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Preface

All stakeholders associated with clinical drug developments are longing for breakthrough ther-
apy designation. To satisfy this requirement, clinical trials should be condudieiértly and
biostatisticians need to provide innovative clinical trial designs.

In recent years, adaptive clinical trial designs have been attractive to pharmaceutical spon-
sors, regulatory agencies, and medical investigators. Adaptive designs in early phase clinical
trials got to be applied in real clinical trials in the last ten years owing to their exploratory
aspects. In contrast, adaptive designs in late phase clinical trials were rarely applied in real
clinical trials. In comparison to the early phase clinical trials, in our opinion, more pragmatic
methodologies have been expected because the late phase clinical trials correspond to confir-
matory ones and need to satisfy the agreement between pharmaceutical sponsors and regulatory
agencies.

In consideration for the current trend in clinical drug developments, we focus on adaptive
designs in developing molecular targeted therapies and biosimilars. Although there has been a
proliferation of research articles on the adaptive clinical trial designs, little research that is more
pragmatic has been done. The aim of this dissertation is to investigate three focal issues of the
adaptive designs in confirmatory clinical trials as follows.

Issue 1: Utility-based interim decision rule planning in adaptive designs for population
selection

The use of adaptive population selection designs has spread in response to the emergence of nu-
merous molecular targeted therapies. Such a design provides an opportunity to stop recruitment
for a population in midcourse when this population does not benefit from the treatment being
tested. However, there are no well-established procedures to setting the thresholds in an interim
decision when applying a design to a clinical trial. We propose a novel utility-based approach

to guide the construction of the interim decision rule of an adaptive population selection design
for the setting of the survival endpoint.

Issue 2: Interim decision-making strategies in adaptive designs for population selection

As an extension of Issue 1, we consider an interim analysis using overall survival (OS), progression-
free survival (PFS), and both OS and PFS, to determine whether the whole population or only
the biomarker-positive population should continue into the subsequent stage of the trial, whereas
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the final decision is made based on OS data only. In order to increase the probability of selecting
the most appropriate population at the interim analysis, we propose an interim decision-making
strategy in adaptive designs with correlated endpoints considering the post-progression survival
(PPS) magnitudes. In our approach, the interim decision is made on the basis of predictive
power by incorporating information on OS as well as PFS to supplement the incomplete OS

data.

Issue 3: State of the art: Adaptive seamless design in developing biosimilars

Recently, numerous pharmaceutical sponsors have expressed a great deal of interest in the de-
velopment of biosimilars, which requires clinical trials to demonstrate the equivalence of phar-
macokinetics (PK) and clinicalfiécacy. Pharmacodynamics (PD) may be used in evaluating
efficacy if there are relevant PD markers available. However, in their absence, it is necessary
to design the associated clinical trials to includBcacy measures as the primary endpoint.
Hence, we propose a novel adaptive seamless PK ficd@ design with anficient frame-

work to remedy the risk of misspecification dfieacy parameters and to discontinue the trial
evaluating the ficacy for futility based on the PK evaluation. Here, we consider the clinical
development of biosimilars including their evaluation in patients rather than healthy volunteers
under a situation where both PK antieacy parameters are required to demonstrate the equiva-
lence. The original idea of the proposed method was to organize a clinical trial that includes the
statistical analysis of PK as an interim analysis, with sample size recalculation dfitteeye

data.

This doctoral dissertation consists of five chapters. Chapter 1 presents background such as
clinical trial development and an outline of the adaptive designs in confirmatory clinical trials.
In Chapter 2, we propose a novel utility-based approach to guide the construction of the interim
decision rule of an adaptive population selection design for the setting of the survival endpoint
(Uozumi and Hamada, submitted). Chapter 3 provides the interim decision-making strategies
in adaptive designs with correlated survival endpoints considering the post-progression survival
(PPS) magnitudes (Uozumi and Hamada, 2017b). In Chapter 4, we propose an adaptive seam-
less PK and &icacy design in developing biosimilars (Uozumi and Hamada, 2017a). Finally,
Chapter 5 discusses the issues associated with this work, and Chapter 6 provides a conclusion.
We wish to accelerate the use of adaptive designs in real clinical trials through this work.
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Chapter 1

Introduction

1.1 Clinical trial development

Clinical trials are experiments on human subjects to demonstratdfitecy and safety of new
therapies. Typically, clinical trials mainly consist of three distinct phases. If an experimental
therapy is considered to béfective through phases I, 1l, and Ill, it will be approved by the
regulatory agency for use on the pharmaceutical market. Among the clinical trial phases, phase
| clinical trials are conducted with healthy volunteers to evaluate the safety of the experimen-
tal therapy whereas phase Il clinical trials are conducted with patients to evaluatécheye
Phases | and Il are also called early phase clinical trials. Finally, phase Ill clinical trials are
called confirmatory clinical trials, and generally large randomized, controlled trials, with the
endpoint being a direct measure of patient benefit. To conduct the phase lll clinical trials, phar-
maceutical sponsors have to pay extravagant resources owing to the large number of patients
required. According to the report by Martin et al. (2017), the median costs of conducting a
study from protocol approval to final clinical trial report were 3.4 million US dollars for phase |
trials involving patients, 8.6 million US dollars for phase Il trials and 21.4 million US dollars for
phase lll trials, in the data set collected from 7 major companies on 726 interventional studies
conducted in patients from 2010 to 2015. Nevertheless, the proportion of successful phase Il
clinical trials is the lowest among all phases (DiMasi and Grabowski, 2007). As a more recent
report, the proportion of failure in phase Il clinical trials is relatively higher in oncology among
all therapeutic areas (Arrowsmith and Miller, 2013; Harrison, 2016). This work focuses on the
iIssues in the confirmatory clinical trials in response to expectation for the improvement.
Recently, numerous pharmaceutical sponsors have expressed a great deal of interest in the
development of molecular targeted therapies. Molecular targeted therapies investigated partic-
ularly in oncology are beneficial only in a subgroup of the overall population. The European
Medicines Agency (EMA) has published the regulatory guidance on the investigation of sub-
groups in confirmatory clinical trials (European Medicines Agency, 2014b). To identify the
subgroup, a biomarker is driven to indicate the biological state. For example, the patients with
HER2 amplification are approximately 15 to 20% of patients with breast cancer and can benefit



from the administration of paclitaxel after adjuvant chemotherapy with doxorubicin plus cy-
clophosphamide (Hayes et al., 2007). Table 1.1 shows the selected molecular targeted therapies
approved in Japan in the last ten years. If a pre-defined biomarker hypothesis from exploratory
studies exists, clinical trial designs should be set up considering the heterogeneity of patient
subgroups by using the biomarker at the planning stage, as the U. S. Food and Drug Adminis-
tration (FDA) has provided the enrichment strategies in developing molecular targeted therapies
(Food and Drug Administration, 2012).

Table 1.1: Selected molecular targeted therapies approved in Japan

Drug Type of cancer Biomarker Approved year
Cetuximab  Colorectal cancer K-ras 2008

Gefitinib Non-small-cell lung cancer EGFR 2009
Crizotinib Non-small-cell lung cancer ALK 2012
Pertuzumab Breast cancer HER2 2013
Ipiimumab Melanoma CTLA4 2015

Regorafenib Hepatocellular carcinoma  VEGFR 2017

Similarly, developing biosimilars has recently become an important issue for pharmaceuti-
cal sponsors and regulatory agencies owing to the anticipation of the impending expiration of a
number of patents for biological medicinal products in numerous countries. Table 1.2 cited from
Rémuzat et al. (2017) shows the list of best-selling biologics with patent expiry in the years to
come. According to the guidelines, a biosimilar is defined as a biological medicinal product that
contains an active substance that is similar to that of an original previously authorized biolog-
ical medicinal product (European Medicines Agency, 2014a; Food and Drug Administration,
2015). Biological medicinal products are large and complex molecules that include vaccines,
gene therapies, and cellular therapies. Thus, most are important life-saving products but are ex-
tremely expensive, which makes itléitult to reach the general patient population. A reduction
in healthcare costs for patients can be expected if a biosimilar is approved by regulators and
placed on the market. For example, biosimilar trastuzumab is expected to be priced at a level at
which patients who otherwise would not have access to expensive therapies such as trastuzumab
could receive needed therapy (Bauchner et al., 2017).

Therefore, this work mainly focuses on two issues in confirmatory clinical trials: the de-
velopments of molecular targeted therapies and biosimilars. Since we handle survival data in
oncology in the former development, statistical inference for survival endpoints is described in
Section 1.2. In Section 1.3, we briefly illustrate statistical inference for superiority, equivalence,
and non-inferiority trials since the latter development is typically conducted with equivalence
trials rather than superiority trials. Finally, in Section 1.4, we overview and propose adaptive
designs applied in confirmatory clinical trials.
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1.2 Statistical inference for survival endpoints

Statistical analysis for survival endpoints is called survival analysis that summarizes and ana-
lyzes the length of time until the occurrence of an event, e.g., death, as time-to-event process.
Clinical trials are generally conducted to assess ffexBveness of new therapies. Hence, in-
vestigators usually apply survival analysis in clinical trials to compare the risk of events among
population groups receivingftierent therapies.

1.2.1 Summarized statistics

For survival analyses, the median is the preferred summary measure of the location of the dis-
tribution since a distribution constructed from survival data typically tends to be positively
skewed, that is, the distribution has a longer tail to the right of the interval that contains the
largest number of observations. Lltetlenote the actual survival time of an individual. Once
the survival functionS(t) has been estimated by the Kaplan and Meier (1958) method, it is
straightforward to obtain an estimate of the median survival time (MST), i.e., the time beyond
which 50% of the individuals in the proportion are expected to survive. In most clinical studies,
survival data are summarized using the MST by group.

Suppose that survival data are exponentially distributed with paramheteered > 0. Let
T denote a random variable. Then, the probability density fundt{ons given by

f) = Aexplar), (1.1)

wheret > 0. The expectation and the variance Tocan be written as

> 1

E[T] = fot-f(t)dt:z
E[T?Y] = f0t2~f(t)dt:%
1
V[T] = E[TZ]—E[T]Z:F.

Using Equation (1.1), the survival functi@it) is illustrated as follows:

St) = P(T>t)=P(T <t)

1-Fit)=1- ft f(u)du = expAt).
0

Note that the MST is given by MS¥ log2/1 when the survival time is assumed to be expo-
nentially distributed.

1.2.2 Log-rank tests

In the comparison of two groups of survival data, there are a number of nonparametric tests
that can be used to quantify the extent of the coincidence of between-giftenedces (Ohashi
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etal., 2016). Among these methods, the log-rank test is most frequently used in clinical trials. In
practice, the p-value obtained from the log-rank tests for survival data is reported. The p-value
is given by

UL
=0l 5
where®d(-) denotes the cumulative distribution function of the standard normal distribltion,
is the log-rank score, and is the variance estimate tf_ (Collett, 2015). Note that)_/ VvV,
has a normal distribution with zero mean and unit variance denotéd(@yi) under the null
hypothesis that there is no treatmerttelience.

Furthermore, consider a randomized clinical trial in which patients are assigned to each
group stratified according to variables such as age, sex, performance status, and other potential
risk factors for the disease under study. In this case, a stratified log-rank test may be employed.
Essentially, this involves calculating, andV_ for each stratum, and then combining these
values over the strata. Lel_s andV, s denote the log-rank score and the variance estimate of
U, respectively, obtained from trsth of S strata. The p-value based on the stratified log-rank
test is then based on the statistic is given by

S
25:1 UL,S

R

Note thatY'3 ;U s/ +/23 , Vis has a normal distribution with zero mean and unit variance
denoted byN(0, 1) under the null hypothesis that there is no treatmeffeidince.

p=0



1.2.3 Cox proportional hazards model

In addition to the hypothesis testing like the log-rank test, the proportional hazards model (Cox,
1972) is widely used in clinical trials to illustrate the treatmeffiéet. This model is referred

as a semi-parametric model since no particular type of probability distribution is assumed for
survival data.

In summarizing survival data, the hazard functidt) is widely used to express the risk or
hazard of event at time Under the assumption of a continuous distribution witledentiable
survival function, the hazard function, also known as the "force of mortality” (Klein et al.,
2013), is defined by

 P(t<T <t+At|T >t
ht) = fim TS T <t+AUT 20
At—0 At

whereAt is the time interval and is a random variable. Note that the relationship with)
andS(t) is given by
f(t)
h(t) = —=.
(t) 0
Suppose that patients are randomly assigned to either a caBjrol @n experimentall)
arms. Leth;(t) be the hazard of events at timhéor patients on arnj € {C, E}. According to a
simple model for survival data of the two groups of patients, the hazard at fona patient on
E is proportional to the hazard at that same time for a patier@.ohhis proportional hazards
model can be expressed in the form

he(t) = HR- he(t) (1.2)

for any non-negative value of whereHR is a constant. This assumption means that the corre-
sponding true survival functions for individuals GrandE do not cross. Note that the score test
obtained from the proportional hazards model is identical to the log-rank test (Collett, 2015).
The value oHRis the hazard ratio at any time for an individualBmelative to an individual
onC. If HR < 1, the hazard is smaller for an individual &y relative to an individual orc.
That means thdE is an improvement o€. On the other hand, R > 1, the hazard is greater
for an individual ong, andC is superior.
Suppose that survival data are exponentially distributed with parametdrered > 0.
Then,h(t) is expressed as. By using the value of MST and transforming Equation (1H2R
is also given by

_he® e MSTc

HR = - ZE_
ho(  Ac  MSTg

wherey; is the hazard and MSTis the MST on arm € {C, E}.



1.2.4 Survival endpoints

Table 1.3 describes survival endpoints employed in clinical trials with progressive cancer pa-
tients. According to the Food and Drug Administration (2007) guidelines, OS is defined as the
time from randomization to death from any cause and is usually measured in the intent-to-treat
population. With respect to the clinical trials to confirm theetiveness for a new therapy in
oncology, the gold standard endpoint is OS. The reason is that it is simple to measure clinical
importance, easy to interpret, and measurement is unbiased. OS is accepted as the most reli-
able cancer endpoint and therefore is preferred by regulatory agencies. However, OS generally
requires long-term follow-up after disease progression. Consequently, it will be expensive to
conduct clinical trials since we need quite long time and large number of patients when em-
ploying and evaluating OS as a primary endpoint. Thus, short-term survival endpoints such as
progression-free survival (PFS) are often set as an alternative to OS in some therapeutic areas.

Table 1.3: Survival endpoints in progressive cancer and their definitions

Endpoint Definition
Overall survival (OS) Death from any cause
Time-to-progression (TTP) Objective tumor progression

It does not include deaths.
Progression-free survival (PFS)  Objective tumor progression or death from any cause
Time-to-treatment failure (TTF) Discontinuation of treatment for any reason,

including disease progression, treatment toxicity,

and death from any cause

PFS is defined as the time from randomization until objective tumor progression, i.e., time-
to-progression (TTP), or death from any cause, whichever occurs first. PFS has recently gained
much importance in oncology clinical trials particularly in phase Il because objective response
rate (ORR) based on the Response Evaluation Criteria in Solid Tumors (RECIST) criteria
(Eisenhauer et al., 2009), frequently used in real phase Il trials as a primary endpoint, is not
surrogate for OS in the development of molecular targeted therapies (Seymour et al., 2010). In
Chapter 3, we focus on PFS as a short-term endpoint for OS.



1.3 Statistical inference for diferent types of comparisons

There are various types of comparisons between the experim&)tainf control C) arm.

Figure 1.1 illustrates each type of comparisons. Typically, in developing new therapies through
the clinical trials, the main purpose is to confirm superiority. That means that the experimental
arm is better than the control arm. In this case, the experimental arm is also non-inferior to
the control arm. However, under the non-inferiority hypothesis, it is unnecessary to confirm
superiority. The non-inferiority objective is fulfilled once the experimental arm is inferior to the
control arm by less than some prespecified margin (Rothmann et al., 2011). Thus, the choice of
the margin has important practical consequences (Food and Drug Administration, 2016b). In
contrast, the absoluteftiérence between the experimental and control arms is smaller than a
prespecified margin to meet the equivalence objective.

The equivalence objective is usually set in a bioequivalence trial to develop generic drugs
(Food and Drug Administration, 2001). A generic drug is a product which has the same quali-
tative and quantitative composition in active substances and the same pharmaceutical form as a
brand-name product (European Medicines Agency, 2010). In addition, the equivalence trial has
recently been conducted to develop biosimilars. A biosimilar is defined as a biological medic-
inal product that contains an active substance that is similar to that of an original previously
authorized biological medicinal product (European Medicines Agency, 2014ajtdtsdirom
generic products, e.g., with respect to the complexity and heterogeneity of the molecular struc-
ture (Berghout, 2011; Chow, 2013). Nowadays, the development of biosimilars is attractive
to pharmaceutical sponsors because healthcare costs for patients are expected to be reduced.
As shown in the development of biosimilar insulin glargine (Blevins et al., 2015; Rosenstock
et al., 2015), non-inferiority trials are also applied in the development of biosimilars. However,
most biosimilars have been developed with equivalence trials. In Chapter 4, we focus on the
statistical issues in equivalence trials.

Worse Two one-sided tests Better
(TOST)

<= Inferiority —4— Equivalence —»— Superiority ===

Non-inferiority =———

s N ON-SUpPETIOTILY

—A 0 A A : margin

Figure 1.1: Relationship of each type of comparisons



1.4 Adaptive designs for confirmatory clinical trials

Randomized controlled clinical trials with two arms are commonly applied in confirmatory clin-
ical trials. In recent years, adaptive clinical trial designs have been attractive to pharmaceutical
sponsors, regulatory agencies, and medical investigators, in response to the expectation for con-
ducting clinical trials €iciently. Adaptive designs mean the extension of group sequential de-
signs. Group sequential designs include interim analyses before the formal completion of a trial
and possible early stopping for either positive or negative results (Jennison and Turnbull, 2000).
In addition to the option for early stopping, adaptive designs also provides decisions based on
data accumulated until the interim analyses how to modify design facets without undermining
the validity and integrity of the trial (Food and Drug Administration, 2010, 2016a). The aim of
the adaptive designs is to increase the likelihood of a successful trial and lower the number of
patients exposed to an inferior or harmful treatment (Bretz et al., 2009). However, we have to
note that many clinical scientists conceptually misuse or abuse the adaptive design methods in
clinical trials (Cheng and Chow, 2010; Wittes, 2010). The relative performance over alternative
design options depends on the scenarios, assumptions, and trial objectives (Bretz et al., 2017).

Adaptive designs encompass every phase of clinical trials. In early phase clinical trials,
adaptive designs are often applied in real clinical trials in the last ten years owing to their
exploratory aspects. Currently, adaptive designs in consideration for biomarker information
have been applied in real phase Il clinical trials. For example, the I-SPY (Investigation of
Serial Studies to Predict Your Therapeutic Response with Imaging and Molecular Analysis) 2
trial using adaptive randomization was reported (Park et al., 2016; Rugo et al., 2016) and the
innovative clinical trial designs are expected in a confirmatory stage. Hence, we focus on the
adaptive designs for confirmatory clinical trials.

Traditional phase II/III deign

Reporting Phase I1

Phase 11 and Planning Phase 111
Phase 111

Seamless phase II/I1I deign

Phase 11 Phase 111

Figure 1.2: Top: traditional development with two separate phases, Bottom: seamless phase
[1/111 design



Clinical trials with multiple phases can be conducted seamlessly with adaptation in the com-
mon protocol when applying adaptive seamless designs in clinical drug developments. With
respect to confirmatory clinical trials, adaptive seamless phaAsedésigns are increasingly
explored in the current research articles to solve the problem for late stage failures and rising
costs of phase /il clinical trials. As shown in Figure 1.2, the adaptive seamless phéask II
designs can minimize the period, white space, between the analysis of phase Il data and recruit-
ment of phase Il patients, while the seamless approach also allows the flexibility to investigate
other crucial issues, without the need for separate trials (Schmidli et al., 2006).

The variety of the adaptive seamless phag# tesigns is roughly divided into an adaptive
treatment selection design and an adaptive population selection design. The adaptive treatment
selection design could be used for the development comparing a control arm with multiple com-
peting experimental treatments. Any experimental treatments that appear no better than control
are quickly rejected in a late phase Il trial and those that are significantly better than control are
identified in a phase Il confirmatory trial. On the other hand, the adaptive population selection
design could be used for the development of molecular targeted therapies. any hypotheses for
each population are identified in a late phase Il trial and confirmed in the selected hypotheses
in a phase Il trial.

10



Chapter 2

Utility-based interim decision rule
planning in adaptive designs for
population selection

2.1 Introduction

As many molecular targeted therapies whose treatnfégttenotably difers among subgroups

of patients based on biomarker information in oncology have recently been developed by nu-
merous pharmaceutical sponsors (Aggarwal, 2010), various clinical trial designs considering
patient heterogeneity have been proposed (Biankin et al., 2015). Often a benefit is found only
for a subgroup in the confirmatory clinical trial report without any pre-specification in statis-
tical planning; for example, see Karapetis et al. (2008). To deal with this issue, some clinical
trials pre-specify a subpopulation in the statistical analysis plan in addition to the overall popu-
lation, in accordance with a multiple testing procedure (Goteti et al., 2014). In most instances,
a fixed clinical trial design is applied in the setting of targeted therapy development. However,
some patients recruited in the development of molecular targeted therapies cannot help being
exposed to unfavorable treatments during a trial with such a traditional design. In particular,
even worse, some molecular targeted therapies show a posigee @nly for the subpopulation

but a negative féect otherwise; for example, see Mok et al. (2009). From an ethical viewpoint,
patients who are likely to be harmed by the therapy, as identified by biomarker information,
must be dropped from the trial, even though such information from the clinical trial is required
by regulatory agencies.

In this work, we consider that the full population comprises biomarker-positive and biomarker-
negative populations categorized based on a promising biomarker, as shown in Figure 2.1, in
a setting wherein a promising biomarker exists and in which the targeted therapy is beneficial
only for the biomarker-positive population. If there are &isient number of patients assigned
to each population, adaptive population selection designs are highly attractive, with the aim
of developing molecular targeted therapies. Figure 2.2 illustrates the schematic representation
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of the adaptive population selection design. In this context, an interim analysis is conducted
in midcourse to identify whether the entire population or a subpopulation is benefitting (Food
and Drug Administration, 2010). Thus, interim analysis can play a role in determining whether
the targeted population is restricted to only the biomarker-positive population owing to futility
for the biomarker-negative population or is continued as the full population. For the sake of
simplicity, we consider the interim analysis that discontinues the trial early only for futility.

Full population (F)

%%&%&% =]

: Biomarker-positive Bmmarker—posmve population (P) ———
- IQI IQI PI & &

! Biomarker-negative
patient

Figure 2.1: Assumed populations driven by a biomarker

We consider a design setting in which the endpoint is of the time-to-event type, such as
overall survival or progression-free survival. In this context, one of the simple measures used
for an interim decision is the hazard ratio for each population. For instance, Jenkins et al.
(2011) and Friede et al. (2012) incorporated hazard ratios into the interim decision in their
methodology. As an example of a real clinical trial, the futility criteria for the interim analysis
were set to be achieved if the estimated hazard ratio at interim exceeded 1.00, and then, futility
stopping was consequently fulfilled at the interim analysis, i.e., the estimated hazard ratio was
1.09 (Fujitani et al., 2016). However, a point estimate of a hazard ratio is not reasonable, since
the immature sample size at interim could possibly result in a misleading decision. In particular,
if this criterion is applied to an interim decision with adaptive population selection, the sample
size in the biomarker-positive group is even more inadequate than the overall sample size.

Alternatively, stochastic curtailment, based on the conditional or predictive power, is also
frequently used in practice (Jennison and Turnbull, 2000). In the context of adaptive popula-
tion selection design, Brannath et al. (2009) and Uozumi and Hamada (2017b) considered the
use of predictive power in the setting of survival endpoints, whereas Wang et al. (2009) and
Gotte et al. (2015) evaluated performance using conditional power. Predictive power is rela-
tively preferred as an interim decision feature because conditional power is highly dependent
on the interim result, regardless of having an fhisient sample size in midcourse (Spiegel-
halter et al., 1986). Even if either statistic is employed in the interim decision, searching the
thresholds is not straightforward, and a thorough investigation to confirm the operating charac-
teristic depending on the setting would be required via simulation to pre-specify the thresholds
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for each population at the planning stage. However, there are no well-established procedures
for setting the threshold to select the population at interim in the context of adaptive population
selection design.

Full population (F)
Interim or

decisions Biomarker-positive
population (P)

Full population (F)

h Stage 1 ﬁ — Stage 2 —

~ Phase Il Phase II1

Figure 2.2: Schematic representation of the adaptive population selection design

In this chapter, we propose a novel approach to setting the thresholds in an interim decision
rule constructed on the basis of utility functions in the context of adaptive population selection
design. The utility functions are motivated by the work of Graf et al. (2015) in which several
trial designs for the development of molecular targeted therapies were compared with consid-
eration of the gain for sponsors and public health. We use utility functions that consist of gain
and loss functions solely to help in formulating the interim decision rule to determine whether
the entire population is continued or only the promising population is selected. Following the
formulation of an interim decision rule based on the proposed approach, we consider the situa-
tion in which the interim analysis is performed based on the hazard ratios or predictive powers
for each population and the final analysis is performed using a log-rank test. We further ex-
amine the proposed approach by using thEedence and ratio of the restricted mean survival
time within the interim and final decisions. To assess the proposed approach, we evaluate the
operating characteristics with respect to the probability of selecting each population and the
probability of rejecting the hypotheses for each population in the setting in which the targeted
therapy is considered.

The remainder of this chapter is structured as follows. In Section 2.2, we introduce the set-
ting of the adaptive design considered in this chapter in the case in which the type of endpoints
is time-to-event. In Section 2.3, we specify the measures used within the interim decision rule
as follows: hazard ratio, predictive power, anéfelience and ratio of restricted mean survival
times. In Section 2.4, we provide the utility functions and describe how to incorporate those
functions into the method for setting the thresholds in the interim decision. Section 2.5 presents
a simulation study, and we provide concluding remarks in Section 2.6.
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2.2 Setting of adaptive population selection design with two
stages using survival endpoints

In this chapter, we focus on adaptive population selection design for the development of molec-
ular targeted therapies. We assume, for the sake of simplicity, that the full populB&jion (
comprises biomarker-positiv®) and biomarker-negative\) populations without any consid-
eration of an unknown group. Léi, denote the null hypothesis for populatigne {F, P}.
We consider one interim analysis in midcourse to identify whekher only P is to continue
into the subsequent stage. This means that the interim analysis provides an opportunity to stop
recruitment forN in the case in which the targeted therapy is deemed as promising ority for
Multiple testing problems with respect to the interim analysis do not arise because we consider
the interim analysis only for futility.

With respect to the final analysis, we consider two null hypothddesandHp. Both He
andHp are tested ifF is determined to be continued. On the other hand, éfyys tested if
only P is determined to be continued aNds terminated at the interim analysis. L&y denote
the p-value for stag& (k = 1,2) in populationg € {F, P}. We use combination methods to
perform the hypothesis testing at the final analysis. There are two methods: the Fisher’s product
combination method (Bauer andbkne, 1994) and the weighted inverse normal combination
method (Lehmacher and Wassmer, 1999). To construct the combined p-value, we employ the
weighted inverse combination method,

C(pl,ga p2,g) =1- (D{qu)_l(l - pl,g) + WZ(D_l(l - p2,g)} )

where®(-) denotes the cumulative distribution function of the standard normal distribution and
w, denotes the weight for each stage chosempy= /d./X; d;, where 0< w < 1 and
Zﬁzlwﬁ = 1, with pre-specified number of eventk, at stagek on the assumption tha ; and

P2 g are independent and uniformly distributed under the null hypotheses. The weighted inverse
combination method can be extended to the setting with multiple stages.

To solve multiple testing issues fét: andHp, the use of Simes (1986) procedure is ap-
plied to the p-value for the intersection hypothediss = Hg N Hp given by pxrp = min[2 -
min(px e, Pxp), MaxPxr, Pxp)], Since the familywise type | error rate is controlled in the situa-
tion in which pcr and pxp are non-negatively correlated or independent (Samuel-Cahn, 1996;
Sarkar and Chang, 1997). Using the weighted inverse combination method, the final decision
for each hypothesis is made in accordance with the closure principle (Marcus et al., 1976). That
IS, He is rejected ifC(prrp, P2rp) < @ andC(pir, P2F) < @ are satisfied andlip is rejected
if C(poep, P2rp) < @ andC(p.rp, P2p) < a are satisfied in case wheFeis determined to be
continued, whereadp is rejected iIC(py.rp, P2p) < @ andC(p.p, P2p) < a are satisfied in case
where onlyP is determined to be continued ahdis terminated at the interim analysis, where
a denotes a one-sided significance level. For a one-sided significance level @D25, we set
the critical value a® (1 - ) = 1.96. Note that it is vital to specify the combination function
and the design of stage 1 at the planning stage.
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Figure 2.3: Handling survival data with two-stage designs

To handle the setting in which the endpoint is time-to-event, the p-values are derived follow-
ing the framework of Jenkins et al. (2011) to control the familywise type | error rate. As shown
in Figure 2.3, if the patient accrued in the first stage has an event during the second stage, then
this event is handled as the p-value for the first stage.

2.3 Types of measures used in the interim decision

The aim of this work is to propose a novel utility-based approach to guide the construction of
the interim decision rule of an adaptive population selection design in the setting of survival
endpoints. This section describes how to assist in constructing the interim decision rule using
utility functions. With regard to the final analysis of survival data, the traditional method is to
perform a log-rank test and Cox proportional hazard model to show the treatffesntlerough

the hazard ratio and its confidence interval. In particular, the Cox proportional hazard model
is popularly applied even in the situation where the proportional hazard assumption is violated
(Schemper, 1992).

2.3.1 Simple hazard ratio

Because we assume that the final analysis will be performed using the Cox proportional hazard
model to show the treatmenftect by the hazard ratio and its confidence interval, the midcourse
hazard ratio can be used as the measure within the interim decision. Derivation of the hazard
ratio was described in Section 1.2.3. Jenkins et al. (2011) and Friede et al. (2012) used an
interim decision using the point estimate of the interim hazard F&ﬁqg for populationg €

{F,P}. Let ngHR denote the threshold of the hazard ratio §pe {F, P} at interim. Based on
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previous work (Friede et al., 2012; Jenkins et al., 2011), we consider the interim decision rule
as follows. (i) ContinueF if HR ¢ < nt'R, regardless of the value #IR, p. (i) Continue
only P if HR ¢ > nER andHR,p < R, (iii) Stop the trial for futility if HR ¢ > 7ER and
H\RLP > niR, where the experimental treatment is beneficial against the control if the hazard
ratio is less than 1.00. Note that this decision rule is constructed using the point estimate, rather
than the confidence interval, of the hazard ratio.

However, an interim decision using the point estimate rather than the confidence limit would
become unstable because the sample size at interim &amsnt, particularly folP. Therefore,
we further consider the interim decision rule based on the upper limit of the confidence interval
for the hazard ratio estimated from the interim data denotel@?&li/g for g € {F, P} as follows.

—U

. . . —U .. . . ——=U

(i) ContinueF if HR ¢ < nER, regardless of the value fR ;. (i) Continue onlyP if HR ¢ >
nHR andﬁﬁlup < nER. (iii) Stop the trial for futility if ﬁﬁluf > R andﬁﬁ,U,P > nER, where the
experimental treatment is beneficial against the control if the hazard ratio is less than 1.00.

2.3.2 Predictive power

Alternatively, stochastic curtailment based on the conditional or predictive power is often used
to make an interim decision for early stopping owing to futility in the context of a group se-
guential design. Since the conditional power must be obtained for a specified treafieett e
which might not be supported by the final data (Jennison and Turnbull, 2000), we focus on the
predictive power as an alternative to the hazard ratio. Because we assume that the final anal-
ysis will be performed using a log-rank test to derive the p-value, calculation of the predictive
power is conducted based on the result of the test statistic by the log-rank test and the assump-
tion that non-informative priors for the treatmeffiteet are employed for the sake of simplicity
(Dmitrienko and Wang, 2006). That is, the predictive power for populagien{F, P} is given

by

PP,=1-® [(1 —11) (@71 ) - T, - zg)] 2.1)

wherellg represents the event fraction at the interim analysiszaisthe observed test statistic
based on the log-rank test using stage 1 data.

If the predictive power based on interim results is greater than the threshold for one hypoth-
esis, then the possibility of rejection is high for the corresponding hypothesis when continuing
with the corresponding population. In a manner similar to that of the interim decision using
the hazard ratio, we use the predictive pO\P/@@ for g € {F, P} in the interim decision rule as
follows. (i) ContinueF if PP: > ne’, regardless of the value &Pp. (i) Continue onlyP if
PP: < PP andPPs > 7EP. (iii) Stop the trial for futility if PP: < 2P andPPs < 5P, where
ng" is the threshold of predictive power fgre {F, P}.
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2.3.3 Restricted mean survival time

As an alternative to hazard ratio for survival data between treatment groups, the measure con-
structed using the restricted mean survival time is recommended, when the proportional hazard
assumption is violated (Royston and Parmar, 2011; Uno et al., 2014). Furthermore, as com-
plementary information on summarizing the survival endpoints, presentation of the restricted
mean survival time is currently recommended in oncology clinical trials (AHern, 2016). The
restricted mean survival time was first proposed by Irwin (1949) and then extended to adjust
covariates (Karrison, 1987; Zucker, 1998).

Let RMDy andRMR; denote the dference and ratio, respectively, of the restricted mean
survival times forg € {F, P}. The interim estimatesRMD, andRMR,, of RMD, andRMR,,
respectively, are given by

t* t*
RMD, = f Sye(t)dt— f Syc(t)dt (2.2)
0 0

and
- t* R t* R
RMI%:f Sg,E(t)dt/f Syc(t)dt (2.3)
0 0

wheret* is the time point when the interim decision is made 8gd andS, are the estimated
survival functions forg € {F, P} in experimental ) and control C) groups. As described by
Equations (2.2) and (2.3), the restricted mean survival time in each group is calculated by the
area under the survival curve uptto

In a manner similar to that of the interim decision using the hazard ratio, w& N8,
andRMR, for g € {F, P} solely in the interim decision rule. First, using the lower limit of
R/I\/I\Dg denoted byRVDL, the interim decision rule is defined as follows. (i) Contirfuef
RMD; > nRMP, regardless of the value &M D,. (ii) Continue onlyP if RMD; < nRMP and
RMD; > 7%MP. (iii) Stop the trial for futility if RMDe < 7%MP° andRMDy < nRMP, where
ng"'? is the threshold oRMD; for g € {F, P}. Second, similar t.iR M Dy, the interim decision
rule using the lower limit 0RMR, denoted b)R/I\WR; is considered as follows. (i) Continte
if R/I\WP; > nRMR regardless of the value B?I\WRE (i) Continue onlyP if R/I\WP: < npMRand
RMR; > 7RVR (i) Stop the trial for futility if RMR: < MR andRMR, < 75MR wherenVR
is the threshold oRMR,; for g € {F, P}.

As noted, we assume that the final analysis will be performed in the traditional manner
using a log-rank test and Cox proportional hazard model. However, &)y, or RMR, can
be used similarly, instead of the hazard ratio, in the final analysis, when the interim decision is
made by the interiflRMDy or RMR;, but the required sample size is increased, because using
RMD, or RMR; is less powerful than using the hazard ratio (Trinquart et al., 2016).
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2.4 Formulation of an interim decision rule based on utility
functions

In the interim decision rule presented in Section 2.3, sponsors are required to set the thresh-
olds for each measure beforehand. Currently, there are no statistical approaches for setting the
thresholds. Hence, sponsors tend to decide each threshold based on thorough simulation results
considering the cost and benefit for the development.

Here, we use gain and loss functions as utility functions to construct the optimal decision
rule at interim. Letyy denote the general expression of the threshold of a particular measure,
such as the hazard ratio fgre {F, P}. We provide utility functions in terms of sponsors (Sp)
and patients (Pat) given by

U (e, np) = G* (k. mp) — L* (17 7p)

whereG¢ andL¢ denote the gain and loss functions, respectively/fer{Sp, Pat. We assume

that each function is constructed on the basis of pseudo clinical trial results via simulation. With
the use of the expected utilitﬁ,[uf(np, np)], the optimal thresholdg-"andnp are explored via

grid search to satisfy

arg max_, E I:U’{(UF,TIP)] (2.4)

for ¢ € {Sp Pat, wherenr andnp are subject to the restrictions depending on the measure. For
instance, whemy is considered agg®, i.e., the threshold of the hazard ratigf® is set to be
greater than 1.00 in order to prevent the situation in which the decision rule at interim is stricter
than that at the final analysis.

Here, we describe the gain and loss functions in terms of sponsors and patients. First,
sponsors have a great deal to be concerned about in rejedifgy g € {F, P}. Thus, each
function is shown as

G p) {orl(Q =F) +6pl(Q = P)}I(re = 1)I(rp = 1)
5|:|(Q = F)I(r,: = 1)|(rp = O) + 5p|(Q = P)I(r,: = O)l(rp = 1)

Sel(Q = F)I(re = 1) + 6l (Q = P)I(rp = 1) (2.5)

+

and
L=, ne) = 6¢{1(Q = P) + 1(Q = @)1 (1r = DI (rp = 1)
+ {5p|(Q = P) + 6|:|(.Q = ¢)}|(r|: = 1)|(rp = O)
+ {5|:|(Q = F) + 5PI(Q = ¢)}|(r|: = O)I(rp = 1)
+ {5|:|(Q = F) + 5PI(Q = P)}I(rF = O)l(rp = O),

(2.6)

respectively, wheré(-) is the indicator function that takes the value one ig true and zero
otherwise Q2 denotes the selected population determined based on the interim anglykas,
notes the discount parameter for population {F, P}, rq denotes an indicator variable such that
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ry = 1, if Hy for populationg € {F, P} is rejected at the final analysis regardless of the interim
results, an@ indicates that neitheff nor P is selected. On the one hand, Equation (2.5) says
that the gain function is achieved in the case that the correct population is selected at the interim
analysis in the situation in which eithét: or Hp or bothHg andHp are rejected at the final
analysis. With regard to the populatiddjs obviously narrower thak. If the sponsors corre-
spond to a pharmaceutical company, then their interest includes the market size after regulatory
approval. Hence, we incorporate the discount paramet@fs-a4.0 and 0< ép < 1.0 into each
function. Each term of Equation (2.5) shows that gain is accumulatedyithcase where the
corresponding populatiog € {F, P} is selected at the interim analysis, denotedby g, in

the situation in whictHjy is rejected at the final analysis, denotedrpy- 1. On the other hand,
Equation (2.6) indicates that loss is accumulated, if the appropriate population is terminated
at the interim analysis, regardless of the situation in which eitheor Hp is rejected, or an
inappropriate population is continued to the following stage, even though neitheor Hp is
rejected. Note that the first term of Equation (2&)I(Q = P) + 1(Q = @)} (rg = DI(rp = 1),

shows that loss is accumulated wiéhif only P is determined to be continued or the trial is de-
termined to be discontinued at interim, regardless of the situation in whichHpo#imdHp can

be rejected at the final analysis. In the same way, the second and third terms of Equation (2.6),
(0p1(Q = P)+6¢1(Q = 9)}I (re = DI (rp = 0) and{5e | (Q = F)+3p1(Q = $)}1 (re = 0 (rp = 1),

denote that loss is accumulated if the appropriate population is terminated at interim in the situ-
ation in which the hypothesis for the terminated population can be rejected at the final analysis.
Finally, the fourth term of (5){6r1(Q = F) + 6pI(Q = P)}I(rg = 0)I(rp = 0), indicates that

loss is accumulated if eithér or P is determined to be continued at interim even though neither
hypothesis can be rejected at the final analysis.

Second, patients are concerned with the targeted range of an approved therapy. For in-
stance, the patients whose populatioNisare harmed in a situation in which marketing ap-
proval reachef§ since the fact in which the onR is beneficial was not observed in the relevant
trial, although the true treatmenftect should have been restrictedRoThis case discounts as
lossdr in LSP of Equation (2.6). To handle the issue above, the loss function in terms of patients
Is given by

LP(me. np) = {6n1(Q = P) + 61 (Q = ¢} (e = DI (rp = 1)
+{0p1(Q = P) + 61 (Q = @)} (re = L)I(rp = 0) 07
+{On(Q = F) + 61 (Q = ¢)}I (re = 0)I (rp = 1) @)
+{6e1(Q = F) + 6p1(Q = P)}I(re = 0)I(rp = O).

Note thatLP2is less than_SP because the discount parameteg®y < 1.0 is incorporated

into Equation (2.7), whelkr is selected even if onlyp is intrinsically rejected, denoted by

OnI(Q = F)I(rg = 0)I(rp = 1) obtained from the third term of (2.7), or on®is selected even

if He is rejected as well aslp, denoted bysyI(Q2 = P)I(rg = 1)I(rp = 1) obtained from the

first term of (2.7).L"%is comparable ta.5P, if 6p = 5y = 1.0. With regard to the gain function,

GP¥is identical toGSP. ThereforeUPis comparable t&JSP as well, if§p = 5y = 1.0.
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2.5 Simulation study

We have described how to optimize the thresholds in an interim decision using utility functions
in the context of adaptive population selection designs. We evaluated the performance of the
proposed approach to derive thresholds that maximized the utility in an interim decision and to
calculate the probability of selecting the population at the interim analysis based on specifying
thresholds. The design assumptions and simulation setting we assume for the development of
a targeted therapy are illustrated in Section 2.5.1. The operating characteristics based on the
simulation results are presented in Section 2.5.2.

2.5.1 Simulation setting

First, we consider a two-stage randomized, parallel-group clinical trial with two arms, com-
prising experimentalE) and control C) groups. We assume that the final analysis is to be
conducted with a one-sided significance level of 2.5% following the closure principle as de-
scribed in Section 2.2. In addition, an interim analysis is conducted to determine whether the
population continues d&s or is restricted td?, as described in Section 2.3. The interim analy-

sis is conducted after half of the pre-specified events set as 300 occur among the pre-specified
sample size of 400. The median time €@is set as 6.5 months for bothandN and that forE

is derived via the hazard ratio, where the distribution is assumed to be exponential.

Let HRy denote the assumed hazard ratiodar {F, P}. With respect to the treatmenffect
difference betweelt andC, we employ the hazard ratio fgr € {F, P} as Scenarios 1 to 4.

We assume that the treatmeifiieet for P is promising across every scenario, il¢Rs = 0.50.
Regarding the treatmenffect forN, as shown in Figure 2.4, Scenario 1 is assumed to indicate
a tendency similar to that d?, i.e., HRy = 0.50, whereas Scenario 2 assumes tha more
beneficial inP than inN, i.e., HRy = 0.90. Scenario 3 assumes ttats beneficial only inP,

but notinN, i.e.,HRy = 1.00. We further assume Scenario 4, in whieks remarkably harmful

in N, i.e.,HRy = 1.43. The hazard ratio fdf is handled as eXp - logHRp + (1 - ¢) - log HRy},
wherey denotes the prevalence Bfunder the assumption th&tis categorized a® andN,
without consideration of an unknown group for simplicity. Even if we employ eifgiD;

or RMR; at the interim analysis, we assume that the hazard ratio derived by using the Cox
proportional hazard model is to be used at the final analysis.

Regarding the utility functions, we sép = 6y = 1.0,0.5 in accordance withy being
assumed to be 50%, in addition to the settingof= 1.0. Thus, we treatedp as a relative
discount ofP to F with respect to the setting @6 = 0.5. In the case that there are multiple
values satisfying Equation (2.4), the mean value was used as a threshold in the interim decision.
In the interim decision, each threshold, vizg‘,, wherem € {HR, PP RMD,RMR, of ﬂﬁﬁg,

PP, R/I\/TD;, and R/I\WI% for g € {F, P}, has the restrictiong/R > 1.00, 0 < nf” < 0.80,
nEMP < 0, andpiMR < 1.00 during the grid search on the basis of Equation (2.4). If we assume
the treatmentféect for P under null hypothesis, i.e{Rp = 1.00, we confirmed that the optimal
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thresholds are found with lower or upper limit of aforementioned restrictions. Hence, we solely
assume that the treatmenifext for P is promising across every scenario.

Scenario 1 Scenario 2
1 \\ \\\
\\ \\\
\ \\\
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Figure 2.4: Assumed scenarios of survival distribution compagrigolid) andC (dashed) in
N

2.5.2 Simulation results

Calculation was performed based on 10,000 simulations to obtain all subsequent results per
scenario.

First, Tables 2.1 to 2.4 show the results for the optimal thresholds that maximized Equation
(2.4) by grid search under the restrictions described in Section 2.5.1, whgleisingm €
{HR,PPR,RMD,RMR is the optimal thresholds fay € {F, P}, and the interim decision was
conducted withy7. There is an opposite tendency when comparjgig With 77", 75V°, and

- ¢}
iy~ since the direction of positive or negativfeets ofHR, 4 is the reverse of that dPP;,
RMD,, andRMR,. Note that in our rule at the interim decisidt is at any rate tested, even if
F is continued at the interim analysis. Hence, the optimal threshold feas stricter than that

for F, regardless of the fference in the sample size in each population in midcourse, especially
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in Scenario 1, in which we assumed that the treatmé&etewas observed in both andP.
Moreover, the optimal threshold fét was stricter than that foP, when the treatmentfiect

in F was diluted in Scenarios 2 to 4. In particular, the optimal thresholdrfaras searched

as the strictest value under the restriction as mentioned in Section 5.16wl®eset to 1.0 in
Scenario 4, in which there is actually a harmfétleet in N. However, the optimal threshold

for F was de-escalated wheéa was set to 0.5, since we considered the discounPfby ép,
whereinP is evidently narrower thak, affecting both the sponsors who pay the trial cost and
who attempt to obtain a benefit and the patients who are exposed to the targeted therapy. With
regard to the type of utility functions, it can be confirmed that the thresholds constructed using
utility functions between sponsors and patients are comparable, $ititis identical toUSP
whenédp = 6y = 1.0.

Table 2.1: Results of optimal thresholds of interim hazard r@@k’i for g € {F, P}, full (F)
and biomarker-positiveR) populations, derived by grid search when the interim decision rule
Is constructed from utility functions in terms of sponsors (Sp) and patients (Pat)

ign 5"
Scenario HRy Sp and Pat Sp Pat Sp and Pat Sp Pat
(bp=10) (@Wp=05) (@Wp=05 (@©Bpr=210) @©Bp=05) (6p=0.5)
1 0.50 1.68 1.68 1.68 1.50 1.50 1.50
2 0.90 1.25 1.35 1.35 1.83 1.63 1.65
3 1.00 1.20 1.25 1.25 1.75 1.60 1.78
4 1.43 1.00 1.05 1.05 1.60 1.60 1.60

HRy is the assumed hazard ratio for biomarker-negatNepopulation;HRe is the assumed hazard ratio fer
and is set to 0.50p is the discount parameter f&; 6y is equal tosp since we assume that the prevalenc® of
Y, is set to 50%.
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Table 2.2: Results of optimal thresholds of predictive pow@?, for g € {F, P}, full (F) and
biomarker-positive ) populations, derived by grid search when the interim decision rule is
constructed from utility functions in terms of sponsors (Sp) and patients (Pat)

fE” 5"
Scenario HRy Sp and Pat Sp Pat Sp and Pat Sp Pat
bp=10) (@Wp=05) (@Bp=05 (@©Bpr=210) @©Bp=05) (6p=0.5)
1 0.50 0.03 0.03 0.03 0.40 0.40 0.40
2 0.90 0.20 0.05 0.05 0.00 0.00 0.00
3 1.00 0.25 0.15 0.15 0.00 0.00 0.00
4 1.43 0.80 0.70 0.70 0.05 0.05 0.05

HRy is the assumed hazard ratio for biomarker-negatNjepopulation;HRp is the assumed hazard ratio fer
and is set to 0.50Qp is the discount parameter f&; 5y is equal tosp since we assume that the prevalenc® of
Y, is set to 50%.

Table 2.3: Results of optimal thresholds of interinffelience of restricted mean survival times,
gMP, for g € {F, P}, full (F) and biomarker-positiveR) populations, derived by grid search
when the interim decision rule is constructed from utility functions in terms of sponsors (Sp)
and patients (Pat)

ﬁFFQMD ﬁFPQMD
Scenario HRy Sp and Pat Sp Pat Sp and Pat Sp Pat
(6p=210) (@Wp=05) (@Wp=05 (@p=10) (@6p=05) (6p=0.5)
1 050 -5.38 -5.38 -5.38 -4.50 -4.50 -4.50
2 090 -1.25 -1.50 -1.50 -6.25 -6.10 -6.25
3 1.00 -0.75 -1.25 -1.25 -2.50 -2.50 -2.50
4 1.43 0.00 -0.25 -0.25 -2.50 -2.50 -2.50

HRy is the assumed hazard ratio for biomarker-negatNepopulation;HRp is the assumed hazard ratio fer
and is set to 0.504p is the discount parameter f&; 5y is equal tosp since we assume that the prevalenc® of
Y, is set to 50%.
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Table 2.4: Results of optimal thresholds of interim ratio of restricted mean survival wﬁfé% ~

for g € {F, P}, full (F) and biomarker-positiveR) populations, derived by grid search when the
interim decision rule is constructed from utility functions in terms of sponsors (Sp) and patients
(Pat)

ﬁEMR ﬁIF?)MR
Scenario HRy Sp and Pat Sp Pat Sp and Pat Sp Pat
(6p=210) (@Wp=05) @Wp=05 (@Bp=10) (6p=05) (6p=0.5)
1 0.50 0.65 0.65 0.65 0.75 0.75 0.75
2 0.90 0.85 0.85 0.85 0.58 0.58 0.58
3 1.00 0.90 0.85 0.85 0.58 0.61 0.58
4 1.43 1.00 0.95 0.95 0.75 0.75 0.75

HRy is the assumed hazard ratio for biomarker-negatNjepopulation;HRp is the assumed hazard ratio fer
and is set to 0.5Qp is the discount parameter f&; 6y is equal tadp since we assume that the prevalenc®pf
¥, is set to 50%.

Second, Table 2.5 illustrates the probabilities of selecting each corresponding population
at the interim analysis, where the interim decision rule was constructed in terms of sponsors
and patients, respectively, and whéges set to 1.0 and 0.5, respectively. Fer= 6y = 1.0,
comparable results were obtained regardless of the type of utility function for constructing the
interim decision rule. The more diluted the treatmef@ inF was, the higher the probability
of selecting onlyP was. However, the probability of continuitgwas higher, whedp was set
to 0.5, especially in Scenarios 2 and 3, regardless of the type of utility function, since the utility
for P was discounted considering the population size. Furthermore, with respect to the interim
decision rule by eitheIR/I\/I\Dg or R/I\WI%, the probability of continuindr was less than that using
eitherHR, 4 or PP,, notably in Scenarios 2 and 3. If the treatmefieet in P is weaker, this
probability would be de-escalated, owing to the augmentation for the probability of stopping
the trial for futility.

Finally, Table 2.6 represents the probabilities of rejecting each hypothesis at the final anal-
ysis, where the interim decision rule was constructed in terms of sponsors and patients, respec-
tively, and wheresp is set to 1.0 and 0.5, respectively. Note that the probability of rejecting the
hypothesiHg U Hp shows the power. Prior to the description of Table 2.6, we confirmed that
the familywise type | error rate was controlled at less than 2.5% across all scenarios, regard-
less of every interim measure and the type of utility function, where calculation did not include
the possibility of stopping for futility at the interim analysis. Here, the probability of rejecting
He was greater than that of rejectitp and comparable to the power notably in Scenario 1,
whereas the probability of rejectindp was greater than that of rejectiity and comparable to
the power when the treatmerftect in F was diluted in Scenarios 2 to 4. Similar to the results
of the interim analysis, the probabilities of rejectidg whensp was set to 0.5 were higher than
those wherp was set to 1.0.
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Table 2.5: Probabilities of each decision at the interim analysis based on utility functions in
terms of sponsors (Sp) and patients (Pat) when each meas$RyeHazard ratioPP, predic-

tive power;RMD, difference of restricted mean survival tim&yIR ratio of restricted mean
survival times) for full &) and biomarker-positiveR) populations is used at the interim analysis

Scenario HRy Measure Sp and Pai{ = 1.0) Sp ¢p = 0.5) Pat ¢p = 0.5)
QeF QeP Qe¢p QecF QeP Qe¢p QeF QeP Qeg

1 0.50 HR 1.00 000 000 1.00 0.00 0.00 1.00 0.00 0.00
PP 1.00 000 000 1.00 0.00 0.00 1.00 0.00 0.00

RMD 1.00 0.00 0.00 1.00 0.00 0.00 1.00 0.00 0.00

RMR 100 000 000 1.00 0.00 0.00 1.00 0.00 0.00

2 0.90 HR 095 005 000 098 002 000 098 0.02 0.00
PP 093 0.07 000 098 002 000 098 0.02 0.00

RMD 097 003 000 099 001 000 099 0.01 0.00

RMR 0.98 0.02 0.00 0.98 0.02 0.00 0.98 0.02 0.00

3 1.00 HR 086 014 000 091 009 000 091 0.09 0.00
PP 0.84 016 000 090 010 000 090 0.10 0.00

RMD 083 017 000 095 005 000 095 0.05 0.00

RMR 0.86 0.14 0.00 0.96 0.05 0.00 0.96 0.05 0.00

4 143 HR 009 091 000 015 085 000 0.15 0.85 0.00
PP 008 091 001 013 087 001 013 087 0.01

RMD 013 087 000 021 079 000 021 0.79 0.00

RMR 012 088 000 027 073 0.00 0.27 0.73 0.00

HRy is the assumed hazard ratio for biomarker-negatNepopulation;HRp is the assumed hazard ratio fer
and is set to 0.5Q7 is the selected population determined based on the interim analysidicates that neithef
nor P is selectedsp is the discount parameter f& 6y is equal tasp since we assume that the prevalenc®af,
is set to 50%.
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Table 2.6: Probabilities of rejecting the hypothelis (rr = 1), Hp (rp = 1), or HE U Hp

{(re = 1)U (rp = 1)} at the final analysis, when each measii&(, hazard ratioPP, predictive
power; RMD, difference of restricted mean survival tim&IR ratio of restricted mean sur-
vival times) for full (F) and biomarker-positiveR) populations is used at the interim analysis
and when the interim decision rule is constructed from utility functions in terms of sponsors
(Sp) and patients (Pat)

Sp and Pat&p = 1.0) Sp ¢p = 0.5) Pat 6p = 0.5)
Scenario HRy Measure re =1 rp=1 (g=1) re=1 rp=1 (g=1) re=1 rp=1 (g=1)
U(rp:l) U(rpzl) U(rp:].)

1 050 HR 1.00 0.98 1.00 1.00 0.98 1.00 1.00 0.98 1.00
PP 1.00 0.98 1.00 1.00 0.98 1.00 1.00 0.98 1.00

RMD 1.00 0.98 1.00 1.00 0.98 1.00 1.00 0.98 1.00

RMR 1.00 0.98 1.00 1.00 0.98 1.00 1.00 0.98 1.00

2 090 HR 090 0.97 0.98 092 0.97 0.98 092 0.97 0.98
PP 0.88 0.97 0.98 091 0.97 0.98 091 097 0.98

RMD 091 0.97 0.98 0.92 0.97 0.98 092 0.97 0.98

RMR 091 0.97 0.98 091 0.97 0.98 091 0.97 0.98

3 1.00 HR 0.77 097 0.97 0.80  0.97 0.97 0.80 0.97 0.97
PP 0.76  0.97 0.97 0.79  0.97 0.97 0.79 097 0.97

RMD 0.75 0.97 0.97 0.81 0.97 0.97 0.81 0.97 0.97

RMR 0.77  0.97 0.97 0.82  0.97 0.97 0.82 097 0.97

4 143 HR 0.07 0.96 0.96 0.11  0.96 0.96 0.11 0.96 0.96
PP 0.07 0.96 0.96 0.10 0.96 0.96 0.10 0.96 0.96

RMD 0.10 0.96 0.96 0.14 0.96 0.96 0.14 0.96 0.96

RMR 0.10 0.96 0.96 0.17  0.96 0.96 0.17 0.96 0.96

HRy is the assumed hazard ratio for biomarker-negatNjepopulation;HRp is the assumed hazard ratio fer
and is set to 0.5 is the discount parameter f& 5y is equal tajp since we assume that the prevalenc®af,
is set to 50%r 4 is the indicator variable such thigt = 1, if the hypothesisiy for populationg € {F, P} is rejected
at the final analysis.
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2.6 Summary and discussion

In this chapter, we proposed a novel approach to set the thresholds within the interim decision
rule in the context of adaptive population selection design. The proposed approach used gain
and loss functions as utility functions in terms of sponsors and patients, solely to assist in
formulating the interim decision rule to determine whether the entire population is continued or
only the promising population is selected.

Simulation results revealed that the proposed approach can guide the setting of thresholds
considering the benefits and risks for sponsors and patients. Under the situation assumed at the
planning stage, this can minimize the possibility of terminating the appropriate population at
the interim analysis, regardless of the scenario in which either hypothesis can be rejected, and
the possibility of continuing the inappropriate population to the following stage even though
neither hypothesis can be rejected. We further considered the population size that represents
the market size for sponsors and the number of patients who are benefited or harmed by the
targeted therapy by incorporating the discount parameters into the utility functions.

In our simulation study, we considered that the targeted therapy is beneficial only in the
biomarker-positive population, but is harmful in the biomarker-negative population. In this set-
ting, the treatmentféect for the full population is diluted. Note that we would hardly apply the
setting for the thresholds when the therapy is considerably harmful, i.e., Scenario 4 in Section
2.5.1, since the optimal thresholds based on pseudo clinical trial results via simulation were crit-
ically searched to be strict, and the interim thresholds were close to the boundaries at the final
analysis, even if we employed the discount parameters for the biomarker-positive population
that were less than one. In implementing the clinical trial that also includes the biomarker-
negative population with belief that the therapy might be harmful for that population, the as-
sumption that it is not beneficial rather than harmful, i.e., Scenarios 2 and 3 in Section 2.5.1,
would be plausible. Hence, setting thresholds must be carefully considered on the basis of the
results of using the proposed approach, as Gallo et al. (2014) pointed out that the thresholds for
stopping the trial for futility should be viewed as guidelines, rather than rules, in the context of
group sequential designs. Moreover, in this chapter, we solely considered the scenario in which
the therapy is unalterably beneficial fhand the sample size to reject the null hypothesis for
P is suficient. If an instificient sample size is considered, the strict thresholds for the interim
decision rule would be obtained. These results would guide whether the sample size at interim
or final analysis is dticient or not when considering the utility in terms of sponsors or patients,
although, in this case, the thresholds should not be applied without doubt.

With respect to the use of the utility functions in the development of molecular targeted
therapies, Graf et al. (2015) used the utility functions in terms of the views of sponsors and
public health to compare the fixed design, enrichment design, and adaptive population selection
design. Krisam and Kieser (2014) used a utility function to construct the decision rule, even in
the situation in which the population is considered on the basis of an imperfect biomarker. On
the other hand, we incorporated utility functions constructed from gain and loss functions into
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the method for setting the thresholds within the interim decision. Moreover, with regard to the
decision making based on the utility functions, this would be controversial to apply to the final
decision making of a clinical trial. However, we solely incorporate the utility functions into
only the interim decision for selecting the population in order to assist in setting the thresholds.
As far as it relates to the interim decision, as possible future work, the proposed approach would
be extended to the use of informative priors herein if any knowledge were obtained preceding
the planning for the trial. Note that we do not encourage the use of utility functions for the
decision of the final analysis.
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Chapter 3

Interim decision-making strategies in
adaptive designs for population selection

3.1 Introduction

In the development of molecular targeted therapies for progressive cancer patients, both progression-
free survival (PFS) and overall survival (OS) have been shown in clinical trial reports. For
instance, both OS and PFS significantly improve in patients who have advanced colorectal can-
cer, receive cetuximab, and have the wild-type K-ras gene, whereas no improvement is seen
in patients with mutated K-ras tumors (Karapetis et al., 2008). Several authors have discussed
the issues involved in using PFS (Booth and Eisenhauer, 2012; Fleming et al., 2009; Kay et al.,
2011; Saad et al., 2010). Figure 3.1 describes the definition of OS and PFS. PFS is defined as the
minimum time from randomization until tumor progression or death from any cause, namely,
time-to-progression (TTP) or OS, while PPS is defined as the time from progression to death
(Food and Drug Administration, 2007; Saad and Buyse, 2012). Although OS is the most com-
monly used endpoint required in phase Ill trials by regulatory agencies, PFS is also frequently
used in phase Il trials, especially those conducted for evaluation of molecular targeted therapies.
However, OS generally requires a long follow-up period after tumor progression. Therefore, a
long study and a large number of patients are required, making it expensive to conduct clinical
trials using OS as the primary endpoint measure.

This chapter also investigates an adaptive design for population selection when using corre-
lated survival endpoints. Although we did not clarify any specific survival endpoints in Chapter
2, we handle both OS and PFS in this chapter. Brannath et al. (2009) presented an adaptive de-
sign method for population selection by using a single survival endpoint. Following this, Jenkins
et al. (2011) proposed a similar method using correlated survival endpoints; OS was used as the
final outcome and PFS as a short-term endpoint. Friede et al. (2012) then demonstrated a more
powerful method for a final analysis by using a conditional error function approaiheivand
Schafer, 2001). Subsequently, Stallard et al. (2014) compared the method of Friede et al. (2012)
with that of Jenkins et al. (2011) so as to investigate the properties of the adaptive population
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selection design methods.

Case 1 + 5, >
TTP e PPS i

PFS—TTP OS=TTP + PPS

Case 2 * >

PFS = OS =D

Randomization <4 : Progression Y : Death

Figure 3.1: Definition of OS and PFS

As shown in Figure 3.2, the interim analysis involves the use of PFS data from stage 1 pa-
tients only, whereas the final analysis is conducted based on OS data from each stage, assuming
that OS is set as the primary endpoint at the end of stage 2 (Jenkins et al., 2011). However, the
method requires the strong assumption that OS and PFS are strongly correlated. For instance,
PFS significantly improved in patients who had pulmonary adenocarcinoma, tested positive
for epidermal growth factor receptor (EGFR) inhibitor, and received gefitinib, whereas no im-
provement was seen in OS (Mok et al., 2009). The inconsistent results are derived from OS
traits in which OS generally requires long-term follow-up to accumulate events because it can
be dfected by post-progression survival (PPS) magnitudes.

In this chapter, we propose an interim decision-making strategy in adaptive designs for
population selection. We extend the previous methods (Brannath et al., 2009; Jenkins et al.,
2011) in two aspects. First, the interim analysis is conducted by incorporating information on
PFS as well as OS. Second, we consider a scenario in which OS is calculated based on PPS, if
the progression is observed before death. The combination test approach will be applied with
respect to final decision-making in a manner similar to Section 2 in Chapter 2. We use the
weighted inverse normal combination method for the OS data since OS is a primary endpoint.

The rest of this chapter is structured as follows. In Section 3.2, we discuss the interim
decision-making strategies using correlated survival endpoints. Section 3.3 presents a simula-
tion study. Finally, Section 3.4 provides concluding remarks.
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Figure 3.2: Schematic representation of the p-values from each stage

3.2 Interim decision-making

The aim of study is to extend the recent methods (Brannath et al., 2009; Jenkins et al., 2011) for
interim decision-making in two aspects. First, both OS data and PFS data are incorporated into
the interim analysis in the adaptive population selection design. Generally, OS requires a long
follow-up period after tumor progression and a long study and a large number of patients, and
results in making it expensive to conduct clinical trials using OS as the primary endpoint mea-
sure. Hence, it would be practical to use PFS data for interim decision-making when deemed
as a short-term intermediate survival endpoint, because it can be observed in a shorter period
of time than OS. Furthermore, it would also be pragmatic to consider the impact based on PPS
data; therefore, we assume a scenario in which OS is calculated considering PPS after tumor
progression, if progression is observed before death.

3.2.1 Procedures for interim decision-making

An interim analysis is conducted to identify whether the full populaftoor only the pre-
defined biomarker-positive populatiérwould benefit from a given treatment based on stage 1
only. In addition, interim analysis can be used to determine whether or not it is worth contin-
uing a clinical trial; the trial can be discontinued early only for futility, when interim analysis
deems that the success of the trial is unpromising. This enables sponsors and investigators to
optimize the investment of resources. For interim decisions, the sponsor has to be blinded to
any results at the interim stage and the Independent Data Monitoring Committee (IDMC) makes
the recommendation based on an interim decision rule.

3.2.2 Simple exponential model for dependence between OS and PFS

Among several methods available to measure the correlation between time-to-event variables
such as OS and PFS, we use the statistical models developed by Fleischer et al. (2009) to
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account for correlation with censoring. Fleischer et al. (2009) have demonstrated some possible
applications for the proposed models. According to the example from a phase Il trial with two
arms for patients with non-small-cell lung cancer (NSCLC), the estimated survival function for
OS based on the data given versus the predicted survival function for OS based on the proposed
models show quite a good agreement with 95 patients, particularly in the period until 3 months.

Let D denote the survival endpoint, i.e., the time to death without tumor progression. They
used exponential models for each survival endpoint based on the assumption that TTP and D
are completely independent and that PFS is given by the minimum values of TTP and OS. Then,
OS is calculated as follows:

PES if PFS+TTP
OS= ,
TTP+ PPS otherwise

Suppose that each survival endpard {TTP, PPSD} is exponentially distributed with param-
eter1, whered, > 0. Then, the Pearson correlation ffa@ent between OS and PFS is given

by

P!
p = Corr(OSPFS)= PPS : (3.1)
Ap + 247PAD + Afpg

The derivation of Equation (3.1) is provided in Appendix A. Note that 1.0 if no tumor
progression occurs before death; in other words, PEES.

3.2.3 The illness-death model for semi-competing risks data

The model proposed by Fleischer et al. (2009) for each survival endpaintTTP, PPSD}
assumes an exponential distribution, which could be simplified regardless of the complicated
outcomes between survival endpoints. In addition, it is necessary to considgy thditnited

owing to 1, > 0; for example, whemp = 0.347 andp = 0.5, Apps = 0.200 is required

to satisfydp > 0 based on Equation (3.1). Thus, we further consider a semi-competing risks
framework (Fine et al., 2001). Each endpoint, TTP and D, is considered to be a nonterminal
and terminal event, respectively. On the upper wedge, i.e.,J DPFine et al. (2001) describe

the copula model developed by Clayton (1978) with the joint survival function expressed as

S(TTP,D) = (S5¥p + S/ — 1), (3.2)

whereSttp andSp denote the marginal survival function for TTP and D, respectivelygand
represents a parameter measuring the correlation. The paranietgoproximately related to
Kendall’'st ast = 0/(0 + 2).

Similarly, the approach by Xu et al. (2010) considers a class of illness-death models, as
shown in Figure 3.3, with a shared frailty as follows:

Artpy = yAoTTe,
App = YAop,
Appgy = YAopps
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wheredp, is a baseline hazard fa € {TTP,PPSD} andy denotes the gamma frailty with
mean 1 and variance/d Under the assumptiolypps = Agp, the restricted illness-death model
is intrinsically equivalent to the semi-competing risks framework.

\
| Progression

Randomization

ﬂ"PPS = ﬂ’D\TTP

X
Death

Figure 3.3: lllustration of illness-death models

3.2.4 Interim decision rule using predictive power

In this study, the decision tool applied at the interim analysis relies on the predictive power
approach. Assume non-informative priors for the treatmffateand the interine € {OS PFS

data can be obtained. As an extension of the predictive power as described in Equation (2.1) in
Chapter 2, the predictive powd?P'®, for each populatiohe {F, P, N} is given by

PPY=1-0 [(1 —mie) (cp—l(l —a)- 1l - z}e})

where ®(-) denotes the cumulative distribution function of the standard normal distribution,
er} represents the event fraction at the interim analysis, a one-sided significance level at
the final analysis, anz{e} is the observed test statistic based on the log-rank test using stage
1 data. In contrast to Equation (2.1) in Chapter 2, we consider two endpoints: OS and PFS.
Further we evaluate the predictive power kor

In the context of adaptive population selection designs, Brannath et al. (2009) have demon-
strated the decision rule by using the predictive power at the interim analysis, whereas Jenkins
et al. (2011) have proposed the use of the rule based on the estimated hazard ratios. For the
clinical development of molecular targeted therapies, when we consider a scenario in which the
experimental treatment is beneficial #8rbut is actually harmful foN, the problem of cross-
ing hazard rates might be observed due to the violation of the proportional hazard assumption.
Hence, we provide an interim decision rule using predictive power by extending the rule demon-
strated by Brannath et al. (2009) for a single endpoint, and by considering the use of multiple
endpoints at the interim analysis. The following decision rule is defined for the interim stage:
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(Case 1):
PP > ke iy —  GowithF
I=F,P,N,e=OSPFS
(Case 2): if Case 1 is not met,
PP > ke~ m2p —  GowithP
e=OSPFS
(Case 3): if both Case 1 and Case 2 are not met,
Otherwise. —  Stop for futility

wheren;; denotes the threshold of the predictive power for each populbtdir, P, N} in Case

I, andxe denotes the relative importance assigned to the corresponding endpdi@S PFS.
Because of the nature that PFS data are more quickly observed than OS data, we should re-
flect the expected number of events accrued up to the interim analysis. For adaptive treat-
ment selection design, Di Scala and Glimm (2011) combined the predictive probabilities us-
ing weights similar toce, such ascos - PPI°¥ + kprs- PPF9, and have shown the simula-

tion results. However, we evaluate multiple endpoints, i.e., OS and PFS, separately in con-
sidering the inconsistency as well as the correlation between OS and PFS due to the im-
pact of PPS. To justify the heuristic decision rule, we consider the development of a tar-
geted therapy: for example, wheRRE™, PPPFS PPPFY) = (0.94,0.99,0.11), xprs = 1,

and @vr,n1p, 11N, 2p) = (0.10,0.05,0.05,0.20), F is selected at the interim, whereas when
(PPOY, PPOY, PP = (0.37,0.98,0.01) andkos = 1/2, F is not selected, becaus®O>® >

Kos * 1N IS Not met, andP is selected. This numerical example could be observed when the
correlation between OS and PFS is not very strong. In addition, WY and PP are
combined, as in the method of Di Scala and Glimm (20ELjs selected despite the targeted
therapy. In practice, a series of simulations is needed to set the thresholds to be used by the
IDMC.
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3.3 Simulation study

In this section, we describe a simulation study to show the operating characteristics of adaptive
designs for population selection based on the interim decision-making strategies presented in
Section 3.2. The design assumptions and simulation setting are presented in Section 3.3.1.
Furthermore, each probability at the interim or the final decision is shown in Section 3.3.2.

3.3.1 Design assumptions and simulation setting

As with the simulation study in Chapter 2, we shall consider a randomized parallel-group clin-
ical trial with two arms: experimentaE] and control C). Assume that patients classified as
either biomarker-positiveR) or biomarker-negativa\) are included in the trial in order to con-
sider the #icacy of a targeted therapy. A single one-sided null hypothegis assumed for
each populatiog € {F, P}. The prevalence d? amongF, v, is set to 50%. LeHR' andHR?
denote the hazard ratio using the inteama {TTP, PPSD} data forP andN, respectively. We
consider several scenarios for the treatmdietot:

(Scenario 1): HR? = 0.50 and HRY' = 0.90
(Scenario 2): HRZ = 0.50 and HRY' = 1.00
(Scenario 3): HR? =050 and HRY = 1.11
(Scenario 4): HR? = 050 and HRY = 1.43

where a hazard ratio less than 1 indicates an increased benefiEfi®oenarios 1 to 4 represent
those in which the experimental treatment is extremely beneficiaPfare., HRE' = 0.50,

and the hazard ratios fdé? for TTP, PPS, and D are considered to be similar for the sake of
simplicity. In Scenario 1E is more beneficial foP than it is forN. Scenario 2 is the scenario

in which E is beneficial forP but not forN. In Scenarios 3 and £ is beneficial forP but is
actually harmful foN. In particular, Scenario 4 is that in whi¢his notably counterproductive

for N. Note that Scenarios 1 to 4 are roughly set based on the motivating examples outlined
in Table 3.1. For instance, Scenario 2 above is roughly based on an actual trial conducted
for patients with advanced colorectal cancer that were receiving cetuximab (Karapetis et al.,
2008). The result showed that the hazard ratio among patients with the wild-type K-ras gene
wasHR{F?S} = 0.55, whereas the hazard ratio among patients with mutated K-ras tumors was
HRLIOS} = 0.98. In calculating the predictive power in Section 3.2.4, it is necessary to take
into accountN as well asF andP in these scenarios. Furthermore, the hazard ratid-for
considered aBiR? = exp(y - logHRE + (1 - ) - log HR'Y.

The clinical trial consists of two stages with an interim analysis. We assume that the final
analysis is performed after 300 OS events occur in reference to the example (Karapetis et al.,
2008). An interim analysis is conducted after OS events reach 50% of the pre-planned OS
events. Here, we assume that the overall number of patients is 400.
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In terms of interim decision-making, the thresholds that needed to be pre-specified at the
planning stage are roughly set s, 71.p, 71.n, 72.p) = (0.10, 0.05, 0.05, 0.20) with weights of
kos = 1/2 andkprs = 1, respectively, because OS is a primary endpoint whereas PFS data are
more rapidly observed than OS data.

With respect to data generation within the simulation, we used the models from Equations
(3.1) and (3.2), respectively. Assume that the median TTRCfag 2 months. Then, let us
consider the following four models (a) to (d): (a) Equation (3.1), where the correlation between
OS and PFS ip = (0.9,0.7,0.5), and the corresponding median PPS @ois (0.5,0.5,0.5)
or (0.5,2.0,3.0) months for small or largefiects of PPS, respectively. {d) Equation (3.2),
where the correlation of TTP and D ts= (0.9,0.7,0.5), and the corresponding median PPS
for Cis (0.5,0.5,0.5) or (10,5.0,10.0) months for small or even largeftfects of PPS, respec-
tively, using (b) an exponential baseline hazard distributign & log(2)/mediarga)) or (c, d)

a Weibull baseline hazard distributiofy = log(2)/(mediarfa))”) with the shape parametey
where (c)v = 0.5 and (d)v = 2.0, fora € {TTP, PPSD}. Note thatr is set for reference only
and does not correspondo

Representative results for the simulation are presented in Figures 3.4 to 3.7. Details of the
simulation results are shown in Tables B.1 to B.5 of Appendix B. Furthermore, the comparison
of approaches that use OS data only or PFS data only at the interim analysis is also given.

3.3.2 Simulation results

First, we confirmed that the familywise type | error rate is controlled at less than 2.5% across
all scenarios, regardless of the model type, based on the probabilities of rejecting at least one
null hypothesis fof= or P. Calculation of the familywise type | error rate did not include the
possibility of stopping for futility in the interim decision rule. The assumptions of the Simes’
procedure and the weighted inverse normal combination method were met since the correlation
of p-values betweefR andP was positive and the independence between stage 1 and stage 2
was also confirmed under all scenarios. All subsequent results were obtained based on 10,000
simulation replications per scenario.

Figures 3.4 and 3.5 show the probabilities of selecting each corresponding population at the
interim analysis outlined in Scenario 2. A lower probability is better with respect to the prob-
abilities of selecting= in Figure 3.4, whereas a higher probability is better with respect to the
probabilities of selecting in Figure 3.5, because of the simulation setting in which the targeted
therapy is considered. With model (a), a greater probability of selecting each population is ex-
pected when using both OS and PFS under the assumption théEtieoe PPS is considerable,
particularly when the correlation between OS and PFS is not very strong; (0.7, 0.5).
Likewise, greater probabilities were also observed when evaluating model (b), under the as-
sumption that the féect of PPS is even more considerable. These points indicate that, rather
than the correlation between OS and PFS, PPS has a gréategtran misspecification of the
population. On the other hand, each probability is similar under the assumption théfettte e
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of PPS is small. These insights can also be seen for other scenarios as illustrated in Appendix
B, regardless of the model type, especially in Scenarios 1 to 3. In addition, the probability of
discontinuing the trial early owing to futility was less than 10% under every scenario outlined in
Table A.3. Although this would be valid in terms of the targeted therapy setting for simulations,

it nonetheless depends on the pre-specified thresholds.

Finally, Figures 3.6 and 3.7 show the probabilities of rejecting the null hypothesis, i.e.,
power, for each population at the final analysis in Scenario 2. The weighted inverse normal
combination method was used for this calculation. Note that lower power is better with respect
to the probabilities of selecting in Figure 3.6, because this indicates a benefit onlyPfander
every scenario considered herein. Therefore, incorporation of information for both OS and PFS
results in good performance with no dependence on the type of models employed, as illustrated
in Appendix B.
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Model (a); PPS effect is small Model (a); PPS effect is large
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Figure 3.4: Probabilities of selectikgat the interim analysis using PFS only (squares), OS only
(triangles), or OS and PFS (circles) under the assumption thaffdet ef PPS is small [median
PPS forC is (0.5,0.5,0.5) months (left panel)] and large [median PPS @rs (0.5, 2.0, 3.0)
(upper-right panel) or (0,5.0,10.0) (lower-right panel) months] based on 10,000 simulation
replications in Scenario 2.
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Model (a); PPS effect is small Model (a); PPS effect is large
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Figure 3.5: Probabilities of selectifat the interim analysis using PFS only (squares), OS only
(triangles), or OS and PFS (circles) under the assumption thaffdet ef PPS is small [median
PPS forC is (0.5,0.5,0.5) months (left panel)] and large [median PPS @rs (0.5, 2.0, 3.0)
(upper-right panel) or (0,5.0,10.0) (lower-right panel) months] based on 10,000 simulation
replications in Scenario 2.
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Model (a); PPS effect is small Model (a); PPS effect is large
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Figure 3.6: Probabilities of rejectindr at the final analysis using PFS only (squares), OS only
(triangles), or OS and PFS (circles) at the interim analysis under the assumption th&d¢he e
of PPS is small [median PPS f@ris (0.5, 0.5, 0.5) months (left panel)] and large [median PPS
for Cis (0.5, 2.0, 3.0) (upper-right panel) or (0, 5.0, 10.0) (lower-right panel) months] based
on 10,000 simulation replications in Scenario 2.
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Model (a); PPS effect is small Model (a); PPS effect is large
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Figure 3.7: Probabilities of rejectirtdp at the final analysis using PFS only (squares), OS only
(triangles), or OS and PFS (circles) at the interim analysis under the assumption th&d¢he e
of PPS is small [median PPS f@ris (0.5, 0.5, 0.5) months (left panel)] and large [median PPS
for Cis (0.5, 2.0, 3.0) (upper-right panel) or (0, 5.0, 10.0) (lower-right panel) months] based
on 10,000 simulation replications in Scenario 2.
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3.4 Summary and discussion

The use of interim decision-making strategies in adaptive designs shows good performance for
selecting the most appropriate population in developing molecular targeted therapies when us-
ing OS as well as PFS. This is particularly relevant under a scenario in which fRfe& @he
correlation between OS and PFS, within the context of a simple exponential model. Although
this model is relatively simple because it assumes an exponential distribution in spite of com-
plicated outcomes between survival endpoints, models developed under a semi-competing risks
framework within the illness-death model and those assuming a Weibull distribution also per-
formed well. A restriction in our simulation results is that sample size calculations were not
considered for the sake of simplicity. As shown by Boessen et al. (2013), sample size estima-
tion is required for an adaptive population selection design. In practice, this is determined based
on the expected treatmerffect for bothF andP.

In oncology, whether or not the use of PFS instead of OS is acceptable as a primary end-
point in a given treatment evaluation for marketing approval will depend on the specific disease
setting. Nevertheless, there are many situations for which a regulatory agency will require the
use of OS as a primary endpoint by regulatory agencies. Our procedure could also be applied
in these settings. Furthermore, we considered the length of PPS when using the correlation
between OS and PFS. Consequently, the probability of selecting the proper population at the
interim analysis was improved for situations in which a relatively long PPS is expected. How-
ever, as Zhang et al. (2013) have mentioned, the OS benefit, given the PFS benefit, also largely
depends on the crossover rate, because treatment crossover from the control to the experimen-
tal group frequently occurs after tumor progression in real trials. Regarding the correlation of
multiple survival endpoints, it would be worthwhile to consider tffe& of crossover rates in
addition to the magnitude of PPS. In addition, to overcome the problem of influencing the stage
1 test statistic via adaptation at the interim analysis, we handled the additional follow-up during
stage 2 for patients that are accrued in stage 1 by contributing stage 1 p-values, as suggested by
Jenkins et al. (2011). Although both interim progression and death are regarded as predictive
events for future death, and this information is used to deliberaffdgtahe number of events
observed in stage 1 patients (Bauer and Posch, 2004), the sponsor is blinded to any interim
results and instead receives the recommendation for the interim decisions made by the IDMC.
Hence, our approach of using both OS and PFS would be valid under a situation in which there
is no sample size modification at the interim.
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Chapter 4

State of the art: Adaptive seamless design
In developing biosimilars

4.1 Introduction

In this chapter, we investigate adaptive seamless designs in the setting in which the aim of clin-
ical trials is to declare the equivalence between experimental and reference products. In par-
ticular, equivalence trials are applied in the development of genetic products, which are called
bioequivalence trials. To confirm bioequivalence, pharmacokinetics (PK) parameters such as
area under the concentration-time curve (AUC) and maximum serum concentration (Cmax)
are typically evaluated in healthy volunteers using two one-sided tests (TOST) (Schuirmann,
1987) with log-transformed values. Although some methods like the adaptive sample size re-
calculation have been proposed for bioequivalence trials (Montague et al., 2012; Potvin et al.,
2008; Xu et al., 2016; Zheng et al., 2015), these are rarely used in the actual clinical setting.
Since such trials are conducted by recruiting generally between 20 and 50 volunteers, most of
them are not required to include interim analyses in the trial.

While numerous pharmaceutical sponsors have expressed interest in bioequivalence trials,
the considerate interest in developing biosimilars is also growing (Chow, 2013). There is no
unified definition for biosimilars; however, according to the guideline of European Medicines
Agency (2014a), a biosimilar is defined as a biological medicinal product that contains an ac-
tive substance similar to that of the original previously authorized biological medicinal product.
Biosimilars difer from generic chemical products, e.g., with respect to the complexity and het-
erogeneity of the molecular structure (Berghout, 2011; Chow, 2013). A reduction in healthcare
costs for patients can be expected if a biosimilar is approved by regulators and placed on the
market. However, characteristically, a larger number of subjects would be required to inves-
tigate and clinically develop a biosimilar than that required for the development of a generic
product because there are regulatory requirements that encourage sponsors to provide pharma-
codynamics (PD) orféicacy data in addition to PK data (European Medicines Agency, 2014a;
Food and Drug Administration, 2015). In practice, as described in Table 4.1, most biosimi-
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lars have been developed with FD trials (Wang and Chow, 2009). The same can be said

of the biosimilar developments in Japan as illustrated in Table 4.2 (Nagasaki and Ando, 2014).
That is, there must be no clinically meaningfuttdrence between the experimental and ref-
erence products. Moreover, as far as the PK data goes, a PK trial is sometimes conducted
using a parallel-group clinical trial design instead of a crossover design owing to a high risk
of immunogenicity (European Medicines Agency, 2014a). In this instance, a large number of
patients would be required to declare PK equivalence. For instance, a trial that was primarily
aimed at confirming the PK equivalence was conducted with 250 recruited patients based on the
assumption that the cfiecient of variation (CV) was 50% (Park et al., 2013).

Here, two main trials served as motivating examples for confirming PK &ichey in
establishing the equivalence of a biosimilar of the innovator infliximab (Park et al., 2013; Yoo
et al.,, 2013). These trials indicated that a clinical trial to establish ffieaey equivalence
is often required in case any relevant PD markers are unavailable and that a PK trial could
be conducted in patients rather than healthy volunteers. Although these trials were conducted
separately, they each had a primary endpoint that was intrinsically set to determine PK and
efficacy equivalence, respectively.

Based on this motivating example, we consider the clinical development of biosimilars with
emphasis on the importance and necessity of demonstrating the equivalence between experi-
mental and reference products by including both PK afidaey as primary endpoints. We
assume that patients who have the same disease conditions are targeted to provide the equiv-
alence data for the PK andfieacy. Methods using adaptive seamless designs, which allow
sample size re-calculation based on interim data, could be applied in this setting. The adaptive
seamless PK andfe&cacy design, which incorporates trials to establish both PK #inchey
equivalence, allows trials to be morgieient than classical trial designs.

This chapter is structured as follows. First, we introduce a motivating example for the
development of one biosimilar in Section 4.2 and review the current statistical methods for
assessing biosimilarity in Section 4.3. Then, we lay the frameworks of our proposed designs
as an adaptive seamless PK artiiicacy design in Section 4.1 while Section 4.5 presents a
simulation study. Finally, in Section 4.6 we conclude this chapter with a discussion.
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4.2 Motivating example

First, we shall introduce a motivating example of the development of a biosimilar to the inno-
vator infliximab, which is a monoclonal antibody against tumor necrosis factor (TN\#f)d

used to treat patients with active rheumatoid arthritis who have shown an inadequate response
to methotrexate (Maini et al., 1999). As the biosimilar of the innovator monoclonal antibody,
biosimilar infliximab was recently first launched in several markets across numerous countries
(Schellekens et al., 2015). Two clinical trials were performed, which were PK and phase Il
studies that demonstrated the equivalence using PK filcd®/ endpoints, respectively, in de-
veloping the biosimilar. Both trials were designed as randomized, double-blind, parallel-group
clinical trials and their primary endpoints were the Cmax as well as AUC and the American Col-
lege of Rheumatology 20% improvement (ACR20) (Felson et al., 1995) for the PKiaratg

trials, respectively.

For the PK study, the required sample size was calculated as 196 based on the equivalence
margin of 80% to 125%, power of 90%, and TOST with a significance level of 5% under the
assumption of a geometric mean ratio of 1.00 and CV of 50%. In addition to fRkaey and
safety were also compared in this study. In contrast, the sample size of the phase Il study was
468, which was required to achieve 80% power to meet the equivalence margin »ifia
for ACR20 at a specific time point under the TOST with a significance level of 2.5%, assuming
an expected response rate of 50% in both groups. As secondary endpoints, addiiicag},e
iImmunogenicity, safety, PK, and PD were assessed although no adjustments for multiplicity
were performed.

Consequently, the equivalence for the primary PK difidacy endpoints was established in
both trials, respectively. Each confidence interval (Cl) was in the range of the corresponding
equivalence margins. For the PK parameters, the geometric mean ratios (90% CI) were 1.05
(0.94 to 1.16) and 1.02 (0.95 to 1.09) for the AUC and Cmax, respectively. Ashiaaay
parameter, the ACR20 response rates for each group were 60.9 and 58.6%, affitoecs
in the response rates (95% CI) was 2%% to 10%) for intention-to-treat population while
the values were 73.4 and 69.7% with dfelience of 4% {4% to 12%) for the per-protocol
population.

Note that each between product groufietience observed varied from the pre-specified set-
tings. The observed geometric mean ratio of the AUC especially deviated from 1.00, whereas
the observed response rates for each group in the per-protocol populéivadigreatly from
50%. Even if a sponsor in one country designs a trial based on trials conducted in other coun-
tries, the observed values from that trial are not necessarily consistent with those of the other
countries owing to reasons such as possible race- or measurement technique-réaitettds
between countries (Takeuchi et al., 2015; Yoo et al., 2013). Whether or not that was applica-
ble, these misspecifications have been accounted for by recruiting more patients, which allows
for more drop-out or exclusion of population sets than required. In addition, the observed re-
sponse rates for each grouptdrentially deviated from the expected value of 50% and this was
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a conservative setting since the range of the Clis tends to widen. Owing to these remedies, the
targeted sample sizes for both trials were fieet set to approximately 1.15 to 1.20 times the
required sample size. Instead, to compensate for this risk of the failure to demonstrate equiv-
alence, a sponsor could consider increasing the sample size in midcourse, that is, sample size
re-calculation within adaptive seamless design.

4.3 Literature review

In anticipation of the impending expiration of a number of patents for biological medicinal
products in numerous countries, some statistical methods have been developed for evaluating
biosimilarity since 2010. Methods for assessing biosimilarity with respect to variability between
the experimental and reference products have been investigated (Belleli et al., 2015; Hsieh et al.,
2009; Yang et al., 2013; Zhang et al., 2014, 2013).

As a biosimilarity measure, a biosimilar index based on the concept of reproducibility prob-
ability has been proposed and discussed (Chow et al., 2013; Hsieh et al., 2013; Yang and Lai,
2014). Chiu et al. (2014) discussed the use of a Bayesian method that uses prior information.
Pan et al. (2017) proposed a Bayesian group sequential design that incorporates information
adaptively using a calibrated power prior. Chow et al. (2009) proposed methods for assessing
biosimilarity based on the assumption that a biomarker is predictive of the clinical outcome.
Li et al. (2013) proposed a biosimilarity trial design for evaluating clini¢gatacy with asym-
metrical margins. Liao and Darken (2013) developed a method for assessing biosimilarity by
comparability of critical quality attributes. Furthermore, a three-arm parallel design, which
consists of one experimental and two reference products from tthereit batches, was pro-
vided to investigate biosimilarity (Kang and Chow, 2013). When the three-arm parallel design
is employed, the approach with the use of the frequency estimator criterion was also proposed
to assess biosimilarity (Lu et al., 2014).

In summary, most methods currently focus on one specified trial. To the best of our knowl-
edge, little methodology that enables the performance of multiple trials seamlessly has been
developed.

4.4 Proposed framework

In this section, we shall consider the clinical development of biosimilars under a randomized
parallel-group design with two-arms, experimenta) &nd referenceR) products. Similar to

the motivating examples of the biosimilar infliximab (Park et al., 2013; Yoo et al., 2013), we will
assume that a crossover design is not a feasible option for the trial design because of the associ-
ated problem of carry-oveflects, although crossover designs are often used in the development
of biosimilars where recruitment for the study population is targeted at healthy volunteers (Na-
gasaki and Ando, 2014; Wang and Chow, 2009). Based on the motivating example involving
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two trials, a single trial is conducted for the evaluations of both the PK &iwhey, and their
confirmations constitute the interim and final analyses, respectively. To compensate for the mis-
specification of parameters at the planning stage, an interim analysis will be performed for the
final efficacy confirmation that requires more patients than the PK confirmation does. Figure
4.1 shows the proposed framework of the adaptive seamless PKfarattye design. Note that

the objective of the trial is to determine the equivalence of both PK #iwhey.

PK data || Efficacy

v

PK equivalence SSR

(

Efficacy

v

Efficacy equivalence

G Stage 2 =P g= Stage | =P

Figure 4.1: Proposed adaptive seamless pharmacokinetics (PKiferadyedesign
SSR, sample size re-calculation.

4.4.1 Collecting both PK and dficacy data from first stage

Here, we considered that not only PK data but alsc&cy data could be obtained from the PK
trial, and to achieve this, we assumed that both the PK &iwhey trials should be conducted
with patients who have common diseases and are receiving similar dosage regimens.

The strength of this study is that it constitutes a clinical trial that includes the statistical
analysis of PK as an interim analysis of thféi@acy data. Therefore, we consider a two-stage
design based on the assumption that both the PK datafaodoy data are obtainable from the
first stage, as described in Figure 4.1. The data from the first stage can subsequently be used to
test the PK equivalence and arrive at an interim decision for ftieaey equivalence, whereas
only the dficacy data are obtainable from the second stage to testiib@oy equivalence.

4.4.2 Sample size adjustment forfficacy endpoint of interim analysis

The interim analysis conducted in an unblinded fashion gives the option to re-calculate sample
size for the subsequent stage if the interim result shows a potential benefit for sample size re-
calculation. Note that the interim decision for the subsequent stage is only based fiictoy e

data of the interim analysis.
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Let Z; and Z, denote the test statistics until the interim and final analysis, respectively.
Without any interim analysis from the first stage data, the hypothesis testing would be conducted
conventionally, withZ, > z, as the one-sided significance lewelvherez, is the critical value
for a superiority clinical trial. In addition, the sample size is estimated to achievg fower
under an alternative hypothesis.

Mehta and Pocock (2011) have proposed methods in which the sample size is increased
if the interim results are promising, and the decision is made based on the conditional power.
Recently, a thorough investigation of this approach has been conducted and reported in several
articles in the context of a superiority trial (Chen et al., 2015; Jennison and Turnbull, 2015). In
this study, we consider this approach in evaluating the equivalence @i@acyg endpoint. The
conditional power given by with the observedfdrence between the groups derived from the
interim dficacy data is expressed using the following equation (Jennison and Turnbull, 2000):

CP(z,N)) = PriZa>2z,12i=2)
Z, VN, - 2 VN; _ Z1\/W2
- NS

N>

= 1-0

whereN; andN; are the planned sample sizes until the interim and final analysis, respectively,
andN, is the increment in the sample size during the second stage denoIFQd:bylz - N;j.

The promising zone approach arrives at the interim decision by defining the region that
represents the promising zone as follows:

Case 1 (Promising):cp. < CP(z;,N,) <1-8 —  Increase the sample sizeNy ;

Case 2 (Otherwise, i.e., favorable or unfavorable}>  Continue to the plannel, .

wherecp is the pre-specified lower probability of the conditional power. If the interim con-
ditional power is deemed promising, the sample size is increasdd to min(N;(z1), Nmax)
whereN;(z,) consists of the sum dfl; and Né(zl), which is the increment in the sample size
when the sample size is increased from the plarMiedo satisfy theCP(z, N,) = 1 - on the
condition of the promising zone, the increased sample size is derived as:

=

with the restriction that the maximum sample size increadg,is. Then, the critical value for
the final analysis, in exchange fgy, can be adjusted to
1

/N’Z" - Ny
- VvNo — 71 /N VN
\/N_; N, (2, VA 1)+2 1

which holds that PfZ; > Z(z,N;)} = a, whereZ; is the test statistic for the final analysis
usingN; instead ofN, (Gao et al., 2008). When the sample size is increasédj tthe power

iz =

Z(z1,N;) =
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for performing the final analysis is greater under the critical val(e, N;) than it is under the
Z,.
The final analysis would also be conducted usihg- z, similar to the conventional hypoth-
esis testing in line with the rule that the sample size is only increased if the interim conditional
power is deemed promising. Note that the inflation of type | error rate would occur if the deci-
sion rule is not adhered to by the promising zone approach (Proschan and Hunsberger, 1995).
With an equivalence trial, the interim resudf, for efficacy is constructed using the follow-
ing null hypotheses for theflicacy endpoint:

HE" : Hoy U HGL
that is,

Hol 1 Oe —Or > Agr and HE] 1 O — Or < —Agq

whereq is the response rate for the grogpe {E, R} andAgs is a pre-specified equivalence
margin of déficacy. Moreover, the alternative hypotheses for tifie@cy are shown by

Eff . Eff Eff
that is,

HRL 10 —Or < Agr and Hl @ e — Or > —Ags.

4.4.3 PK equivalence including early stopping for flicacy

We shall begin this section by describing the hypotheses for the PK evaluation. For the PK
equivalence, the null hypotheses for PK are constructed as follows:

PK . yPK PK
Ho" i Hou U Hols
that is,
HES : Xe - Xe 2 Apc and  HBK: Xe — X < —Apk

where Xy is the log-transformed mean of the PK parameters such as the AUC or Cmax for
groupg € {E, R} while Apk is the pre-specified equivalence margin of the PK endpoint. Thus,
the alternative hypotheses for the PK are as follows:

HR : HRy NHRY,
that is,

HZ}G : Xg — Xg < Apk and HK’KL : Xg — Xg > —Apk.
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In the bioequivalence trial, th&pk is set as the log-transformed 1.25, which corresponds to
a range of 80% to 125% under thiZ< (Food and Drug Administration, 2001). In this study, we
consider a biosimilar development process where it is necessary to demonstrate the equivalence
of both the PK andficacy endpoints. Hence, the null and alternative hypothidgesdHa,
respectively are expressed as

Ho: Ho" UHG" vs Ha:HZ“nHE"

Note that theH is rejected only if the equivalence for both the PK affitacy is established.

This meets the requirement based on several guidelines in which both the PKliaadye

are required to show equivalence when developing biosimilars (European Medicines Agency,
2014a; Food and Drug Administration, 2015).

PK equivalence Efficacy equivalence
PK data Efficacy data
(from Stage 1) (from Stage 1)
! )
TOST ——EQ Ppass SSR

not EQ
Fiil Stop for Case ] Case 2
futility

N, in Stage2 | | N, in Stage 2

Efficacy data
(from Stages 1 and 2)
{

Stage 2 === Stage | =P

E
Final test g Pass

lnot EQ
Fail

Figure 4.2: Framework that determines equivalence of both pharmacokinetic (PKffiaadye
"EQ” and "not EQ” denote where equivalence is declared and not declared, respectively. SSR, sample size re-
calculation; TOST, two one-sided tests.

Figure 4.2 shows the detailed framework used to declare the equivalence of both the PK
and dficacy within the adaptive seamless PK atfiiicacy design as described in Figure 4.1.
With respect to controlling the type | error rate for PK arfloacy equivalence under each
significance level, a fixed sequence testing procedure (Wiens, 2003) is incorporated into this
framework. That is, thef@cacy equivalence is tested only if the PK equivalence is declared.
As shown in Figure 4.1, it organizes a clinical trial that includes the statistical analysis of PK
as an interim analysis of théfizacy data because we considered that both PK datafacaoy
data could be obtained from the sample diein the PK trial. If PK equivalence fails to be
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declared, subsequent collection dfieacy data is discontinued for futility. On the other hand,
collecting dficacy data is subsequently continued if PK equivalence is declared. Thereafter,
sample size re-calculation frod, to N; is conducted following the promising zone approach

in Case 1, as shown in Figure 2, while the enrollment is continued to the pldriadCase 2.

4.5 Simulation study

Here, We evaluated thefiency of the adaptive seamless design under each framework pro-
posed in this study. This is to enable to presentation of their operating characteristics based on
the design parameters such as the geometric mean ratio and CV in the PK trial, and response
rates for each group in thdfeacy trial. The assumptions made for the PK afittacy trial
designs as well as the simulation setting are presented in Section 4.5.1. In Section 4.5.2, we
demonstrate thefectiveness of the adaptive seamless PK dhidaey design with the frame-

works proposed based on the power and expected sample size.

4.5.1 Simulation setting

First, we shall consider a randomized, parallel-group clinical trial with two arms, which are the
experimental E) and referenceR) product arms. We assume tHatis set as the biosimilar,
and the sample size re-calculation for tH&oacy endpoint under the adaptive seamless PK
and dficacy design proposed is conducted with an interim analysis, which plays a role in the
statistical analysis of the PK data.

Based on the examples (Park et al., 2013; Yoo et al., 2013), we suppose that the overall
planned sample size is set bs = 480, and the interim analysis is conducted aligr= 200
are recruited in the trial. The set 8k = 480 andN; = 200 corresponds to 80% power for
efficacy assuming the 50% response rates expected and 90% power for the PK, assuming that
the geometric mean ratio and CV are 1.00 and 50%, respectively (Park et al., 2013; Yoo et al.,
2013). The equivalence margins are set&5% for dficacy, which is binary data and a range
of 80% to 125% for the PK using a one-sided significance level of 2.5% and 5%icacy
and PK, respectively.

To assess the sample size re-calculation fiica&cy equivalence, the lower probability of
the conditional powecp_ is set at 50% or 33% (Chen et al., 2004; Mehta and Pocock, 2011).
We further assume that the magnitude of the sample size increase if=zg}, aghich denotes
the ratio ofNyax to N,. The assessment of the power of tifigcacy is performed using the true
difference between the response rates of the product groups denatgd@&0% to 5%.

For reference, the power and expected sample size are also illustrated when a fixed design
Is used in exchange for the adaptive seamless PK fiiwd&y design. Regarding the expected
sample size using the fixed design, we consider that the PK féicday trials are conducted
separately, suggesting that théieacy data are not available for the PK confirmation. That
is, the PK trial is assumed to be conducted and tfieaey trial is subsequently conducted
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separately under the fixed design. Hence, if the PK equivalence fails to be declardficttuy e
trial is not implemented.

45.2 Simulation results

We evaluated thefciency of the adaptive seamless PK afittacy design proposed based on

the type | error rate, power, and expected sample size. The calculation was based on 500,000
simulations with respect to the type | error rate and 10,000 with respect to power and expected
sample size to display the operating characteristics.

Controlling type | error

Table 4.3 shows the probabilities of rejecting the null hypothe&sHE", or Ho : HY* U HE",

i.e., the type | error rates where the geometric mean ratio is 1.25 for the PK andénertdie in

the response rates between the groups is 15% forflitaey. As shown in Table 4.3, the type |
error rates of the PK andfecacy endpoints are controlled under the significance level of 5% and
2.5%, respectively. In particular, the type | error rate of thieacy endpoint is confirmed to be
controlled even when it includes a sample size re-calculation as long as multiplicity adjustments
are included as described in Section 4.4.2, in contrast with that without multiplicity adjustments.
Therefore, the probability of rejecting the null hypotheisis : HYX U HE" is also controlled
owing to the fixed sequence testing procedure for PK dhicbey equivalence, as described in
Section 4.4.3.

Table 4.3: Type | error rates

RejectingH§" RejectingH§"
cp. N; RejectingH{  with multiplicity  without multiplicity
adjustments adjustments
0.33 200 0.050 0.024 0.029
120 0.050 0.023 0.027
0.50 200 0.050 0.023 0.029
120 0.050 0.023 0.027

Calculation was performed under the assumptionfhat 480,Ryax = 2.0, and expected response rate of 50% as
a function of lower probability of conditional powet ), planned sample size until interim analydi ).

Power comparisons

The comparison of powers between the fixed design and the adaptive seamless HiCaoyl e
design in the final analysis is shown in Table 4.4. These powers are defined as the probability of
rejectingHo : HY™ U H5™ when using the adaptive seamless PK affid@cy design. The result
revealed that the design is more powerful when using the adaptive seamless Picauy e
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design owing to the incorporation of sample size re-calculation. Note that the adaptive seam-
less PK and ficacy design would minimize the risk of misspecification of the pre-specified
parameters of thefigcacy endpoint. In particular, it is possible to compensate for the power
using this design under the situation where the conditional power falls within the range of the
promising zone in the interim analysis of théeacy and sample size is increased.

Table 4.4: Powers of adaptive seamless pharmacokinetic (PK)féindoy design and fixed
designs

cpe Np  mpig  Fixed Adaptive seamless
design PK andféicacy design

0.33 200 0.00 0.740 0.771
0.01 0.731 0.763
0.02 0.700 0.740
0.03 0.658 0.701
0.04 0.599 0.645
0.05 0.530 0.575

120 0.00 0.523 0.547
0.01 0.519 0.544
0.02 0.499 0.528
0.03 0.467 0.489
0.04 0.425 0.454
0.05 0.376 0.399

0.50 200 0.00 0.740 0.761
0.01 0.731 0.755
0.02 0.700 0.726
0.03 0.658 0.681
0.04 0.599 0.627
0.05 0.530 0.552

120 0.00 0.523 0.528
0.01 0.519 0.529
0.02 0.499 0.511
0.03 0.467 0.475
0.04 0.425 0.434
0.05 0.376 0.385

Calculation was performed under the assumption iat 480, Rnax = 2.0 and expected response rate of 50%
as a function of lower probability of conditional powery), planned sample size until interim analydi ), and
difference between response ratgsq().
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Expected sample size comparisons

We showed that the power is improved by the use of the frameworks for PK and the sample
size re-calculation in the promising zone approach for theaey of the adaptive seamless PK

and dficacy design. The gain of power is attributable to the increase in sample size. Table
4.5 shows the expected sample size for achieving the corresponding power illustrated in Table
4.4. Note that the expected sample sizes for the fixed design do not exactly correspond to the
sum of the interim and final sample size (i.¥;, andN,) because of the failure to declare the

PK equivalence in the PK trial preceding thi@eacy trial. It is obvious that the approach that
uses the adaptive seamless PK affit@&cy design is morefiécient than the approach that uses

the fixed design wherBl; is set at 200 and the expected sample size is decreased because the
evaluations for both the PK andlieacy are conducted separately in the latter design. Hence, it

IS necessary to set a sample size that h&gcgnt power. Furthermore, the increase in power
and expected sample size is higher whenis set at a lower value.
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Table 4.5: Expected sample sizes corresponding to powers in adaptive seamless pharmacoki-
netic (PK) and #icacy design and fixed designs

cpp N mpig Fixed Adaptive seamless
design PK andf@icacy design

0.33 200 0.00 635.6 530.4
0.01 635.6 529.8
0.02 635.6 530.4
0.03 635.6 531.7
0.04 635.6 527.5
0.05 635.6 524.1

120 0.00 427.7 406.7
0.01 427.7 405.0
0.02 427.7 406.4
0.03 427.7 404.1
0.04 427.7 403.0
0.05 427.7 401.6

0.50 200 0.00 635.6 501.0
0.01 635.6 500.3
0.02 635.6 500.9
0.03 635.6 499.7
0.04 635.6 498.8
0.05 635.6 495.5

120 0.00 427.7 372.6
0.01 427.7 371.5
0.02 427.7 371.4
0.03 427.7 371.1
0.04 427.7 370.6
0.05 427.7 369.5

Calculation was performed under the assumption tat 480, Rnax = 2.0 and expected response rate of 50%
as a function of lower probability of conditional powepy(), planned sample size until interim analydi ), and
difference between response ratas).
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4.6 Summary and discussion

The aim of this study was to propose a novel adaptive seamless PKhaadydesign for estab-
lishing the equivalence of both the PK anfti@cy in clinical trial phases for the development

of biosimilars. The proposed design, which allows sponsors to develop biosimilars with shorter
periods, leading to additional cost savings and fewer patients required for trials would be an ap-
pealing strategy for implementing trialfieiently. This enhanced process would consequently
accelerate product approval by regulatory agencies.

Our proposed framework is an attractive option with respect to the total trial period as men-
tioned in Section 4.4. Forfligcacy equivalence, sample size re-calculation was incorporated
in the adaptive seamless PK arftiaacy design to compensate for the risk of misspecification
of the dficacy parameters. The study is subject to early termination inffleaey part if PK
equivalence fails to be declared. The power was improved as shown in Table 4.4, but not dra-
matically increased with sample size re-calculation for theacy part because we considered
that the pre-planned sample size was adequate to achieve the target level power of 80%. Note
that the trial should be planned carefully to estimate the sample size and should not be set up
deliberately with an underestimated sample size withffitsant power solely dependent on
the sample size re-calculation. With the planned sample size witlfficisat power, the ex-
pected sample size using the adaptive seamless PKflacalcg design is larger than that using
a fixed design: however, it is smaller when a sample size wifficent power is used. The
promising zone approach also enables the trial to avoid implementing further support when the
interim result deems it obviously unpromising. This would reallocate and optimize the addi-
tional investment of resources. However, a downside of sample size re-calculation is that the
statisticians associated with the sponsor can grasp the interim conditional power based on the
additional sample size to be enrolled during the subsequent stage.

In conclusion, our study proposed a novel method for developing biosimilars using an adap-
tive seamless design that enables sample size re-calculation based on interim data and incor-
porates trials to establish both PK anfi@acy equivalence. Furthermore, the newly proposed
design allows clinical trials to be moréieiently conducted than conventionally designed meth-
ods, thereby reducing costs, saving time, and providing an attractive option for pharmaceutical
sponsors.
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Chapter 5

Discussion

5.1 Applicability of adaptive population selection designs in
oncology

In Chapters 2 and 3, we focused on the the adaptive designs with population selection using
survival endpoints. If the source of the potentially pre-defined subgroup regarded as biomarker-
positive is known, we can consider the situation in which the full-population comprises biomarker-
positive and biomarker-negative populations. Note that the adaptive population selection design
meets the regulatory requirement as it providé@sacy results foN. However, a large number

of patients would be required when using the adaptive population selection designs in the situ-
ation in which the experimental treatment shows a benefiPfout has a negativefiect onN,
particularly in Scenario 4 of Sections 2.5.1 and 3.3.1. As evaluated by Graf et al. (2015), the
judgment that would be preferred among a fixed design, an enrichment design, and the adap-
tive population selection design would depend on the situation regarding the prevalence of the
biomarker-positive patients. As an example in which the adaptive population selection design is
unfavorable, particularly in the situation in which the prevalencP of small, the enrichment
design rather than the classical fixed design is applied in the development of crizotinib, since
there are approximately 5% of patients who present the rearrangement of the anaplastic lym-
phoma kinase (ALK) gene among all of the patients with non-small-cell lung cancer (Solomon
et al., 2014). Therefore, the approach described in this work can be applied when there is an
available biomarker prior to designing a clinical trial and in the situation in which an adaptive
population selection design is preferred.

5.2 Multiplicity issues in adaptive population selection de-
signs

Regarding the interim analysis for population selection described in Chapters 2 and 3, it was
unnecessary to perform any multiple testing procedures since we assumed, for the sake of sim-
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plicity, that the interim analysis incorporates the early termination only for futility. With re-
spect to multiplicity issues in which we assumed two hypotheses for the full population and
biomarker-positive population at the final analysis, we used Simes’ procedure to control the
familywise type | error rate. However, as presented in Section 3.3.2, these results were conser-
vative because of the assumptions of an asymptotic bivariate normal distribution and positive
correlation. Although the method based on the conditional error function approach, described
by Friede et al. (2012), would be more powerful for the final analysis, we primarily focused on
the interim decision so as to improve the probability of selecting the most appropriate popula-
tion. In addition, as another type of correction, the Spiessens and Debois (2010) procedure can
be applied to control the familywise type | error rate for the final analysis, since we considered
the multiplicity under a situation where the test statistics betweandP are positively corre-

lated. Furthermore, as a more complicated situation, this work can be extended to a clinical trial
that has more than two arms: adaptive designs for treatment and population selection. Although
adaptive designs for treatment selection are often scrutinized under a multi-arm setting, most
cases are assumed to be selected at the interim analysis and to conduct the final analysis for
two arms: experimental and control. Thus, as a practical setting for population selection under
multiple arms, more complex corrections for the familywise type | error rate would be needed
for adaptations for both treatment and population selection conducted at the interim analysis.

5.3 The proportional hazards assumption in molecular tar-
geted therapies

In Chapter 2, we tackled the current issue in the development of molecular targeted therapies
for which the proportional hazard assumption is violated for the full population. The interim
decision rule based on the estimated hazard ratios mentioned by Jenkins et al. (2011) may be
preferred, when using the adaptive population selection design, in terms of consistency between
the interim and final analyses; however, we used predictive power only for the interim analysis
owing to the violation of the proportional hazard assumption in developing molecular targeted
therapies. As an alternative to the hazard ratio, we further considered the use of the restricted
mean survival time at the interim analysis. Between the hazard ratio and the restricted mean
survival time as a measure in the interim decision, tiiiecence or ratio of the restricted mean
survival time is preferred owing to the characteristic that the proportional hazard assumption
has collapsed. However, this is considering the property with respect to the statistical power,
where it is less powerful than that using the hazard ratio if the restricted mean survival time is
employed at the final analysis similarly (Trinquart et al., 2016). Admittedly, the characteristic of
the loss of power for the restricted mean survival time would lead to the results of the probabil-
ities of selecting the population at the interim analysis in our simulation studies. Nevertheless,
we proved that the use of the restricted mean survival time can be conducted in our proposed
approach and that this would perform fairly if the sample size is increased to satisfy the desired
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power for at the planning stage in practice. Note that this would achieve the current need for the
restricted mean survival time instead of the hazard ratio, if the proportional hazard assumption
is violated. Future research need to improve the loss of power for the restricted mean survival
time.

Our simulation studies performed in Chapters 2 and 3 showed that the use of measures
in midcourse between the confidence interval of the estimated hazard ratio and the predictive
power are comparable, as long as the predictive power is derived from the test statistic using a
log-rank test and the non-informative priors for the treatméetéare employed. However, the
predictive power is flexible and preferred, if the proposed approach is extended to some disease
setting in the sense that the predictive power can be derived based on other non-parametric test
statistics. For instance, the Fleming and Harrington (1991) test is often used in the develop-
ment of cancer vaccines and immunotherapies (Hasegawa, 2014, 2016). In the development of
molecular targeted therapies, the predictive power may be preferred. A possible future investi-
gation would be to consider how external information, or any other knowledge obtained prior
to the phase Il trial, might be incorporated into the best use of informative priors and for setting
the thresholds for predictive power in the interim decision rule.

5.4 Applicability of adaptive seamless design in developing
biosimilars

In Chapter 4, we proposed a novel adaptive seamless PK féndcy design with gicient
frameworks for establishing the equivalence of both the PK diinckey in clinical trial phases

for the development of biosimilars. Note that there is still a controversy about statistical anal-
ysis for biosimilar development, even though related guidelines (European Medicines Agency,
2014a; Food and Drug Administration, 2015) have been issued from the regulatory agencies.
For instance, choosing the margin, primary endpoint, and primary time poinfifoaey rep-

resent the issues and challenges with respect to biosimilar development. Hence, consultation
with regulatory agencies must be required before applying the proposed design, which has orig-
inality specific to biosimilar development andfers benefits even considering the issues and
challenges.

It is noteworthy to mention that this work was limited to a specific situation where there are
no relevant PD markers for measuring thigoacy in clinical trials. In addition, we propose the
adaptive seamless PK anffieacy design with the restriction that both PK arfloacy trials
are required to be conducted with patients. This is because the premise of this study is based
on the characteristic of biosimilar development trials that are often conducted in patients rather
than in healthy volunteers (Nagasaki and Ando, 2014). Although healthy volunteers are used
in most applications for biosimilars (Wang and Chow, 2009), the development of biosimilars
has a greater possibility of targeting patients hereafter owing to the high molecular complexity
of biosimilars. For example, the biosimilar of trastuzumab (Herceptin), which is similar to the
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biosimilar infliximab because it is a monoclonal antibody, has been developed (Stebbing et al.,
2017). In addition, there would be a controversial issue with respect to the assumption that
patients who have common diseases and are being treated with similar dosage regimens are
targeted to provide equivalence data for PK afittacy. Note that, in the motivating example
described in Section 4.2 in Chapter 4, the targeted patients for the PK study had ankylosing
spondylitis (Park et al., 2013), whereas those for thieacy study had rheumatoid arthritis

(Yoo et al., 2013). However, there is also an example in which targeted patients were rheuma-
toid arthritis even in the PK study (Takeuchi et al., 2015). Moreover, our framework was con-
structed using parallel-group clinical trial designs based on the two main trials performed in
the development of Remsima (Park et al., 2013; Yoo et al., 2013). Because crossover designs
for PK trials are often used, the clinical trials that consist of PK evaluations using crossover de-
signs and fficacy trials using parallel-group designs could be extended for use with the adaptive
seamless PK andf&cacy design. In this case, the adaptive sequential design used for PK con-
firmation (Montague et al., 2012; Potvin et al., 2008; Xu et al., 2016; Zheng et al., 2015) would
be an additional option for the PK trial. As a further and practical consideration, a multiple
testing issue for multiple PK endpoints would be needed in addition to the fixed sequence test-
ing procedure considered between PK affttacy endpoints because two PK endpoints, i.e.,
AUC and Cmax, are often evaluated in practice in the PK trial (Hua et al., 2015). In addition,
several types of AUC are often set as primary endpoints. For instance, AUCs from time zero
to predicted infinity and from time zero to the last measurable concentration were assessed in
addition to Cmax as primary endpoints in the PK study within the development of the biosimilar
adalimumab (Wynne et al., 2016). Further, other PK parameters, such as tmax, volume of dis-
tribution, and half-life, should be set as secondary PK endpoints, whereas AUC and Cmax are
frequently set as primary PK endpoints (European Medicines Agency, 2014a). In the motivating
PK trial (Park et al., 2013), nine parameters were set as secondary endpoints, whereas AUC and
Cmax were set as primary endpoints. Although multiplicity for secondary PK endpoints was
not usually addressed and only primary PK endpoints were required to demonstrate equivalence
statistically, providing these secondary PK parameters is necessary to conclude biosimilarity in
practice. Furthermore, we assumed that the priméigaey endpoint in a binary type. In the
development of therapies for patients with rheumatoid arthritis, continuous data are also set
as a primary endpoint, i.e., co-primary endpoints. In this case, the sample size estimation for
co-primary endpoints, which are both continuous and binary endpoints to be evaluated, should
pragmatically be performed in consideration of a correlation between endpoints (Sozu et al.,
2012).
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Chapter 6

Conclusion

Recently, regulatory agencies as well as numerous pharmaceutical sponsors have expressed a
great deal of interest in the development of molecular targeted therapies and biosimilars. In
this dissertation, we addressed the adaptive designs to contribute to conducting confirmatory
clinical trials more éiciently.

First, Issue 1 proposed a novel utility-based approach to guide the construction of the interim
decision rule of an adaptive population selection design for the setting of the survival endpoint.
In Chapter 2, We introduced utility functions constructed from gain and loss functions into
the method for setting the thresholds within the interim decision. In our simulation studies,
we considered the hazard ratio, predictive power, afi@¢r@nce and ratio of restricted mean
survival time as interim measures. Simulation results revealed that the proposed approach can
guide the setting of thresholds considering the benefits and risks for sponsors and patients.
However, the assumption that it is not beneficial rather than harmful would be plausible in
implementing the clinical trial that also includes the biomarker-negative population with belief
that the therapy might be harmful for that population. Therefore, setting thresholds must be
carefully considered based on the results of using the proposed approach.

Second, Issue 2 was motivated by the development of two molecular targeted therapies:
gefitinib and cetuximab. We improved the interim decision rule in the setting in which we con-
sider the phase/lll trials with progressive cancer patients using correlated survival endpoints:
OS and PFS. In our approach, the interim decision was made by incorporating information on
OS as well as PFS to supplement the incomplete OS data. The use of interim decision-making
strategies proposed in Chapter 3 showed good performance for selecting the most appropriate
population in developing molecular targeted therapies when using OS as well as PFS. This is
particularly relevant under a scenario in which PEBds the correlation between OS and PFS.

Finally, Issue 3 developed a novel adaptive seamless PK fficday design in response
to the current situation in which little methodology that enables the performance of multiple
trials seamlessly has been developed. In Chapter 4, we considered the clinical development of
biosimilars including their evaluation in patients rather than healthy volunteers under a situa-
tion where both PK andfgcacy parameters are required to demonstrate the equivalence. The
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original idea of the proposed method was to organize a clinical trial that includes the statistical
analysis of PK as an interim analysis, with sample size recalculation officagy data. Our
simulation study indicated that the proposed design would allow trials to be rfimier than
with the classical design. Therefore, this proposal provides appealing advantages, such as a
shorter period, additional cost savings, and a smaller number of patients required.

In summary, the outcome of this study will contribute to the development of two types of
state of the art therapies: molecular targeted therapies and biosimilars.
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Appendix A

Derivation of the correlation model
between OS and PFS by Fleischer et al.
(2009) in Chapter 3

A.1 Correlation between OS and PFS with maximal indepen-
dence

In Chapter 3, we considered the correlation between OS and PFS. One approach is to assume
exponentially distributed TTP and OS considering a model tifat®maximal independence

with respect to OS and PFS. Suppose that each survival endipoifTtTP, OS} is exponentially
distributed with parametet, whered, > 0. Because PFS is given by the minimum of TTP and

OS, it holds that

P(Min(TTP,0S) < t)

1 - P(Min(TTP,0S)> 1)
1-P(TTP>1)- P(OS> 1)
1 — exp(—(Ar7p + Aos)t}

based on the assumption that TTP and OS are completely independent. Thus, PFS is exponen-
tially distributed with parametetos + Attp.

Letg; = P(PFS< OS) = Arp/A17p + dos denote the probability that a progression occurs
before death (Case 1 in Figure 3.1). Then, the expectation denotefDi8/ PFS] is given by

E[OS- PFS]= E[OS- PFS| PFS< OSky; + E[OS- PFS| PFS= 0S](1- @)  (A.1)

with OS and PFS being independent. Hence, each expectation can be written as

E[OS- PFS| PFS< OS] = E[OS-PFS+ PFS]

= E[OS]JE[PFS]+ E[PFS]
1 2

+
Aos(Arte + dog)  (Ar7p + Aog)?
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and

2

Therefore, Equation (A.1) is rewritten as

E[OS-PFS] = E[OS- PFS| PFS< OSJy; + E[OS- PFS| PFS= OS](1- q1)
( 1 2 ) AP

+
Aos(Arte + dos)  (Ar7p + Aog)?

Artp + Aos

( 2 ) Aos
+ 2
(7P + A0s)?) A7TP + AOS
_ 1 ( Artp + 2 )
Arte + Ados \dos(Arrp + dos)  Atte + Aos
2105+ AP

= . A.2
Aos(Arte + Aos)? (A-2)

Using Equation (A.2), the covariate of OS and PFS can be expressed by

Cov[OSPFS] = E[OS- PFS]- E[OS]JE[PFS]

20s + ArTP 1

dos(Arme + Aos)?  Aos(Arre + Aos)

1
= — A.3
(ArTp + A0s)? (A-3)

Therefore, the correlation cfiwient between OS and PFS can be represented as follows:

Cov[OS PFS]

VV[OSV[PFS]
1

= mﬂos(ﬂﬁp + Aos)

A
= (A.4)
Arp + Aos

p = Corrf[OS PFS]

A.2 A more general model considering dependencies between
OSand TTP

In Chapter 3, we considered the length of PPS when using the correlation between OS and PFS.
Thus, we did not apply the model in Equation (A.4). Instead, another approach is to consider
dependency between OS and TTP in a more general model. That isfleBti9seconsidered.
Assume the survival endpoint D, namely, the time to death without tumor progression. Then,
OS is calculated as follows:

PES if PFS+TTP
OS= ,
TTP+ PPS otherwise
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Suppose that each survival endpard {TTP, PPSD} is exponentially distributed with param-
eterd, whered, > 0. Then, the expectatidg[OS] is given by

E[0S] = E[OS|PFS< OSJy + E[OS| PFS= OS](1- qy)
( 1 N 1 ) AP N 1 Ap
Arrp+Ap Apps/ AP+ Ap Artp+ Ap AP+ AD
Artp + Apps

(Arte + Ap) Apps

and the expectatioB[OS?] is given by

E[0S’] = E[OS?|PFS< OSjy, + E[OS? | PFS= OS](1- qy)
= E[(PFS+ PPS} | PFS< OSJo, + E[PFS | PFS= OS](1- o)
= (E[PFS2 | PFS< OS]+ 2E[PFS- PPS| PFS< OS]+ E[PPS | PFS< OS]) th
+E[PFS | PFS= OS](1- q1)

2 2 2 AP 2 Ap
= 2Tt 2
(Arrp + Ap)*  Apps (TP + AD) Apps/ Arrp + Ap  (A77p + Ap)* ATTP + 4D
2 2111 2111

+
(Arrp + Ap)®  (Artp+ D) A5ps (A7 + Ap)? Apps
2/1'2I'TP + Z/lTTP/lD + 2/l'|“|'p/1pps+ Z/lIZDPS

(Arrp + Ap)* g

Thus,

V[OS] = E[OS?] - (E[OS])?
B 222 o + 2A71pAp + 2A17PAPPs+ 2420 Arrp+ dpps |
B (Artp + Ap)? s - ((/lTTP + Ap) ﬂPPs)
App + 2A77pAp + Adpg

(At + Ap)* A2

Because the expectati®OS - PFS] can be rewitten as

E[OS- PFS| PFS< OS] E[PFSE[PPS]+ E[PFS]

1 2
+ )
(Artp + Ap)Apps  (Ar7p + Ap)?

it holds that

E[OS- PFS]

E[OS- PFS| PFS< OS]y, + E[OS- PFS| PFS= 0S](1- q1)

( 1 2 ) AP
= + >
(Arte + Ap)Apps  (Atte + Ap)?) AP + AD
2 Ap
+ 2
(Ar7p + Ap)* AT + 4D
2pps+ ATTP

Apps(ArTp + Ap)?’
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and then

Cov[OSPFS] = E[OS- PFS]- E[OS]E[PFS]
_ 2lpps+ Arp 1 Artp + Apps
Apps(Arp + Ap)?>  Arte + Ap (A1t + AD) APPs
1
~ (Are+ 0)?

(A.5)

Note that Equation (A.5) is equivalent to Equation (A.3). Therefore, the correlatidhicieet

between OS and PFS can be represented as follows:

Cov[OS PFS]

WIOS|V[PFS]
1 (Arte + Ap) Apps

p = Corrf[OSPFS] =

= (Ar7P + D)

Artp + Ap)?
( TP D) \//l'erP + 2/1TTF’/1D + /lIZDPS
Apps

\/ Afrp + 2477pAD + Appsg

Moreover, it is obtained that

[VIPFS] _ 1 (Artp + Ap) APpPs
V[OS] AP+ Ap \//12

2
Trp + 2417PAD + Appg

Apps

\//LZFTP + 2/1TTP/1D + /IIZDPS
Corr[OS PFS]= p.

Furthermore, Equation (A.6) is represented as follows:

A
p = Corf[OSPFS] = PPS
Ap + 247PAD + Afpsg

Aos

\//l'ZI'TP + 2A7tpdos + /lés

Aos
Artp + Aos

—

(A.6)

whenlp — Aos, dpps — Aos. This equivalence of this model formulation can be seen by using
the lack of memory property of the exponential distribution. In other words, the hazard for OS

IS constant, i.e.Jos, before and after progression happens.
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Appendix B

Detalls of simulation results in Chapter 3
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Table B.1: Probabilities of selecting at the interim analysis using PFS only, OS only, or
OS and PFS under the assumption that tfiece of PPS is small and large based on 10,000
simulation replications per scenario.

Model Scenario HRY p/t PPS éect is small PPS &ect is large
PFSonly OSonly OSandPFS PFSonly OSonly OSandPFS
() 1 090 0.90 0.6060 0.6256 0.5683 0.6060  0.6256 0.5683

0.70 0.6000  0.5920 0.5506 0.6163  0.6821 0.5561
0.50 0.6011 0.5881 0.5735 0.6184  0.6529 0.5228
2 1.00 0.90 0.4103 0.4095 0.3647 0.4103  0.4095 0.3647
0.70 0.4161 04151 0.3655 0.4117  0.4088 0.3176
0.50 0.4139 04161 0.3847 0.4061  0.4096 0.2789
3 1.11 0.90 0.2378 0.2186 0.1930 0.2378  0.2186 0.1930
0.70  0.2407  0.2540 0.2022 0.2337  0.1778 0.1377
0.50 0.2409 0.2518 0.2191 0.2316  0.2016 0.1181
4 1.43 090 0.0292 0.0176 0.0165 0.0292  0.0176 0.0165
0.70 0.0269 0.0358 0.0193 0.0268  0.0045 0.0040
0.50 0.0285 0.0366 0.0244 0.0252  0.0103 0.0037
(b) 1 0.90 0.90 0.6140 0.6095 0.5999 0.6131  0.6034 0.5865
0.70 0.6258 0.6158 0.6048 0.6214  0.5886 0.5428
0.50 0.6274  0.6303 0.6053 0.6280  0.5687 0.5050
2 1.00 0.90 0.4107 0.4104 0.3957 0.4095  0.4082 0.3856
0.70 04130 04131 0.3926 0.4181  0.4081 0.3452
0.50 0.4222 0.4192 0.3967 0.4236  0.4117 0.3129
3 1.11 0.90 0.2299 0.2338 0.2185 0.2287  0.2356 0.2103
0.70 0.2257 0.2301 0.2100 0.2272  0.2438 0.1764
0.50 0.2355  0.2298 0.2112 0.2391 0.2619 0.1601
4 143 0.90 0.0228 0.0265 0.0217 0.0223  0.0273 0.0195
0.70 0.0184 0.0202 0.0155 0.0236  0.0283 0.0146
0.50 0.0191 0.0187 0.0151 0.0247  0.0414 0.0099

The bold numbers show the situations for which a greater probability of selecting each population is expected
when using both OS and PFS.
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Table B.1: continued.

Model Scenario HRY p/t

PPS #ect is small

PPS #ect is large

PFSonly OSonly OSand PFS PFSonly OSonly OSandPFS

(c) 1 0.90 0.90 0.6122 0.6072 0.6034 0.6147  0.6029 0.5935
0.70 0.6251  0.6118 0.6053 0.6309  0.5771 0.5348
0.50 0.6264 0.6246 0.6019 0.6374  0.5640 0.5096

2 1.00 0.90 0.4072 0.4083 0.3995 0.4110  0.4093 0.3927
0.70 04112 04174 0.3957 0.4161 0.4110 0.3379
0.50 0.4197 0.4172 0.3895 0.4232  0.4069 0.3170

3 1.11 0.90 0.2271 0.2341 0.2224 0.2280 0.2344 0.2169
0.70 0.2279  0.2295 0.2153 0.2239  0.2573 0.1737
0.50 0.2315 0.2312 0.2055 0.2322  0.2614 0.1576

4 1.43 090 0.0228 0.0260 0.0223 0.0220 0.0277 0.0210

0.70 0.0178  0.0208 0.0162 0.0175 0.0388 0.0126

0.50 0.0193 0.0190 0.0150 0.0197 0.0434 0.0094

(d) 1 090 0.90 0.6156 0.6056 0.5880 0.6181  0.5995 0.5815
0.70 0.6292 0.6129 0.5915 0.6181 0.6036 0.5500
0.50 0.6363 0.6272 0.5973 0.6230  0.5885 0.5119

2 1.00 0.90 0.4119 0.4099 0.3876 0.4118  0.4077 0.3772
0.70 0.4143 0.4152 0.3804 0.4156  0.4136 0.3510
0.50 0.4226 0.4214 0.3842 0.4224  0.4173 0.3158

3 1.11 090 0.2305 0.2355 0.2127 0.2289  0.2412 0.2051
0.70 0.2256  0.2305 0.1988 0.2324  0.2371 0.1780
0.50 0.2350 0.2313 0.2011 0.2407  0.2539 0.1549

4 1.43 0.90 0.0224 0.0263 0.0197 0.0240  0.0305 0.0203

0.70 0.0168 0.0199 0.0135 0.0248  0.0247 0.0148

0.50 0.0167 0.0194 0.0123 0.0262  0.0307 0.0085

The bold numbers show the situations for which a greater probability of selecting each population is expected

when using both OS and PFS.
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Table B.2: Probabilities of selecting at the interim analysis using PFS only, OS only, or
OS and PFS under the assumption that tfiece of PPS is small and large based on 10,000
simulation replications per scenario.

Model Scenario HRY o/t PPS éect is small PPS &ect is large
PFSonly OSonly OSandPFS PFSonly OSonly OSandPFS
() 1 090 0.90 0.3874 0.3709 0.4245 0.3874  0.3709 0.4245

0.70 0.3929 0.3942 0.4382 0.3814  0.3177 0.4413
0.50 0.3891 0.3980 0.4149 0.3799  0.3461 0.4747
2 1.00 0.90 0.5811 0.5846 0.6258 0.5811  0.5846 0.6258
0.70 0.5734 0.5668 0.6190 0.5851 0.5911 0.6788
0.50 05738 0.5649 0.6015 0.5913  0.5890 0.7169
3 1.11 090 0.7522  0.7743 0.7958 0.7522  0.7743 0.7958
0.70 0.7462 0.7234 0.7803 0.7615 0.8221 0.8569
0.50 0.7431  0.7253 0.7628 0.7650 0.7966 0.8773
4 143 090 0.9581 0.9731 0.9699 0.9581 0.9731 0.9699
0.70 0.9566  0.9349 0.9587 0.9672  0.9953 0.9896
0.50 0.9503 0.9351 0.9523 0.9700 0.9875 0.9906
(b) 1 0.90 0.90 0.3820 0.3845 0.3956 0.3842  0.3906 0.4097
0.70 0.3708 0.3787 0.3909 0.3766  0.3972 0.4497
0.50 0.3691 0.3642 0.3902 0.3701  0.4002 0.4751
2 1.00 0.90 0.5835 0.5820 0.5975 0.5862  0.5826 0.6085
0.70 0.5825 0.5787 0.6016 0.5792  0.5749 0.6451
0.50 05724 0.5732 0.5968 0.5736  0.5496 0.6630
3 1.11 0.90 0.7620  0.7559 0.7723 0.7657  0.7528 0.7818
0.70 0.7680  0.7591 0.7819 0.7694  0.7368 0.8125
0.50 0.7571  0.7603 0.7803 0.7574  0.6928 0.8123
4 143 0.90 0.9656 0.9581 0.9656 0.9692  0.9556 0.9693
0.70 0.9726  0.9641 0.9735 0.9726 0.9484 0.9726
0.50 0.9714 0.9679 0.9737 0.9710  0.9037 0.9593

The bold numbers show the situations for which a greater probability of selecting each population is expected
when using both OS and PFS.
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Table B.2: continued.

Model Scenario HRY p/t

PPS #ect is small

PPS #ect is large

PFSonly OSonly OSand PFS PFSonly OSonly OSandPFS

(c) 1 090 0.90 0.3826 0.3872 0.3912 0.3812  0.3908 0.4019
0.70 0.3717 0.3818 0.3904 0.3671  0.3994 0.4513
0.50 0.3693 0.3704 0.3927 0.3613  0.3981 0.4677

2 1.00 0.90 0.5861 0.5841 0.5936 0.5833  0.5820 0.6004
0.70 0.5841 0.5731 0.5985 0.5815 0.5606 0.6455
0.50 0.5743 0.5755 0.6029 0.5743  0.5481 0.6557

3 1.11 0.90 0.7638 0.7549 0.7682 0.7640  0.7540 0.7739
0.70 0.7652  0.7585 0.7761 0.7726  0.7099 0.8065
0.50 0.7602  0.7587 0.7851 0.7640 0.6873 0.8101

4 1.43 090 0.9654 0.9589 0.9653 0.9669  0.9556 0.9665

0.70 0.9715 0.9627 0.9712 0.9783  0.9219 0.9650

0.50 0.9692 0.9670 0.9722 0.9755  0.8957 0.9552

(d) 1 090 0.0 0.3814 0.3877 0.4077 0.3799  0.3930 0.4144
0.70 0.3684  0.3812 0.4044 0.3792  0.3878 0.4441
0.50 0.3595 0.3667 0.3975 0.3746  0.3925 0.4758

2 1.00 0.90 0.5840 0.5815 0.6067 0.5853  0.5817 0.6169
0.70 0.5825 0.5764 0.6137 0.5811  0.5740 0.6410
0.50 05724 0.5702 0.6089 0.5746  0.5590 0.6698

3 1.11 0.90 0.7643 0.7524 0.7795 0.7672  0.7452 0.7871
0.70 0.7700  0.7589 0.7934 0.7634 0.7476 0.8121
0.50 0.7589  0.7583 0.7905 0.7558  0.7185 0.8283

4 1.43 090 0.9696 0.9566 0.9696 0.9707  0.9515 0.9692

0.70 0.9766  0.9640 0.9757 0.9706  0.9536 0.9729

0.50 0.9755 0.9654 0.9764 0.9695  0.9349 0.9730

The bold numbers show the situations for which a greater probability of selecting each population is expected

when using both OS and PFS.
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Table B.3: Probabilities of discontinuing the trial for futility at the interim analysis using PFS
only, OS only, or OS and PFS under the assumption thatfteeteof PPS is small and large
based on 10,000 simulation replications per scenario.

Model Scenario HRY o/t PPS éect is small PPS &ect is large
PFSonly OSonly OSandPFS PFSonly OSonly OSandPFS
() 1 090 0.90 0.0066 0.0035 0.0072 0.0066  0.0035 0.0072

0.70 0.0071 0.0138 0.0112 0.0023  0.0002 0.0026

0.50 0.0098 0.0139 0.0116 0.0017  0.0010 0.0025

2 1.00 0.90 0.0086 0.0059 0.0095 0.0086  0.0059 0.0095
0.70 0.0105 o0.0181 0.0155 0.0032 0.0001 0.0036

0.50 0.0123 0.0190 0.0138 0.0026  0.0014 0.0042

3 1.11 0.90 0.0100 0.0071 0.0112 0.0100 0.0071 0.0112
0.70 0.0131 0.0226 0.0175 0.0048  0.0001 0.0054

0.50 0.0160 0.0229 0.0181 0.0034  0.0018 0.0046

4 1.43 0.90 0.0127 0.0093 0.0136 0.0127  0.0093 0.0136
0.70 0.0165 0.0293 0.0220 0.0060  0.0002 0.0064

0.50 0.0212 0.0283 0.0233 0.0048  0.0022 0.0057

(b) 1 0.90 0.90 0.0040 0.0060 0.0045 0.0027  0.0060 0.0038
0.70  0.0034  0.0055 0.0043 0.0020 0.0142 0.0075

0.50 0.0035 0.0055 0.0045 0.0019 0.0311 0.0199

2 1.00 0.90 0.0058 0.0076 0.0068 0.0043  0.0092 0.0059
0.70 0.0045 0.0082 0.0058 0.0027  0.0170 0.0097

0.50 0.0054 0.0076 0.0065 0.0028  0.0387 0.0241

3 1.11 0.90 0.0081 0.0103 0.0092 0.0056  0.0116 0.0079
0.70 0.0063 0.0108 0.0081 0.0034 0.0194 0.0111

0.50 0.0074 0.0099 0.0085 0.0035  0.0453 0.0276

4 143 0.90 0.0116 0.0154 0.0127 0.0085 0.0171 0.0112
0.70  0.0090 0.0157 0.0110 0.0038  0.0233 0.0128

0.50 0.0095 0.0134 0.0112 0.0043  0.0549 0.0308
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Table B.3: continued.

Model Scenario HRY o/t PPS #ect is small PPS #fect is large
PFSonly OSonly OSandPFS PFSonly OSonly OSandPFS

(c) 0.90 0.90 0.0052 0.0056 0.0054 0.0041 0.0063 0.0046
0.70 0.0032 0.0064 0.0043 0.0020 0.0235 0.0139

0.50 0.0043 0.0050 0.0054 0.0013 0.0379 0.0227

1.00 0.90 0.0067 0.0076 0.0069 0.0057 0.0087 0.0069

0.70 0.0047 0.0095 0.0058 0.0024 0.0284 0.0166

0.50 0.0060 0.0073 0.0076 0.0025 0.0450 0.0273

1.11 0.90 0.0091 0.0110 0.0094 0.0080 0.0116 0.0092

0.70 0.0069 0.0120 0.0086 0.0035 0.0328 0.0198

0.50 0.0083 0.0101 0.0094 0.0038 0.0513 0.0323

1.43 0.90 0.0118 0.0151 0.0124 0.0111 0.0167 0.0125

0.70 0.0107 0.0165 0.0126 0.0042 0.0393 0.0224

0.50 0.0115 0.0140 0.0128 0.0048 0.0609 0.0354

(d) 0.90 0.90 0.0030 0.0067 0.0043 0.0020 0.0075 0.0041
0.70 0.0024 0.0059 0.0041 0.0027 0.0086 0.0059

0.50 0.0042 0.0061 0.0052 0.0024 0.0190 0.0123

1.00 0.90 0.0041 0.0086 0.0057 0.0029 0.0106 0.0059

0.70 0.0032 0.0084 0.0059 0.0033 0.0124 0.0080

0.50 0.0050 0.0084 0.0069 0.0030 0.0237 0.0144

1.11 0.90 0.0052 0.0121 0.0078 0.0039 0.0136 0.0078

0.70 0.0044 0.0106 0.0078 0.0042 0.0153 0.0099

0.50 0.0061 0.0104 0.0084 0.0035 0.0276 0.0168

1.43 0.90 0.0080 0.0171 0.0107 0.0053 0.0180 0.0105

0.70 0.0066 0.0161 0.0108 0.0046 0.0217 0.0123

0.50 0.0078 0.0152 0.0113 0.0043 0.0344 0.0185
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Table B.4: Probabilities of rejectingg at the final analysis using PFS only, OS only, or OS and
PFS at the interim analysis under the assumption thatfthetef PPS is small and large based

on 10,000 simulation replications per scenario.

Model Scenario HRY p /7

PPS &ect is small

PPS #fect is large

PFSonly OSonly OSandPFS PFSonly

OSonly OSandPFS

(a) 1 0.90 0.90 0.5957 0.6158 0.5602 0.5957  0.6158 0.5602
0.70 0.5624  0.5615 0.5220 0.6150 0.6816 0.5556
0.50 0.5682  0.5584 0.5449 0.6126  0.6504 0.5206

2 1.00 0.90 0.3893 0.3935 0.3505 0.3893  0.3935 0.3505
0.70 0.3661 0.3726 0.3292 0.4075  0.4077 0.3167
0.50 0.3702 0.3794 0.3496 0.3899  0.4042 0.2752

3 1.11 0.90 0.2093 0.2002 0.1753 0.2093  0.2002 0.1753
0.70 0.1893 0.2121 0.1651 0.2214  0.1753 0.1355
0.50 0.1961 0.2087 0.1825 0.2040  0.1945 0.1133

4 143 0.90 0.0160 0.0105 0.0099 0.0160  0.0105 0.0099

0.70 0.0133 0.0199 0.0107 0.0117  0.0038 0.0031

0.50 0.0139 0.0200 0.0129 0.0087  0.0077 0.0024

(b) 1 090 090 0.5935 0.5904 0.5809 0.5869  0.5810 0.5638
0.70 0.6093 0.6004 0.5901 0.5744  0.5592 0.5129
0.50 0.6135 0.6192 0.5930 0.5073  0.4940 0.4351

2 1.00 0.90 0.3794 0.3806 0.3671 0.3731  0.3762 0.3545
0.70 0.3863  0.3890 0.3691 0.3608 0.3686 0.3111
0.50 0.3987 0.4007 0.3777 0.2977  0.3239 0.2456

3 1.11 0.90 0.1942 0.2023 0.1862 0.1929  0.2005 0.1804
0.70 0.1928  0.2002 0.1822 0.1740  0.2027 0.1451
0.50 0.2037 0.2021 0.1863 0.1395  0.1814 0.1109

4 143 090 0.0124 0.0145 0.0119 0.0123  0.0145 0.0109

0.70 0.0099 0.0118 0.0090 0.0102  0.0142 0.0080

0.50 0.0095 0.0100 0.0078 0.0058 0.0145 0.0036

The bold numbers show that incorporation of information for both OS and PFS results in good performance.
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Table B.4: continued.

Model Scenario HRY p/7

PPS d&ect is small

PPS #ect is large

PFSonly OSonly OSandPFS PFSonly OSonly OSandPFS

(©) 1 0.90 0.90 0.5907 0.5864 0.5825 0.5888  0.5799 0.5701
0.70 0.6076  0.5958 0.5895 0.5427  0.5199 0.4771
0.50 0.6129 0.6137 0.5905 0.4991  0.4802 0.4291

2 1.00 0.90 0.3760 0.3791 0.3695 0.3734  0.3757 0.3593
0.70 0.3829 0.3911 0.3699 0.3260  0.3439 0.2801
0.50 0.3963  0.3985 0.3710 0.2886  0.3152 0.2397

3 1.11 0.90 0.1947 0.2021 0.1913 0.1895  0.1997 0.1820
0.70 0.1938 0.1982 0.1849 0.1522  0.1929 0.1303
0.50 0.2002  0.2027 0.1819 0.1340  0.1765 0.1058

4 143 090 0.0120 0.0133 0.0117 0.0124  0.0152 0.0119

0.70 0.0093 0.0116 0.0090 0.0071  0.0170 0.0060

0.50 0.0100 0.0108 0.0075 0.0047  0.0178 0.0035

(d) 1 0.90 0.90 0.5899 0.5844 0.5664 0.5857  0.5748 0.5561
0.70 0.6118 0.5992 0.5786 0.5880  0.5832 0.5303
0.50 0.6193 0.6139 0.5849 0.5522  0.5451 0.4711

2 1.00 0.90 0.3769 0.3787 0.3574 0.3721  0.3739 0.3452
0.70 0.3847 0.3881 0.3567 0.3705  0.3813 0.3228
0.50 0.3953 0.4022 0.3638 0.3363  0.3615 0.2729

3 111 090 0.1936  0.2006 0.1820 0.1909  0.2052 0.1753
0.70 0.1912 0.2016 0.1726 0.1857  0.2023 0.1516
0.50 0.2040 0.2034 0.1793 0.1606  0.1966 0.1187

4 143 0.90 0.0121 0.0134 0.0110 0.0124  0.0157 0.0112

0.70 0.0092 0.0110 0.0081 0.0110 0.0135 0.0089

0.50 0.0083 0.0105 0.0063 0.0078  0.0136 0.0040

The bold numbers show that incorporation of information for both OS and PFS results in good performance.
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Table B.5: Probabilities of rejectingp at the final analysis using PFS only, OS only, or OS and
PFS at the interim analysis under the assumption thatfthetef PPS is small and large based

on 10,000 simulation replications per scenario.

Model Scenario HRY p /7

PPS &ect is small

PPS #fect is large

PFSonly OSonly OSandPFS PFSonly

OSonly OSandPFS

(a) 1 0.90 090 0.3854 0.3689 0.4225 0.3854  0.3689 0.4225
0.70 0.3787 0.3814 0.4238 0.3812  0.3175 0.4411
0.50 0.3758 0.3858 0.4011 0.3794  0.3458 0.4741

2 1.00 0.90 05781 0.5811 0.6224 0.5781  0.5811 0.6224
0.70 0.5504 0.5467 0.5966 0.5848  0.5908 0.6785
0.50 0.5520 0.5461 0.5792 0.5902  0.5883 0.7159

3 1.11 090 0.7465 0.7688 0.7903 0.7465  0.7688 0.7903
0.70 0.7142  0.6967 0.7494 0.7613  0.8219 0.8567
0.50 0.7144 0.7008 0.7349 0.7637  0.7954 0.8760

4 143 0.90 0.9490 0.9645 0.9613 0.9490 0.9645 0.9613

0.70 0.9086  0.8958 0.9136 0.9669  0.9950 0.9893

0.50 0.9115 0.9011 0.9147 0.9678  0.9860 0.9889

(b) 1 090 090 03741 0.3775 0.3876 0.3745 0.3818 0.3997
0.70 0.3645 0.3724 0.3845 0.3624  0.3844 0.4344
0.50 0.3650 0.3600 0.3858 0.3263  0.3610 0.4251

2 1.00 0.90 0.5704 0.5698 0.5848 0.5715  0.5690 0.5933
0.70 0.5718 0.5691 0.5911 0.5558  0.5551 0.6217
0.50 0.5645 0.5662 0.5888 0.5009  0.4961 0.5928

3 1.11 0.90 0.7452 0.7396 0.7556 0.7442  0.7340 0.7605
0.70 0.7545 0.7465 0.7688 0.7375  0.7122 0.7828
0.50 0.7456 0.7501 0.7687 0.6604  0.6260 0.7236

4 143 090 0.9389 0.9332 0.9394 0.9355 0.9272 0.9374

0.70 0.9493  0.9440 0.9518 0.9274  0.9155 0.9333

0.50 0.9523 0.9516 0.9555 0.8408  0.8159 0.8505

The bold numbers show that incorporation of information for both OS and PFS results in good performance.
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Table B.5: continued.

Model Scenario HRY p/7

PPS &ect is small

PPS #fect is large

PFSonly OSonly OSandPFS PFSonly OSonly OSandPFS

(c) 1 090 090 0.3741 0.3790 0.3828 0.3714 0.3813 0.3919
0.70 0.3650 0.3758 0.3837 0.3353 0.3706 0.4174
0.50 0.3643 0.3653 0.3877 0.3114  0.3518 0.4096

2 1.00 0.90 05736 0.5721 0.5812 0.5677  0.5673 0.5849
0.70 05736  0.5639 0.5881 0.5294  0.5198 0.5954
0.50 0.5667 0.5678 0.5952 0.4889  0.4815 0.5719

3 1.11 0.90 0.7477 0.7395 0.7520 0.7437  0.7345 0.7539
0.70 0.7504  0.7450 0.7619 0.7029  0.6581 0.7429
0.50 0.7488 0.7488 0.7740 0.6500 0.6061 0.7062

4 143 090 0.9401 0.9358 0.9405 0.9364  0.9286 0.9372

0.70 0.9466  0.9410 0.9475 0.8847  0.8553 0.8865

0.50 0.9509 0.9503 0.9548 0.8218 0.7876 0.8266

(d) 1 090 090 0.3716 0.3791 0.3978 0.3690 0.3824 0.4031
0.70 0.3631 0.3759 0.3985 0.3696  0.3801 0.4342
0.50 0.3551 0.3622 0.3926 0.3509  0.3738 0.4511

2 1.00 0.90 0.5672 0.5664 0.5897 0.5673  0.5658 0.5990
0.70 0.5722 0.5675 0.6036 0.5655  0.5606 0.6253
0.50 0.5640 0.5628 0.6006 0.5369 0.5326 0.6331

3 1.11 0.90 0.7430 0.7345 0.7588 0.7418  0.7248 0.7629
0.70 0.7552 0.7463 0.7799 0.7405  0.7306 0.7902
0.50 0.7459 0.7483 0.7788 0.7054  0.6838 0.7823

4 143 090 0.9353 0.9277 0.9371 0.9313  0.9193 0.9333

0.70 0.9531 0.9452 0.9546 0.9323  0.9261 0.9391

0.50 0.9546  0.9489 0.9578 0.9023  0.8892 0.9163

The bold numbers show that incorporation of information for both OS and PFS results in good performance.
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