality of GPC methods in the context of non proportional
hazards, in DGP 3 and DGP 4, we set p. = 20%, pM = 20% and 7 = 0, which is the setting
where PC and EVT procedures perform quite equivalently under the PH condition (Figure
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Figure 4.13:  Net benefit estimation obtained from 100 datasets generated in the sub-
scenarios of DGP 3 (a = 0.2): (A) p. = 20%, pM = 20% and 7 = 0; (B) p. = 30%,

M = 30% and 7 = 0; (C): p. = 20%, pM = 20% and 7 = 0.8. The dashed line represents
the true net benefit.

[4.9). As can be seen in Figure [4.12] EVT tool provides the best net benefit estimate in all
the cases; of note, the regularity assumption is plausible in these two scenarios. On con-
trary, due to the violation of the assumption about the same behavior of informative and
uninformative pairs, the net benefit of PC method is consistently overestimated when HR
increases overtime and underestimated when HR decreases overtime. This can be explained
by the fact that PC procedure implicitly imposes the average of net benefit obtained during
the follow-up on that of the later period; whereas, in reality, the treatment effect in long
term would be smaller in case of early treatment effect (DGP 3) and better in the case of
late treatment effect (DGP 4). The bias becomes more pronounced when we increase the
slope « of the hazard function since the quicker the HR changes, the less reasonable the
underlying assumption of PC would be. For PO estimation, the result in DGP 4 is totally
as expected; i.e. the estimate is shrunk towards 0 due to the presence of censored data. In
the case of early treatment effect (DGP 3), surprisingly, the net benefit estimation by PO
procedure is almost unbiased. As demonstrated in DGP 1 and DGP 2, the performance
of PO estimator is very poor when the clinical threshold is not null or when the censoring
rates are high. Hence, we carry out another two sub-scenarios for DGP 3 to verify if the
PO estimation can still work well under the tough situations (Figure .14). As compared
to DGP 3A (i.e. DGP 3 with a = 0.2), we apply in DGP 3B higher censoring proportions
(pe = 30% and pM = 30%) but still keep 7 = 0. In DGP 3C, the censoring proportions
are unchanged (i.e. p. = 20% and p™ = 20%) but 7 is now set to 0.8. We found that with
higher censoring rate, PC estimator clearly gets worse; whereas, PO and EVT estimators
are only slightly biased but PO is better than EVT regarding the variance. However, EVT
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Figure 4.14: Net benefit estimation obtained from 100 datasets generated in DGP 5 (left
panel) and DGP 6 (right panel). The dashed line represents the true net benefit.

resists better than PO when a 7 # 0 is applied, PO is also less effective as compared to itself
when 7 = 0. Therefore, the performance of PO when treatment effect manifests at early
stage seems to be more sensitive to the clinical threshold than to the censoring proportions.

In the next settings (DGP 5 and DGP 6), we focus on the behavior of EVT estimator
when its inherent assumption is breached (Figure[d.14). By changing the value o, we move
the time t;; and thus change the available information about the tail of the survival func-
tion. EVT method relies on some largest observed events to fit the model. Therefore, if
the regularity of the unobservable tail distribution does not reach far enough back into the
observable region, EVT estimator will be not precise. For instance, in DGP 5 with a = 0.3,
the extreme values obtained from the study somewhat reflects the behavior of the unob-
servable survival times and thus the net benefit estimated by EVT is still good. However,
when ¢); decreases (a = 0.35 and o = 0.4), EVT estimator starts to be overestimated since
the survival part beyond t); goes down much faster than what can be captured by EVT.
Similarly, in DGP 6 with a = 0.6, EVT estimator is underestimated as the “true” tail
drops slower than what are observable before t;;. The behavior of PO and PC estimators
are quite similar as previously shown in DGP 3 and DGP 4. PO performs very well in the
case of early treatment effect, it is even better than EVT when the regularity assumption is
severely violated. PC is generally the least reliable estimator in non-PH cases. Moreover,
it seems that EVT estimator resists quite well even though its assumption is not met.
Indeed, EVT is still the most effective in the case of late treatment effect.

The two final scenarios DGP 7 and DGP 8 are added to corroborate the results observed
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in the previous DGPs. As can be seen in Figure [{.15 PO estimator consistently shows
good property when it comes to the early treatment effect. More interestingly, we are able
to observe again the robustness of EVT. Indeed, EVT method provides the unbiased esti-
mate of net benefit in all of the cases and completely outperforms PO and PC procedure,
no matter whether the treatment expresses its therapeutic effect early or lately. It should
be noted that the regularity assumption is not plausible either in these two settings as the

we still use the changing hazard functions; however, the violation is not as severe as in
DGP 5 and DGP 6 (see the survival curves in Figure to Figure .
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Figure 4.15: Net benefit estimation obtained from 100 datasets generated in DGP 7 (left
panel) and DGP 8 (right panel). The dashed line represents the true net benefit.

Finally, as mentioned in Section [3.3] one of the challenges of EVT method is that one
must have a sufficient number of fully observed data to reliably estimate the parameters of
the tail distribution. Therefore, its performance may no longer be decent if one possesses
smaller sample size. To verify this, we re-run DPG 1 (PH case) and DGP 3 (non PH
case) with a smaller number of patients in each group; i.e. n = 100 instead of n = 500.
Figure [4.16| reported the results obtained with different sample sizes. The variance of all
estimators dramatically increases as we have much fewer pairs to compare. In term of bias,
the tendency for the performance of PO and PC as well as EVT are not much influenced by
changing sample size. This implies that the EVT estimation for tail distribution depends on
the quality of available information rather than the amount of information. For instance,
herein we have 100 patients in group Trt and p. = 20%, pM = 20%; i.e. there are on
average 60 fully observed data and thus only 12 observations are used to model the tail;
and yet the EVT estimator works pretty well. Whereas, in DGP 2 (Figure , we have
500 patients in group Trt and p. = 10%, pM = 50%; i.e. there are 200 fully observed data
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Net benefit estimation

Net benefit estimation

and thus about 40 observations are used to approximate the tail but the EV'T estimate is
noticeably biased. It means that what is more crucial for EVT procedure is how “extreme”
the observations are and not how many observations are devoted to the tail modeling.
Of course, the estimation will be more precise if one has larger sample size; however, as
observed herein, no estimator can do better than other regarding the variance criterion.
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Figure 4.16: GPC estimation for 100 datasets of different sample sizes (n = 500 left panel
versus n = 100 right panel) generated in DGP 1 (top panel) and DGP 3 (bottom panel).
The dashed line represents the true net benefit.
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Conclusions and Discussion

With the aim at evaluating the estimation performance of GPC methods for censored
data, in this work, we have conducted eight main simulation settings and compared the
bias and the variance of net benefit estimated by PO, PC and EVT procedure.

In general, we found that the estimation procedure using EVT tool performs well in
most of the cases whether the hazard ratio is constant or not. More importantly, EVT
estimator appeared to be quite robust, it is only biased when the regularity assumption is
severely breached. And even in such case, the bias of EVT is still less important than that
of PO (except for early treatment effect) and PC. In practice, we may inspect the survival
curves, if their behavior seems not too much “weird”, using EVT will be the least “risky”
option as compared to other GPC methods. A careful discussion with clinicians would
also be necessary to determine if the survival in long term would probably differs from the
observable survival times. Furthermore, the biggest issue of this method is that one must
have a sufficient number of “extreme” data to reliably approximate the tail distribution.
Therefore, EVT would no longer be decent in the situations where the censoring proportion
is too important.

Unlike EVT method, the usefulness of PC procedure is quite limited. It somewhat
improves the PO estimation but only under the condition that the assumption about the
similar behavior of informative and uninformative pairs is plausible. This is “unverifi-
able”; however, at least we know that if the hazards are not proportional, PC method will
fail and should be excluded from our options right at the beginning. The only scenario
where PC outperforms EVT is when the hazard ratio is constant over time and the type I
censoring proportion is very high. Nevertheless, it is no longer the case if a 7 # 0 is applied.

The result obtained for PO estimation is the most unexpected as this method resists
almost perfectly in the case of early treatment effect regardless of high censoring rates. It
is even better than EVT when the assumption of the latter is not satisfied. However, the
quality of PO estimator would drop if a non null clinical threshold is introduced.
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In summary, the first crucial step to do before analyzing net benefit would be to verify if
the effect of treatment versus control is constant or changing over time. If this is changing,
are survival curves likely to evolve weirdly or would they probably behave differently after
the study termination? Next, based on the results obtained herein, some recommendations
for the choice of GPC methods can be given as follows:

e Constant treatment effect:

- Null clinical threshold: PC could be the method of choice even with very high
censoring rate.

- Non null clinical threshold: EVT could be the most appropriate, provided that the
censoring proportion is not too high.

e Early treatment effect:
- Null clinical threshold: PO could be the most effective method.

- Non null clinical threshold: EVT could be the least risky option if the censoring
proportion is not too high and if the regularity assumption is “unlikely” severely
violated.

e Late treatment effect: EVT could be the optimal tool if the censoring proportion
is not too high and if the regularity assumption is “unlikely” severely violated.

In the extreme case where PO, PC and EV'T methods are put into question, one should
switch to the restricted net benefit. The estimator obtained from this approach does not
represent the comparison of the entire survival experience, but no better solution can be
achieved if one possesses so poor information. It should be emphasized that the term
“high” or “very high” censoring used here is a relative definition; i.e. no decided cut-off
values. Within this simulation study, a total censoring proportion of 40% can be con-
sidered as “high” and a proportion greater than 50% may be considered as “very high”.
Nevertheless, as observed through simulations, estimation performance of GPC methods
not only depends on the censoring proportions but also on the clinically relevant threshold
and notably the intrinsic effect of the treatment. With a certain proportion of censoring, it
may be harmful for estimating the net benefit in some situations but may be harmless for
other cases. The type I censoring has also more impact on the estimation quality than the
classical censoring [32]. Therefore, the choice of GPC method should be done in a flexible
manner based on the actual data and taking into account all the relevant factors.

Finally, as EVT appears to be very promising method to deal with censored data,
studies to improve the EVT estimation may be of primary interest in the future. It can be
done by considering the alternative approaches to gain the accuracy of tail approximation.
Besides the maximum likelihood being employed in the present study, several methods
for EVT built on peak-over-threshold have been suggested to estimate the parameters
of Generalized Pareto Distribution such as PWM (probability weighted moment) [42],
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EPM (elemental percentile method) [43] or PML (penalized maximum likelihood) which
combines the flexibility of ML estimator and the robustness of PWM estimator [44]. These
estimators, however, need to be adapted when applied to censored data. EVT estimation
in the context of censorship has not been extensively studied yet, very few papers can be
found in the literature up to date [45], 46, 47, 48]. Moreover, it is important to point out
that we always used herein the same threshold z which is the 80% quantile of the fully
observed events; whereas, the choice of z should be tailored according to the data since the
optimal value may vary depending on various factors such as the tail distribution itself,
the sample size, the amount of censoring... The automatic approaches for selecting EVT
threshold have recently emerged but their performance in the presence of censoring has not
been known [49]. Therefore, if one wishes to implement EVT tool for net benefit analysis in
practice, how to determine z would also be a crucial task to be addressed in the upcoming
research.
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Table Al: Simulation results of DGP 1 (nsim = 100 and n = m = 500)

r A  GPC method Mean(A) Var(A) Bias(A) MSE(A)

0 0.3333 PO 0.3277 0.0011  -0.0056 0.0011
PC 0.3371 0.0011 0.0038 0.0011
EVT 0.3362 0.0012 0.0029 0.0012
1 0.2817 PO 0.2487 0.0007  -0.0330 0.0018
pPC 0.2617 0.0008  -0.0200 0.0012
EVT 0.2813 0.0010  -0.0004 0.0010
1.5 0.2405 PO 0.1791 0.0004  -0.0614 0.0041
PC 0.1995 0.0004  -0.0410 0.0021
EVT 0.2363 0.0010  -0.0042 0.0010

Table A2: Simulation results of DGP 1 (nsim = 500 and n = m = 500)

T A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0 0.3333 PO 0.3244 0.0013  -0.0090 0.0014
PC 0.3338 0.0014 0.0004 0.0014
EVT 0.3329 0.0014  -0.0004 0.0014
1 0.2817 PO 0.2466 0.0008  -0.0351 0.0020
PC 0.2596 0.0009  -0.0221 0.0014
EVT 0.2789 0.0010  -0.0028 0.0010
1.5 0.2405 PO 0.1771 0.0005  -0.0643 0.0045
PC 0.1975 0.0006  -0.0431 0.0024
EVT 0.2339 0.0010  -0.0067 0.0010
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Table A3: Simulation results of DGP 1 (nsim = 100 and n = m = 100)

r A  GPC method Mean(A) Var(A) Bias(A) MSE(A)

0 0.3333 PO 0.3096 0.0067  -0.0237 0.0072
PC 0.3181 0.0069  -0.0152 0.0070
EVT 0.3138 0.0068  -0.0195 0.0072
1 0.2817 PO 0.2331 0.0040  -0.0487 0.0064
PC 0.2463 0.0044  -0.0355 0.0056
EVT 0.2609 0.0049  -0.0209 0.0052
1.5 0.2405 PO 0.1670 0.0021  -0.0735 0.0075
PC 0.1868 0.0026  -0.0537 0.0055
EVT 0.2151 0.0042  -0.0254 0.0048

Table A4: Simulation results of DGP 2 (nsim = 100 and n = m = 500)

p™ A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.4 0.3333 PO 0.3025  0.0010  -0.0309  0.0019
PC 0.3364  0.0012  0.0031  0.0012
EVT 0.3253  0.0021  -0.0081  0.0022
0.5 0.3333 PO 0.2723  0.0010  -0.0611  0.0047
PC 0.3359  0.0015  0.0026  0.0015
EVT 0.2880  0.0098  -0.0453  0.0118
0.6 0.3333 PO 0.2310  0.0009  -0.1023  0.0114
PC 0.3376  0.0019  0.0043  0.0019
EVT N/A N/A N/A N/A
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Table A5: Simulation results of DGP 2 (nsim = 500 and n = m = 500)

p™ A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.4 0.3333 PO 0.2991  0.0013 -0.0343  0.0024
PC 0.3320  0.0015  -0.0004  0.0015
EVT 0.3201  0.0028 -0.0133  0.0030
0.5 0.3333 PO 02692  0.0012  -0.0642  0.0053
PC 0.3324  0.0018  -0.0009  0.0018
EVT 0.2973  0.0097 -0.0360  0.0109
0.6 0.3333 PO 0.2275  0.0011  -0.1059  0.0123
PC 0.3326  0.0023  -0.0007  0.0023
EVT N/A N/A N/A N/A

Table A6: Simulation results of sub-DGP 2 with 7 = 0.5 (nsim = 100 and n = m = 500)

p™ A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.4 0.3170 PO 0.2508  0.0008  -0.0662  0.0052
PC 0.2742  0.0009  -0.0428  0.0027
EVT 0.3066  0.0023  -0.0107  0.0024
0.5 0.3170 PO 0.1932  0.0006 -0.1239  0.0159
PC 0.2300  0.0008  -0.0871  0.0084
EVT 0.2641  0.0108  -0.0529  0.0135
0.6 0.3170 PO 0.1065  0.0004  -0.2106  0.0447
PC 0.1467  0.0007  -0.1703  0.0296
EVT N/A N/A N/A N/A
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Table A7: Simulation results of DGP 3 (nsim = 100 and n = m = 500)

o A GPC method Mean(A) Var(A) Bias(A) MSE(A)
0.1 0.6951 PO 0.6928 0.000  -0.0022  0.0006
PC 0.6963  0.0006  0.0013  0.0006
EVT 0.6938  0.0006 -0.0013  0.0006
0.15 0.6472 PO 0.6450  0.0007  -0.0023  0.0007
PC 0.6509  0.0007  0.0037  0.0007
EVT 0.6460  0.0007  -0.0012  0.0007
0.2 0.6052 PO 0.6037  0.0008  -0.0015  0.0008
PC 0.6118  0.0008  0.0066  0.0008
EVT 0.6047  0.0008  -0.0005  0.0008

Table A8: Simulation results of sub-DGP 3 with o = 0.2 (nsim = 100 and n = m = 500)

Sub-scenario A GPC method Mean(A) Var(A) Bias(A) MSE(A)

A 0.6052 PO 0.6037 0.0008  -0.0015 0.0008

PC 0.6118 0.0008 0.0066 0.0008

EVT 0.6047 0.0008 0.0005 0.0008

B 0.6052 PO 0.5940 0.0008  -0.0112 0.0009

pPC 0.6281 0.0008  0.0229 0.0013

EVT 0.5960 0.0015  -0.0092 0.0016

C 0.5330 PO 0.5256 0.0007  -0.0075 0.0007

PC 0.5362 0.0007 0.0031 0.0007

EVT 0.5328 0.0007 0.0003 0.0007
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Table A9: Simulation results of DGP 3 (nsim = 100 and n = m = 100)

o A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.1 0.6951 PO 0.6948 0.0034  -0.0003 0.0033
pPC 0.6982 0.0033 0.0031 0.0033
EVT 0.6946 0.0034  -0.0005 0.0033
0.15 0.6472 PO 0.6463 0.0040  -0.0010 0.0039
pPC 0.6518 0.0039 0.0046 0.0038
EVT 0.6457 0.0039  -0.0015 0.0039
0.2 0.6052 PO 0.6042 0.0046  -0.0010 0.0046
PC 0.6122 0.0046 0.0070 0.0046
EVT 0.6032 0.0045  -0.0020 0.0045

Table A10: Simulation results of DGP 4 (nsim = 100 and n = m = 500)

o A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.1 0.1492 PO 0.1359 0.0013  -0.0133 0.0014
PC 0.1446 0.0014  -0.0046 0.0014
EVT 0.1521 0.0016 0.0028 0.0016
0.15 0.1720 PO 0.1533 0.0013  -0.0187 0.0016
PC 0.1620 0.0014  -0.0100 0.0015
EVT 0.1707 0.0016  -0.0013 0.0015
0.2 0.1973 PO 0.1733 0.0013  -0.0240 0.0018
PC 0.1818 0.0014  -0.0155 0.0016
EVT 0.1920 0.0014  -0.0053 0.0014
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Table A11: Simulation results of DGP 5 (nsim = 100 and n = m = 500)

o A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.3 0.5269 PO 0.5296 0.0009 0.0026 0.0009
pPC 0.5348 0.0009 0.0079 0.0010
EVT 0.5236 0.0010  -0.0033 0.0010
0.35 0.4722 PO 0.4751 0.0010 0.0029 0.0010
pPC 0.4808 0.0010 0.0086 0.0010
EVT 0.4746 0.0010 0.0024 0.0010
0.4 04211 PO 0.4231 0.0011 0.0019 0.0010
PC 0.4297 0.0011 0.0086 0.0011
EVT 0.4294 0.0011 0.0083 0.0011

Table A12: Simulation results of DGP 6 (nsim = 100 and n = m = 500)

o A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.5 0.3624 PO 0.3564 0.0011  -0.0060 0.0011
PC 0.3599 0.0011  -0.0025 0.0011
EVT 0.3639 0.0011 0.0015 0.0011
0.55 0.3175 PO 0.3017 0.0012  -0.0158 0.0014
PC 0.3085 0.0012  -0.0090 0.0013
EVT 0.3160 0.0012  -0.0016 0.0012
0.6 0.2750 PO 0.2485 0.0012  -0.0265 0.0019
pPC 0.2583 0.0013  -0.0167 0.0016
EVT 0.2657 0.0013  -0.0093 0.0013
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Table A13: Simulation results of DGP 7 (nsim = 100 and n = m = 500)

a A  GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.2 0.4956 PO 0.4941 0.0009  -0.0015 0.0009
pPC 0.5043 0.0010 0.0088 0.0010
EVT 0.4970 0.0010 0.0014 0.0010
0.4 0.3886 PO 0.3893 0.0011 0.0007 0.0011
pPC 0.4047 0.0011 0.0162 0.0014
EVT 0.3861 0.0012  -0.0025 0.0012
0.8 0.2659 PO 0.2682 0.0012 0.0022 0.0012
PC 0.2843 0.0013 0.0184 0.0016
EVT 0.2721 0.0016 0.0062 0.0016

Table A14: Simulation results of DGP 8 (nsim = 100 and n = m = 500)

o A GPC method Mean(A) Var(A) Bias(A) MSE(A)

0.2 0.0601 PO 0.0436 0.0012  -0.0165 0.0015
PC 0.0474 0.0015  -0.0127 0.0016
EVT 0.0591 0.0017  -0.0010 0.0017
0.43 0.1507 PO 0.1224 0.0013  -0.0283 0.0020
PC 0.1285 0.0014  -0.0222 0.0019
EVT 0.1475 0.0014  -0.0031 0.0014
0.55 0.1954 PO 0.1812 0.0013  -0.0142 0.0015
pPC 0.1859 0.0013  -0.0096 0.0014
EVT 0.1984 0.0013 0.0030 0.0013
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