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Preface

Oncology is a rapidly developing area in medical science. A significant
investment in terms of costs, resources, and time is required for oncology
drug development. Therefore, an understanding of the challenges in each
phase is critical for a successful drug launch. The purpose of this book is to
provide an overview and state-of-the-art statistical solutions to some of these
challenges commonly observed during planning, conducting, and reporting
of cancer trials. Well-known and experienced statisticians from the pharma-
ceutical industry, academia, and US Food and Drug Administration (FDA)
have contributed to writing a chapter each in this book. The book includes
many examples of real-life cancer trials to elaborate the utility of modern
statistical methodologies. In addition, the book includes relevant statistical
codes to facilitate practical implementation. The topics covered are:

¢ General overview of statistical approaches in oncology clinical
development (Chapter 1)

* Design and analysis of early phase cancer trials (Chapter 2)
* Role of exposure-response analysis (Chapter 3)

¢ Statistical methods in evaluating predictive biomarker in cancer
(Chapter 4)

® Design consideration in Phase II trials (Chapter 5)

* Role of precision medicine and associated challenges in oncology
drug development (Chapter 6)

® Use of adaptive design in oncology confirmatory trials (Chapter 7)

* Methodologies for safety monitoring and analysis in oncology trials
(Chapter 8)

¢ Analysis and reporting of the quality-of-life data (Chapter 9)

* Evolving regulatory pathways on statistical considerations in
oncology clinical trials (Chapter 10)

Many of these topics are less understood and pose challenges in the design
and analysis of cancer trials. Many of the methodologies discussed in this
book have applications in other therapeutic areas. The primary audience
of this book will be statisticians with postgraduate training and working
on cancer trials in the pharmaceutical industry, academia, and regulatory
agencies. Although it is not intended as a textbook, practitioners may find
this book useful as a supplementary material. Moreover, key opinion leaders
and strategy makers in oncology will find this book useful.
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Introduction

Ohad Amit
GlaxoSmithKline

In 2010, the I-SPY2 trial [1] was launched as an innovative collaboration across
five pharmaceutical companies in a phase 2 breast cancer trial. The benefits
of this collaborative approach, which significantly reduces the cost, time, and
number of subjects required for efficiently bringing new drug therapies to
patients, embodies the culmination of much of the innovation in statistical
methodology that has characterized oncology drug development in recent
years.

Unlike other disease areas, the statistical methodology supporting oncol-
ogy drug development has long been specialized and has evolved indepen-
dently of other clinical trial methodologies. The unmet need and urgency
underpinning oncology drug development have put many new innovations
in statistical methodology front and center.

Fundamentally, the endpoints used to evaluate new therapeutics in oncol-
ogy have not changed over the last 30 years. Tumor shrinkage, disease pro-
gression, and overall survival (OS) remain the mainstays for evaluating the
efficacy of new treatments in phase 2 and phase 3 trials. These endpoints
confer a readily interpretable result for researchers in a great majority of tri-
als and have been at the core of significant advances in treatment over the
last few years. But there is fertile ground to move beyond these traditional
modalities. The emergence of more sophisticated imaging modalities and
new biomarkers resulting from a more granular understanding of cancer at
the molecular level has created tremendous opportunities to further expe-
dite the development of new cancer therapeutics. These new markers can be
predictive, defining an enriched population more likely to benefit from treat-
ment, or can be used to evaluate the efficacy of new treatments.

Despite the promises held by these new endpoints, single-arm trials with
endpoints based on tumor shrinkage remain the mainstay of phase 2 devel-
opment in oncology. Such trials rely on the use of historical controls to draw
inferences based on well-established response criteria, such as Response
evaluation criteria in solid tumors (RECIST) [2]. Such trials are well-placed
to incorporate Bayesian methods, and methods have been developed to con-
tinuously monitor the data emerging from these trials in a Bayesian decision
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framework. In many situations, single-arm trials have provided an efficient
framework for speeding the approval of new agents. This is particularly true
of agents with transformational efficacy where response rates are observed
significantly in excess of what one might expect, with last line therapy where
few treatment options are available. However, in many other settings, single-
arm trials remain difficult to interpret. For agents whose activity is more
cytostatic in nature, single-arm trials have been designed with the aim of
evaluating efficacy based on the comparison of a time-to-event endpoint rel-
ative to historical control. Unlike tumor shrinkage, with time-to-event end-
points in such a trial, there is inherent difficulty in differentiating between
the natural history of disease and treatment efficacy. Similarly, with com-
bination agents studied in a single-arm trial, there are inherent challenges
in differentiating monotherapy activity from combination efficacy in the
absence of a control arm. In both these situations, randomized trials are typi-
cally needed. Randomized trials are longer, larger, and more expensive than
single-arm trials. There is an opportunity and a clear need to develop new,
more efficient designs in these situations.

Unlike in phase 2, progression free survival (PFS) and overall survival
(OS) remain the mainstays in phase 3 trials. As more and more effective
therapies become available across many tumor types, OS is becoming an
increasingly difficult endpoint to study. Long OS times and confounding
of results from effective post-progression therapies have greatly compli-
cated the ability to design trials with OS as a primary objective. However,
in later line settings or histologies where survival times are shorter, there is
a stronger rationale for using OS as a primary endpoint. A key challenge in
designing trials with an OS endpoint in later lines for later lines of treatment
centers around whether subjects randomized to the control arm should be
allowed to crossover to the experimental arm at the time of progression.
Many cogent ethical arguments have been made for and against allow-
ing such crossover. What remains indisputable, however, is that allowing
crossover will complicate and confound the ability to estimate an unbiased
treatment effect with respect to OS. Several statistical methods have been
developed over the last few years to provide for more accurate estimates of
the treatment effect on OS in the presence of potentially confounding post-
progression therapies.

With complications in the evaluation of OS, PFS has rapidly gained trac-
tion in many settings as a key endpoint in phase 3 evaluation. Much has
been written in the literature over the last few years about the methodologi-
cal challenges in both the assessment and statistical analysis of PFS. At the
core of this discussion is a debate around whether a treatment effect on PFS
represents clinical benefit in and of itself or whether PFS is a surrogate for
OS. Demonstrating the surrogacy of PFS has been accomplished in some his-
tologies but in general has remained challenging. There has been growing
acceptance of the PFS as an endpoint which measures the clinical benefit
directly. A large treatment effect in terms of PFS strengthens the argument
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of clinical benefit. However, many methodologic challenges remain. These
include optimizing the interval for assessment and scanning frequency, han-
dling dropouts and missing data, and the need and value of a blinded cen-
tral independent review. The recent introduction of new immuno-oncology
therapies has also created new challenges in the evaluation of PFS.

The endpoints and associated trial designs in oncology have been respon-
sible for many successful development programs in oncology, but often
times registration has not been with the optimal dose regimen. Dose selec-
tion remains a critical challenge in the development of new oncology thera-
peutics. Unfortunately, the traditional paradigm developed for cytotoxic
drugs of identifying the maximum tolerated dose (MTD) and subsequent
p2 and 3 doses based on dose-limiting toxicities remains entrenched as a
key feature of early development in many of the oncology programs. Over
the last few years, this approach has led to several undesirable outcomes,
including multiple sponsors having to initiate post-marketing commitments
to further refine the dosing regimen. The oncology literature is rich with
various dose escalation schemes for identifying the MTD. Many of these
methods incorporate statistical modeling and formal use of historical data
via Bayesian methods. There is hopefully little controversy in the notion that
statistical modeling and Bayesian methods should be at the core of any dose-
selection strategy. The current opportunity is to parlay these methods into
more robust p2 trial designs that allow for a more informed evaluation and
differentiation of doses based on risk and benefit.

In 2015, the United States government launched the precision medicine
initiative, validating many of the novel concepts incorporated into the I-SPY2
trial 5years earlier. The mission of this initiative is “To enable a new era of
medicine through research, technology, and policies that empower patients, research-
ers, and providers to work together toward development of individualized care.”
For many years now oncology has been at the forefront of precision medi-
cine, with many examples now of targeted therapies approved based on the
individual molecular and genetic profile of the tumor. The mission of the
precision medicine initiative has the potential to open tremendous oppor-
tunities for statistical innovation in oncology. The evaluation of medicines
in the context of precision medicines requires a new approach to trial design
in early and late phases of drug development. It also necessitates consid-
eration of companion diagnostics, and there are many other nontraditional
statistical methods that could be considered. Such initiatives leave oncology
and its researchers poised to break down the doors and enter a new and
exciting era of drug development, an era that will undoubtedly be character-
ized by many bold statistical innovations.

The following chapters present a comprehensive review of many of the
important statistical aspects of oncology drug development, many of which
directly address the challenges described earlier. The first five chapters focus
on early development including phase 1 and phase 2 trials, model-based
approaches, and biomarker-based approaches. The remaining chapters
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focus on later phase development including phase 3 trials, quality of life,
risk benefit, and regulatory challenges.

We hope this book proves useful and provides a comprehensive treatment
for all relevant statistical issues in oncology.
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2.1 Introduction

Phase I trials in oncology aim at identifying a maximum tolerated dose (MTD)
or a recommended phase II dose (RP2D) of a new anticancer therapy. An
important difference between phase I trials in oncology and first-in-human
(FIH) studies in other therapeutic areas is the study population—outside
oncology, healthy volunteers are studied, whereas in oncology, terminally ill
patients are enrolled. This difference originates from the fact that most oncol-
ogy drugs can cause (eventually severe) side effects and it would be unethical
to expose healthy volunteers to these drugs. However, they can be the last
option for patients with end-stage, non-treatable cancer, who may be will-
ing to accept some level of toxicity. The dilemma when conducting oncology
phase I studies is, therefore, the following—escalation should happen quickly
to reach a potentially efficacious dose, while overly aggressive dose incre-
ments could expose patients to unacceptable toxicities. A good phase I study
design needs to address this dilemma prospectively, and we will discuss the
corresponding challenges and potential solutions in Section 2.2.

Another challenge during dose escalation is the limited number of patients
who are evaluated at the most interesting dose, that is, the MTD/RP2D.
Typically, only one or two cohorts (around 6 to 12 patients) are studied at
this dose. Furthermore, the patient population is often heterogeneous, which
makes it difficult to interpret potential efficacy signals. Therefore, most
phase I studies enter an expansion phase once the MTD/RP2D is declared,
during which more patients are investigated. In recent years, the expansion
phase has attracted particular interest in the phase I community (Manji et al,
2013), and it has proven useful in the early development of oncology drugs.
Especially for targeted therapies, it can be interesting to collect data in a
homogeneous population during expansion and therefore provide more reli-
able and relevant evidence for decision-making. The expansion phase offers
a variety of options to make phase I studies even more valuable for drug
development, yet it often remains undiscussed in the literature. Therefore,
the entire Section 2.3 is dedicated to this topic. Finally, we will end the
chapter with some conclusions, where we will reflect on the subject and put
it into a broader perspective.

2.2 Dose Escalation in Phase I Studies

In the previous section, we introduced the main dilemma when conducting
phase I studies—one should quickly escalate the dose, while not exposing
patients to unacceptable toxicities. This leads to the following question:
What constitutes an unacceptable toxicity? In order to answer it, the concept
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of the dose-limiting toxicity (DLT) has been introduced. Dose-limiting tox-
icities are severe toxicities that, if occurring too frequently, quantify a dose
as being unacceptable to patients. In this sense, DLTs guide the determina-
tion of the MTD/RP2D (Eisenhauer, Twelves, & Buyse, 2006). Importantly,
however, there is no unique definition of DLTs (Le Tourneau et al., 2011), and
the exact definition, which is compound-specific, needs to be provided in
the study protocol. Despite a clear definition of DLTs, there are a few other
guiding principles that should be followed when planning phase I trials. The
principles can be summarized as follows:

1. Clear definition of the adverse events constituting a DLT

2. Careful choice of the first (starting) dose based on preclinical
information

3. Sequential enrollment of patients in cohorts of size 3-6
4. Sufficient safety follow-up (typically at least 1 cycle) for each patient

5. Limit on the maximal dose increment—typically 100% for small
molecules.

Of course, some flexibility with respect to these principles is allowed. For
example, other cohort sizes (1-3 patients) or larger dose increments (e.g.,
threefold for immune therapies or biologics) may be used. However, these
choices should always have a good rational and it should be clear that they
do not expose patients to unnecessary risks, in order to comply with the
overarching goal of safety first!

2.2.1 Operational Aspects

The typical course of a phase I trial follows from the previous principles—
the first cohort of patients is enrolled at the starting dose, and after their
safety data is available, a decision is made for the dose of the next cohort,
which can be the same, lower, or higher dose. This procedure is repeated
until the MTD/RP2D is reached or the trial is stopped, for example, because
no dose is considered acceptable.

When conducting a phase I trial, one of the most important operational
tasks is the dose-escalation meeting. In this meeting, the attendees decide
on the dose for the next cohort based on the available evidence and the
approach used for the escalation. Notably, during the course of the study,
multiple dose-escalation meetings are conducted, since more than one dose
escalation typically happens. The data presented during the dose-escalation
meeting usually consist of the DLT information for each patient, a summary
of the adverse events observed in the trial, pharmacokinetic (PK), pharma-
codynamic, and efficacy information. Additionally, the eligible doses for the
next cohort as per the dose-escalation approach are presented. This meeting,
therefore, requires a number of participants, including the investigators, the
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physician and statistician of the sponsor, and eventually other experts such
as pharmacokineticists and biomarker specialists.

The decision on the dose for the next cohort is often driven by a mix of quan-
titative and qualitative assessments. While quantitative assessments, such as
the DLT rate by dose, are needed to define the range of eligible doses, qualita-
tive assessments, such as the investigators” considerations of an individual
patient profile, help to decide on the actual next dose. Therefore, it is the total-
ity of the evidence that ultimately leads to the dose-escalation decision.

One can imagine that a good preparation of the dose-escalation meeting
is critical. Even though we could conduct a dose-escalation meeting imme-
diately after the last patient in the cohort had reached the required follow-
up (or had experienced a DLT), this is difficult in practice. It often requires
substantial time to prepare the data and additional complexities such as
shipping samples to laboratories and awaiting their analysis need to be
accounted for. Furthermore, dose-escalation meetings need to be well docu-
mented, which includes the write-up of the meeting minutes. Good study
management and planning ahead of time is therefore critical to ensure a
smooth dose escalation.

The actual conduct of dose-escalation meetings may differ between
studies. Therefore, it is important that the dose-escalation process is well
described in the study protocol, especially since it is the most critical part in
a phase I trial. An example of such a description can be found in (Radona,
Lin, Robson, Dai, Hailman, & Chica, 2010), which may serve as a reference
when developing a phase I protocol.

2.2.2 Statistical Aspects

The primary endpoint of dose escalation studies, the DLT rate, is described
by a binary variable, the occurrence of DLT (yes/no). At each tested dose
d, the available data are the number of patients with DLT r, out of the total
number of patients n; however, the underlying, unknown DLT rate 7, is the
quantity of interest. As statisticians, we want to estimate (or model) z; and
reflect the uncertainty associated with it. Nevertheless, algorithmic designs,
such as the 3+3 (Storer, 1989) completely ignore 7, and simply apply a strict
rule based on r; and n,. Even though these designs are clearly inferior to
statistical, model-based approaches (Jaki, Clive, & Weir, 2013; Nie et al., 2016),
it is important to understand that the majority of phase I practitioners still
use them (Le Tourneau, Lee, & Siu, 2009; Riviere, Le Tourneau, Paoletti,
Dubois, & Zohar, 2015). This can sometimes cause unanticipated questions
by investigational review boards which may be unfamiliar with model-
based approaches. For a more extensive discussion of the topic, we refer to
(Neuenschwander, Matano, Tang, Roychoudhury, Wandel, & Bailey, 2014).

Turning toward a statistical perspective, we are interested in the proba-
bilistic (Bayesian) inference on z,; which can be classified according to the
following three categories:
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e 71, €[0,0.16): underdosing
* 71,€[0.16,0.33): targeted toxicity
e 7, €[0.33,1.00]: overdosing

This commonly accepted classification allows us to meet the requirement
to treat patients at potentially efficacious, yet not overly toxic doses (see
Section 2.1) as follows—we aim to find doses with high probability in the
targeted toxicity interval, while controlling the probability of overdosing.
The latter is known as the concept of escalation with overdose control and
was introduced by Babb, Rogatko, & Zacks in 1998. According to this con-
cept, the threshold to judge whether the probability of overdosing is still
acceptable or not for the next dose is 25%, indicating that only doses with
P(m; €[0.33,1.00]) < 0.25 are eligible for escalation.

Despite this binding rule, we want to further quantify z, and the associ-
ated uncertainty. In our phase I trials, we therefore graphically present point
estimates (mean or median), 95% intervals, and the interval probabilities for
all of the above categories. This has proven useful especially in commu-
nication with non-statisticians and will be illustrated in the case study in
Section 2.2.6.

When using a statistical approach for dose escalation, we need to assess
its properties and include them in the protocol. In our experience, two dif-
ferent metrics are useful and should be investigated—operating character-
istics and data scenarios. Operating characteristics describe the long-term
behavior of the design under various assumed true dose-toxicity relation-
ships. They are used, for example, to assess the targeting rate, which is the
probability to select a dose as MTD with true DLT rate in [0.16,0.33), given
a true dose-toxicity relationship. On the other hand, data scenarios are used
to assess hypothetical on-study situations. These can be helpful for discus-
sions with clinical colleagues, but also provide assurance that the inference
is reasonable and does not allow, for example, too aggressive escalation. An
extensive discussion of both metrics is given in (Neuenschwander, Matano,
Tang, Roychoudhury, Wandel, & Bailey, 2014) and an example can be found
in (Radona, Lin, Robson, Dai, Hailman, & Chica, 2010).

2.2.3 Logistic Model for Single-Agent Escalation

The logistic model for single-agent escalation describing the dose-toxicity
relationship is defined as follows. We use the binomial likelihood to model
the DLT data at each dose, that is,

t; ~ Binomial (4, 74 ). .1

Since we consider a single-agent escalation, there is only one variable
required for the dose d, and we use the logistic model (Neuenschwander,
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Branson, & Gsponer, 2008; Neuenschwander, Matano, Tang, Roychoudhury,
Wandel, & Bailey, 2014) for the dose-toxicity relationship

logit(7,) = log(a)+ Blog(d/d"). .2

Here, d* is an arbitrary scaling dose, usually chosen as the anticipated
MTD. This model is monotone in dose, implies z,—0 when d—0 and has the
following interpretation of its parameters (Neuenschwander, Matano, Tang,
Roychoudhury, Wandel, & Bailey, 2014):

® ¢ is the odds of DLT at dose d*

* pistheincreasein thelog-odds of a DLT by a unit increase in log-dose

For example, when log(a) =logit(1/3) and $ = 0, this yields r,. =1 /3, and
doubling the dose will increase the odds of a DLT by the factor 2.

The prior distributions for log(c),log(B) are chosen as bivariate normal,
that is,

log(e) | sunl[ ™ st cor - 515, 23)
log(B) my )| cor-ss, s? ' ‘

As for any Bayesian model, the specification of the prior distribution is
important. If clinical data on the compound are available, they can be incor-
porated into the prior distribution. This case will be discussed in the next
section. If no clinical data are available, preclinical information can be used
to specify a weakly informative prior distribution. In this situation, we rec-
ommend a simple approach, setting the prior means to plausible values,
but allowing for considerable uncertainty. The latter is achieved with s, = 2,
s,=1, cor=0, which covers a wide range of values (Neuenschwander, Matano,
Tang, Roychoudhury, Wandel, & Bailey, 2014). Alternatively, a more involved
derivation of a weakly informative prior based on minimally informative
unimodal Beta distributions and a stochastic optimization could be used
(Neuenschwander, Branson, M., & Gsponer, 2008). However, results will typ-
ically be similar to the simpler, less time-consuming approach.

In addition to 7, a quantity that has proven useful for risk communication
is the predictive number of DLTs, r,, in #, patients to be enrolled in the next
cohort at dose d. The predictive distribution is given by

P(T’d | T’ld) = JBmomial(nd,ﬂd)f(nd | Data)dﬂ:d (24:)

When communicating the risk of DLTs at the next dose, it can be useful to
present this predictive distribution in addition to the posterior summaries of
7;. While it can be difficult for study teams to directly translate z, into the risk
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for patients in the next cohort, it is straightforward to interpret the predicted
number of DLTs, which may contribute to better-informed decision-making.

2.2.4 Meta-Analytic-Combined Model for
Single-Agent Escalation with Co-Data

When relevant clinical data are available, we would like to incorporate
them in the prior distribution. Various approaches on how to do so have
been described in the literature; for an overview, see (Wandel, Schmidli, &
Neuenschwander, 2016). All approaches have in common that they relate the
existing data to the new data, in one way or another.

For our trials, we use the meta-analytic-predictive (MAP) or the meta-
analytic-combined (MAC) approach to incorporate existing data. The MAP
prior for the parameter in the new study is the predictive distribution
obtained from a meta-analysis of the existing data. It is particularly useful
for the following reasons:

e It fully accounts for between-trial heterogeneity.

e There is a limit to the maximum amount of information that can
be borrowed from the existing data; this limit is given by the ratio
of the within-trial to the between-trial variance (Neuenschwander,
Capkun-Niggli, Branson, & Spiegelhalter, 2010).

A challenge with the MAP approach is that it has no closed form solu-
tion; we therefore need to approximate it by a mixture of parametric dis-
tributions (Schmidli, Gsteiger, Roychoudhury, O’'Hagan, Spiegelhalter, &
Neuenschwander, 2014). Additionally, the study-external data (i.e., co-data)
may change, for example, when coming from ongoing trials; this can cause
operational challenges when using the MAP approach. In this situation, we
prefer the MAC approach. Importantly, however, whether we use the MAP
or the MAC approach is irrelevant; they give identical results (Schmidli,
Gsteiger, Roychoudhury, O'Hagan, Spiegelhalter, & Neuenschwander, 2014).
Our preference for the MAC approach in the examples presented is therefore
purely due to the desire for technical (and operational) simplicity.

Assuming data from j=1,..., ] existing and a new trial * the MAC model
is given by

Tai~ Binomial(n,,,, i, ]-)
Tax ~ Binomial(nd,*,n'd,*)
logit(nd,j) = log(ocj) + ﬂjlog(d/d*)

1ogit(7rd,*) =log(a, )+ /Llog(d/d*)
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log(;) ~BVN( U ][ 73 PTIT,
’ 2

log( ,Bj) L pPTIT, T5
log(er.) ~syNl| H 5 p1iT2
log(B.) o\ prr, T

Here, the data from all trials, that is, the | existing and the new trial (*) are
used. The latter is important; if we would only use the data of the | existing
trials, we would get the predictive distribution for log (e, ),log(B.), that is,
the MAP prior. We would then need to approximate it and specify it as a
prior distribution to perform the analysis for the actual study. As mentioned
before, this will result in exactly the same inference for the actual study as
the MAC model that uses all data simultaneously.

The MAC model has five parameters for which we need to specify prior
distributions—the means p, i, the standard deviations 7;,7,, and the cor-
relation p. In most cases, the following specifications may be appropriate:

p = Ny, 57, )
g2 = N (55, )
71~ LN(my,, %)
7, ~ LN (m,,s%,)
p ~Unif (-1,1)

where x~LN (m,sz) denotes the log-normal distribution, that is,
log(x)~N (m,sZ). In the absence of additional information, default weakly
informative priors for y, i, may be specified as m,, = logit(m o ),5,11 =2 and
my, = log(msk,l[,e),s,l2 =1, with m,. the anticipated mean DLT rate at d" and
Mgope the anticipated slope. For the between-trial standard deviations z;,
7,, the similarities of the different studies need to be considered; proposed
values depending on the degree of similarity (Neuenschwander, Matano,
Tang, Roychoudhury, Wandel, & Bailey, 2014) can be found in Table 2.1. s,
and s;, are then used to reflect the uncertainty associated with the similar-
ity. For example, if moderate between-trial heterogeneity is plausible, yet we
wish the 95% interval to cover small to substantial values, the following pri-
ors will be used:

7~ LN(IOg(0-25)r(1°g(2)/ 1-96)2)

T, ~ LN(log(0.125),(log(2)/ 1-96)2)



Statistical Considerations in Phase I 13

TABLE 2.1

Classification of Between-Trial Heterogeneity

Degree of Between-Trial Heterogeneity T T,
Small 0.125 0.0625
Moderate 0.250 0.125
Substantial 0.500 0.250
Large 1.000 0.500

For a more extensive discussion of priors for the between-trial heterogeneity,
werefer toa general discussionin (Friede, R6ver, Wandel, & Neuenschwander,
2016a) and (Friede, Rover, Wandel, & Neuenschwander, 2016b).

2.2.5 Assessing Effective Sample Size

When borrowing information from co-data (e.g., via the MAC approach), it is
important to understand how much additional information one brings into
the analysis. In order to do so, a quantity known as (prior) effective sample
size (ESS) is used. The ESS can be interpreted as the number of patients that
would be needed to enroll in the study to obtain the same amount of informa-
tion leveraged from study-external data. However, calculation of the ESS can
be difficult, since for many situations, there is no direct (analytical) solution
for it. Several approximations have been proposed, including the variance
ratio approach (Neuenschwander, Capkun-Niggli, Branson, & Spiegelhalter,
2010), but also more involved methods (Morita, Thall, & Miiller, 2008, 2012).
A simple approach to derive the ESS is to approximate the distribution of the
parameter of interest by a parametric distribution for which the ESS can be
calculated directly. For example, the posterior (or prior) distribution of the
DLT rate at a given dose (z,) can be approximated by a Beta(a, b) distribution,
for which it is known that ESS = a+b. The approximation itself is straightfor-
ward, assuming that the posterior mean (m;,, ) and standard deviation (s, )
of n, are known. In that case, we obtain

My, (1— m,rd)
N

ESS= -1. 2.5)

We will use this approach in the case study to derive the ESS.

2.2.6 Case Study: Ceritinib for Non-Small Cell Lung Cancer

To illustrate the concepts and model introduced before, we now discuss the
two phase I studies of ceritinib (LDK378, Novartis Pharmaceuticals). Ceritinib
was developed as a targeted anticancer therapy against the anaplastic
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lymphoma kinase (ALK) gene (Shaw et al., 2014). When ceritinib was avail-
able for clinical development, another potent ALK inhibitor, crizotinib, was
already in late clinical development (Shaw et al., 2013) with promising phase
I data (Kwak et al., 2010). However, in preclinical experiments, ceritinib
showed much higher potency against ALK than crizotinib (Li et al., 2011)
and activity in both crizotinib-sensitive and crizotinib-resistant tumors (Li
et al, 2011; Marsilje et al., 2013). These encouraging results provided solid
evidence to initiate a phase I study in the Western population, followed by
an evaluation in Japanese patients.

2.2.6.1 Western Dose Escalation

The phase I study in Western patients was the first evaluation of ceritinib
in humans with the primary objective: To determine the MTD of LDK378 as
a single agent when administered orally to adult patients with tumors character-
ized by genetic abnormalities in ALK (Radona, Lin, Robson, Dai, Hailman, &
Chica, 2010). All details of the study can be found in the published protocol
(Radona, Lin, Robson, Dai, Hailman, & Chica, 2010), yet the most important
points are described here.

The dose escalation used the Bayesian logistic regression with overdose
control (see Section 2.2.3) using the criterion P(7; >0.33)<0.25 to control
overdosing. As an additional safety measure, a maximal increase of 100%
from the current dose was allowed. Dose-limiting toxicities during the first
24 days (3days PK run-in followed by a cycle of 21 days) were the primary
endpoint to assess the tolerability. Selection of the next dose was deter-
mined during a dose-escalation teleconference between the sponsor and the
investigators, based on the available toxicity information, including adverse
events not qualifying as DLTs, PK, pharmacodynamic and efficacy informa-
tion. Finally, for a dose to be declared as an MTD, at least six patients had to
be evaluated at this dose, and it either had to have high probability (=60%)
for the DLT rate to be in the target interval (16%-33%), or otherwise, at least
21 patients had to have been evaluated on the study already.

Since no clinical data were available, preclinical toxicity studies were used
to predict the expected safety in humans. On the basis of this prediction,
the following provisional doses (in mg) were defined: 25, 50 (starting dose),
100, 200, 400, 600, 800, 1,000, and 1,250. Additionally, the protocol allowed to
explore other, for example intermediate, doses depending on accumulating
safety information (Radona, Lin, Robson, Dai, Hailman, & Chica, 2010). The
wide dose range and an anticipated MTD of 1,000mg as estimated from ani-
mal data revealed that patients in early cohorts could be exposed to subther-
apeutic doses. Therefore, single-patient cohorts were allowed for low doses
until some predefined safety measures were reached, upon which at least
three patients were to be enrolled in each cohort.

The prior distribution for the logistic model parameters (based on preclini-
cal data) was as follows:
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loglaw) | [ 243 3.307 —~0.63-3.30-0.76
log (fw) 021 J{ -0.63-3.30-0.76 0.76>

with reference dose 4" = 350. This prior covers a wide range of plausible val-
ues for the DLT rate and reflects the uncertainty due to the extrapolation
from animals to humans. The prior mean (95% interval) and interval prob-
abilities for the provisional doses are shown in Figure 2.1. The wide 95%
intervals translate into a high probability of overdose (>25%) for doses above
200mg. Therefore, doses up to and including 200mg were allowed to start
with according to the escalation with overdose control (EWOC) principle.
On the basis of additional information from the preclinical experiments, the
team decided to use 50mg as the starting dose.

As mentioned in Section 2.2.2, a thorough investigation of the model
using operating characteristics and data scenarios needs to be done. This
information can be found in the study protocol (Radona, Lin, Robson, Dai,
Hailman, & Chica, 2010) and is not shown here.

We will now discuss three actual dose-escalation decisions that reflect typical
cases for phase I studies. The data for the three decisions are given in Table 2.2.

Mean (95% Interval) by Dose Interval Probabilities by Dose

o~ | 0 €
=

o

S = e =

T T T T T T T T 1 T T T T T T T T 1
25 50 100 200 400 600 800 1000 1250 25 50 100 200 400 600 800 1000 1250

05 0 05
|

DLT rate
Probability

0

05

Dose Dose

FIGURE 2.1
Prior distribution of DLT rate based on preclinical data.

TABLE 2.2
DLT Data at Different Decision Points in the Study

Decision 50 100 200 300 400 500 600 700 750
1 0/2 - - - - - - - -
2 0/2 0/1 0/3 0/3 2/14 - - - -

3 0/2 0/1 0/3 0/3 2/14 0/8 2/10 0/5 2/8
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The first decision of interest is after the first cohort of patients at the lowest
dose (50mg) was enrolled. As allowed by the protocol, only two patients were
enrolled at this dose, and none of them experienced a DLT. The dose-toxicity
relationship is updated accordingly—the mean DLT rates are decreased com-
pared to the prior, and the uncertainty (95% intervals) is reduced. As can be
seen from Figure 2.2a, doses up to 500 mg were now eligible. However, due
to the 100% escalation limit, the next dose chosen by the team was 100 mg.

The next decision was considered when the 400 mg dose had been studied
in 14 patients, with 2 patients experiencing a DLT at 400mg, but no DLTs
occurred at lower doses. As expected, the 95% intervals became substan-
tially narrower, and the means were updated reflecting the observed tox-
icity rate (Figure 2.2b). Doses up to 700mg were eligible, which is sensible
given that the observed DLT rate at 400 mg was only 21%, clearly below 33%.
Interestingly, the team took a cautious approach at this point and decided to
escalate only to 500mg. It is likely that this was at least partially driven by
safety considerations, including that 2 DLTs were observed at 400 mg.

Finally, we consider the decision at the end of the dose-escalation. In total,
59 patients were treated during the escalation, and 54 of them contributed to
the dose-determining set. Overall, 6 DLTs occurred, all at or above 400 mg. At
750mg, the highest DLT rate was observed (25%), yet due to the large number
of patients, the uncertainty around the true DLT rates was low (Figure 2.2¢),
and all doses fulfilled the overdose control criterion. Even though further
escalation had been possible, the team declared 750 mg as the MTD, based on
additional safety information (Shaw et al., 2014).

2.2.6.2 Japanese Dose Escalation

Typically, a phase I study conducted in the Western population alone is con-
sidered insufficient by the Japanese Pharmaceuticals and Medical Devices
Agency (PMDA) in order to initiate the clinical development in Japan. To
assess the safety and tolerability of ceritinib in the Japanese population, a
separate phase I study was therefore initiated (Nishio et al., 2015). In this
situation, it is valuable to borrow information from the (likely on-going)
Western study, which can be achieved using a MAC model. For example, we
will discuss how such an analysis would look like when declaring the MTD
for the Japanese study.

As discussed in Section 2.2.4, when using a MAC model (or any other
approach to borrow information), it is important to assess the similarity
between the trials. The more similar the studies are, the more homogeneous
dose-toxicity profiles they should have, and the more willing we are to bor-
row information. Importantly, deciding about the similarity of the studies
requires substantial input from clinicians. They know which patient fac-
tors potentially influence the dose-toxicity relationship and to what degree
potentially different study populations can be assumed similar or not.
For the case here, given the similarity of the two studies, it is reasonable
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to assume moderate between-trial heterogeneity (median), but allowing for
small to substantial values (95% interval). The other parameters are given
weakly informative prior distributions (see Section 2.2.4), resulting in the
following priors:

Ty ~ LN(log(o.25),(log(2)/ 1-96)2)
T, ~ LN(log(o.125),(log(2)/ 1-96)2)
t ~ N(logit(1/3),2?)

Mz ~ N(O,lz)

p~U(-1,1)

In the Japanese study, the following doses (in mg) were explored: 300, 450,
600, and 700. The corresponding data are provided in Table 2.3. The dose-DLT
profile in the Japanese patients seemed to be similar to that of the Western
population, for which the data can be found in Table 2.2 (decision 3).

Figure 2.3a shows the results of the MAC analysis of the Japanese data.
There is convincing evidence that all doses tested in Japanese patients are
tolerable (EWOC fulfilled), and further escalation beyond 750mg would
be possible. However, as for the Western study, it does not imply that fur-
ther escalation is necessary. Actually, in the Japanese phase I study (which
used a slightly different approach to leverage the Western data), the team
declared 750 mg as the MTD (Nishio et al., 2015), despite higher doses being
eligible too.

For this case study, it is interesting to compare the MAC analysis to an
analysis of the Japanese data alone using a weakly informative prior. The
results of the latter are presented in Figure 2.3b. This analysis also reveals
that all doses studied are tolerable, and the dose-toxicity profile (posterior
means) looks similar to the one obtained from the MAC analysis. However,
in comparison to the MAC analysis, the 95% credible intervals are wider,
reflecting that no information from the Western study is used.

The information gain when borrowing information from the Western data
can also be quantified in terms of ESS, for example, considering the 750 mg
dose. Using the approximation described in Section 2.2.5, we find ESS = 14
for the analysis of the Japanese data alone and ESS = 30 for the MAC analy-
sis. This reveals a considerable information gain to some extent due to the

TABLE 2.3
Japanese Study: DLT Data at Time of MTD Declaration

300 450 600 750
DLT/N 0/3 0/6 1/4 1/7
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FIGURE 2.3
Analysis of Japanese study with and without Western data. (a) Analysis with Western data
(MAC model). (b) Analysis without Western data

homogeneity of the study results. In case of more heterogeneous results, the
information gain would be less due to the increased between-trial hetero-
geneity. This case could also be prospectively addressed using more robust
models, as will be discussed in the next section.

Even when using a MAC model, we are interested in a summary of the
prior DLT rate for the Japanese population, that is, before any Japanese data
are available. We obtain this summary from the prior predictive distribution
for the Japanese population given the Western data. Technically, there are dif-
ferent ways to sample from this distribution. We could either specify it explic-
itly in the model, or alternatively, we could use data from a Japanese cohort
with arbitrary sample size but missing DLT data in the analysis. The latter
may be a quicker (and simpler) approach, which is often applied in practice.
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The Bayesian model-based approach described here has been imple-
mented in more than 100 studies to date (Neuenschwander, Matano, Tang,
Roychoudhury, Wandel, & Bailey, 2014). While this illustrates its broad appli-
cability, it also reminds us that many phase I studies will not end with the
dose escalation. Even when an MTD is defined, a lot of uncertainty remains
about many aspects of the drug, including its general tolerability and poten-
tial efficacy. Therefore, it is quite popular nowadays to enroll additional
patients during an expansion phase. In the next chapter, we will discuss
the expansion phase more extensively and provide some approaches for its
design and analysis.

2.3 Dose Expansion in Phase I Studies

As described in the introduction, the main objective of phase I studies in
oncology is to evaluate the safety and tolerability of a new drug in a pre-
viously untested patient population. Historically, for cytotoxic agents, most
responses were seen at doses close to the MTD. For example, von Hoff
and Turner (Von Hoff & Turner, 1991) found that the majority of responses
occurred within 80%-120% of the RP2D. Therefore, the MTD was often a
promising dose from an efficacy perspective.

However, with targeted therapies, this paradigm has been questioned for
several reasons. First, even though limited research on the topic has been
conducted, there is evidence that responses may occur already at low doses
(Jain et al., 2010). This, in turn, led to an increased awareness that an opti-
mal dose, that is, a dose with good efficacy and low toxicity, rather than a
maximal dose should be found (Roberts et al., 2004). Second, it is important
to identify the right population using molecular data (Wong, Capasso, &
Eckhardt, 2016), since targeted therapies have a much higher chance to work
in these biologically selected groups. And third, especially for monoclo-
nal antibodies and immune therapies, efficacy plays an important role in
early clinical development (Postel-Vinay, Aspeslagh, Lanoy, Robert, Soria, &
Marabelle, 2016).

The previous points illustrate why in recent years, an increasing number of
phase I studies included one or multiple expansion cohorts to further study the
selected dose (and regimen). For example, in a review of more than 600 phase
I trials, Manji et al (Manyji et al., 2013) found that about a quarter of the studies
included an expansion cohort. Importantly, more recent trials used them more
frequently. The objectives for the expansion cohorts included safety, efficacy,
PK and pharmacodynamic evaluations, and patient enrichment. The latter
specifically refers to the identification of patient populations for which a treat-
ment benefit seems more likely than for an unselected population.
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As one may imagine, in practice there is great heterogeneity in the actual
conduct and implementation of dose-expansion cohorts. For example, in the
studies investigated by Maniji et al. (Manji et al.,, 2013), the median sample
size was 17, with a range from 2 to 271 patients; other groups found similar
results (lasonos & O’Quigley, 2013; Dahlberg, Shapiro, Clark, & Johnson, 2014;
Boonstra et al., 2015). Certainly, extreme cases with few hundred patients
enrolled are uncommon and often driven by outstanding clinical efficacy,
which may justify the collapse of a full clinical program into a single trial
(Prowell, Theoret, & Pazdur, 2016).

Here, however, we will concentrate on the more common expansion
phases, which include typically around 15-30 patients. The main goal of
the section is twofold. In the first part, we aim to provide some practical
advice for expansion phases that are mainly conducted for signal seeking.
These are usually the smaller, more exploratory studies for drugs where
much is still unknown, and clinical evidence needs to be generated in order
to better understand and define the potential further development. In the
second part, we discuss more rigorous designs for the expansion phase,
including an indirect comparison in order to benchmark against competitor
treatments. The latter may be particularly important since it illustrates how
informed decision making can be supported already at a very early, yet criti-
cal stage in the drug development process.

2.3.1 Dose Expansion for Signal Seeking

We consider an example by Infante and colleagues (Infante et al., 2012)
who published a phase I dose-escalation study with an expansion part in
three different indications. The rationale for the expansion was multifold,
including safety, efficacy, and PK objectives. This is typical for early phase
studies where multiple aspects of the drug are of interest. In this situation,
the expansion phase mainly serves the purpose of estimating a potential
effect and quantifying the uncertainty associated with it. Still, however, it
is important to provide some characteristics of the design in order to justify
the sample size. This information is not only relevant for the sponsor, but
also for review boards (e.g., ethics committees or regulatory agencies) that
must decide whether the potential benefits outweigh the potential risks for
patients.

Assessing a potential risk for patients can be particularly important since
some endpoints may require that patients undergo additional, special pro-
cedures. For example, biopsies may be taken to assess biomarkers or scans
may be performed for imaging purposes. The sample size for these proce-
dures should then be justified on its own. This approach was followed by
Infante and colleagues—a sample size justification for the safety objective
and another one for the imaging objective was provided. We will consider
these in more detail in the next sections.
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2.3.1.1 Safety Endpoints

Infante et al. (Infante et al., 2012) provided the following sample size justifica-
tion. A cohort of 12 patients in the expansion tumor types provided a 72% likelihood
of observing (at least once) a toxicity that has a true occurrence rate of at least 10%.
This statement reveals that the chosen sample size is sufficient to investigate
the safety of the particular dose (and regimen) and allows some meaning-
ful conclusions at the end of the study. Of course, the likelihood of 72% may
look somewhat arbitrary. Therefore, in the study protocol, it may be worth-
while to show the same calculation for additional sample sizes and other
true occurrence rates. Table 2.4 is an example of how this information could
be presented. For a range of true occurrence rates and a number of sample
sizes, the likelihood of observing at least one event is shown. The likelihood
for the chosen sample size and true occurrence rate is highlighted in bold.

The information in the table provides a comprehensive picture of the inter-
esting cases and as such, it can also be used during the design phase of the
study. For example, when discussing the sample size with the clinical study
team, it may be insightful to consider different options rather than just one
specific case. For the study by Infante et al., we can imagine that a sample
size of 15 could have been another obvious choice, with close to 80% likeli-
hood of observing at least one event for a true rate of 0.10, and around 90%
likelihood for a true rate of 0.15. Such considerations can help to reassure the
team that the originally planned sample size has acceptable statistical prop-
erties, or, if that is not the case, to refine it accordingly.

2.3.1.2 Efficacy and Biomarker Endpoints

Infante and colleagues required a special imaging procedure (FDG-PET) for
patients and they provided a rationale that the generated evidence is suf-
ficient for the desired purpose. Importantly, for such endpoints (or similar
ones, e.g., biomarker endpoints), we are typically more interested in esti-
mating an effect rather than testing a formal hypothesis. The sample size
justification should reflect that accordingly; for example, by considering the
95% confidence interval assuming a specific observed effect (point estimate).
Infante et al. (2012) provided the following sample size justification for a

TABLE 2.4

Probability of Observing At Least One Adverse Event (AE) Depending on True AE
Rate and Sample Size

AE rate 10 12 15 20
0.05 0.40 0.46 0.54 0.64
0.10 0.65 0.72 0.79 0.88
0.15 0.80 0.86 091 0.96

0.20 0.89 0.93 0.96 0.99
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response rate based on FDG-PET imaging—For FDG-PET, the observation of
five or more metabolic responders in 20 patients would provide at least 95% con-
fidence that the true metabolic response rate is more than 10%. Again, we think
it would be helpful to consider different scenarios and provide them in a
table in the protocol, similar to what we propose for the safety endpoints (see
Section 2.3.1.1). Furthermore, we generally prefer a two-sided rather than a
one-sided confidence intervals. Accordingly, in Table 2.5, the point estimates
and exact 95% confidence intervals are shown for different sample sizes and
different observed response rates. In bold, the values corresponding to the
sample size chosen by Infante et al. are highlighted. Again, as for the safety
endpoint, this information may help to undermine the choice of the sample
size while transparently showing other potential options.

2.3.2 Dose Expansion with a Formal Success Criterion for Efficacy

In some situations, the signal-seeking approach may be insufficient or inap-
propriate, for example, if the new drug under consideration is not first in
class. In this case, we may have external evidence that a certain level of effi-
cacy; that is, a clinically relevant effect should be reached in order to pursue
further drug development. At the same time, if promising evidence is gener-
ated during the expansion phase, this may lead to an accelerated develop-
ment and the immediate initiation of a phase III study. Due to their broad
implications, such decisions should rely on a formal, predefined study suc-
cess criterion for the expansion phase. Equally, however, the success criterion
should reflect the early stage of development and thus be less rigorous than
what we would use; for example, in a phase III study. Here, we will discuss
two different designs that address these aspects.

2.3.2.1 Double Criterion Design

This design relies on a study success criterion that incorporates two different
perspectives. The first is the clinical perspective—we claim success only if a
TABLE 2.5

Point Estimate and Exact 95% Confidence Interval for
Different Observed Response Rates and Sample Sizes

Sample Size

15 20 25
3 (20.0) 4(20.0) 5 (20.0)
(4.3; 48.1) (5.7;43.7) (6.8; 40.7)
4(26.7) 5 (25.0) 6 (24.0)
(7.8;55.1) (8.7;49.1) (9.4; 45.1)
5(33.3) 6 (30.0) 7 (28.0)

(11.8; 61.6) (11.9; 54.3) (12.1; 49.4)
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minimally clinically relevant effect is obtained. The second is the statistical
perspective—we control the risk of wrongly claiming success if, in reality,
the treatment is ineffective. These perspectives are equally important, and
the success criterion should, therefore, give equal weight to both of them.

Before formally defining the success criterion, it is important to under-
stand the meaning of the minimally clinically relevant effect. The mini-
mally clinically relevant effect is the threshold that separates a potentially
interesting drug from a drug for which further development should not be
considered. Only if we observe at least this effect, we are willing to initiate
further development. Other authors refer to it as the target difference (Fisch,
Jones, Jones, Kerman, Rosenkranz, & Schmidli, 2015), the minimum clinically
important difference (Chuang-Stein, Kirby, Hirsch, & Atkinson, 2011), or the
critical threshold (Neuenschwander, Rouyrre, Hollaender, Zuber, & Branson,
2011). Importantly, choosing the minimally clinically relevant effect requires
a thorough understanding and review of the literature. We cannot empha-
size enough the importance of this task, which is too often given insufficient
consideration in practice.

For the formal definition of study success, we use a Bayesian double crite-
rion as follows:

® Posterior median at least minimally clinically relevant (clinical
perspective)

¢ Sufficiently large posterior probability to be better than a null effect
(statistical perspective)

For the second criterion, we may reflect the early stage of development using a
less stringent threshold than what we would use in a confirmatory-like study.

As an example, we consider an expansion phase with an objective response
rate (ORR) as the primary endpoint. The available evidence is assumed to
suggest an ORR of 25% being the minimal effect for considering further
development. Moreover, we want to exclude that the true ORR is less than
15%, which would mean that the treatment is no better than the standard
of care. We use p; to denote the parameter of interest and define the double
criterion as follows:

¢ Posterior median: P(pT = 0.25) 205
¢ Posterior probability: P( pr2 0.15) 20.95

The statistical model is beta-binomial with a weakly informative prior distri-
bution 6 ~ Beta(1/3,1). This distribution has a mean of 0.25 and a wide 95%
interval (0.00, 0.93) reflecting our uncertainty about p.

While we have now defined the statistical model and the success criterion,
we still need to select an appropriate sample size. As for any early phase
clinical trial, the choice of the sample size is not only based on statistical
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considerations but also influenced by other factors such as feasibility, com-
petitive landscape, and financial aspects. However, the operating character-
istics, that is, power and type I error, remain a key factor for determining the
sample size.

By design, the type I error will be around 5%, regardless of the sample size.
On the other hand, for the power calculation, the sample size is of course
critical. We use p; = 0.35 as an alternative effect for the power calculation.
The corresponding power curve is shown in Figure 2.4. Due to the discrete
sampling space, we obtain a sawtooth curve, which indicates a sample size
n =31 to achieve at least 80% power. This power curve helps in the selection
of the sample size during the design phase and may also be presented in the
appropriate section of the study protocol.

2.3.2.2 Single-Arm Design with Indirect Comparison to Comparator

Even when conducting a single-arm study, we inherently try to answer the
following question: How would the new treatment compare to the current (or
a future) standard of care, had the latter been included in the study? Often,
we provide a simplified answer to this question, comparing the treatment
effect against a fixed historical value. However, such an approach overlooks

1.0
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FIGURE 2.4
Power curve for double criterion design assuming pr = 0.35.
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two important uncertainties. The first is the uncertainty in the standard-of-
care treatment effect (parameter uncertainty), which is completely ignored
when only using a fixed value. The second is the uncertainty due to potential
differences between studies, that is, the between-trial heterogeneity. When
aiming to (best) compare the new treatment with the standard of care, we
need to account for these uncertainties.

An approach that accounts for both uncertainty in parameter estimation
and between-trial heterogeneity is the MAC approach (see Section 2.2.4). In
order to illustrate it, we consider again an example using ORR as the endpoint
of interest. As before, we will work in the Bayesian framework. Despite offer-
ing a natural way for making predictions, the Bayesian approach also helps
in overcoming particular challenges with meta-analyses when the number
of studies is small (Friede, Rover, Wandel, & Neuenschwander, 2016a,b). The
latter may often be encountered in practice since the number of available
studies on the standard of care can be quite limited.

Considering notation, for the treatment group, we denote the number of
responses by r.;, the number of patients by n.;, and the true ORR by p.r,
where the index * refers to the current study. For the control (i.e., the standard
of care) group, we denote the number of responses in the i-th historical study
by 7, , the number of patients by #; ¢, and the true ORR by p; .. Accordingly,
p»c denotes the (predicted) ORR for the control in the new study. The study
success criterion uses now the quantities p. and p. . as follows:

Study success = P(p..r > pc,. | Data) > 0.80,

which means we require at least 80% posterior probability that the treatment
is better than the (predicted) standard of care. The statistical model is given
by:

tor ~Bin(n,r,p.r)
r.c ~ Bin(nic,pic)
logit(pi,c) ~ N(u,7°)
logit(p..c)~ N(u,7)
with prior distributions
p.r ~ Beta(2/3,1)
1~N(0,2%)

7 ~HN(0.5)
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Here, HN(0.5) denotes the half-Normal distribution with scale 0.5, that is,
if x~ N(0,0.5?), then 7 =[x| ~ HN(0.5). The prior distribution foruis weakly
informative (see Section 2.2.4), and the prior distribution for z has a median
0.34% and 95% interval (0.015, 0.12). On the logit scale, these values reflect
moderate between-trial heterogeneity (median), and the 95% interval allows
for small to large values; for more details, see (Neuenschwander, Matano,
Tang, Roychoudhury, Wandel, & Bailey, 2014; Friede, Rover, Wandel, &
Neuenschwander, 2016a,b). Finally, the Beta prior distribution for p.; is
weakly informative, with mean 40% and 95% interval (0.00, 0.96).

For the standard of care, data from two historical studies were available,
shown in Table 2.6. In the same table, we also show the predicted ORR for the
standard of care in the new study.

For this study, a maximal sample size of 1 = 40 for the expansion phase was
deemed feasible by the clinical team. The minimal number of responders for
study success, that is, to obtain P(p*,T > Puc |Data) >0.80, is then r, r =18.
This number can be found by evaluating the posterior probability for a num-
ber of consecutive values of r.;, until for the first time the success criterion
is fulfilled.

Similar to the example in Section 2.3.2.1, we find a power curve that is infor-
mative to facilitate design discussions and would recommend to include it in
the study protocol. However, while we plotted the power as a function of the
sample size in the example of Section 2.3.2.1, we now plot it as a function of
p-r for a given sample size of n = 40. Figure 2.5 reveals that the power is close
to 80% (or above) when assuming p, r = 50% or above. On the other hand, for
p.,r =30% or below, the false-positive rate is at most 3.2%. These numbers
provide reassurance that the sample size is adequately chosen considering
realistic assumptions on the true (but unknown) response rate p. .

2.3.3 Advanced Designs: Fully Hierarchical Models

The designs outlined previously may not always reflect the study setup
appropriately. For example, in the expansion phase, multiple strata defined
by tumor types may be enrolled in parallel. Or, enrollment in multiple strata
based on biomarker expression may happen. In these situations (which are

TABLE 2.6

ORR Data from Historical Studies of Standard of Care and
Prediction for New Study

Study rin ORR (95% Interval) [Percentage]
1 19/52 36.5 (23.6-51.0)
2 37/126 29.4 (21.6-38.1)
* (New Study) N/A 32.1 (14.4-59.6)°

2 Frequentist point estimate and exact interval.
b Bayesian prediction: median and 95% interval.
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FIGURE 2.5
Study success probability for indirect comparison design (1 = 40).

conceptually similar to BASKET trials (Redig & Janne, 2015)), we may find
that neither a pooled nor a stratified analysis adequately captures the under-
lying design. Rather, we would prefer a statistical model that allows the bor-
rowing of information between strata while accounting for between-strata
heterogeneity. Such a model will result in more precise strata-specific esti-
mates as compared to those from a stratified analysis, without the strong
assumptions underlying a pooled analysis. Bayesian hierarchical models
have proven particularly useful in this context.

For example, Chugh et al. (2009) and similarly Schuetze et al. (2016) inves-
tigated multiple subtypes of sarcoma using a Bayesian hierarchical model
developed by Thall et al. (Thall, Wathen, Bekele, Champlin, Baker, &
Benjamin, 2013). A Bayesian hierarchical model (Zhou, Liu, & Kim, 2008)
was also used in the Biomarker-integrated Approaches of Targeted Therapy
for Lung Cancer Elimination program of personalized medicine (Kim et al.,
2011) and in the Signature trial (Warsi et al,, 2015). Even though the latter
two examples had very large sample sizes, the underlying statistical prin-
ciple could also be applied to an expansion phase. What all these examples
have in common is that they rely on models that assume the strata-specific
parameters ¢, to be exchangeable. Typically, this is achieved using a suitable



Statistical Considerations in Phase I 29

transformation g, such that normality for g(e j) is plausible, resulting in hier-
archical models of the following form:

3(6;)~N(u.7?)

with prior distributions foru and 7, respectively.

Often, such hierarchical models may be adequate, especially when no
dramatic differences between strata are expected. However, the advantage
that these models offer can turn into a disadvantage when the exchange-
ability assumption is violated, typically when one stratum is very different
from the others. This observation was made, for example, by Berry, Broglio,
Groshen, and Berry (2013), and one way to address the problem is given in
Leon-Novelo, Bekele, Miiller, Quintana, and Wathen (2012). Another solution
was proposed by Neuenschwander, Wandel, Ryochoudhury, & Bailey (2016),
which can be interpreted as a robust exchangeability model. In this model,
each stratum-specific parameter is assumed to belong to the exchangeable
distribution only with probability p;, and to follow a stand-alone distribution
with the remaining probability 1— p;. The above model thus translates into

g(Oj) ~ N(H,Tz) with probability p;
(6;)~ N(m;,s}) with probability 1 - p,

where m;,, s; are strata-specific. An application of that model is also given in
(Neuenschwander, Wandel, Ryochoudhury, & Bailey, 2016).

Finally, the effort required to design studies that use hierarchical models
should not be underestimated. No standard software may be available for
the analysis, and clinical trial simulation can become quite time-consuming,.
Furthermore, the implication of design changes, such as adding or removing
strata, is incomparably larger than for non-hierarchical designs. These aspects
should be accounted for and should be brought to the clinical team’s aware-
ness before a decision is made whether to use a hierarchical model or not.

2.4 Conclusion

The design and conduct of phase I trials in oncology has changed dramati-
cally during the past few years. In the early days of cancer research, when
mainly chemotherapies were used, the primary goal was to reach a high
dose while avoiding a toxic dose. Clinical efficacy, selection of a targeted
population, understanding signaling pathways, and optimization of dosing
was not a primary focus in these days. Nowadays, however, these topics are
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highly relevant already in early development, and while finding a clinically
acceptable (i.e., tolerable) dose is still important, it is only one of several goals
in a phase I trial. The increased use of expansion phases (Maniji et al.,, 2013) in
more recent years reflects the trend to obtain efficacy signals early on to gain
a broader (and better) understanding of many clinically important aspects.
It is, therefore, no surprise that phase I trials are becoming statistically and
operationally more complex and challenging for clinical teams.

Despite the trend to broaden the scope of phase I trials, the dose escalation
remains one of their key components. Using a good model for dose escalation is
important, and different proposals have been made in the literature; for an over-
view, see (Ivy, Siu, Garrett-Mayer, & Rubinstein, 2010). However, it would have
gone beyond the scope of this chapter to introduce and discuss them in detail.
Rather, we decided to describe the approach that has been used successfully
at Novartis Oncology for more than 10years now, and which has been imple-
mented in over 100 studies (Neuenschwander, Matano, Tang, Roychoudhury,
Wandel, & Bailey, 2014). Still, most of the considerations here apply to any dose
escalation regardless of the approach that is used. Importantly, further exten-
sions to the model have been proposed, and the interested reader is referred to
Neuenschwander, Roychoudhury, and Schmidli (2016) and Neuenschwander,
Wandel, Ryochoudhury, and Bailey (2016) for multi-strata designs, and to
Cotterill, Lorand, Wang, and Jaki (2015) for the potential inclusion of PK data.
Finally, the combination of two or more drugs is extensively discussed in
Neuenschwander, Matano, Tang, Roychoudhury, Wandel, & Bailey, 2014 and
an actual published study can be found in Bedard et al., 2015. Especially for
drug combinations, we recommend the aforementioned pre-reads and would
like to bring to the readers’ awareness that unexpected toxicities can become
a limiting factor in this setting (see e.g., Ribas, Hodi, Callahan, Konto, &
Wolchok, 2013), which needs to be acknowledged beforehand.

In the second part of the chapter, we focused on the expansion phase,
which is becoming increasingly important in practice. To our surprise, while
there is a vast literature on the dose-escalation phase available, we could only
identify a few articles dedicated to the expansion phase. Partially, this may
be explained by the simplicity of the designs (single-arm, binary endpoint)
often used for this phase. However, in our experience, the expansion phase
comes with its own specific challenges, due to its hermaphrodite nature—on
one hand, it still serves the exploratory purpose of early drug development,
yet on the other hand, it is the base for far-reaching decisions. In this situa-
tion, traditional approaches for single-arm designs may be inadequate, and
alternatives are required. Therefore, we discussed four different approaches,
two for signal seeking and two for early efficacy assessment. However, it is
also clear that study success (or failure) is not the only base for a decision on
the future development of a compound. Such a result will always be reflected
in the light of other, study-external evidence, something which is important
for studies in any phase of development, including pivotal studies (Pocock &
Stone, 2016a,b). As statisticians, it is, therefore, our task to anticipate how we
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can best support these decisions with evidence-based statements from the
current study, whether these are inferential or descriptive only.

Finally, the approaches that we discussed are only a selection amongst many
options. Also, they could be modified or extended where required. For example,
the indirect comparison design could be generalized to more than one treat-
ment, following the ideas outlined in Schmidli, Wandel, and Neuenschwander
(2013). On the other hand, the signal-seeking approach could be extended to
consider more than one endpoint simultaneously. The material in this chapter
hopefully provides a useful source for such extensions and serves as the first
stop for statisticians working on phase I trials in oncology.
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Appendix

We provide R-code to re-run the analyses of section 2.2.6.

Single-Agent Model for Western Dose Escalation

model single <- function() {

# covariance, precision matrix
cov|[l,1l] <- Prior[3]*Prior[3]

cov[2,2] <- Prior[4] *Prior[4]

cov|[l,2] <- Prior[3]*Prior[4] *Prior[5]
cov[2,1] <- covll,2]

prec[l:2,1:2] <- inverse(cov[,])

# prior distribution
logAB[1:2] ~dmnorm(Prior[1:2],prec[1l:2,1:2])

# likelihood
for (i in 1:Ncohorts) {
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logit (P1[i]) <- logAB[1l] +exp (logAB[2]) *log (DosesAdm[i]/
DoseRef) Ntox[i] ~dbin(P1[i],Npat[i])

}

# for output

# probabilities of toxicity: P

# pCat is an indicator corresponding to toxicity categories
# the respective means correspond to interval probabilities
for (i in 1:Ndoses) {

logit(P[i]l) <- logAB[1l] +exp(logAB[2]) *log(Doses[i] /DoseRef)
for (j in 1:Nint){
Pcat[i,j] <- step(P[i] - Pcutoffs[j]) *step(Pcutoffs[j+1]
- P[i])
}
# prediction
NtoxPred[i] ~dbin(P[i], NewCohortSize)

# predictive probability of 0:NewCohortSize toxicities
for (j in 0:NewCohortSize) {
pred.Tox[i,j+1] <- equals(NtoxPred[il, j)

library (R2WinBUGS)

fixed <- list(
Prior = c¢(-2.43, 0.21, 3.3, 0.76, -0.63),
Nint = 3,
Pcutoffs = ¢(0,0.16, 0.33,1)
)
inits <- list(
list( logAB = c(-2.0, -0.2) ), list( logAB = c(-2.0, 0.2)
),
list( logAB = c¢( 0.0, -0.2) ), list( logAB = c( 0.0, 0.2) )

# Prior - use a "trick" (prior predictive

# distribution for arbitrary dose, note that

# Ncohorts = 1 ensures the data for the second
# cohort are ignored)

prior.data <- list(
Ncohorts = 1,
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)

DosesAdm = c (50, 100),

Ntox = c(Na, 1),
Npat = 0(31 3)1
Ndoses =9,

Doses = c(25, 50, 100, 200, 400, 600, 800, 1000, 1250),
DoseRef = 350,
NewCohortSize = 3

prior.west <- bugs(

data = c(fixed, prior.data),

inits = inits,

parameters.to.save = c("NtoxPred", "Pcat", "P"),
model.file = model single,

n.iter = 25000,

n.burnin = 5000,
n.thin =1,
n.chains = 4,

DIC = FALSE,
summary.only = TRUE

round (prior.west$stats, 3)

Meta-Analytic Combined Model for Western and Japanese Data

model <- function() {

# prior input: derive precision from standard deviation
muA.prec <- pow(Prior.muA[2], -2)

muB.prec <- pow(Prior.muB[2], -2)

prec.tauA <- pow(Prior.tauA[2], -2)

prec.tauB <- pow(Prior.tauB[2], -2)

# priors for means of exchangeable distribution
mu[l] ~dnorm(Prior.muA[l], muA.prec)
mu[2] ~dnorm(Prior.muB[l], muB.prec)

# priors for between-trial heterogeneity and correlation
log.taull] ~dnorm(Prior.tauA[l], prec.taul)

log.taul[2] ~dnorm(Prior.tauB[1l], prec.tauB)

taull]l] <- exp(log.taulll])

taul2] <- exp(log.taul2])

rho~dunif (Prior.rho[1l],Prior.rho[2])

# covariance, precision matrix

33
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covI[l,1] <-
cov[2,2] <-
covI[l,2] <-
cov[2,1] <-

prec[l:2,1:2] <-

# vector of zeros

zeros[1l] <- 0
zeros[2] <- 0

pow (tau[l],2)

pow (tau[2],2)

taul[l] *tau[2] *rho
cov[l,2]
inverse(cov[1l:2,1:2])

# strata-specific parameters (meta-analytic, i.e.

hierarchical model)

# j refers to stratum
for (j in 1:Nstrata) {

re[j,1:2] ~dmnorm(zeros[1l:2] ,prec[l:2,1:2])
logAB[j,1] <- mul[l]l+re[j,1]
logAB[j,2] <- mul[2]+rel]j,2]

}

# likelihood

for (i in 1:Ncohorts){
logit (P1[i]) <- logAB[Stratum[i], 1] +

exp (logAB[Stratum[i] ,2]) *log (DosesAdm[i] /
DoseRef)

Ntox[i] ~dbin (P1[i],Npat[i])

}

for output

#
#
#
#

probabilities of toxicity: P
pCat is an indicator corresponding to toxicity categories
the respective means correspond to interval probabilities

for (j in 1:Nstrata) {
for (i in 1:Ndoses) {

logit (P[j,i]) <- logAB[j,1] +exp(logABI[j,2])*log(Doses[i]/

DoseRef)

for (k in 1:Nint){
Pcat[j,i,k] <- step(PI[j,i]l -
Pcutoffs[k]) *step (Pcutoffs[k+1] - P[j,1i])

}

# prediction

NtoxPred[j,i] ~dbin(P[j,i], NewCohortSize)

# predictive probability of 0:NewCohortSize toxicities
for (k in 0:NewCohortSize) {

pred.Tox[],

}
}

i,k+1] <- equals (NtoxPred[j,il], k)
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source ("model mac.R")
mac.fixed <- list(
Prior.muA = c(-0.693, 2),
Prior.muB = c¢(0, 1),
Prior.tauA = c(log(0.25), log(2)/1.96),
Prior.tauB = c¢(log(0.125), log(2)/1.96),
Prior.rho = c¢(-1,1),
Nint = 3,
Pcutoffs = ¢(0,0.16, 0.33, 1),
Ndoses = 11,
Doses = c(50, 100, 200, 300, 400, 500, 600, 700,
1050),
DoseRef = 350

mac.inits <- list(
list( mu c(-0.80, -0.2) ), list( mu = c(-0.80,
list( mu c(-0.30, 0.5) ), list( mu = c(-2.50,

mac.data <- list(
Nstrata = 2,
Ncohorts = 13,

750, 900,

0.0) ),
-0.4) )

DosesAdm = c (50, 100, 200, 300, 400, 500, 600, 700,

300, 450, 600, 750),

Ntox = c( 0, 0, 0, 0, 2, 2, 0,
0, 0, 1, 1),
Npat = c( 2, 1, 3, 3, 14, 8, 10,

3, 6, 4, 7).,

Stratum = c¢( 1, 1, 1, 1, 1, 1, 1,
2, 2, 2, 2),

NewCohortSize = 3

mac.final <- bugs(

data = c(mac.fixed, mac.data),

inits = mac.inits,

parameters.to.save = c("NtoxPred", "Pcat", "P"),

model.file = model mac,

n.iter = 25000,

n.burnin = 5000,
n.thin =1,

35



36 Statistical Approaches in Oncology Clinical Development

n.chains = 4,
DIC = FALSE,
summary.only = TRUE

round (mac.final$stats, 3)

MAC Model for Binomial Data

model binom MAC <- function() {

# treatment: likelihood, prior
rt~dbin(pt, nt)
pt~dbeta(t.ab[1l], t.abl[2])

# standard of care: data from identified studies
for(i in 1:ms){

rc[i] ~dbin(pc[i]l, nc[i])

logit(pc[i]) <- thetalil

theta[i] ~dnorm(mu, tau2.inv)

}

# standard of care: predicted effect for new study
theta.pred~dnorm(mu, tau2.inv)
logit (pc.pred) <- theta.pred

# standard of care: priors for hierarchical model
mu.prec <- pow(Prior.mul[2], -2)
mu ~dnorm(Prior.mul[l], mu.prec)

tau2.inv <- pow(tau, -2)

tau <- abs(tau.base)
tau.base~dnorm(0, tau.scale2.inv)
tau.scale2.inv <- pow(tau.scale, -2)

# success is defined as: pt>pc.pred
trt.suc <- step(pt - pc.pred)

MACbinom. fixed <- list(
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t.ab = c(0.667, 1),
Prior.mu = c(0, 2),
tau.scale = 0.5

MACbinom.inits <- list(

list( mu = 0.5, tau.base = 0.1 ), list( mu = 0.5,
=0.1),
list( mu = -0.5, tau.base = 0.2 ), list( mu = 0.5,
=0.2)

# Analysis for data scenario: 18 responses out of
# 40 patients - just successful

B oo s m oo oo e e o e oo e e e e -
MACbinom.data <- list(

rt = 18,

nt = 40,

ns = 2,

re = c¢(19, 37),

nc = c(52, 126)

mac.binom.sc <- bugs(
data = c(MACbinom.fixed, MACbinom.data),
inits = MACbinom.inits,

parameters.to.save = c("trt.suc", "pt", "pc.pred"),

model.file = model binom MAC,

n.iter = 25000,

n.burnin = 5000,

n.thin =1,

n.chains = 4,

DIC = FALSE,

summary.only = TRUE
)

print (round (map.binom.sc$stats, 3))

tau

tau
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3.3 Exposure-Adjusted Continual Reassessment Method (EACRM) for
Dose-Finding Studies

34 Using Exposure—Safety Response Models for Dose Selection of the
Late Phase Pivotal Study

3.1 Investigation of QT/QTc Prolongation
3.1.1 Introduction

Maintaining proper cardiac function in patients undergoing cancer treat-
ments is a concern in the development of any new drug. Cardiac safety has
become a vital issue for cancer patients as the life expectancies are increased
with emerging therapies. However, a thorough QT study design with pla-
cebo and active controls may not always be feasible; for instance, it is uneth-
ical to give placebo and/or active control (such as moxifloxacin) to cancer
patients in the absence of a therapeutic benefit, while it is unsafe to admin-
ister a supra-therapeutic dose or even a therapeutic dose of a cytotoxic drug
to healthy volunteers. To investigate the effect of an oncology compound on
QT prolongation in patients, a high-precision QT study would still be advis-
able. Here, we show that with a carefully planned randomized crossover
design in patients, the drug effect on QT prolongation can be estimated by
the intersection—union test and exposure-response analysis.

3.1.2 Methodology

A phase 1, single-dose, open-label, randomized study in subjects with
advanced solid tumors was conducted on 24 patients. This study was per-
formed in accordance with the ethical standards laid down in the Declaration
of Helsinki.! All patients gave their informed consent prior to participation
in the study. Eligibility included age >18years, ECOG performance status
scores of 0-1, and adequate organ function. For the assessment of ECGs,
patients were randomly assigned to two sequences of regimens of linifanib
at the maximum tolerated dose (MTD), 0.25 mg/kg, without exceeding
17.5mg, administered orally in a two-period (Day 1 and Day 7) crossover
fashion. Subjects were administered a single morning dose under fasting or
non-fasting conditions.

A single 12-lead resting ECG was obtained within the week before Day 1, or
on Day 1, and on study completion or upon subject discontinuation. Triplicate
ECGs were obtained serially on Day 1 at the anticipated time points for sub-
sequent dosing, and before and after dosing on Day 1 and Day 7 (crossover
Period 1 and Period 2, respectively). The time points for measurements were
pre-dose and 0.5, 1, 2, 3, 4, 6, 8, 10, 12, and 24h post-dose. Measurements
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were taken after the subject had been supine for 5 minutes. Pharmacokinetic
plasma samples were also collected for 72h on Day 1 and Day 7.

QT, RR, PR and QRs intervals?> were measured for each ECG using
AbbVie’s validated PC-based algorithm (ABBIOS), with standardized man-
ual over-reading of all ECGs by trained technicians and T-U morphology
assessment by cardiologists. QTc was determined using Fridericia’s correc-
tion method?® (QTcF):

_ QT
YRR

Values for the triplicate ECGs were averaged to obtain a single interval mea-
surement for each time point.

QT

3.1.2.1 Intersection-Union Test

A linear mixed effects model was used for the analysis of the Day 1 and
Day 7 data to evaluate the effect of linifanib on cardiac repolarization. The
analysis was performed for time-matched baseline-adjusted QTcF intervals
(QTcF). For the assessment of the effect of linifanib, the primary endpoint
was the largest time-matched difference for QTcF between drug regimens
and baseline (AQTcF). An intersection—union test was performed at a signifi-
cance level of 0.05 within the framework of the corresponding mixed effects
model. Linifanib was considered to have a negative effect (not clinically sig-
nificant effect) on cardiac repolarization if at all time points of the ECG mea-
surements, the mean QTcF for linifanib did not exceed the baseline mean by
10ms or more with a statistical significance level of 0.05. Therefore, the maxi-
mum 95% upper confidence bound for the baseline-adjusted QTcF (AQTcF)
must be less than 10ms in order to demonstrate a negative QTc effect. The
intersection—union test required high operational and statistical precision of
the data to meet the criteria for negative QT effect since the confidence inter-
vals (ClIs) would be narrower with tighter variability.

3.1.2.2 Exposure—Response Analysis

The relationship between baseline-adjusted QTcF and plasma drug concen-
tration was also explored using an exposure-response analysis.
The model for the response variable QTcF is:

QTCcF = Intercept + 3;BaselineQTcF + f8,Concentration + SEQUENCE
+ DAY +HOUR+1n +e¢.

The model has terms for baseline measurement (BaselineQTcF), sequence
(SEQUENCE), day of measurement (DAY), and time of measurement (HOUR).
The effects SEQUENCE, DAY, and HOUR are defined by classification rather
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than a quantitative measurement. A covariance structure for the data to account
for correlation among observations within a subject is specified by modeling
the subject-specific random variable # and the residual error e. Within the
framework of this model, the 95% upper confidence bound for the effect of the
mean C,,,, of the linifanib dose on the QTcF was provided. If the bound is less
than 10ms, the regimen does not have a clinically relevant effect on cardiac
repolarization.

3.1.3 Results and Conclusion

Twenty-four subjects were included in the QTcF analysis. No subject had
QTcF values greater than 500ms and no subject had a change greater than
60ms from baseline. One subject had an asymptomatic QTcF change of
greater than 30 ms from baseline.

Among the study population, baseline QTcF values ranged from 360.9 ms to
468.6ms. After patients received linifanib, the AQTcF for the fasting regimen
ranged from —4.14ms to 0.64ms, whereas the non-fasting regimen ranged
from —6.03ms to —1.57ms (Table 3.1). The maximum 95% upper confidence

TABLE 3.1

Intersection—Union Test Results for Linifanib on QTcF
. QTcF Mean .

Time _———  Point? 95% Upper

Regimens Point (h) Drug Baseline Estimate Confidence Bound

Linifanib fasting regimen 0.5 421.8 4239 —2.23 1.43
1 422.0 423.1 -1.24 2.43
2 422.1 4214 0.57 424
3 422.6 421.9 0.64 4.30
4 418.1 4224 -1.92 1.78
6 415.8 419.9 —-4.14 -0.47
8 417.5 420.2 -2.82 0.85
10 419.6 4204 -0.58 3.12
12 420.1 420.2 -0.16 3.50
24 422.1 423.5 -1.53 2.14

Linifanib non-fasting regimen 0.5 419.8 4239 -4.15 —0.48
1 418.3 423.1 —4.89 -1.23
2 4171 4214 —4.33 —0.67
3 416.0 4219 -6.03 -2.36
4 413.8 422.4 -3.82 -0.12
6 416.9 419.9 -3.05 0.61
8 4164 420.2 -3.87 -0.20
10 417.2 4194 -1.83 1.90
12 417.3 418.9 -1.78 1.92
24 421.0 4224 -1.57 2.14

2 Least square mean (ms) of change from baseline in QTcF interval (AQTcF).
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bound for the drug effects for linifanib was 4.30ms. These results are below
the threshold of regulatory concern as indicated in ICH E14 Guidance for
Industry:* It was therefore concluded that linifanib had no effect on cardiac
repolarization.

The analysis was also performed with linifanib concentration as the drug
exposure variable. The mixed effects model showed a linear relationship
between changes in QTcF interval and linifanib concentration (Figure 3.1).
The model estimated a slope of 0.01048, with a standard error of 0.006537
(P = 0.1094). This predicted a trend toward a change in the QTcF interval of
3.56ms at a concentration of 0.34ug/mL (the C,,, at the MTD) and a 95%
upper confidence bound of 7.2 ms. In addition to supporting the finding that
linifanib does not significantly affect the QT interval, this model may pro-
vide useful predictions about the impact of other dosing regimens on QT
prolongation.

The current study is one of a few to rigorously test the effect of an inves-
tigational drug on cardiac repolarization in patients with advanced tumors
who are refractory to standard treatments. Analysis of the resulting data
has concluded that linifanib does not pose a heightened risk for QTc pro-
longation in this refractory patient population. Despite a sample size of 24
subjects, the data had high operational and statistical precision as the 95%
upper confidence bounds for mean differences from baseline were below
the threshold of regulatory concern at all time points. Exposure-response
modeling showed QTcF change was not significant at the maximum concen-
tration for the MTD, which further supports a lack of QT prolongation with
linifanib.
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Linifanib concentration versus QTcF change from baseline (AQTcF).
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3.2 The BE Study in Cancer Patients
Using Group Sequential Design

3.2.1 Introduction

For pharmaceutical developers, it is important to compare the bioavailability
of the drug from new formulations and/or strengths to that of formulations
utilized in earlier phase clinical trials. For generic companies, a BE study is
a necessary step in gaining regulatory approval and subsequent commer-
cialization for the generic copy. If BE is established between a test small mol-
ecule agent and the reference formulation, it would be deemed unnecessary
to conduct a large clinical study to demonstrate the equivalence in efficacy
and safety. The BE criteria based on C,,, and area under the curve (AUC)
have been defined—the 90% ClIs for the ratio of the test versus the reference
formulations must be within 0.8 to 1.25. The BE criteria have been defined
and accepted as a regulatory standard.> However, a BE study for oncology
presents numerous challenges. In many cases, it is not feasible to administer
cancer drug to healthy subjects like typical BE studies. Compared to those
from healthy subjects confined in a phase 1unit, the pharmacokinetic data
in patients are less predictable as it is difficult to gain a complete control of
study conditions. The enrollment in patients would be much slower and more
dropouts would be anticipated. Due to these reasons, a group sequential
crossover design is worth considering, because the study could be stopped
early for either success or futility.® When a group sequential crossover BE
study is well designed, compared to the gain in speed and resource savings,
the price to pay would be small by expanding the CIs from 90% to slightly
wider. By controlling the type I error within 5% for each side of the BE tests,
the level of confidence (a figure between 90% and 95%) for the group sequen-
tial design would differ based on the predefined futility and success criteria.
Here, the type I error for the upper one-sided test is the probability that the
upper bound of a Cl is less than 1.25 when the true ratio is 1.25 or greater. The
same principle applies to the lower one-sided test. That is, the type I error
for the lower one-sided test is the probability that the lower bound of a Cl is
greater than 0.80 when the true ratio is 0.80 or lower. If the data are analyzed
only once at the end of the study (one look), the conventional type I error rate
is set to 5% for each bound of the CI, and thus the confidence level is 90%.
However, given a potential for two looks at the data, the CI will increase to a
value that is greater than 90% at both stages to maintain the 5% type I error
rate. The extent of the increase (e.g., to 92.7% from 90%) for the CI has to be
evaluated based on the sample sizes and the futility/success criteria for both
stages. If the results from Stage I do not indicate either success or futility, the
trial will continue to Stage II. After the completion of Stage II, the data from
both stages will be combined and analyzed.
An example of the results that gained regulatory approvals follows.
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3.2.2 Methodology

This phase 1, open-label, multicenter study was conducted according to a four-
period, group sequential, crossover design in subjects with solid tumors. The
main objectives of the study were to assess the relative bioavailability of three
new 40mg capsule formulations of a drug. The study was planned as two
stages, with a pharmacokinetic interim analysis conducted after the comple-
tion of Stage I. The study was to continue to Stage II only if results from Stage
I interim analysis were unable to indicate bioequivalence success or futility.
Subjects were randomly assigned in equal numbers to receive four regi-
mens of a single oral dose of 40mg of veliparib capsules (Table 3.2) random-
ized through one of four sequence groups (Table 3.3). The regimens were
supplied as four 10-mg capsules (current formulation, Regimen A), four
10-mg new capsules (new formulation, Regimen B), and one 40-mg capsule
under fasting conditions (new strength Regimen C), under fasting conditions
(Regimen C), and under non-fasting conditions (Regimen D). The study drug
was administered in the morning on Study Day 1 of each period under fast-
ing conditions in Regimen A, B, and C. Subjects receiving Regimen D were
administered the dose of study drug 30min after starting a high-fat break-
fast. Serial blood samples were collected for 24 h after dosing in each period.
Subjects remained at the study site and were supervised for approximately

TABLE 3.2

Veliparib Regimens Evaluated in the Study

Regimen Description

A Four 10-mg veliparib capsules (clinical) administered under fasting conditions.

B Four 10-mg veliparib capsules (commercial) administered under fasting
conditions.

C One 40-mg veliparib capsule (commercial) administered under fasting conditions.

D One 40-mg veliparib capsule (commercial) administered under non-fasting
conditions.

TABLE 3.3

Planned Sequence Groups for Administration of Veliparib Regimens in the
Study

Sequence Number of Subjects Veliparib Regimens

Group Stage I Stage IT" Period 1 Period 2 Period 3 Period 4
I 5 4 A B C D

1I 5 4 B D A C

1 5 4 C A D B

v 5 4 D C B A

" Stage II of this study was not conducted.
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16h in each study period. Subjects returned to the center for the Study Day 2
pharmacokinetic sample.

Twenty subjects were planned for the enrollment in Stage I; on the basis
of the pharmacokinetic interim analysis, an additional 16 subjects were to be
enrolled in Stage II. The two-stage, group sequential design was used to offer
an early opportunity to evaluate the bioavailability of the test formulations.
Enrollment for Stage I preceded until 20 subjects had completed all four peri-
ods of the assigned sequences. After the completion of Stage I and depend-
ing on results from the statistical analysis on the data collected from these
Stage I subjects, the study would stop if the results were sufficiently convinc-
ing. If additional data were required, the study would have continued with
enrollment into Stage II until 16 additional subjects had completed all four
periods of their assigned sequences in Stage II. If the study had continued
through Stage II, subjects from both stages would have been included in the
final statistical evaluation.

Appropriate statistical adjustments were made to protect against inflation
of the type I error rate due to the potential for two looks at the pharmacoki-
netic data (after Stage I and potentially after Stage II). Type I error is defined
as falsely rejecting the null hypothesis when the null hypothesis is true.
Here, the type I error for the upper one-sided test is the probability that the
upper bound of a Cl is less than 1.25 when the true ratio is 1.25 or greater. The
same principle applies to the lower one-sided test. That is, the type I error
for the lower one-sided test is the probability that the lower bound of a Cl is
greater than 0.80 when the true ratio is 0.80 or lower.

If the data are analyzed only once at the end of the study (one look), the
conventional type I error rate is set to 5% for each bound of the CI, and thus
the confidence level is 90%. For a two-stage group sequential BE study, the CI
has to be adjusted to a level that is greater than 90% for both stages to main-
tain the 5% type I error rate. For this particular example, the CI was raised to
92.7% (instead of 90%) at both stages. In the simulations, various figures from
90% to 95% for CI were evaluated within the framework of the design until
the overall type I error rate fell under 5%, using the planned study sizes for
both stages and the stopping rule for futility after Stage 1. Therefore, when
the true ratio is 1.25 (the test formulation is not bioequivalent to the reference
formulation), the chance of observing an upper bound of the 92.7% CI that
is less than 1.25 (rejecting the null hypothesis) in Stage I or Stage II is main-
tained within 5%.

Two potential outcomes will correspond to sufficiently convincing results
from Stage I and trigger termination of the study. In the successful outcome,
the BE criteria are met using the 92.7% Cls obtained from the Stage I data.
In the futile outcome, the data indicate that the test regimen is clearly not
similar to the reference. Futility at Stage I is defined as not meeting the BE
criteria with 92.7% CI and the lower bound of the 92.7% CI >1.069. This crite-
rion was chosen such that when the ratio is 1.25 (the test formulation is not
bioequivalent to the reference formulation), the chance of terminating the
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study at Stage I due to futility is at least 55%. If the results from Stage I do not
indicate either success or futility, the trial will continue to Stage II. After the
completion of Stage II, the data from both stages will be combined, analyzed,
and the 92.7% CI will be calculated.

The study size consideration was based on the primary comparison of the
test Regimen B to the reference Regimen A within the modeling framework.
The probability of rejecting either one-sided null hypothesis (that the ratio is
not greater than 0.80 or that the ratio is not less than 1.25) using the 92.7% CI
was computed assuming the within-subject variability (as estimated by the
crossover analysis of variance mean square error or MSE term from a previ-
ous veliparib study) of 0.06 for the natural logarithm of C,,,. The variability
for AUC is expected to be similar.

The power calculations were carried out using 10,000 Monte Carlo simu-
lations for 20 and 36 subjects for Stage I and the combination of Stages I
and II, respectively. The term “success,” as opposed to futility, is used when
the BE criteria are met. Assuming the true ratio of 1.05, the overall power
(successfully rejecting the null hypothesis at stage I or the combination of
Stages I and II) is 89.6%, the probability of stopping after Stage I due to suc-
cess or futility is 64% and 1.5%, respectively. In the Monte Carlo simulations,
the underlying population for C,, was assumed to follow the log-normal
probability distribution. The critical t-value with the appropriate degree of
freedom was used for the sampling distribution of the mean difference on
the natural logarithmic scale. If the true ratio is 1.05, the study will provide
approximately 64% power for meeting the BE criteria in Stage 1. As the true
ratio shifts from 1.05 toward 1, the power would become greater.

Under the null hypothesis where the true ratio is 1.25, the overall type I
error rate is maintained below 5% based on 20,000 simulations (average rate:
4.91%) given this study design. The chance of stopping after Stage I due to
futility is 55.2%.

The study design is illustrated in Figure 3.2.

A linear mixed effects analysis was performed for T,,,, elimination rate
constant §, and the natural logarithms of C,,.,, AUC,, and AUC,;. The model
accounted for within and between subject variability and included effects for
sequence, period, and regimen. The model employed compound-symmetry
variance-covariance structure among regimens. The Kenward-Roger
approximation was used to assess the degrees of freedom. Within the linear
mixed effects model framework, four pairs of regimens were compared by
a test with a significance level of 0.05— Regimen B versus A, Regimen C
versus A, Regimen C versus B (to assess BE), and Regimen D versus C (to
characterize the effect of a high-fat meal on bioavailability).

The relative bioavailability between each pair was assessed by the two
one-sided tests procedure via 92.7% Cls obtained from the analyses of the
natural logarithms of C,, and AUC. To control the overall type I error under
5%, a 92.7% CI was computed instead of the typical 90% in the testing of BE
of any pharmacokinetic parameter between any two regimens to maintain

max-*

inf*
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Stage |
Enroll n;=20

Stage Il
Enroll additional 92.7% CI within
n,=16 [0.8—1.25]7

92.7% CI within
[0.8—1.25]7?

Conclude
non-BE

Lower bound
of Cl > 1.069?

conclude

Yes non-BE

Declare
BE
FIGURE 3.2

Two-stage group sequence design.

the overall type I error within 5% using the planned study sizes for both
stages and the stopping rule for futility after Stage I. The CIs were obtained
by exponentiation of the endpoints of confidence intervals for the difference
of mean logarithms obtained within the framework of the model. The BE
between each pair was concluded if the 92.7% ClIs from the analyses of the
natural logarithms of AUC and C,,,, were within the 0.80-1.25 range. The
point estimates of the relative bioavailability (i.e., the ratio of the geometric
means) were likewise obtained by exponentiation of the least squares esti-
mate of the difference of mean logarithms and the population central value
for each regimen was estimated by exponentiation of the least squares mean
for the logarithm.

3.2.3 Results and Conclusion

In an effort to ensure that a total of 20 subjects had completed all four peri-
ods for the Stage I analysis, enrolment was allowed to continue beyond the
first 20 subjects. A total of 27 subjects were enrolled into Stage I and 23 sub-
jects completed at least two periods of the study. The first 20 subjects (based
on date and time of the first dose) who completed all four periods and pro-
vided evaluable pharmacokinetic data from all four periods were included
in the primary statistical analysis of pharmacokinetic parameters for Stage
I, as prespecified in the study protocol. For the 20 subjects included in the
statistical analysis (4 males and 16 females), the mean age was 55.4 years
(range = 29-79 years), the mean weight was 70.8 kg (range = 52-88 kg), and the
mean height was 165 cm (range = 140-185 cm). A secondary statistical analysis
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was conducted for Stage I that included all subjects (N = 23) that completed
at least two periods of the study. Results from the secondary analysis were
similar to the primary analysis. Stage I interim analysis provided evidence
for BE across the different formulations and the study was considered com-
plete; Stage II was not conducted.

The mean + standard deviation (SD) pharmacokinetic parameters of veli-
parib after administration of each of the four regimens to subjects with solid
tumors are presented in Table 3.4. Period and sequence effects were not sta-
tistically significant for any of the tested pharmacokinetic parameters, as all
p-values for the test on period and sequence effects were 20.544 and 0.450,
respectively. Mean veliparib plasma concentration—time profiles following
the single oral doses of Regimens A, B, and C are presented in Figure 3.3. The
test statistics for the regimen effect for T,,,, C,,.,, and § were not statistically
significant (P < 0.05). The central values for AUC, and AUC,; for Regimen B
(four 10-mg new formulation, fasting) were statistically significantly higher
(P =0.002 and P = 0.003, respectively) than those for the reference Regimen
A (four 10-mg current formulation, fasting). The central values for AUC, and
AUC,,; for Regimen C (one 40-mg strength of veliparib commercial capsule
new formulation, fasting) were statistically significantly lower than those
for Regimen B (P < 0.001). There was no statistically significant difference
(P >0.05) between Regimen C (40-mg veliparib commercial capsules, fasting)
and Regimen A in AUC, and AUC,,;.

The 92.7% ClIs for evaluating BE and the corresponding point estimates
from the analysis of log-transformed C,,,,,, AUC,, and AUC,; for comparisons
of veliparib regimens are shown in Table 3.5. Regimen A, B, and C were bio-
equivalent. All 92.7% Cls for evaluating the BE of Regimens A, B, and C for
Cinax AUC,, and AUC, ; of veliparib were contained within the 0.80-1.25 range.

max/ 1

TABLE 3.4

Summary of Veliparib Pharmacokinetic Parameters (Mean + SD)

40mg Veliparib (N = 20)

A:Four10-mg  B:Four10-mg  C:One40-mg  D: One 40-mg

Clinical Commercial Commercial Commercial
Pharmacokinetic Capsules Capsules Capsule Capsule
Parameters (units) Fasting Fasting Fasting Non-Fasting
T ax (h) 12+08 12+07 1.3£09 25+11
Crnax (ug/mL) 0.36+0.13 0.37£0.12 0.34£0.12 0.28 £0.09
AUC, (ug-h/mL) 2.23£0.82 2.45%0.93 2.24+0.98 2.14+0.80
AUC,;  (ug-h/mL) 243+£1.07 2.65+£1.17 245+1.24 2.35+1.06
t? (h) 5.95+1.26 5.83+1.23 5.83+1.31 5.85+1.36
CL/F*  (L/h) 19.0+7.36 17.3 +6.41 19.5+7.66 19.7 £7.51

2 Harmonic mean * pseudo-standard deviation; evaluations of t,, were based on statistical tests
for A.
b Parameter was not tested statistically.
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—A— Regimen A: Four 10 mg Clinical Capsules, Fasting
—O— Regimen B: Four 10 mg Commercial Capsules, Fasting
—— Regimen C: One 40 mg Commercial Capsule, Fasting

0.5 1
0.4 -
0.3 1

0.2 1

Mean (SD) Veliparib
Plasma Concentration (ng/mL)

0.1 1

0.0 -

Time (h)

FIGURE 3.3
Veliparib mean (+SD) plasma concentration-time profiles following oral administration of
Veliparib.

TABLE 3.5
Relative Bioavailability and 92.7% ClIs for the BE Assessment
. L. Central Value? Relative Bioavailability

Regimens Test ~ Pharmacokinetic

vs. Reference Parameter Test Reference  Point Estimate® 92.7% CI

Bvs. A Cinax 0.348 0.337 1.031 0.925-1.150
AUC, 2.306 2.106 1.095 1.040-1.153
AUC, 2.463 2.255 1.093 1.037-1.152

Cvs.B Con 0.322 0.348 0.927 0.831-1.033
AUC, 2.078 2.306 0.901 0.856-0.949
AUC, 2.223 2.463 0.902 0.856-0.951

Dvs.C Cinax 0.266 0.322 0.827 0.741-0.922
AUC, 2.011 2.078 0.968 0.919-1.019
AUC, ¢ 2.174 2223 0.978 0.928-1.031

Cvs. A Crnax 0.322 0.337 0.956 0.857-1.066
AUC, 2.078 2.106 0.987 0.937-1.039
AUC, 2.223 2.255 0.986 0.935-1.039

2 Antilogarithm of the least squares means for logarithms.
b Antilogarithm of the difference (test minus reference) of the least squares means for
logarithm.
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The group sequential design was efficient in this case, as the 92.7% Cls are
only slightly wider than those of the conventional 90%, while the study was
stopped early for success.

3.3 Exposure-Adjusted Continual Reassessment
Method for Dose-Finding Studies

3.3.1 Introduction

In phase 1 studies, the most important primary objective is to find the MTD.
Drug exposure and toxicity events are the two major components required
for the characterization of MTD. It has often been assumed in the literature as
well as in clinical practice, as a simplified approach, that the toxicity outcome
can be observed before a given time T, and the assigned dose level would rep-
resent the drug exposure leading to the outcome of with or without toxicity
before time T. Consequently, many phase 1 oncology dose-finding designs,
including the traditional 3 + 3 fixed designs and various versions of adaptive
continual reassessment methods (CRM)” have been operated under a set of
distinct cohorts of patients with a predefined observational period (e.g., the
first cycle) for tracking the toxicity outcomes. The dose-escalation decisions
have been made periodically, requiring all the patients within the cohort of
the assigned dose to be enrolled and followed up until crossing the finish
line of the observational period.

In addition to the operational restrictions, strong clinical and statistical
assumptions are made for those conventional dose escalation studies includ-
ing fixed and adaptive designs—the observational period is chosen properly
such that the intended toxicity incidence would follow the stochastic pro-
cess according to the underlying population true incidence rate. Moreover,
the expected time of onset for dose-related toxicity is assumed to be the
same across different patients and all dose levels considered in the study.
While there might be situations where it would be possible to measure the
two required components—drug exposure and toxicity outcome—with an
approximation by fixing the observational period and using the assigned
dose level, the strong clinical and statistical assumptions rarely hold. The
duration for the observational period is often set up based on the assumed
hematologic recovery period, more subjectively on the assumed toxicities that
are expected, or based purely on practicality; otherwise, if a study stretches
the observational period to capture delayed-onset toxicities, the dose-finding
process will be substantially delayed before moving on to the next cohort. As
a result, the conventional dose-escalation designs that treat many patients
at subtherapeutic doses unnecessarily prolong the time of studies, are often
inaccurate in determining true toxicity rates, and rarely allow estimation of
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clinical response at doses to be used in phase 2 studies. These designs also
have the disadvantage of periodic closures and lengthy accrual time and
often lose momentum because of the episodic nature of accrual.® The opera-
tional and clinical challenges, include major drawbacks such as 1) the time
to the toxicity event is not accounted for, 2) the extent of drug exposure lead-
ing to the onset of toxicity is not measured correctly, and 3) delayed-onset
toxicities past the cutoff observation period are not captured. The improve-
ments should be made to attain more accurate information on the extent of
exposure and the time to event, with a more dynamic enrolment to facilitate
better decision-making at the early phase, thereby increasing the probability
of success in treating patients.

To address the major drawbacks as described earlier, statistical methodol-
ogy has been proposed in the literature including using sequential designs
for phase 1 clinical trials with late-onset toxicities (TITE-CRM) by Ying
Kuen Cheung and Rick Chappell® via the maximum likelihood approach,
and Bayesian approach by Suyu Liu and Jing Ning!® for drug combination
trials with delayed toxicities. The objective of our research is to address the
major drawbacks of the conventional designs by proposing a robust method-
ology that is readily implementable in real clinical practice. Furthermore, the
operational hurdle of periodic closures is overcome by being able to enroll
patients in a staggered fashion.

3.3.2 Methodology

The EACRM assumes continuous enrollment of patients/subjects with a cal-
culation of the estimated MTD for each subject enrolled at the corresponding
time point. An accelerated failure time (AFT) model with dose level as the
covariate will be employed to characterize the time to dose-limiting toxicity
(DLT). The proposed AFT model is:

log(T)=0a+ pD+oe,

where D is the dose level and T is the time to DLT. The AFT model assumes
a linear relationship between the mean of the logarithm of time to DLT and
dose level as a and f denote the intercept and slope, respectively.! Moreover, o
is a positive parameter that controls the variability of the model and ¢ denotes
the error term. In this paper, we assume that T follows either a log-Normal
or a Weibull distribution. More specifically, under the log-Normal model,
T~ LN(a + ﬂD,O’Z) and ¢ ~ N(0,1) and the Weibull model, T ~ W(o’l,e“w)
and ¢ follows a standard extreme value distribution with density function
f(v)=e""".

As an incorporation of the time-to-event information, let § be the indica-
tor of DLT (6 = 1 for DLT) and let w denote the weight of an observation.
Essentially, the weight factor will control the contribution to the likelihood
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function from each data point during the estimation process. Given a set
of full data {(Ti, 5i,Di,wi)}n ) and the corresponding density function f, the

i=

problem can be well characterized under the framework of survival analysis.
The likelihood function is written as:

L(T|a,B,0)= H[f(T,- lo+BD;,0) ] -H[l—P(T;‘ |+ BD;,0)]".

i:6;=1 i:6;=0

A frequentist approach based on maximum likelihood method with
the Newton-Raphson algorithm will be utilized for the model estima-
tion process. To assign the dose level to the next subject entering our trial,
predictions of time to DLT are made based on all m possible dose levels

{dj cdo+jd;j=1,.. .,m} with dymg starting dose and d mg increment.
D,M:max{dj:f1/3(dj)2L;j:l,...,m}, 3.1)

where L is a prespecified toxicity assessment period of study and T, ;3(D)
indicates that we are predicting the 1/3 quantile of the time to DLT for the
new dose level as it is the usual threshold for DLT rate allowed. Once the esti-
mated parameters, ¢, 8, and ¢ are obtained, we can update the estimation of
the time-dose curve given the derived formula as follows: for the log-Normal
model, T 5 (D) = e##P 415 for the Weibull model, T 5 (D) = e**#P-0%% Note
that the estimates &, 8, and ¢ are different under two models.

As mentioned previously, the model we proposed is able to utilize not
only the toxicity events but also the time-to-event information by specify-
ing appropriate time responses {T;},, and weights {w;}’_, in the AFT model.
Although there is no unique mathematical approach for the weights, it is
natural and practical to make some basic assumptions about them: 1) Given
a specific time point during the trial, a non-DLT subject with longer sur-
vival period (e.g., 9weeks without having a DLT) is expected to have a lower
probability of a DLT occurrence than one with shorter survival period (e.g.,
2weeks without having a DLT) and hence higher weight of surviving entire
toxicity assessment period without DLT occurrence. 2) In general, the weight
should be an increasing function of observed time t, taking values in [0, 1]. A
weight of 1 indicates that the information from that individual is fully used
in the model.

A good candidate for the weight is the conditional probability of com-
pletion or no DLT, given the observed time. For example, if the duration
of the observation period is L weeks long and ¢ is the observed time, then
the conditional probability is given by P(T >L|T >t,). It will be generic if
we want the weights to be independent of the distribution of T, since the true
distribution may not be known in the real case. However, to calculate the
weights, we have to assume a specific distribution. And we point out that a
distribution with constant hazards will be sufficient when the subject is on a
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particular dose level over the entire toxicity assessment period. Throughout
this section, we let T be the time to DLT with mean time to DLT 1 and assume
T | A ~ Exp(A) with density function, which is a special case of Weibull distri-
bution with shape parameter value of 1 given by

fT (t) = AE_M, t>0.

Note that this would assume constant hazard of observing DLT at each dose
level. Under the Bayesian framework, it is natural to consider a Gamma prior
for 4, that is, A ~ Gamma(a,b) with shape parameter 2 and rate parameter b.

It follows that the posterior distribution for 4 remains to be a Gamma dis-
tribution: A | ~Gamma(a +1,b +t). Meanwhile, recall that we allow at most
1/3 DLT rate when seeking the MTD, which gives us a restriction between 1
and the duration of the observation period, L:

P(T<L|A)=1-¢"=1/3= 2= %10g(3/2).

Then, under an approximate relationship, we have

E(A)=1 == a= %log(3/2).

Given all the information on distributions and parameters, now consider

_a+1 _blog(3/2)/L+1 _

E(/”T:to)_bﬂfo_ b+t A

If we fix A =1, then for 0 <t, <L, the probability of completing the toxicity
assessment period without DLT is

% P(T>L) —/l*(L—t)
to)=P(T>L|T>t))=———~L=e¢ o),
p(t)=P(T>LIT>4) P(T > t,)

Moreover, it can be shown that T | f, < T <L follows a truncated exponential
distribution with conditional expectation

Attt F(L|2,A7)-Fe(to]2,1)

-2t -2'L «f gt 2
oAt _p l(e““—e“)

L
E(T|ty)=E(T|to<T<L)=

to

7

where F-(-|2,1") is the cumulative distribution function of Gamma(Z, A )
Given the derivation of all the relevant probabilities and distributions as

shown, the response and weight for each subject are presented in Table 3.6.
On the basis of the introduction to our model as mentioned earlier, at each

time point that a new subject enters the trial, MTD will be reestimated based
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TABLE 3.6

Specification of Response and its Weight in Model

Progress of a Subject in Trial Response (T)) Weight (w))
Completed without DLT L 1
Observed with DLT tort 1

In Progress and t, + E(T | to) >L L P (to)
LnProgressandto+E(T|to)<L tU+E(T|tU) 1-p' (k)

on all available observations using a parametric survival regression model.
Then a simple algorithm can be provided as follows, assuming that at most
n subjects are recruited for the study and the time of enrollment follows a
certain distribution, for example, an exponential distribution with rate .

First, allow three subjects to go through the entire trial process with either
completion or DLT as the outcomes and check certain futility criteria (Table 3.7).

Starting from the fourth subject, proceed iteratively for3<k<n-1:

When the (k + 1)-th subject enters the trial, determine the time on the toxic-
ity assessment period, DLT status, and corresponding weight for all k exist-
ing subjects: (Ty, 81, w1 ),...,(Tk, 6k, Wy ).

Drop all non-DLT observations that have small exposures, for example,
less than 10% out of the entire toxicity assessment period.

Perform survival regression based on the AFT model. Use effective data
collected from the given steps.

Obtain the 1/3 quantile predictions for time to DLT for all dose levels

{dj},: and assign proper dose level Dy, to the (k + 1)-th subject based on

formula (3.1).

Determine if MTD is achieved based on the clinically not significant
change in predicted MTD and end the iteration if necessary.

Verify the estimated MTD and collect summary statistics for time and
dose variables.

Note that the futility criteria and conditions for MTD attainment may vary
by specific studies. However, some general guidelines are highly desirable.
For instance, a negative sign of the estimated slope for dose, j, is expected in
each iteration and some convergence check for the dose assignment will be
necessary when seeking the MTD.

TABLE 3.7

Parameterization and Distribution Matrix

Prior Distribution Used Distribution for Time Distribution for Time
for Weight Derivation to DLT is Log-Normal to DLT is Weibull
Gamma(a, b) LN1 W1
Gamma(aD, b) LN2 W2

Gamma(a, b/D) LN3 W3
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TABLE 3.8

Specification of True Distribution

Log-Normal Distribution: T ~ LN(aLN + BunD, O'fN)

Parameter\Targeted Dose 120mg 70mg
N 2.6615 2.5500
Bin -0.0022 -0.0022
owN 0.2239 0.2239

Weibull Distribution: T ~ W(O';\}, e“wwwn)

Parameter\Targeted Dose 120mg 70mg
Oy 2.7820 2.8052
Bw -0.0022 -0.0022
ow 0.2379 0.3857

This methodology was utilized in locally advanced rectal cancer study
that administered the investigational drug in combination with chemother-
apy and radiation therapy. The toxicity assessment period was 8 weeks. The
dose range planned to be investigated was 20-400 mg twice daily (BID), with
an anticipated MTD at 250mg BID (Table 3.8).

We note that our exposure-adjusted design provides a more accurate predic-
tion of MTD. Also, the prediction clearly indicates that the expected survival
time E(T) decreases as the dose level D increases. But the previous designs
assume no association between the expected time to DLT, E(T), and dose D,
since E(T)=E(1/1)=b/(a-1). Therefore, a possible re-parameterization for
A is given by

B(T)=—"5(D),

which can allow such negative trend of the time-dose curve, where g(D)
is a monotonically decreasing, positive function of dose D. Two simple but

straightforward choices are 1) A ~Gamma(aD,b) with E(T)= D1 and
a —_—
2) A ~Gamma(a,b/D) with E(T)= (bl)D Hence, we will consider both
a —_

parameterizations of 1 along with the original design that A ~ Gamma(a,b)
(Table 3.9).

Note that due to the maximum of 1/3 DLT rate allowed, we anticipate sim-
ilar restrictions on hyper-parameters a and b for both re-parameterizations
of 4, as specified earlier. However, since the dose level is involved, such

restrictions can be only achieved at a given “targeted” dose level D, which

leads to a= Mi This relationship holds for both cases. Once D,

0
is specified, which simply could be an assumed MTD, there will be only
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TABLE 3.9

Pseudo-Data Assignment

Observation #/Variable = Time (Weeks)  DLT Status (1=Yes) Dose (mg)  Weight

1 10 0 60 0.09
2 8 1 60 0.01
3 10 0 120 0.07
4 8 1 120 0.03
5 10 0 200 0.04
6 8 1 200 0.06

one free hyper-parameter, say, b. Then, as the rate parameter in Gamma
distribution, b can be chosen as any positive constant. However, recall that

E(T)= b for the first case and E(T)= b for the second one. To
aD-1 (a-1)D

ensure that E(T) > 0 for all possible dose levels starting from some initial

dose d,, we need b > _ Do _ for the first case and b > _LDo for the

dolog(3/2) log(3/2)
second. Therefore, generally, the minimum value for b in the latter case is
d, times the one in the former case.

We conducted the simulations to study the performance of the proposed
EACRM design described in Section 3.2. Depending on different assump-
tions on the true distribution of the time to DLT and the time—dose structure
(in terms of parameterizations of 1), we consider the following six cases:

We compare our six cases with the traditional 3 + 3 design and EACRM setting
without using weights. For each case, we run 1,000 simulations based on two
targeted MTDs—120mg and 70mg. The investigated dose range is 10-250mg
and the toxicity assessment period is set to be 10 weeks. The maximum number
of enrolled subjects is 40 for each trial (simulation). The arbitrary enrollment
rate 7 =1/ 4 leads to an average of 4 weeks waiting time between two consecu-
tive subjects. We also assume the rate parameter for Gamma, b = 500 for LN1,
LN2, W1, W2, and b= 3,000 for LN3 and W3 to guarantee that the probability of
observing DLT within the toxicity assessment period to be not greater than 33%
and E(T)> 0. If greater than 33% DLT rate is observed at the first tested dose
level , the study is stopped for futility. The iteration of the algorithm is stopped
if the change in predicted MTD is not clinically significant, that is, less than 10%
increment from the current dose level.

The parameters of true distributions that we choose are shown in the fol-
lowing table.

The parameters are specified in a way that: 1) they result in the correspond-
ing targeted MTD; 2) the slope coefficients of dose remain the same, and 3)
all the other parameters are comparable under different targeted doses and
distributions.

During the early stage of simulation, as subjects start to enter into a trial,
the sample size may be small (e.g., 3-5), which usually results in a failure
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in the convergence of the estimation under survival regression. Hence, it is
necessary to add a small number of pseudo-data into the regression as early
observations. These pseudo data will be fixed throughout the study and will
help in the model fitting process by solving convergence issues encountered
during the early stage of the study. Appropriate weights will be assigned to
them to reflect only a small degree of certainty. The pseudo-data we used are
shown in Table 3.9.

Some general guidelines for pseudo-data selection can be described as follows:

1. Consider three dose levels in the lower, middle, and upper spectrum
of the dose range to be investigated.

2. At each selected dose level in step 1, consider two data points, one
with DLT occurring close to the end of toxicity assessment period
and the other without DLT at the end of toxicity assessment period.

3. Assign a very small weight (0.1) to those six data points. Also, con-
sider the possibility of having a DLT event at a selected dose level
based on prior assumptions. For example, the possibility of a DLT
event at a lower dose level is less compared to the possibility of a
DLT event at a higher dose level.

A sensitivity analysis was carried out by altering the pseudo-data points gen-
erated using the above guidelines. We point out that the pseudo-data will not
have a notable impact on the final simulation results. In real practice, it is also
very unlikely that the MTD will be achieved based on only a few data points.

3.3.3 Results and Conclusion

We simulated all six cases for EACRM (LN1-LN3, W1-W3), two cases for
EACRM without weights (LNO and WO0), as well as the 3 + 3 design (3 + 3) under
both 120-mg and 70-mg targeted doses. The summary statistics are listed in
Table 3.10 for 120-mg targeted dose. The 25%, 50%, and 75% label denotes the
corresponding quartiles of the distribution of variables including the median.

Figure 3.4 summarizes and visualizes the simulation process of six cases
for EACRM under the 120-mg targeted MTD. In each plot, we show the true
dose—toxicity curve as well as the distribution of a particular dose selected
as MTD over 1,000 simulations.

On the basis of the simulation results, we claim some clear advantages of
our proposed EACRM over the traditional 3 + 3 or standard survival regres-
sion model. First, by utilizing the DLT information as well as time on the
study, the EACRM gives a more accurate estimate of MTD than the 3 + 3 in
general. Such improvement of accuracy becomes more significant as the tar-
geted (true) MTD increases as the distribution of the predicted MTD becomes
more concentrated in terms of the variance and quantiles. It also allows for
a more dynamic enrolment of subjects, facilitates better decision-making,



63

Med.
26.7
29.2
26.7
28.6
26.7
27.3
21.7
24
21.4

DLT (%)

75%

114.1
118.2
115.4
118.8
115.4
116.3
118.3
120.0
180.0

(b)

50%
96.9
99.7
96.0
100.4
97.2
97.6
102.4
99.7
144.0

IHDHHHHH“..........

Trial Duration (weeks)

25%
82.3
82.3
81.7
82.8
80.6
80.7
87.8
81.5
90.0

75%
28
29
28
29
28
28
28
28
30

04 -i-e-uan

Trial Size
50%
23
24
23
24
23
23
24
24
24

25%
20
19
19
20
19
19
21
20
15

75%
130
140
130
140
130
132.5
120
120
120

(@)

MTD (mg)

50%

110

110

110

110

110

110
100
100

90

LI L P

25%
90
80
90
80
90
80
80
70
40

oL
Ay

0 =2-s-00

Summary Statistics for Simulations Under Targeted Dose 120mg

Exposure—Response Analysis

TABLE 3.10
Case\
Stats.
LN1
Wi
LN2
W2
LN3
W3
LNO
Wo

3+3

Dose Level (mg BID)
(d)
BO0ABABERaacacacncsnnns
Dose Level (mg BID)
Bo0BfAABaeaaceacean..
Dose Level (mg BID)

od 01t.a.
04 0fceasn

10
10 —

(e)

(c)
Dose Level (mg BID)

Dose Level (mg BID)
00808000 0se.n.....
e b 0BAB0 R Escacaacncn.s

Dose Level (mg BID)

0 -2 -e-80
04 Diasma

100
90
80—
70
60—
50—
40
30
20
10-]

10

Plots for targeted MTD 120mg: (a) Case LN1, (b) Case LN2, (c) Case LN3, (d) Case W1, (e) Case

FIGURE 3.4
W2, and (f) Case W3.

170 Jo abejusdiad



64 Statistical Approaches in Oncology Clinical Development

thus requiring shorter duration and potentially fewer subjects for a study.
Meanwhile, the AFT model with weights depending on dose levels provides
both high flexibility and efficiency in modeling, and the combination of fre-
quentist approach for model estimation and Bayesian approach for weight
determination shows more reasonable predictions for MTD.

When comparing the results from different distributions, we find that the
Weibull distribution demonstrates more variability when determining the
MTD than the log-Normal distribution, although it may require a shorter
duration of the study. The EACRM keeps underestimating the true MTD
slightly due to its conservative nature.

Although EACRM provided a satisfactory performance in terms of dose
finding, it is commonly agreed among clinicians and biostatisticians that, as
an adaptive design, the CRMs offer more aggressive dose escalation, which
may raise a notable safety concern.” Therefore, certain appropriate stop-
ping criteria may be applied when selecting the MTD. Moreover, to handle a
method with such a high flexibility in modeling, a good knowledge of both
clinical trial and statistics will be essential. In practice, for first-in-human stud-
ies that employ the EACRM, we have identified specific measures to ensure
subject safety: 1) the first subject enrolled should complete the entire observa-
tion period prior to any dose escalations, 2) at the time of a DLT, any subject
that enrolled at higher dose levels should have the option to reduce the current
dose dependent on the toxicity observed, 3) some staggering of subject enrol-
ment is required. Thus it has been proved that in the event of very aggressive
enrolment, no more than six subjects can be enrolled at the same dose level.

We also want to point out that there is always room for improvement
regarding our proposed models and methods. For instance, a straightfor-
ward generalization of the time—dose relationship can be made by devel-
oping more complicated but flexible priors on 4 when deriving the weights

by
by+D
the intercept term, we obtain a full linear function of dose level D, which
is able to fit a variety of decreasing curves that may be necessary since the
pattern of time-dose curves can be more moderate as the predicted MTD
goes up. Another generalization is applicable on the distribution of T. When

such as 1 ~Gamma(a+a,D,b) or A~ Gamma(a, ) By introducing

specifying the weights we consider an exponential distribution T ~ Exp(4)
resulting in a constant hazard, which can be extended to a Weibull distribu-
tion, T ~ W(K, 1) with more general hazard given the shape parameter K
and rate parameter A. Then, to obtain an appropriate posterior distribution,
one may assume less informative Gamma priors for K and 4 or even non-
informative priors like 77(0) <1 or 7(6)<1/6, where 6 is any parameter of
interest. However, the corresponding posterior distributions have no known
closed forms. Thus, some sampling techniques for Bayesian inference such
as the Markov Chain Monte Carlo method may be needed for obtaining the
posteriors and will be based on conditional distributions.



Exposure—Response Analysis 65

3.4 Using Exposure-Safety Response Models for Dose
Selection of the Late Phase Pivotal Study

3.4.1 Introduction

For virtually any compound, choosing the right dose or dosing regimen for
balancing safety and efficacy is crucial for the probability of success. In con-
ventional drug development process, the dose tested in the late phase registra-
tion study is commonly selected based on promising results(s) given by the
same dose and similar indication and patient population from the early phase.
The early phase outcomes in the oncology therapeutic area, however, are often
confounded by numerous dosing regimens in a variety of populations. The
dosing regimens could include different dosage strengths (e.g.,, 10mg versus
400mg), dosing frequencies (e.g., BID) versus once daily (QD)), fixed or variable
regimens (e.g., 400mg versus 5 mg/kg), formulations (e.g., solid dosage form
versus liquid), number and length of cycles, dosing interruptions, concurrent
medications, diets, and so on. Therefore, it is of value to take advantage of
pharmacokinetic exposure to correlate with the safety or efficacy outcomes.
The following example provides an analysis to identify the dose/dosing regi-
men for the phase 3 study.

3.4.2 Methodology

An exposure-response (safety) analysis was performed for patients enrolled
in one phase 1 and three phase 2 monotherapy studies conducted inter-
nationally. The mean body weight was 68kg (range 35-177kg, N = 266).
Approximately 95% of patients received drug based on body weight (mg/kg),
whereas the remaining patients had fixed dosing (mg). Transitioning from
0.25-mg/kg weight-based to 17.5-mg fixed dosing, exposure-safety response
analysis showed that the predicted toxicity rate remains similar for patients
with average body weight. However, in patients with lower/higher body
weights, the range of toxicity rate was significantly tighter for the fixed dose
as compared to the weight-based dose.

The model predicted the toxicity rate for hepatocellular carcinoma (HCC)
patients successfully and showed lower variability across patients for fixed
dose. A fixed 17.5-mg dose of linifanib was recommended for HCC patients
based on the exposure-predicted safety profile.

The objective of this analysis was to identify a linifanib dose/dosing regi-
men that has an acceptable safety profile for a phase 3 study in HCC patients.
The pharmacokinetics (PK) of linifanib was characterized from two phase
1 and three phase 2 clinical trials, evaluating linifanib as a single agent in 266
subjects from 316 enrolled patients. Covariates that have an impact on lini-
fanib PK were identified. The derived linifanib PK parameters were used to
evaluate the relationship of linifanib exposure to the safety profile, thereby
selecting a dose/dosing regimen for a phase 3 study.
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Studies were conducted internationally in advanced/metastatic solid
tumors and leukemia patients to characterize the linifanib efficacy/safety
profile. Patients received linifanib until progressive disease or intolerable
toxicity across all studies (Table 3.11). A two-stage approach was utilized—
first, the population PK analysis was conducted to characterize the linifanib
exposure for each subject; then, linifanib C,, and AUC derived from the
population PK were correlated with the rates of adverse events (AEs).

The data were analyzed using the NONMEM software version VLI
Linifanib PK was characterized by a one-compartment model with first-
order absorption and first-order elimination. This model included inter-
individual variability on all PK parameters and a combination of additive
and proportional residual error. This model was defined as a base model
and was used for the identification of covariates that influence linifanib PK.
Tested covariates included body mass index (BMI), body surface area (BSA),
body weight (WGT), creatinine clearance (CrCL), cancer type (HCC vs. renal
cell carcinoma [RCC] vs. others), formulation (solution vs. tablet), race (Asian
vs. Caucasian vs. others), and sex. Covariates were tested using an iterative
forward addition (p < 0.01) and a backward elimination (p < 0.001) proce-
dure. Using the base model as the first starting model for covariate selec-
tion, all relevant covariates were tested on apparent clearance (CL/F) and
apparent volume of distribution (V/F). After completing the forward addi-
tion, the covariate that had the least significance (highest value of p, with

TABLE 3.11

Study Descriptions

Study Phase Study Description

M04-710 1 Open-label, multiple-dose escalation study in patients with advanced
non-hematological malignancies. PK samples were collected at various
time points on studies D1 and D15. Additional pre-dose samples were
collected in later cycles.

MO05-756 1 Multicenter, dose-escalating study in acute myelogenous leukemia and

myelodysplastic syndrome patients. PK samples were collected at
various time points on D1 and D8. Additional pre-dose samples were
collected in later cycles.

MO06-879 2 Single-arm trial in advanced HCC patients. Child-Pugh A and B patients
received linifanib 0.25-mg/kg once daily and once every other day,
respectively. PK samples were taken at various time points on D1 after
single dose in 9 Child-Pugh A and 6 Child-Pugh B patients. Pre-dose
PK samples were taken on D1 of Week 2, 4, and at the end of Week 8.

MO06-880 2 NSCLC patients received oral linifanib, 0.10 or 0.25 mg/kg. Pre-dose PK
samples were taken on D1 of weeks 2, 3, 4, and 5 and at the end of
week 8.

MO06-882 2 Patients with advanced RCC received 0.25-mg/kg QD dose. Pre-dose

samples were taken on D8, D15, D29, week 8, and week 12.

D, Day; HCC, hepatocellular carcinoma; NSCLC, non-small cell lung carcinoma; PK,
pharmacokinetics; RCC, renal cell carcinoma.
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p > 0.001) was excluded in an iterative process in the backward elimination.
The final model was defined as the model containing only the most signifi-
cant covariate relations. Likelihood ratio test was used to compare nested
models (p < 0.01). Goodness of fit plots were used to assess the adequacy of
the final model. Robustness of the parameter estimates from the final model
was also assessed using bootstrap validation.

3.4.3 Results and Conclusion

Data from patients enrolled in two phase 1 (solid tumors and acute myeloid
leukemia) and three phase 2 monotherapy studies (non—-small cell lung carci-
noma [NSCLC], HCC, and RCC) who had PK information were used. Adverse
events were graded by National Cancer Institute (NCI) Common Terminology
Criteria for Adverse Events (CTCAE) V3.0.2 Prior to the exposure-response
analysis, eight common (>10%) AEs were identified as response variables—
hypertension, asthenia (including fatigue), gastrointestinal-oral (mouth
ulceration, odynophagia, oral pain, and paresthesia oral), gastrointestinal—-
abdominal disorder (abdominal discomfort, abdominal pain, abdominal
pain lower, abdominal pain upper, and abdominal tenderness), diarrhea,
skin toxicity 1 (dermatitis, dry skin, erythema, rash, rash follicular, rash
generalized, skin disorder, skin lesion, and skin reaction), skin toxicity 2 (blis-
ters, palmar erythema, palmar—plantar erythrodysesthesia), and proteinuria.
The exposure variables (predictor) were the steady-state maximum observed
concentration (C,,,,) and AUC derived from the population PK analyses. PK
parameters (CL/F, V/F, and absorption rate constant [Ka]) obtained from the
population PK analysis were used to simulate PK profiles for different doses
or regimen at steady state assuming no dose reductions/interruptions. These
PK profiles were then used to calculate the values of C,,, and AUC at steady
state. Since AEs occurring long after study drug administration were not
necessarily deemed to be clinically relevant to the study drug, only data with
the highest AE grade level developed within the first 8weeks of study for
each patient were included in the statistical analyses. To increase the power
of statistical analyses, the AE severity grade levels as defined by the NCI-
CTACE V3.0 criteria were categorized into two groups. The group was called
an EVENT if the AE grade was two or higher and a NON-EVENT other-
wise. A logistic regression analysis was performed for the exposure-safety
response analysis for each AE.

To explore the possibility of transition from weight-based dose to fixed
dose, an analysis was performed to compare the predicted AE rate after
weight-based and fixed dosing. Since sex was significantly correlated to
exposure (C,,,, and AUC), the analysis was done separately for male and
female patients. Specifically, for each of the AEs identified (hypertension,
diarrhea, proteinuria, and asthenia), predictions were computed for male
and female patients separately, with heavy (110kg), average (70kg), and light
(30kg) body weights, respectively, for both weight-based and fixed dosing.
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Since analyses based on C,,,, and AUC resulted in very similar predictions
for hypertension, diarrhea, and proteinuria, the predicted event rates based
on C,,, were depicted. For asthenia, however, only AUC but not C,,,, was
identified as a significant predictor for the likelihood of the event and thus
the predicted event rate from AUC was used.

Of the 316 patients enrolled across five multicenter studies (cancer types:
HCC 14.6%, RCC 17.1%, NSCLC 46.5%, others including breast, colon, blad-
der, pancreatic, head/neck, and miscellaneous, 21.8%), 266 patients with
both exposure and AE data were included in the exposure-response anal-
ysis (Table 3.12). In this combined data set, 46% patients were Asian, 48%
Caucasian, and 6% from other races; median body weight was 68kg (range:
35-177 kg). Most patients were male (64%) but the population contained a sig-
nificant number of female patients (N = 83). Additional demographic covari-
ates considered in the population PK model were BMI (median = 24.7 kg/m?
with range of 13.7-52.9 kg/m?), BSA (median = 1.8 m? with range of 1.2-2.8 m?),
and CrCL (median = 82.4 mL/min with range of 35.3-290.3 mL/min). Most
patients (87.6%) received an oral solution of linifanib, while 12.4% received a
tablet formulation. Approximately 95% of patients received drug based on
body weight (mg/kg), whereas the remaining patients had fixed dosing (mg).

The objective of this analysis is the correlation between linifanib expo-
sures and safety responses. A brief description of the population PK is as
follows. A one-compartment model with first order absorption and elimi-
nation described the data well. Utilizing forward and backward selections
and via examination for the differences in the objective function, both body
weight and sex were identified as the significant covariate for V/F (and
therefore C,,,,), while sex was the only significant covariate for CL/F (there-
fore, AUC). Model adequacy was examined upon a goodness of fit analysis.
One-thousand simulations were performed using the final population PK
model. No apparent bias was observed in the model (Table 3.13).

Linifanib exposure was significantly associated with increased rates of
hypertension (p = 0.02 for C,,,, and p = 0.01 for AUC), diarrhea (p = 0.001 for
Chax and p = 0.0012 for AUC), proteinuria (p = 0.001 for C,,,, and p = 0.002
for AUC), and asthenia (p = 0.03 for AUC) events. The incidence rates of the
remaining adverse events were not associated with linifanib exposure.

Drug exposures obtained from the population PK model were converted
to a variety of dose levels after accounting for sex and body weight, thereby
depicting the full scale of the dose-response relationship for body weight
dosing from 0.10-0.25 mg/kg or for fixed dosing from 7.5-17.5mg.

On the basis of exposure-response analysis, the predicted toxicity rates
were calculated for both male and female patients for each AE. In this study,
the average body weight was approximately 70kg, with a range from 30 to
110kg. Therefore, to characterize the variability among patients of different
sizes, the predicted toxicity rates for 30, 70, and 110kg were also estimated.
Under the weight-based dosing scheme, heavier patients had a greater
risk of toxicity as the exposure increased significantly. Transitioning from



TABLE 3.12
Patient Demographics
. A Gender Race
Median Median Body

Number of Age, Years, Weight, kg, Men Women Caucasian Asian Other
Study No. Patients (N) (Range) (Range) n (%) n (%) n (%) n (%) n (%)
MO04-710 33 56 (29-76) 56 (36-107) 16 (48) 17 (52) 0(0) 31(94) 2 (6)
MO05-756 29 56 (24-81) 73 (46-128) 16 (55) 13 (45) 23 (74) 5(17) 1(4)
MO06-879 38 63 (20-81) 58 (42-88) 31(82) 7 (18) 1(3) 37 (97) 0 (0)
MO06-880 124 62 (33-85) 70 (35-177) 73 (59) 51 (41) 72 (58) 46 (37) 6 (5)
MO06-882 42 60 (40-80) 84 (57-158) 35 (83) 7 (17) 34 (81) 1(2) 7 (17)
All 266 61 (20-85) 68 (35-177) 171 (64) 95 (36) 130 (49) 120 (45) 16 (6)
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TABLE 3.13

Population PK Parameter Estimates from the Final Model

Parameter (Unit) Final Model Estimate (SEE)
Structural model parameters

CL/F (L/hr) = Males 3.65 (0.13)
CL/F (L/hr) Females 2.81 (0.20)
V/F (L) = Males 96.8 (5.0)
V/F (L) = Females 71.5 (5.8)
Coefficient for weight 0.942 (0.171)
K, (1/hr) 1.32(0.09)
Inter-individual variability parameters

Variance of IIV on CL/F 0.22
Variance of IIV on V/F 0.13
Residual error parameters

Variance of proportional error term 0.06
Variance of additive error term 0.02

SEE: Standard Error of the Estimate; CL/F: apparent clearance;
V/E: apparent volume of distribution; Ka: absorption rate constant.

0.25-mg/kg weight-based to 17.5-mg fixed dosing, the exposure-safety
response analysis showed that the predicted hypertension rate remained
similar for patients with average body weight (39% for men and 44% for
women). However, in patients with lower and higher body weights, the
hypertension rate range was tighter for the fixed dose (37%—-42% for males
and 42%-55% for females) as compared to the weight-based dose (30%—-46%
for males and 34%-55% for females). Similar trends were observed for diar-
rhea, proteinuria, and asthenia (Figure 3.5). As the likelihood of the other
safety events did not appear to be associated with a change in linifanib expo-
sure, body weight-based and fixed dosing regimens are expected to result in
comparable toxicity rates for those AEs.

A one-compartment model with first order absorption and elimination
described the data well. CrCl was not a significant covariate on CL/F or
V/F in the final model, suggesting that patients with renal impairment do
not require a different dose. A population PK analysis of the available data
showed no association between hepatic function and CL/F or V/F suggest-
ing no dose adjustment for liver-impaired patients. However, in the final
model, sex was a covariate on CL/F and on V/E indicating that males and
females will have different plasma exposures for the same dose. The analy-
sis showed that, as expected, linifanib exposure was significantly associated
with toxicities manifested by anti-VEGF activities, and most noticeably, the
event of hypertension. On the basis of the exposure-response model, more
than 30% of patients who received 0.25-mg/kg or 17.5-mg linifanib would
experience at least one event of hypertension at Grade 2 or above, which
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Comparison of predicted rates of toxicities based on C,,,,, and AUC between weight-based and
fixed dosing for male (a) and female (b) patients.
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could require medical intervention. Indeed, the actual percentage of patients
who experienced the event was 37% for all patients combined, and 34% for
HCC patients. Since the exposure is associated with the toxicity rate, the risk
increased for heavier patients under weight-based dosing.

Although approximately 95% of patients received drug based on body
weight (mg/kg) in the linifanib clinical trials, there was an interest in admin-
istering a fixed dose instead of a body weight dose. As body weight was not
a significant covariate for the CL/F and, therefore, AUC in the population
PK analysis, adjusting dose by body weight would not be likely to gain addi-
tional benefit for stabilizing the overall average exposure. After the admin-
istration of a fixed dose, different C,,,, values are expected for patients with
different body weights. Since the exposure (C,,,., and AUC) was significantly
correlated with sex in the population PK analysis, assessment of safety (rates
of AEs) was conducted for the two dosing regimens (body weight dosing
versus fixed dosing) for both male and female patients separately. For all AEs
considered, the predicted rates appear to be similar when linifanib is dosed
by weight versus a fixed dose for patients with average body weight (70kg).
In addition, the AE rates in male patients are tighter over the weight range
(30-110kg) for fixed versus weight-based dosing. The predicted AE range
for female patients was slightly higher as compared to male patients, but the
AE range is still tighter over the weight range for fixed dosing regardless
of the sex as compared to the weight-based dosing. These results suggest
that a fixed dose would be more beneficial than a weight-based dose for the
population.

In conclusion, this analysis showed that linifanib PK can be well described
by a one-compartment model with first-order absorption and elimination.
HCC patients had similar exposures to patients with other tumor types.
Despite a vast majority of patients having received drug based on body
weight (mg/kg) in phase 1 and 2, a fixed 17.5-mg starting dose of linifanib
was recommended for phase 3 and is being tested in HCC patients based on
the exposure-predicted safety profile.
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4.1 Introduction

Our knowledge of tumor biology and preventive interventions have
increased considerably in the past decade [4,1719,30,33,36]. Nonetheless,
curative therapy continues to remain elusive. Most treatments that have
been developed in unselected patients offer only limited clinical benefits [7].
For example, adding bevacizumab, an antibody against VEGF-A, to first-line
chemotherapy provides an overall survival advantage of only 1.4months in
metastatic colorectal cancer patients (median overall survival of 21.3 in the
bevacizumab group and 19.9 months in the control group; [24]); adding pani-
tumumab, an antibody against EGFR, to bevacizumab and chemotherapy

75
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worsens the overall survival for these patients (median overall survival of
19.4months in the panitumumab group and 24.5 in the control group; [10]).
Clearly, there is an urgent need to improve the success rates of anticancer
therapies.

Recent studies have noted that certain treatments are beneficial only for
individuals with specific genetic characteristics. For example, panitumumab
and cetuximab monotherapies improve progression-free survival (PFS)
only in EGFR-positive metastatic colorectal cancer patients having no KRAS
mutation in codons 12 and 13 [2,12]. Hence, the Table of Pharmacogenomic
Biomarkers for Drug Labeling of the Food and Drug Administration (FDA)
lists KRAS as a treatment of these indications [16]. The term refers to any
measurable indicator of biological processes; inherited and acquired
mutations are types of biomarkers. The term “predictive biomarker” refers
to a biomarker that can help to define populations of patients who are more
likely to experience a favorable effect than similar patients without the
biomarker [8].

Examples of other predictive biomarkers include HER2 positivity for
trastuzumab treatment in breast cancer, BCR-ABL gene translocation for
imatinib treatment in chronic myeloid leukemia, and BRAF V600E muta-
tion for vemurafenib treatment in melanoma [30]. Predictive biomarkers
carry significant potential for defining patient populations that are likely to
benefit from specific anticancer therapies. Hence, they are gaining increasing
acceptance in cancer treatment [14]. However, identifying reliable predic-
tive biomarkers for cancer remains difficult [5], and only a small number of
cancer biomarkers per year have been approved for use by the FDA and the
European Medical Agency [32].

One of the reasons for these difficulties is the lack of a uniform statistical
standard for measuring whether a biomarker is predictive. For example,
some studies have made visual use of estimates to obtain insights into
whether a biomarker may be predictive, without using any quantitative
measure [15]. While visual investigations are useful exploratory tools, they
do not constitute a robust approach for identifying predictive biomarkers.
Other studies have used the interaction between a biomarker and treatment
as a measure of a predictive biomarker [2]. Indeed, recent statistical works
advocate evaluating the interaction between a biomarker and treatment
for identifying a predictive biomarker [3,18,20,23]. However, sometimes,
interaction terms can occur in statistical models because of which the out-
come is measured [29,27,34,35]. For example, traits are typically analyzed by
modeling disease risk on the scale. When the true underlying risk increases
as an additive function of biomarkers and exposure factors at a faster (or
slower) rate than that postulated by the logistic distribution, interaction
terms will be required to obtain a good fit if we model the data using the
logistic link function [29,27].

In recent works, we investigated the role of interaction terms in a
statistical model to identify a predictive biomarker for binary and outcomes
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[11,25,26]. Our investigations showed that: (i) a biomarker can be predictive
of the treatment effect even in the absence of an interaction with treatment
in a logistic regression model for binary traits or a regression model for
time-to-event outcomes; (ii) a biomarker is not a predictive biomarker only
if the biomarker or the treatment has no effect whatsoever on the outcome;
and (iii) a pragmatic approach for identifying a practically useful predic-
tive biomarker is to evaluate how risk reduction or survival gains associ-
ated with treatment differs according to the value of the biomarker.

In this chapter we provide an overview of these results and illustrate these
concepts using published data from two studies: (i) that of multiple and
single primary melanomas, where the outcome is binary; and (ii) phase III of
metastatic melanoma, where the outcome is time to event.

4.2 Methods

We first provide a general overview of the concept of statistical interaction
between a biomarker and treatment and describe the methods separately for
binary and continuous outcomes in subsequent sections.

Consider an outcome Y, treatment T, and biomarker B measured on
every individual in a study. For ease of exposition, we consider binary T
and B throughout. Additional covariates or risk factors or confounding
measures such as age, sex, race, ethnicity, and other genetic and exposure
factors may also be measured in each person as part of the study. The
general form of a model relating Y to T, B, and additional covariates is
given by:

f(Y | B,T) = 1+ BB +T6 + BTy + other factors, @1

where f(Y|B,T) is a user-specified function of the outcome, conditional
upon the risk factors, taking finite values; yis the intercept; § and ¢ are
the additive effects of the biomarker and the treatment, respectively,
and are commonly referred to as the main effects; and y is the nonaddi-
tive effect, also referred to as the interaction effect. The right-hand side
of the model may also contain the effects of other risk factors. We con-
sider specific forms of f(.) for binary and time-to-event outcomes in later
sections.

Denote g(Y | B,T) as a function of the outcome Y, conditional upon B and
T, taking finite values. From the fundamental theory of analysis of vari-
ance [31], the statistical interaction between a biomarker and the treatment,
denoted w(Y) and evaluated on the scale ¢(.) of the outcome, takes the fol-
lowing general form:
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w(y)={g(r|B=1T=1)-g(Y[B=1T=0)}
~{g(Y|B=0,T=1)-g(Y|B=0,T=0)}. 4.2

The term within the first curly parentheses on the right-hand side is a contrast
denoting the treatment effect among carriers of the biomarker B (i.e, B =1),
measured on the scale g(.) of the outcome. It is the magnitude of reduction
in g(.) associated with treatment among individuals carrying the biomarker.
The term within the second curly parentheses denotes treatment effect
among noncarriers (i.e,, B =0). The interaction effect w(Y) is the difference in
the treatment effect between carriers and noncarriers. If the treatment effect
is the same in carriers and noncarriers, w(Y) will be equal to 0.

To determine whether B is a predictive biomarker in relation to treatment
T and outcome Y, we can test the null hypothesis Hy:w(Y)=0 against
H, :w(Y)#0. Rejecting H, in favor of H, can be taken as an evidence that
B is a predictive biomarker on the scale g(.) of the outcome. Given the data
from multiple individuals, we can obtain the @ (Y) of w(Y') by maximizing the
likelihood function based on Equation (4.1) and obtain the variance Var (@(Y)).
We can then resort to the asymptotic standard normality under the test statis-

. w(Y)
ticZ(Y)=————

Var(w(Y))

Different choices of g(.) lead to interaction effects under different scales
of the outcome. For example, suppose we choose g(.)= f(.), that is, evaluate
interaction on the same scale under which the outcome is modeled. Then, it
is evident that w(Y) =7y, that is, the interaction effect in Equation (4.2) is the
same as the nonadditive term in Equation (4.1). Therefore, deciding whether
Bis a predictive biomarker by testing H : ¥ = 0 against H, : ¥ # 0 in Equation
(4.1) makes the implicit assumption that interaction effect is defined on the
scale f(.) of the outcome.

In practice, it may be convenient to fit a model on the scale f (.). However,
it may be pragmatic to evaluate the interaction contrast w(Y) under a
practically meaningful scale g(.) that is different from f(.) to identify a
predictive biomarker. A lack of statistically significant interaction under the
scale f(.) need not imply that w(Y)=0 under the scale g(.). This concept
has been examined for binary and time-to-event outcomes in the following
sections.

to test H, against H, and derive a p-value.

4.3 Binary Outcomes

Consider a binary outcome Y. We postulate a binomial distribution for Y
and assume that the risk—or the probability that Y is equal to 1—depends
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upon B, T, and other risk factors. A conventional approach for modeling
this dependence is via logistic regression [1]. Denoting 7gr = P(Y =1|B,T)
as the disease conditional upon treatment and biomarker, we set f(.) in
the left-hand side of Equation (4.1) to be the logistic link function, given
by:

F(Y|B,T)=log {1”‘”} 4.3)

— Tt

Analytic machinery for fitting a logistic regression model to obtain maximum
likelihood estimates of the model parameters and to conduct hypothesis
tests on these parameters is well-established and is implemented in most
statistical software packages.

To evaluate a predictive biomarker via an interaction between a biomarker
and treatment, suppose we set ¢(.) as the logistic link function in Equation
(4.2). Then, the interaction contrast w(Y') is the logarithm of relative risk for
disease associated with treatment according to the biomarker status and is
equal to y. Deciding whether B is a predictive biomarker by testing Hy : ¥ =0
against H, :y #0 is equivalent to evaluating interaction contrast under the
logistic scale of risk.

The parameter y is a relative quantity in the sense that it measures disease
risk relative to the baseline risk. Although this is a useful quantity, relative
measures are not easy to convey to an individual patient. From the public
health and patient communication perspectives, it is more appealing to
assess treatment effects and their variation according to biomarker values
directly on the scale of risk. Therefore, it will be pragmatic to define g(.) in
terms of risk by setting g(Y | B,T) = mgr. Hence, the interaction contrast is
given by:

w(Y) =111 — Ty — o1 + Moo

} 4.4)

Here o can be interpreted as the baseline risk, that is, risk among untreated
noncarriers. For a rare disease, we may approximate the relative risk terms
T/ Moo, J k€ {0,1}, in terms of odds ratios. Hence, it follows from Equations
(4.1) and (4.3) that:

w(Y) =100 x{exp(B+5+y)—exp(B)—exp(5)+1}. @.5)

In the epidemiology literature, the quantity exp(8+6 +7)—exp(B)—exp(6)+1
is referred to as the “Relative Excess Risk due to Interaction” and
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abbreviated as RERI [21,37]. Assuming that the baseline risk 7y, is nonzero,
testing Hy:w(Y)=0 against Hs :w(Y)#0 on the risk scale is equivalent
to testing H, : RERI = 0 against H, : RERI # 0. We can estimate RERI using
the maximum likelihood estimates f, §, and y from a logistic regression
model, obtain the variance estimate using the Delta method, test the null
hypothesis H, : RERI =0 against H, : RERI#0, and obtain the p-value to
determine the statistical significance of RERI or, equivalently, w(Y) on the
scale of risk [37].

Note that RERI need not be equal to 0 even when y =0, that is, we can have a
nonzero interaction effect on the scale of risk even when the interaction effect
is 0 on the logistic scale [9,22]. When y = 0, RERI =0 only when f=0o0r §=0
[26]. Note that when y = 0, RERI = 0 implies that {exp(B8)-1}{exp(8)-1}=0.
This equation holds only when =0 or 6 = 0. Conversely, when y = 0 and, say,
p =0, it immediately follows that RERI = 0.

Taken together, these observations show that the absence of an interac-
tion effect in a logistic regression model does not automatically imply a
lack of interaction on another scale of the outcome—particularly, on the
risk scale. Therefore, we can have a predictive biomarker on the risk scale
of the outcome even in the absence of an interaction effect on the logistic
scale.

Note that testing the null hypothesis of no interaction on the logistic
scale involves testing a single parameter y. In contrast, RERI depends upon
three parameters: f, §, and y. Hence, the variance of RERI will be affected
by the variability in # and § in addition to that of y. This could affect the
power to test an interaction effect based on RERI. Therefore, instead of
relying on a hypothesis test to detect a predictive biomarker, we may
estimate P(y >0) and P(RERI>0) and suppose that there is noteworthy
evidence for a predictive biomarker on the logistic and risk scales, respec-
tively, when these probabilities exceed some user-specified threshold—for
example, when these probabilities exceed 90%. Since y and RERI may also
take negative values, we suggest estimating the maximum probabilities
max{P(y >0),P(y <0)} and max{P(RERI>0), P(RERI<0)}. Since esti-
mating these probabilities is not straightforward, we suggest using the
following procedure. Given the data on n cases and controls, sample n
individuals with replacement and estimate y and RERI for this sampled
data set. Repeat this sampling procedure B times (for example, B = 1,000)
and estimate P(y >0) and P(RERI > 0) as the proportions of ys and RERIS,
respectively, from the sampled data that are greater than 0. Estimate
P(y <0) and P(RERI<0) in a similar manner, and obtain the maximum
probabilities. This concept is based on a recent work, where we used such
maximum probabilities to measure the strength of association between
putative risk factors and disease outcome [28].

These concepts are illustrated in the next section using published data
from a case—control study of melanoma.
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4.3.1 Illustrative Example—A Case—Control Study of Melanoma

Kricker et al. [13] reported a case—control study of melanoma with indi-
viduals having single primary melanoma as controls and those with mul-
tiple primary melanomas as cases. We illustrate the concepts described
earlier using sun exposure and the MCIR gene measured in 743 cases
and 1,525 controls. Sun exposure of each person is binary, indicating the
presence or absence of at least 814 kJ/m? of early-life ambient ultraviolet
averaged at birth and age 10 (see Kricker et al. [13] for details). The binary
biomarker of each person is the presence or absence of at least one red hair
color variant in the MCIR gene. We use these data to examine whether
MCIR may be a predictive biomarker for sun exposure in melanoma, that
is, whether the effect of sun exposure on melanoma varies according to
the level of MCIR.

Kricker et al. [13] examined the association between risk for second pri-
mary melanoma, MCIR, and sun exposure by adjusting for several factors
such as age and sex. However, since the full data set from their study is not
readily available from their paper, we illustrate the concepts described ear-
lier using the published data reported in Table 3 of Kricker et al. [13], which
is reproduced in Table 4.1.

The additive effects of MCIR, sun exposure, and their interaction effect
on the logistic scale, denoted by f, §, and y, respectively, can be obtained by
fitting a logistic regression model to these data. The maximum likelihood
estimate of y is 0.14 (standard error = 0.18), which is not significantly different
from O at the 5% level (p-value = 0.44). Thus, there is no significant evidence
that MCIR is a predictive biomarker for sun exposure on the logistic scale.
The maximum likelihood estimate of RERI is 0.55 (standard error = 0.29),
which is not significantly different from 0 at the 5% level (p-value = 0.06).

Figure 4.1 shows a histogram of 1,000 bootstrap estimates of y and RERI. On
the basis of these bootstrap estimates, we have P(y >0)=0.79=1-P(y <0)
and P(RERI>0)=0.98 =1- P(RERI < 0). Hence, the maximum probabilities
corresponding to y and RERI are 0.79 and 0.98, respectively. Using a thresh-
old of 90% probability, these estimates suggest noteworthy evidence for an
interaction on the scale of risk, but not on the logistic scale.

TABLE 4.1

Data from a Case—Control Study of Melanoma Published in

Table 3 of Kricker et al.

MCI1R Sun Exposure Controls Cases

NoR No 468 148
Yes 330 166

Yes R No 415 181

Yes 312 248
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FIGURE 4.1

Bootstrap estimates of y (left panel) and RERI (right panel) for the melanoma case—control data.
The bold vertical lines show the maximum likelihood estimates 0.14 for y and 0.55 for RERI
from the observed data. The dashed vertical lines show the null y and RERI values of 0.

Computer commands in the R programming language for obtaining these
results are given in Section 0.1.

4.4 Time-To-Event Outcomes

Consider a time-to-event outcome Y, which is the observed time at which
the endpoint occurs in a person or if the person does not have the endpoint,
their last follow-up time. As before, let B and T denote binary biomarker and
treatment or exposure, respectively.
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Denote S(Y |B,T) as the survival probability, that is, the probability that
a person survives beyond time Y, given B and T. We can estimate this prob-
ability using the Kaplan-Meier approach [6], which is implemented in most
statistical software packages.

Let Z,(Y | B,T) denote the hazard of event at time Y, given B and T.
From the fundamental concepts of survival analysis [6], we have:

Y
S(Y|B,T)=exps—| Alu|B,T)duy. A common approach for modelin
P . pp g

disease hazard as a function of B and T is the proportional hazards regres-
sion model given by:

log{A(Y|B,T)}=log{A(Y)}+BB+T5+BTy, (4.6)

where 4, (Y) denotes the baseline hazard at time Y. In the notation of Equation
4.1), we have f(Y | B,T) = log{l(Y | B,T)} and u= log{lo (Y)} Analytic
machinery for fitting this model to estimate f, §, y, and software packages for
fitting the proportional hazards model are widely available.

To evaluate a predictive biomarker, we consider two scales of outcome to
define the interaction effect w(Y). First, we measure the interaction effect on
the logarithm of the hazard scale by defining g(Y | B,T)= log{l(Y | B,T)} in
Equation (4.2). Thus, the interaction effect is the logarithm of hazard ratios.
When the true disease hazard follows a proportional hazards model
given by Equation (4.6), we have w(Y)=y, which does not depend
upon Y. Testing whether B is a predictive biomarker on the logarithm of
hazard scale is equivalent to testing the null hypothesis H : y = 0 against the
alternative H 4 : ¥ # 0, which can be done using statistical software packages
that implement proportional hazards regression model. When y =0, B is not
a predictive biomarker on the logarithm of hazard scale.

In practice, however, the effect of treatment and variation in treatment
effect can depend upon time. For example, the effect of a treatment may
be best realized only after a certain time. From this viewpoint, evaluating
a predictive biomarker on the hazard scale using a proportional hazards
framework may not be a clinically useful approach. Further, the hazard func-
tion is not easily interpretable during a dialog between a clinical practitioner
and a patient. The probability of surviving beyond a particular time point
based on biomarker values and treatment assignment is an attractive mea-
sure that can be more easily communicated to a patient than the hazard ratio.
Hence, we define the interaction effect w(Y') on the survival probability scale
by defining g(Y|B,T)=5(Y|B,T).

On the survival probability scale, the treatment effect for a given B measures
the increase in survival probability associated with treatment in that biomarker
group. The interaction measures the difference in survival gains between the
carrier and noncarrier biomarker groups, which is analogous to RERI. Unlike
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the interaction effect defined on the logarithm of hazard scale and under the
proportional hazards framework, the interaction effect on the survival probabil-
ity scale depends upon the time point Y. The survival probabilities and, hence,
w(Y)canbe estimated using the Kaplan—Meier approach for a given Y, although,
in principle, they may also be estimated via a proportional hazards regression
model. In this chapter, we use the Kaplan—-Meier approach to estimate the sur-
vival probabilities at the desired time Y, where Y may be chosen according to
clinical relevance such as six-month or one-year survival probabilities or using
summary such as the median survival time based on the full data set.

Note that, under the proportional hazards framework, the interaction
effect on the survival probability scale can be written as [25]:

w(Y)={ A, (N} L, ()P~ LA, (1Y {4, (V)), @)

Y
where {AO(Y)}=exp{—J. /lo(u)du}. When y =0, the right-hand side is
0

equal to 0 only when f or é is equal to 0. This suggests that, when there
is no interaction in a proportional hazards model, we can have a nonzero
interaction effect on the survival probability scale. Therefore, we can have a
predictive biomarker on the survival probability scale even when there is no
interaction effect on the logarithm of hazard scale.

Once the survival difference is estimated using the Kaplan-Meier
approach, we can evaluate whether B is a predictive biomarker by testing
H, : survival difference = 0 against the alternative H, : survival difference # 0
via a normal approximation to the test statistic, as noted earlier.

Even though we estimate the survival difference using the Kaplan-Meier
estimates of survival probabilities, it can be noted from the proportional
hazards formulation given in Equation (4.7) that the interaction effect on the
survival probability scale can depend upon both additive and nonadditive
parameters. This could potentially affect the power to detect an interaction
effect on the survival probability scale. Therefore, as before, we suggest a boot-
strap approach to investigate noteworthy evidence for the presence of a pre-
dictive biomarker as an alternative to hypothesis testing on the logarithm of
hazards and survival probability scales. As in the case of binary outcomes, this
approach involves estimating the interaction effects on the logarithm of haz-
ard and survival probability scales by repeatedly sampling with replacement
from the observed data to estimate the corresponding maximum probabilities.

These concepts are illustrated in the next section using digitized data from
a published clinical trial of metastatic melanoma.

4.4.1 lllustrative Example—A Phase Il Trial of Metastatic Melanoma

Nivolumab (abbreviated N), a programmed death 1 (PD-1) checkpoint
inhibitor, and ipilimumab (abbreviated I), a cytotoxic T-lymphocyte-associated
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antigen 4 (CTLA-4) checkpoint inhibitor are used in the treatment of meta-
static melanoma. Recently, Larkin et al. [15] reported the results of a double-
blinded phase III clinical trial of metastatic melanoma patients, where 945
patients were randomized in a 1:1:1 ratio to N monotherapy, C monother-
apy, and N + I combination therapy. Randomization was stratified accord-
ing to the binary (positive or negative) status of programmed death 1 ligand
(PD-L1) expression, which could be evaluated for 843 patients. The main
objective of this study was to assess the effect of treatment on PFS, measured
as months since treatment assignment. To illustrate the methods described,
we use data from 565 patients randomized to N or I monotherapies, their
PD-L1 status, and PFS.

Since the full data from this phase III trial is not available, we digitized the
figures reported in Larkin et al. [15] and extracted approximate patient-level
data on PFS time, PFS status, treatment group, and PD-L1-positivity status
in 565 patients receiving N or I monotherapy. Details of the digital extraction
process and software packages used are described elsewhere [25] and will
not be repeated here. The digitized data are available upon request from the
author of this chapter.

The median survival time based on 565 patients is 3.95months. The
sample sizes in the N and I treatment groups and PD-L1 status based on
the digitally extracted data are given in Table 4.2. Figure 4.2 shows the
Kaplan-Meier estimates of PFS for PD-L1-positive (n = 155) and PD-L1-
negative (n = 410) patients. It is evident that patients receiving N have better
PFES than those receiving I, regardless of the PD-L1 status. On the basis of a
proportional hazards model, the maximum likelihood estimate of the effect
of I monotherapy (baseline is N monotherapy) on the logarithm of hazard
scale is 0.53 in the PD-Ll-negative group and 0.89 in the PD-Ll-positive
group. Thus, the magnitude of treatment effect on the logarithm of hazard
scale is higher for the PD-L1-positive than the PD-L1-negative group. The
effect of interaction on the logarithm of hazard scale is 0.36 (= 0.89 — 0.53;
standard error = 0.25), which is not significantly different from 0 at the 5%
level (p-value = 0.15).

Next, we calculate treatment and interaction effects on the survival
probability scale at the median survival time of Y = 3.95months. This
choice of Y is unbiased in the sense that it uses the complete data set of

TABLE 4.2

Summary Based on Digitized Data from the Phase III Trial of Metastatic
Melanoma of Larkin et al.

PD-L1 Treatment Total Patients Total Events

Negative Nivolumab 208 127
Ipilimumab 202 156

Positive Nivolumab 80 32

Ipilimumab 75 53
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FIGURE 4.2

Kaplan-Meier estimates of PFS probabilities for PD-L1-positive (top panel) and negative
(bottom panel) metastatic melanoma patients receiving nivolumab (N; dashed line) and
ipilimumab (I; bold line) treatments. The median survival time of 3.95months based on all the
565 patients is shown as a vertical line.

565 patients and does not depend on PFS time according to the PD-L1 sta-
tus and treatment groups. The treatment effect on the survival probability
scale is —0.29 in the PD-Ll-positive group, that is, PFS at 3.95months is
reduced by 29% for PD-L1-positive patients receiving I monotherapy com-
pared to those receiving N monotherapy. The corresponding treatment
effect for PD-Ll-negative patients is —0.14. The interaction effect is —0.15
(= -0.29 + 0.15; standard error = 0.092), which is not significantly differ-
ent from 0 at the 5% level (p-value = 0.11). Thus, these data do not provide
significant evidence that PD-L1 expression is a predictive biomarker for
N versus I monotherapy in metastatic melanoma patients on the survival
probability scale.

Figure 4.1 shows a histogram of 1,000 bootstrap estimates of inter-
actions on the logarithm of hazard scale (ie, y) and survival prob-
ability scale (ie, survival difference). On the basis of these
bootstrap ~ estimates, we have P(y>0)=093=1-P(y<0) and
P(survival difference < 0) = 0.93 = 1- P(survival difference > 0). On a thresh-
old of 90% probability, these estimates suggest noteworthy evidence for an
interaction on both the scales considered.

Computer commands in the R programming language to obtain these
results are given in Section 0.2.
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4.5 Concluding Remarks

There is considerable interest in evaluating the statistical interaction
between a biomarker and the treatment for identifying a predictive bio-
marker. However, the presence of an interaction may depend upon the scale
on which the outcome is measured. In this chapter, we have examined dif-
ferent scales of outcome to evaluate an interaction between a biomarker and
the treatment for binary and time-to-event outcomes. Our investigations are
built on extensive studies of interactions in the epidemiology literature and
in our prior works [11,22,21,26,25,37].

The evaluation of the interaction between a biomarker and treatment on
a practically interpretable scale is an important first step in identifying a
predictive biomarker. However, the presence of such an interaction alone is
not sufficient for using a biomarker to make treatment decisions. Validation
of the interaction using external data is crucial. Several additional follow-
up investigations are also required before a biomarker can be used to make
treatment decisions in practice. These investigations include evaluating the
cost—benefit aspects of using a biomarker in practice and evaluating toxicities
associated with treatment, to name a few.

Our illustrative example of a case—control study of melanoma suggests that
there is a noteworthy interaction between MCIR and sun exposure on the risk
scale. From a practical standpoint, this noteworthy observation would mean
that interventions such as education strategies about reducing sun exposure
as a way to reduce the risk of multiple primary melanomas are broadly impor-
tant for all patients; however, a more specialized education to this end may be
provided to individuals carrying a red hair color variant in MCIR. Taken at
face value, this implies that every patient must be tested for the presence of a
red hair color variant in MCIR, and educational intervention strategies about
reducing sun exposure can be tailored according to the presence or absence of
this variant. Thus, there is a cost associated with genetic testing to decide the
intervention strategy. In practice, however, the cost-benefit aspects of tailoring
intervention strategies according to the value of a biomarker must be explored
in detail before they can be implemented. Further research is required on
cost-benefit aspects of predictive biomarkers and is not pursued here.

Our illustrative example of a phase III clinical trial of metastatic melanoma
suggests that there is a noteworthy interaction between treatment and PD-L1
on both logistic and survival probability scales. While nivolumab treat-
ment is associated with improved PFS relative to ipilimumab treatment
in both PD-Ll-positive and PD-Ll-negative patients, the improvement is
greater in PD-L1-positive than PD-L1-negative patients. Taken at face value,
this implies that PD-L1-positive patients are likely to benefit better from
nivolumab treatment than PD-Ll-negative patients. Whether this implies
that PD-L1-positive patients alone may be treated with nivolumab is an
important question, but one that requires a deeper understanding of the
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data and the results. In our example, nivolumab improves PFS regardless
of PD-L1 status (see Figure 4.3), which suggests that, despite a noteworthy
interaction, nivolumab treatment may be appropriate for all patients regard-
less of their PD-L1 status. Further, any toxicities associated with treatment,
over and above its statistical interaction with a biomarker, can also play a
crucial role in deciding whether that treatment should be administered to
patients regardless of or according to the biomarker status. Further research
is required on aspects surrounding toxicities to evaluate a predictive
biomarker and is not pursued here.
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FIGURE 4.3

Bootstrap estimates of interactions based on the logarithm of hazard scale (y; left panel) and
the survival probability scale (survival difference; right panel) based on digitized data for
patients receiving nivolumab and ipilimumab monotherapies in the metastatic melanoma
phase III trial. The bold vertical lines show the maximum likelihood estimates 0.36 and —0.15
for interactions on the logarithm of hazard and survival scales, respectively, from the digitized
data. The dashed vertical lines show the null interaction effects of 0.
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The ideas in this chapter are presented in the context of a binary biomarker
and a binary treatment. Advances in biotechnology allow us to measure alarge
number of biomarkers—for example, genome-wide evaluation of inherited
and acquired mutations and gene expressions. Further research is required in
the areas of statistical and computational models to assess variation in treat-
ment effects associated with multiple biomarkers and is not addressed here.
For a time-to-event endpoint, the interaction on survival probability scale is
evaluated at a specific time point. The time point must not be chosen conve-
niently after looking at the outcome according to the biomarker and treat-
ment groups. Further research is required on the choice of an optimal time
point to evaluate a predictive biomarker and is not discussed here.

In summary, investigating an interaction between a biomarker and treat-
ment in relation to an outcome as a strategy for identifying a predictive
biomarker, while important, must proceed with care. This is because the
presence of an interaction may depend upon the scale on which an outcome
is measured. Several open quantitative problems remain in the area of
predictive biomarkers, warranting further statistical research on this topic.
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Computer Programs

0.1 R Commands for Analyzing the Kricker et al.
Melanoma Data with Binary Outcome

> n.control = c (468, 330, 415, 312)
> n.case = c (148, 166, 181, 248)
>
>y = c(rep(l, sum(n.case)), rep(0, sum(n.control)))
>
>mclr = c(rep(0, n.casel[l] + n.casel[2]),
rep(l, n.case[3] + n.casel4]),
rep(0, n.control[l] + n.control[2]),
rep(l, n.control[3] + n.control[4]))
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\Y

sun.exp = c(rep(0,n.case[l]), rep(l,n.casel2]),
rep(0,n.case[3]), rep(l,n.casel4]),
rep(0,n.control[1]), rep(l,n.control[2]),
rep(0,n.control[3]),rep(1l,n.control[4]))

>
> full.fit = glm(y~mclr * sun.exp, family="binomial")
>
> round (summary (full.fit) $coeff, 2)

Estimate Std. Error z value Pr(>|z|)

(Intercept) -1.15 0.09 -12.21 0.00
mclr 0.32 0.13 2.48 0.01
sun.exp 0.46 0.13 3.46 0.00
mclr:sun.exp 0.14 0.18 0.75 0.45

> beta = round(summary (full.fit) $coeff["mclr", "Estimate"], 2)
> delta=round (summary (full.fit) $coeff["sun.exp", "Estimate"], 2)
> gamma = round (summary (full.fit) $coeff["mclr:sun.exp","Estim
ate"], 2)
> se.gamma = round (sqgrt (
summary (full.fit) $cov.scaled["mclr:sun.exp",
"mclr:sun.exp"]), 2)

> gamma.p.value = round(2*(1l-pnorm(abs(gamma/se.gamma))), 2)
> gamma.result = c(gamma, se.gamma, gamma.p.value)
> names (gamma.result) = c("estimate", "s.e", "p-value")
> gamma.result
estimate s.e p-value
0.14 0.18 0.44

#HHHHHFHFH S HFHEHE RERT H#HH$HHHHH#HS

> reri = exp(beta + delta + gamma) - exp(beta) - exp(delta) + 1
> var.mat.par = summary (full.fit) $cov.scaled[-1,-1]

> deriv.vector = matrix( c(exp(betat+deltat+gamma) - exp (beta),
+ exp (betat+deltat+gamma) - exp(delta),
+ exp (betat+deltat+gamma) ), nrow=1l)

> reri.se = sqgrt(as.vector(deriv.vector %*% var.mat.par %*%

t (deriv.vector)))

> test.reri = reri / reri.se
> reri.p = 2 * (l-pnorm(abs(test.reri)))
> reri.result = c(reri, reri.se, reri.p)
> names (reri.result) = c("reri", "s.e", "p-value")
> round (reri.result, 2)

reri s.e p-value

0.55 0.29 0.06

#H##HHAHHHHHHH

#

# The commands to get the bootstrap estimates of

# maximum probabilities are not described in detail.
# Only a brief outline is given.


http://reri.se
http://reri.se
http://reri.se
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#

HEHHHHAH SRS HE

> obs.data = data.frame(y=y, mclr=mclr, sun.exp=sun.exp)
> n.boot = 1000

> reri.boot = NULL

> gamma.boot = NULL

> for(i in 1l:n.boot) {

+ print(paste("i is ", 1))

+ sample.id = sample(l:nrow(obs.data), nrow(obs.data), replace=T)
+ boot.data = obs.datalsample.id,]

H###H##

#

# apply the given analyses to the data in boot.data

#

# collect gamma andreri into the vectors gamma.boot and reri.boot
#

H##H#H##

+ }

> max (length (which (gamma.boot>0)) /n.boot,

+ length (which (gamma.boot<0)) /n.boot)

[1] 0.786

> max (length (which (reri.boot>0)) /n.boot,

+ length (which(reri.boot<0)) /n.boot)

[1] 0.975

0.2 R Commands for Analyzing the Larkin et al. Metastatic
Melanoma Data with Time-To-Event Outcome

HEHHHHAHHHHEH

#

# The object larkin.nivo.ipi.data contains the required data.
HEHHHHAH SRS HE

##H#HHHHHAHHHH

# A sample view of the first 10 rows of this data set

# is given here. Column 1 is PFS time. Column 2 is

# binary indicator for event. Column 3 is treatment

# arm number indicating the treatment and pdll-status

# combination. Column 5 is pdfll.status of a patient, and
# Column 6 is the patient's treatment type.

#

#

>

H#H#HHHAHAHHH
larkin.nivo.ipi.data[1:10,]
time event tmt.arm.number pdll.status treatment.type

1 0.678 1 nivo.pdll.neg negative nivolumab
2 0.678 1 nivo.pdll.neg negative nivolumab
3 0.678 1 nivo.pdll.neg negative nivolumab
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4 0.678 1 nivo.pdll.neg negative nivolumab
5 0.678 1 nivo.pdll.neg negative nivolumab
6 0.905 1 nivo.pdll.neg negative nivolumab
7 0.910 1 nivo.pdll.neg negative nivolumab
8 0.939 1 nivo.pdll.neg negative nivolumab
9 1.140 1 nivo.pdll.neg negative nivolumab
10 1.140 1 nivo.pdll.neg negative nivolumab
H##HH##

# get median survival time

H##H#H##

> full.fit = survfit (Surv(time, event) 71, data=larkin.nivo.ipi.
data)

> median.surv.time =

+ summary (full.fit) $time [which (summary (full.fit) $surv< 0.50)
[111

>

> median.surv.time

[1] 3.95

H##H#H##

###### fit proportional hazards regression model to estimate
interaction

###### effect on the logarithm of hazard scale
H##H#H##

> larkin.cox = coxph(Surv(time, event) "pdll.status
(treatment. type=—="ipilimumab"),
data=larkin.nivo.ipi.data)

%

tmt.effect.pdll.neg
tmt.effect.pdll.neg
1] 0.5269689

summary (larkin.cox) $coeff[2,1]

tmt.effect.pdll.pos

summary (larkin.cox) $coeff[2,1] +
summary (larkin.

+V VeV VYV A+ +

cox) $coeff[3,1]
> tmt.effect.pdll.pos
[1] 0.8913867
>
> interaction.log.hazard = summary(larkin.cox) $coeff[3,]
> interaction.log.hazard
coef exp(coef) se(coef) z Pr(>|z])
0.3644177 1.4396755 0.2543037 1.4330023 0.1518572

> #####H####### interaction on the survival probability scale
#H##HHAHHHH

>
> fit.all = survfit(Surv(larkin.nivo.ipi.data$time,
+ larkin.nivo.ipi.data$event)

+ larkin.nivo.ipi.data$tmt.arm.number)
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>
> fit.all.result = cbind(fit.alls$time, fit.all$surv, fit.
all$std.err)

> gtratum.size = cumsum(fit.all$strata)

> nl = stratum.size[1]

> n2 = stratum.size[2]

> n3 = stratum.size[3]

> n4 = stratum.size[4]

>

> stratum.l = fit.all.result[l:nl,]

> stratum.2 = fit.all.result[(nl+l) :n2,]

> stratum.3 = fit.all.result[(n2+1l) :n3,]

> stratum.4 = fit.all.result[(n3+1l) :n4,]

>

> 811 = stratum.4[which(stratum.4[,1l] >median.surv.time ) [1]-1,]1
> 810 = stratum.3[which(stratum.3[,1] >median.surv.time ) [1]-1,]1
> S01 = stratum.2[which(stratum.2[,1] >median.surv.time ) [1]-1,]1
> S00 = stratum.l[which(stratum.1l[,1l] >median.surv.time ) [1]-1,]1
>

#HHHHHAHH

# the standard error returned by the survfit object is the

# standard error for log survival probability. the variance

# for survival probability is, therefore, (surv.prob* std.

error) *2,

# by delta method. therefore, variance of S11 - S10 - S01 + S00
# is calculated in the var.val object, as follows.

HEHHHHHHS

> var.val = (S11[2] * s11[3])"2 + (S10[2] * S10[3])"2 +
+ (s01[2] * S01[3]1)"2 + (S00[2] * S00[3])"2

>

> tmt.effect.pdll.pos = S11[2] - S10[2]

> tmt.effect.pdll.neg = S01[2] - S00[2]

> interaction.surv.prob = tmt.effect.pdll.pos - tmt.effect.
pdll.neg

>

> test.stat = interaction.surv.prob / sqrt(var.val)

> test.p = 2 * (1 - pnorm(abs(test.stat)))

>

> interaction.surv.prob.scale =

+ c(interaction.surv.prob, sqgrt(var.val), test.p)

> names (interaction.surv.prob.scale) =

+ c("int.effect", "std.err", "p-value")

>

> tmt.effect.pdll.pos

[1] -0.2898321

> tmt.effect.pdll.neg

[1] -0.1444108

> interaction.surv.prob.scale
int.effect std.err p-value
-0.14542130 0.09223076 0.11486192
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HEHHHHA RS HEH

#

# The commands to get bootstrap estimates

# are not described in detail.

# Only a brief outline is given as follows.

#

HEHHHHAH SRS HHE
> n.boot = 1000
surv.diff.boot = NULL
surv.gamma.boot = NULL

for(i in 1l:n.boot) {

print (paste("i is ", 1i))

sample.id = sample(l:nrow(larkin.nivo.ipi.data),

nrow(larkin.nivo.ipi.

+ + + V V V

data), replace=T)

+ boot.data = larkin.nivo.ipi.datalsample.id,]
H###H##

#

# apply the given analyses to the data in boot.data
#

# collect gamma and survival difference into

# vectors surv.gamma.boot and surv.diff.boot.

#

H##H#H##

+}

> max (length (which (surv.gamma.boot>0)) /n.boot,
+ length (which (surv.gamma.boot<0)) /n.boot)
[1] 0.932

>

> max (length (which(surv.diff.boot>0))/n.boot,
+ length (which (surv.diff.boot<0))/n.boot)
[1] 0.934

>
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5.1 Introduction

In phase II trials, the primary goal is to get a better understanding of the
safety and efficacy of an intervention to make a go/no-go decision to “defini-
tively” test that intervention in a subsequent phase III trial. Because such
trials are generally designed to establish preliminary evidence (rather than
“final” proof) of efficacy, a more liberal significance level (e.g., a two-sided
type I error of 10%—20%) is often used for the primary hypothesis. Secondary
goals of phase II trials include identification of subsets of the study popula-
tion most likely to benefit from treatment, further evaluate toxicity profiles,
quality of life (QOL) assessment, and other correlative endpoints.!

Given the somewhat exploratory nature of phase II trials, the endpoints
used to evaluate a particular intervention in the phase II setting tend to
differ from those that would be used to evaluate the same intervention in
the phase III setting. In particular, phase II cancer trials tend to use shorter
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term endpoints, such as response rate, disease control rate, progression-free
survival (PFS), and disease-free survival (DFS) rates at predetermined time
points, whereas phase III trials tend to use time-to-event endpoints such as
overall survival, PFS, and DFS.! As mentioned earlier, phase II trials are used
to determine whether or not an intervention should be further evaluated in
the phase III setting. Therefore, making the selection of an appropriate end-
point in the phase II setting is critical. In fact, results of a recent study sug-
gest that the likelihood of a drug ultimately receiving FDA approval once
it has reached the phase III setting is only approximately 50%, and that,
among drug programs that are suspended in the phase III setting, approxi-
mately 54% are suspended for efficacy reasons.? Thus, it is important that the
phase II endpoint will be a strong surrogate for the corresponding phase III
endpoint in order to derive meaningful conclusions at the end of the trial
with regard to the go/no-go decisions. Roughly speaking, this means that,
ideally, the observed treatment effect on the phase II endpoint (or surrogate)
will be strongly indicative of what the observed treatment effect would be on
the corresponding phase III endpoint. However, the ideal phase II endpoint
varies, depending on the type and severity of disease, and on the type of
treatment being evaluated, making the validation of potential surrogate
endpoints challenging.!

The goal of this chapter is to describe study designs that are commonly
used in phase II trials in oncology and to discuss when each of these might be
relevant. With increased interest in biomarker-based studies in recent years,
much of the chapter focuses on design considerations for these studies. This
chapter is organized as follows: design considerations for single-arm versus
randomized trials (Section 5.2); various biomarker-based designs (Section 5.3);
and design considerations for immunotherapy trials (Section 5.4). The chapter
ends with a brief summary and some general guidelines in Section 5.5.

5.2 Single-Arm Versus Randomized Trials

A single-arm trial is designed using a historical control for comparison—all
patients receive the same intervention and results are generally compared to
a historical control. Because all patients receive the same intervention and
the historical control provides a “fixed” target, single-arm trials can often
be adequately powered with a relatively small number of patients; however,
because the control group does not actually take part in the study, the con-
clusions made based on the findings of single-arm trials are generally not
as strong as those made based on randomized trials. More specifically, the
major drawback of a historical control is that the outcome of interest will
not usually be observed under the same or similar trial conditions or some-
times even within the same population or similar time period. Thus, it is
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generally very difficult to know with certainty if any differences in outcomes
between those receiving the intervention on study and the historical con-
trol are due to the intervention, due to differences in the population and/
or trial settings, due to improvement in standard of care over time, or sim-
ply a result of expecting to get better or worse due to the fact that patients
receiving the intervention know they are participating in a clinical trial.
Because of this, a randomized trial design should be considered whenever
possible. These advantages and challenges also apply to parallel multi-arm
studies, where the outcomes of patients in each arm are compared to the
historical control.

A simple two-arm study includes one arm that receives the intervention of
interest and a separate “control” arm that receives the control intervention
(instead of a historical control). Because the control group is now experi-
encing the same trial conditions, the potential for misleading results due to
differences in patient characteristics and/or trial settings between the inter-
vention and control arms is reduced. Moreover, because both arms are partic-
ipating in the same trial, this often helps to reduce the potential for observed
differences between groups resulting from patients knowing they are partic-
ipating in a trial; however, the extent to which all of this is possible depends
heavily on the manner in which patients are assigned to the arms (specifi-
cally, randomized vs. non-randomized), as well as the patients” awareness of
which intervention they are receiving. While including a control arm helps
to ensure that the intervention and control groups experience similar trial
settings, this alone does not guarantee that the two groups will be directly
comparable. To help better ensure comparability, patients should be assigned
to one of the study arms randomly. Though not guaranteed, particularly
when the study only contains a very small number of patients, this ensures
that the study arms have a similar mixture of patients (in terms of their char-
acteristics), thereby reducing the potential for observed differences in out-
comes across the arms due to the fact that patient characteristics differ across
arms. Furthermore, when possible, the randomization is either single- or
double- blind—patients or both patients and treating physicians are blinded
to which arm they have been assigned to. This helps ensure that patients in
each study arm have similar expectations, thus reducing the potential for
observed differences in outcome between study arms due to differences in
expectations, which could be present if patients and/or treating physicians
are aware of the intervention being received.

Mandrekar and Sargent® provide a detailed description of randomized
phase 1I designs, which is briefly summarized here. Randomized phase II
designs can be broken down into three categories: (1) randomization to par-
allel non-comparative single-arm experimental regimens, each of which
contains an independent decision rule, that is, the outcome of each arm is
compared to a historical control; (2) randomized selection designs, which
select the most promising experimental regimen among several similar
experimental regimens without a strict control on the type I error rates;
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and (3) randomized screening designs, which compare an experimen-
tal regimen to standard of care. Example schemas for these designs are
shown in Figures 5.1-5.3. In studies with randomly assigned, parallel, non-
comparative interventions, each individual treatment arm is structured as
an independent phase II study with determination of “promising activ-
ity” based on a comparison against a historical control, and the arms have
independent decision rules for determining whether or not the treatments
are worthy of further consideration in a phase III trial (and also for early
termination for futility). Though uncommon, such designs may be attrac-
tive in situations where there is a reliable early endpoint to demonstrate
success (for example, tumor response) that is directly attributable to the
experimental regimen in question (such as a single-agent trial). However,
success in such a trial generally continues to dictate the need for a more
thorough evaluation of those regimens that show promise in a phase IIb set-
ting, with a direct comparison of safety and efficacy outcomes between the
randomized arms.

(]
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FIGURE 5.1

Three-arm, randomized, parallel non-comparative trial schema.
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FIGURE 5.2

Three-arm, randomized selection design schema.
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FIGURE 5.3

Three-arm, randomized screening design schema.

The randomized selection design was first introduced by Simon et al?
With this type of design, the aim is to choose the most promising one among
a number of experimental regimens (with no a priori data to suggest that
one is superior to the others) using a ranking and selection approach, and
the regimen(s) selected as the most promising is subsequently compared to
the standard of care in a larger phase III trial. Such designs may be useful
if, for example, one wishes to compare different modes of drug adminis-
tration, different dosing schedules, or multiple combination regimens that
have a new experimental agent added to a common core regimen. With
selection designs, the sample size is determined by maximizing (as a func-
tion of study power, type-I error, and meaningful effect size) the probabil-
ity of choosing the best arm (assuming one exists), assuming the expected
outcome in that arm exceeds that of any other arm by a clinically mean-
ingful margin (e.g., at least 15%). It is worth emphasizing that this design
does not assess the relative merits of regimens, as it does not test the null
hypothesis of equality of regimens.

In the randomized phase II setting, one may also wish to consider ran-
domized screening designs, which involve the non-definitive comparison of
one or more experimental regimes against the standard of care. This para-
digm was formally introduced by Rubinstein et al.® to ensure both a high
probability of identifying (and eliminating) non-promising and promising
regimens for additional testing. It should be noted that these designs are
not a replacement for a definitive phase III trial, but rather a tool, which may
help to prioritize experimental regimens (using an intermediate endpoint)
for a subsequent more definitive evaluation. With randomized screening
designs, the power, type-I error, and target effect size must be selected care-
fully to ensure a reasonable sample size (and thus, meaningful results). If
the type-I error (i.e., false-positive rate) is too large, one risks increasing the
likelihood of the subsequent negative phase III trials. If the power is too low
or the target effect size is too high, one risks terminating further testing of a
potentially promising regimen. Rubinstein et al.> give a detailed discussion
of potential choices for these parameters.
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5.3 Biomarker-Based Phase II Designs

According to the Biomarkers Definitions Working Group, a biomarker is
“a characteristic that is objectively measured and evaluated as an indica-
tor of normal biological processes, pathogenic processes, or pharmacologic
responses to a therapeutic intervention.”® In oncology, the term biomarker
refers to a broad range of measures, including those derived from tumor
tissues, whole blood, plasma, serum, bone marrow, or urine.” Biomarkers
are generally described as being either predictive or prognostic (or both),
with the ultimate intended usage determining definition and the required
validation methods.” Roughly speaking, a predictive marker is one that can
be effectively used to guide treatment selection. More specifically, the pre-
dictive utility of a marker is determined by the extent to which the marker
interacts with treatment, that is, the extent to which the expected response
to a particular treatment varies across levels of the biomarker. In contrast, a
prognostic marker is one that can be used to predict a patient’s expected out-
come, regardless of treatment (i.e., the “prognosis”). In this chapter, we focus
primarily on predictive markers.

If there is strong evidence that a biomarker is predictive, and in particu-
lar, that the experimental treatment will only benefit certain marker-defined
subpopulations, one may wish to consider an enrichment design in which
patients are screened for one or more biomarkers, and only those in certain
marker-defined subpopulations (specifically the subpopulations that are
expected to respond well) are included in the trial.® The goal with a phase II
enrichment design is to better understand the safety, tolerability, and clinical
benefit of the experimental treatment in specific marker-defined subgroups.’
A well-known example of this type of biomarker is the estrogen receptor
(ER) status (predictive of response to endocrine therapy for breast cancer),
as ER-positive tumors have been shown very likely to respond to endo-
crine therapy, whereas ER-negative tumors are unlikely to respond to such
therapy.l°

Sometimes, there may be preliminary evidence that a marker-defined sub-
population will respond well to an experimental treatment, but not enough
evidence to rule out a positive response in patients outside this subpopu-
lation. What this essentially means is that the predictive utility of the bio-
marker has not yet been confirmed. In such situations, one may wish to
consider an all-comers design rather than an enrichment design. As the
name suggests, an all-comers design allows for the enrolment of any eli-
gible patient, regardless of biomarker status (though marker status is still
measured). These designs generally involve an overall assessment of the
treatment as well as prespecified subgroup analyses within marker-defined
subpopulations, thus decreasing the risk of falsely concluding the experi-
mental treatment to be ineffective in situations where it is only effective for a
small, marker-defined subgroup of the population.’
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One example of an all-comers design is that proposed by Friedlin et al.!
which could be considered for determining whether or not to assess experi-
mental treatment in the phase III setting and whether or not the biomarker
is truly predictive. Briefly speaking, in this design, patients are randomly
assigned to either the experimental or control arms, and their marker sta-
tus (either positive or negative) is recorded. Next, efficacy is assessed in the
marker-positive patients and based on these results, additional analyses
are performed using either the marker-negative patients or the entire study
cohort. On the basis of the results of these analyses, one of the following deci-
sions is made—to proceed to phase III using only marker-positive patients
(i.e, phase IIl enrichment design), using a marker-stratified design, to pro-
ceed without the biomarker, or to not proceed to phase Il at all. A schematic
of this design is shown in Figure 5.4 to better illustrate the specific analyses
and how each particular decision may be reached.

In our discussion of enrichment and all-comers designs, we have focused on
the predictive nature of a biomarker and the degree to which its predictive util-
ity has been established; however, these are only a few of the many factors to be
considered when deciding between these two types of designs in the phase II
setting. Other factors that may be of interest are the prevalence of the biomarker
and the amount of time required to determine a patient’s biomarker status.’
Mandrekar and Sargent® provide a more in-depth discussion of this topic.

In our discussion of biomarker-based designs, we have thus far focused
primarily on situations in which there are essentially two biomarker profiles
of interest; however, there are many situations where more than two bio-
marker profiles are of interest. Furthermore, to this point, we have focused
primarily on situations in which there is interest in evaluating the effect of
an experimental regimen on a specific disease or histology, but in many sit-
uations, there may be evidence to suggest that an experimental treatment

__Jf strong evidence of efficacy, evaluatd
treatment in phase Il without marker

Enroll patients and determine

Marker Status

Test treatment vs. control in marker-
—

positive patients

FIGURE 5.4

Friedlin et al. design schema.
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—
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testing of new treatment

If significant difference, evaluate
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may be effective across a variety of histologies, or even a variety of primary
tumor sites. To this end, newer trial designs, namely, umbrella and basket
designs, have been proposed in recent years to evaluate the effect of experi-
mental regimens simultaneously on multiple biomarker-defined subpopu-
lations for the same disease or histology (umbrella trial) or to evaluate the
effect of a regimen on a biomarker-defined subpopulation simultaneously
on multiple diseases/histology (basket trial). An umbrella trial or a basket
trial consists of a master protocol with multiple sub-studies that can have
the same design or different designs. Menis et al. provide a good review of
these trial designs.!? Description and examples of trials using these designs
are given in the next sections.

5.3.1 Umbrella Trials

In umbrella trials, patients with a specific disease/histology are first screened
for a set of targeted biomarkers and divided into biomarker-defined subpopu-
lations (Figure 5.5a). Within each of these marker-defined subpopulations, a
sub-study is then performed, with patients being assigned to a particular treat-
ment as specified in the sub-study protocol. Patients who do not harbor any
targeted biomarkers are either excluded from the trial or are enrolled in a no-
abnormality subpopulation, and assigned to treatment as specified in the study.
In the context of Phase II trials, the sub-studies within each master protocol can
be of the designs described in Section 5.2 (single-arm, multiple-arm parallel,
or multi-arm randomized trial). Examples of phase II umbrella trials include:

* BATTLE (Biomarker-integrated approaches of targeted therapy for
lung cancer elimination) was a randomized, biomarker-based, phase
II trial for patients with chemorefractory non-small cell lung can-
cer (NSCLC).® The design of this study was based on the evalua-
tion of four different treatments for NSCLC (erlotinib, vandetanib,
erlotinib+bexarotene, and sorafenib) with respect to the patient’s
response to one or more of these agents depending on his or her bio-
marker profile. In particular, the biomarker profiles of interest in this
study were EGFR, KRAS or BRAF, VEGF or VEGFR-2, RXR, and/or
Cyclin D1. This study utilized an adaptive randomization scheme,
meaning the probability of a new patient being randomized to a par-
ticular treatment varied over the course of the study. In particular,
patients who enrolled early in the study were randomly assigned to
one of the four treatments with equal probability. However, random-
ization was weighted for patients who enrolled later in the study,
such that each new patient was most likely to be randomized to
the treatment that was expected to benefit him the most, based on
the cumulative response data of patients with whom he shared a
biomarker profile.* This type of randomization is referred to as
outcome-adaptive randomization, as the randomization probability
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(a) Umbrella-trial schema (b) Basket-trial schema.

is based on the outcome by the biomarker subpopulation. This
design allowed the study investigators to perform an overall evalua-
tion of the four experimental regimens, as well as exploratory evalu-
ation of the degree to which the response to a particular regimen
varied across biomarker profiles.3

e BATTLE 2 (Biomarker-integrated targeted therapy study in previ-
ously treated patients with advanced NSCLC) was a randomized,
biomarker-based, phase 1II trial for patients with advanced NSCLC
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(excluding sensitizing EGFR mutations and ALK gene fusions)
refractory to more than one prior therapy, which employed a similar
design to the BATTLE trial.’® In this study, the targeted biomarker
was KRAS mutation, and the four regimens tested were erlotinib,
erlotinib + MK-2206, MK-2206+ AZD6244, and sorafenib. This trial
utilized an outcome-adaptive randomization scheme similar to that
described for the BATTLE trial.

¢ SAFIR02-Lung (Evaluation of the efficacy of high throughput genome
analysis as a therapeutic decision tool for patients with metastatic
NSCLC) is an ongoing trial in which patients are screened for six
target biomarkers and subsequently classified into biomarker sub-
groups.’® The (prespecified) targeted therapies in this trial include
AD2014 for m-TOR, AZD4547 for FGFR, AZD5363 for AKT, AZD8931
for HER2/EGFR, selumetinib for MEK, and Vandetanib for VEGF/
EGFR. Patients in each biomarker group are randomized at a 2:1
ratio to the corresponding targeted therapy or standard mainte-
nance therapy (erlotinib for squamous NSCLC or pemetrexed for
non-squamous NSCLC). Those without targeted biomarkers are
grouped into a separate subpopulation and randomized at a 2:1 ratio
to either immunotherapy maintenance with MEDI4736 or standard
maintenance therapy (same as the other sub-studies).

5.3.2 Basket Trials

Like umbrella designs, basket trials generally involve several biomarker
profiles, across which the average response to one or more experimental
treatments is expected to vary. However, while umbrella trials focus on a
specific disease or histology, patients with a variety of tumor types and/or
histologies are considered in basket trials. These designs may be appropriate
when there is a reason to believe that one or more experimental treatments
may be effective across a range of primary tumor sites or histologies, and in
particular, when patients with specific biomarker profiles are expected to
respond well to a particular treatment, regardless of their specific disease
or histology. Thus, in basket trials, patients of several tumor types and/or
histologies are screened for one or more biomarkers, and patients with the
desired biomarker profiles are enrolled in the trial and divided by disease
cohort (Figure 5.5b). Because of this, basket trials often consist of a collection
of parallel phase II trials. Examples of Phase II basket trials include:

e CUSTOM (Molecular profiling and targeted therapies in advanced
thoracic malignancies) enrolled patients with advanced NSCLC,
small cell lung cancer, and thymic malignancies.”” This study
included five targeted therapies and several biomarker profiles.
Specifically, the targeted therapies were erlotinib for EGFR muta-
tions, selumetinib for KRAS, HRAS, NRAS, or BRAF mutations,
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MK?2206 for PIK3CA, AKT1, or PTEN mutations, lapatinib for HER2
mutations, and sunitinib for KIT or PDGFRA mutations. The study
was designed to evaluate each treatment in all three histologic sub-
types, for a total of 15 sub-studies, and each sub-study followed
an optimal two-stage design. As noted by the study investigator,
the goal of this study was “to identify molecular biomarkers and
determine their frequency and clinical relevance in patients with
advanced NSCLC, small cell lung cancer, and thymic malignancies,
and to evaluate the efficacy of multiple targeted therapies in specific
molecular subsets of patients.”"”

e CREATE (Cross-tumoral Phase II with crizotinib) is an ongoing
trial for patients with locally advanced and/or metastatic anaplastic
large cell lymphoma, inflammatory myofibroblastic tumor, papil-
lary renal cell carcinoma type 1, clear cell sarcoma, alveolar soft part
sarcoma, and alveolar rhabdomyosarcoma.!® The targeted therapy of
interest in this trial is crizotinib for ALK and/or MET alterations.
In this case, the primary aim is “to study the antitumor activity of
crizotinib across predefined tumor types in patients whose tumors
are harboring specific alterations in ALK and/or MET.”®® The trial
was designed as a parallel phase Il trial with a separate arm for each
of the six disease groups mentioned.

¢ NCI-MATCH (National Cancer InstituteMolecular analysis for ther-
apy choice) is a large ongoing phase II trial enrolling patients with
advanced solid tumors, lymphoma, and myeloma, with the goal of
screening 5,000 patients.’® The study currently targets 24 biomarkers
with 16 different therapies. Briefly speaking, this trial “studies how
well treatment that is directed by genetic testing works in patients
with solid tumors or lymphomas that have progressed following at
least one line of standard treatment or for which no agreed-upon
treatment approach exists.”” In this case, the investigators believe
that patients with one of a number of genetic abnormalities may
benefit more from the treatment that targets that abnormality.””

The basket-type trial design has also been used outside of the typical drug
discovery setting. The French National Cancer Institute’s AcSé (Secured
Access to Innovative Therapies) initiative? and the American Society of
Clinical Oncology (ASCO)’s Targeted agent and profiling utilization regis-
try (TAPUR)* are examples of large-scale trials with basket-type design that
evaluate the safety and efficacy profile of approved agents in other indica-
tions, that is, tumor types. The goals of these trials are to provide patients
with advanced diseases (without promising treatment options) off-label
access to approved agents and to evaluate the safety and efficacy of these
agents outside of their approved indications. Similar to other basket tri-
als, patients with various tumor types and/or histologies are first screened
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for one or more biomarkers. They are then given the agent that has been
approved for other indications targeting the same biomarker they harbor.
More information about these studies is as follows.

* AcSé—Crizotinib (Phase 2 study assessing efficacy and safety of
crizotinib in patients harboring an alteration on ALK, MET, or ROS1).
This is the first trial coordinated by the AcSé Program.? It includes
patients with various solid and hematologic malignancies.?> The
study includes a total of 23 cohorts of disease and biomarker com-
binations and the targeted therapy is crizotinib for ALK, MET, or
ROS1 alterations. In each of the 23 disease types, each sub-study is
designed as a single-arm two-stage phase II trial, with a maximum
cohort size varying from 20 to 37 evaluable patients.?’

e TAPUR is the first clinical trial coordinated by ASCO. This study
includes patients with non-Hodgkin lymphoma, multiple myeloma,
advanced solid tumors, and various biomarker profiles. The study
currently includes 15 targeted therapies.?® Each sub-study is
designed as a single-arm two-stage trial with a maximum cohort
size of 28 evaluable patients.

Recall that in basket trials, the targeted experimental treatment is deter-
mined based on the biomarker profile, rather than the specific disease or
histology, and thus the same targeted therapy may be evaluated (in paral-
lel sub-trials) in patients with a variety of histologies. Thus, though the tar-
geted experimental agent may be the same across several sub-studies, the
best design for each sub-study will depend on the specific disease or histol-
ogy being considered. Note that each of these are now small phase II stud-
ies and thus the design considerations discussed earlier in this chapter may
be useful in making these decisions. If only modest accrual is expected for
one or more of the histologies considered within the trial, one may wish to
evaluate (relative to some historical control) the biomarker-targeted experi-
mental agents using single-arm sub-studies for these histologic groups.
For histologies with higher anticipated accrual, it may be better to consider
randomizing patients in these sub-studies to either the biomarker-targeted
experimental therapy or some standard of care. Recently, some authors have
also developed designs specifically for basket-type trials. One such design
is the Bayesian basket design.”® In this design, a Bayesian approach is used
to model the response probabilities for the various histologic strata and two
hypotheses are considered: (1) the response probabilities for a particular tar-
geted agent are equal across the corresponding histologic strata, and (2) the
activity of the drug is independent across these strata.”® Every time a new
patient’s response is evaluated, the estimated posterior response probabili-
ties from the Bayesian model are updated based on this observed response.
With this design, one may wish to consider including one or more interim
analyses at prespecified time points. In each of these interim analyses, the
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posterior response probabilities are estimated for each histologic stratum,
and those for which the response probabilities are very small (or large) may
be closed due to futility (or strong evidence of efficacy).® Once the trial is
complete, final estimates of the posterior response probabilities in each his-
tologic cohort can be obtained, and one can determine whether or not to fur-
ther evaluate the targeted agent(s) of interest in one or more histologic strata
in a subsequent, larger trial.

The trials used as examples above illustrate the many design variations
of umbrella and basket trials. Of the umbrella trials, BATTLE and BATTLE2
are biomarker-based response-adaptive randomized trials, whereas the
design of SAFIRE(2-Lung resembles a typical umbrella trial (as illustrated
in Figure 5.5a) with randomized sub-studies. Of the basket-type trials,
CUSTOM and AcSé consist of one-stage sub-studies, whereas CREATE and
NCI-MATCH consist of two-stage sub-studies.

With the ability to evaluate the effect of therapies simultaneously on
multiple biomarkers and diseases, umbrella and basket trial designs help
accelerate the discovery process of targeted therapy. By following one mas-
ter protocol with multiple sub-studies, these trial designs help increase the
efficiency of the trial development process. For example, in the more tra-
ditional setting, where separate protocols are specified for each sub-study,
the SAFIRE_02, CUSTOM, AcSé, and NCI-MATCH trials would have to go
through the review/approval process 7 (for 7 subpopulations), 15, 23, and
24 times, respectively. This structure also allows investigators the flexibility
to close or add a sub-study, as the study progresses without affecting other
sub-studies within the same trial. For example, only 2 (NSCLC with EGFR
mutations and NSCLC with KRAS or BRAF mutations) of the 15 sub-studies
in the CUSTOM trial completed accruing, as the accrual was unsuccessful
for the other 13 rare histologic subtypes. However, because the sub-studies
were designed as independent trials, the investigators were able to analyze
and publish the two sub-studies that successfully accrued patients.”” Another
example is the NCI-MATCH trial, which started with 10 sub-studies, and has
been expanded to 24.2¢ In addition to the advantages discussed here, one
advantage specific to the basket trial design is that the effect of treatment
can be evaluated across all disease/histology groups and also separately by
disease/histology. This allows rare diseases to be included along with more
common diseases that would otherwise not be studied in a more traditional
trial setting due to slow accrual or lack of statistical power.

5.4 Immunotherapy

Immunotherapy is a treatment strategy that uses the patient’s own immune
system to fight cancer cells.??? Two types of immunotherapeutics that have
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gained traction in recent years are cancer vaccines and immune checkpoint
blockades. Unlike chemotherapy, which directly attacks cancer cells, thus
allowing its effect on the tumor (tumor shrinkage) to be observed shortly
after treatment, immunotherapy must first induce a response from the host’s
immune system, which then launches an attack on the cancer cells, thereby
potentially resulting in a potential delayed response. Response to immuno-
therapy can be observed after a period of stable disease, or even after an
initial period of tumor growth, or appearance of new lesions.® Due to these
differences in immunotherapy response patterns, conventional response cri-
teria, such as the response evaluation criteria in solid tumors and the World
Health Organization criteria do not effectively capture objective tumor
response to immunotherapy. Furthermore, due to the delayed response,
a delayed separation of survival curves has been observed when compar-
ing immunotherapy versus placebo. To better evaluate tumor response in
this setting, Hoos et al.3° suggested three novel endpoint considerations for
immunotherapy trials. First, they recommended the use of assay harmo-
nization to minimize biomarker variability among patients in multicenter
trials. Second, they recommended a set of immune-related response crite-
ria, using the percentage of change in tumor burden between assessment
time points to define objective response to immune therapy. To address the
issue of delayed separation in survival curves, their third recommendation
is to use alternative methods, such as simulation or numerical integration, to
estimate the number of events needed when designing an immunotherapy
trial. Although existing infrastructure can support immunotherapy trials
and the trial designs described in this chapter are appropriate in the phase
II immunotherapy setting, appropriate endpoints must be considered when
designing this type of trials in order to effectively assess response to treat-
ment. Another challenge with immunotherapy is that it has shown great
effectiveness in certain subsets of patients and little or no benefit in other
subsets. This is an opportunity to conduct biomarker-based studies using
the designs described in Section 5.3 to help identify subsets (i.e., evalu-
ate potential predictive markers) of patients that would benefit from these
treatments. Should they exist, such biomarkers could subsequently be used
to better evaluate candidate immunotherapies in Phase II and III settings.

5.5 Discussion

In the phase II setting, the primary goal is to better understand the safety
and efficacy of an intervention to determine whether or not the intervention
should be further evaluated in a subsequent phase III trial. When attempting
to make this determination, there are a wide range of potential designs, and
the best design(s) for a particular situation will depend on a large number
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of factors, including anticipated accrual, the number of experimental agents,
and the existence of one or more predictive biomarkers. If only modest
accrual is expected, a single-arm trial could be considered, in which the
experimental treatment is given to all patients, and the response is evaluated
relative to some historical control. If accrual is not a concern, it may be bet-
ter to consider a larger, randomized design. If one wishes to simultaneously
evaluate multiple experimental agents to determine which, if any, should
be further evaluated, randomized phase II selection or screening designs
may be of interest. In the presence of one or more predictive biomarkers, one
may wish to consider a biomarker-based design. In the setting of a particu-
lar disease or histology with a number of treatment options available with a
specific biomarker profile, an umbrella design may be of interest. Similarly, if
one believes that patients with a certain biomarker profile may respond well
to a particular biomarker-targeted agent, regardless of their specific disease
or histology, a basket-type design may be ideal.

When considering biomarker-based designs in the phase II setting, one
should also consider the specific predictive nature of the biomarker(s)
of interest. It is worth emphasizing that “predictive” only means that the
expected response to treatment differs across one or more marker-defined
subpopulations. The specific way in which the expected response differs
may vary considerably. For instance, suppose we have three biomarkers (and
that a patient can either be positive or negative), which we denote “X”, “Y”,
and “Z,” and an experimental treatment, which we refer to as treatment “A.”
Furthermore, suppose that for all three markers, marker-positive patients
respond extremely well to treatment A, whereas marker-negative patients
show a mild positive response, no response, and a strong negative response
for markers X, Y, and Z, respectively. All three of these markers could be con-
sidered predictive, but the specific designs considered for each would likely
vary in the phase II setting. In particular, some type of all-comers design
would almost certainly be used for marker X, as all patients are expected
to show some benefit from receiving treatment A. For marker Y, the design
would likely depend on the degree to which Y is known to be predictive,
with an all-comers design likely being selected if marker Y were “suspected”
of being predictive and an enrichment design being selected if it were
“known” to be predictive. For marker Z, the design likely wouldn’t depend
on the predictive utility being “known” vs. “suspected”, since even prelimi-
nary evidence that treatment A might harm Z negative patients would likely
lead investigators to select an enrichment design including only Z positive
patients. When considering umbrella or basket designs, there are a number
of practical issues that should be addressed. First, it should be noted that a
strong collaboration among all parties involved is required to successfully
conduct an umbrella or a basket trial. Additional challenges facing umbrella
and basket trials are the heterogeneity of quality of the samples and the lack
of consistency across local laboratories.!!” These problems could be mini-
mized by using a central lab for all samples; however, using a central lab
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requires close coordination between clinical sites and the lab, which further
complicates the collaborative efforts required to successfully implement
these types of trials.
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6.1 Introduction

Precision medicine refers to the use of genetic, environmental, and clinical
information of a particular patient to tailor the treatment being administered to
that patient [1]. Traditional clinical trials have been integral to the discovery of
drugs to combat various diseases [2]; however, they often take a decade to com-
plete and require thousands of participants, which are not desirable character-
istics for clinical trials in precision medicine. As our understanding of human
biology increases, we have enormous amounts of data of different types, such
as DNA sequencing, methylation, protein expression, and imaging to help us
better understand a disease. Collecting several different types of data in a clini-
cal trial and borrowing strength from them would lead to the design of better
clinical trials that take less time to complete and have higher success rates.
Precision medicine has already started impacting many areas of medi-
cal practice and disease prevention. Genetic testing for BRCA1/BRCA2
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mutations has been incorporated into routine cancer screening and plays an
important role in breast cancer prevention [3,4]. Furthermore, a study analyz-
ing clinical trials for drug development in breast cancer found that the suc-
cess rate of trials increased when patients were selected for a trial based on
the status of human epidermal growth factor receptor 2 (HER2) [5]. A similar
study of clinical trials for non—-small cell lung cancer (NSCLC) showed that
biomarker-targeted therapies were six times more likely to succeed com-
pared to traditional clinical trials [6].

Over the past few years, several methodologies have emerged to address
the growing need for a new approach to clinical trials. In this chapter, we
focus on examples of Bayesian adaptive trial designs. We discuss challenges
associated with implementing these clinical trials, such as tumor heteroge-
neity and the use of different types of omic data.

6.2 Adaptive Bayesian Clinical Trials

In a clinical trial, there is generally some amount of prior information about
the drug/treatment that is being tested in the trial. Applying traditional fre-
quentist statistical methods, this information is used in the design of the trial
but not in the analysis. Bayesian statistics provides a mathematical tool to
calculate the likelihood of an event based on prior information. Suppose
the parameter of interest in the trial is 6 (e.g., the efficacy of a treatment).
Then, the prior probability distribution, prior(f), is the information about
0 that was obtained from previous pilot studies or previous clinical trials.
The likelihood function, lik(data|8), describes the likelihood of observing
the current data observed in the current clinical trial given the parameter 6.
Our main interest in this trial is to understand the distribution of 6. This can
be accomplished using Bayes’ theorem by combining the prior information
and likelihood information to compute the posterior distribution of 6,

posterior (6idata) = lik (data|6) x prior(8) prob(data).

This is a practical way of analyzing clinical trials, as typically participants are
sequentially enrolled in the clinical trial in groups. Furthermore, if the clini-
cal trial is performed in multiple stages, the information from previous stages
can be used as prior information for the next stage, thereby possibly improv-
ing the assignment of the patients to the optimal treatment arm. Bayesian
clinical trials are very flexible and naturally adaptive [7]. Adaptations such
as dropping a treatment in the trial that has a low probability of success or
adding a new treatment can be naturally incorporated in a Bayesian clini-
cal trial design [89]. Also, a Bayesian clinical trial design allows for control-
ling for multiple responses in a clinical trial. One of the more practical and
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interesting aspects of Bayesian clinical trials is that patients can be assigned
adaptively to treatments based on the success rate of the treatments in the
trial, so that the patients participating in the trial are more likely to receive a
superior treatment and are exposed to fewer risks [10,11]. These trials can be
evaluated continuously and can output information to decide whether the
trial is going to be successful or not at different stages of the trial.

There are many different types of Bayesian trial designs depending on
the type of trial and the questions that need to be answered. There may also
be trials for which adaptive randomization is not preferable [12]. Here, we
perform case studies for two trials, the BATTLE and the I-SPY clinical trials.

6.3 Case Studies of Clinical trials
6.3.1 BATTLE Trial

The Biomarker-integrated approaches of targeted therapy for lung cancer
elimination (BATTLE-1) program of personalized medicine (ClinicalTrials.
gov numbers: NCT00409968, NCT00411671, NCT00411632, NCT00410059, and
NCTO00410189) is a novel phase II clinical trial that was designed based on
adaptive randomization of patients using tumor markers. Tumor biomarkers
play an important role in determining the treatment for patients with NSCLC
because patients with mutations of the epidermal growth factor receptor
(EGFR) experience improved outcomes with EGFR tyrosine kinase inhibitors.

The BATTLE-1 trial consisted of an umbrella protocol that included four
parallel phase II trials for patients with advanced NSCLC who had been pre-
viously treated with chemotherapy and subsequently experienced disease
relapse. The four treatment arms under the umbrella protocol used erlotinib
(target: EGFR), sorafenib (target: KRAS/BRAF), bexarotene and erlotinib (tar-
get: retinoid-EGFR signaling), and vandetanib (target: vascular endothelial
growth factor receptor [VEGFR]) to target the selected gene pathways. The
motivation for the trial design was to assign patients with certain biomarker
profiles to matching treatments with agents that target the pathways cor-
responding to those biomarkers and thereby providing personalized treat-
ment for the patients enrolled in the study.

Initially, under the umbrella protocol, the patients enrolled in the study
underwent tissue biopsy for biomarker analysis. The treatment to which a
patient was assigned was then determined according to the patient’s bio-
marker profile, which was based on 11 biomarkers: EGFR mutation, EGFR
overexpression/amplification, EGFR increased copy number (in the EGFR
pathway), KRAS mutation, BRAF mutation (in the KRAS/BRAF pathway),
VEGFR expression, VEGFR-2 expression (in the VEGFR pathway), RXRa
expression, RXRf expression, RXRy expression, and cyclin D1 expression
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(in the RXR/cyclin D1 pathway). Classifying patients based on 11 biomark-
ers leads to 2,048 (2!') possible groups. To reduce the complexity of the trial,
the number of possible groups was reduced to 5 based on certain predefined
biomarker profiles: 1) EGFR pathways are positive; 2) KRAS or BRAF muta-
tions; 3) VEGF and/or VEGF-2 overexpression; 4) RXRs «, f, and y, and/or
cyclin D1 overexpression and/or CCNDI amplification; or 5) missing or
incomplete biomarker information. In comparison to a traditional single-
arm clinical trial that encompasses one study;, this clinical trial implemented
20 parallel studies to evaluate the primary endpoints for individuals with
five biomarker profiles who were assigned to four treatment groups.

The primary endpoint used to evaluate the study was the 8-week dis-
ease control rate (DCR), which is defined as the percentage of patients that
have achieved complete response, partial response, and stable disease sta-
tus following the therapeutic interventions in the trial [13]. To evaluate the
endpoints for each of the four treatment options and five patient groups, a
Bayesian probit model [14] was used to identify the best treatment for each
group of patients. Let DCRy; denote the DCR for patient i assigned to the
treatment option j in the biomarker group k. The Bayesian probit model
can be specified as shown below using a random variable Zy, that signifies
disease progression and a latent variable y;.:

DCRy = P(Zy = 1)

0 if y; <0
1 1f’}/1]k >0

ijk =

Vi ~ N (1, 1)

t ~ N (j,0%)

a; ~N (O,rz),
where yj has a normal prior with parameters that in turn have normal
hyperpriors. This model allows for borrowing information across the dif-

ferent treatment and biomarker groups. For each patient, the probability of
randomization to treatment group j can be computed from the posterior dis-

tribution of this model as Lﬁ, where ]jC\Rjk is the posterior mean.
DCRjx

jel
At the start of the study, the randomization of patients was uniform for
all the four treatment groups. The goal was to evaluate the study periodi-
cally as patients were enrolled in the study and use adaptive randomization
to assign new patients to treatments based on the biomarker profiles that
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were associated with better primary endpoints for the treatment options. The
BATTLE trial was continuously assessed and followed termination rules that
would drop treatments early for findings of futility for each of the five bio-
marker profiles. The stopping rule was that if the likelihood of DCR >50% was
less than 10% for a treatment-biomarker profile combination, the correspond-
ing treatment was suspended for that biomarker profile. The primary hypoth-
esis for a treatment-biomarker profile combination to be promising was to
have the likelihood of DCR>30% to be at least 80%. To have higher power for
detecting promising treatments and low probability of missing potentially
promising treatments, a higher type 1 error rate was used in the study.

The study was conducted on 341 participants with NSCLC. Initially,
97 patients were randomly assigned to the treatments, and 158 patients were
adaptively randomized based on the posterior probabilities. The remaining
86 patients had specific conditions that prevented them from being randomly
assigned to a treatment. At the end of the study, data from 244 patients were
used for the analysis. The 8-week DCR was 46% for the whole study, with
the four treatments (erlotinib, sorafenib, bexarotene and erlotinib, and van-
detanib) having respective DCRs of 34%, 58%, 50%, and 33%. Eight combi-
nations of a treatment plus a biomarker profile were proven to be effective
(likelihood of DCR>30% is at least 80%) at the end of the study—Those are

. erlotinib in the group with VEGF and/or VEGF-2 overexpression;
. vandetanib in the group with EGFR pathways positive;
. erlotinib plus bexarotene in the group with EGFR pathways positive;

= WO N =

. erlotinib plus bexarotene in the group with RXRs ¢, g, and y, and/or
cyclin D1 overexpression;

5. erlotinib plus bexarotene in the group with missing or incomplete
biomarker information;

6. sorafenib in groups with KRAS or BRAF mutation;
7. sorafenib in groups with VEGF and/or VEGF-2 overexpression;
8. sorafenib in groups with missing orincomplete biomarker information.

This trial confirmed the feasibility of using biomarker-based trials to achieve
better disease control and paved the way for clinical trials based on precision
medicine [15]. One of the limitations of the BATTLE-1 trial was that the bio-
marker profiles were bundled into five predefined groups to reduce the com-
plexity of the trial, which may not be the optimal way to group individuals
with different biomarker profiles. At the end of the study, some of the selected
biomarkers had no predictive or prognostic values, which resulted in groups
that had no relationship with a treatment. This decreased the statistical
power of the study. Extensions to the trial have been proposed for selecting
predictive markers using a two-stage adaptive Bayesian lasso approach [16].
This has led to the design of the BATTLE-2 trial [17], which uses a Bayesian
two-stage biomarker-based adaptive randomization strategy. Biomarkers are



120 Statistical Approaches in Oncology Clinical Development

selected in the first stage and validated in the second stage using a two-step
Bayesian lasso model, which initially uses a group lasso to select biomark-
ers and an adaptive lasso to refine the selected biomarkers by assessing the
predictive effect of the biomarkers from the trial.

The BATTLE-2 trial was also a phase II study that evaluated treatments for
patients with advanced NSCLC. However, patients with EML4-ALK fusion
or EGFR mutation were excluded from the BATTLE-2 study. KRAS mutation
status was used as the stratifying factor for the participants in the first stage
as the main goal was to evaluate therapies that targeted cancers related to
KRAS mutations. Next-generation sequencing and gene expression profil-
ing were performed on tumor biopsies to evaluate predictive and prognos-
tic biomarkers. The participants were then randomized into one of the four
treatment arms: (1) erlotinib, (2) erlotinib plus MK-2206, (3) MK-2206 plus
AZD6244, or (4) sorafenib.

A total of 334 patients were recruited for the study, of which data from
186 patients were available for analysis at the end of the study. The remain-
ing 148 patients were not included in the analysis because they either did not
meet the eligibility criteria, declined to give their consent, or were unable
to be randomized to a treatment in the trial because of certain conditions.
Similar to the BATTLE-1 trial, the 8-week DCR was used as the primary end-
point for the trial. One of the major pitfalls for this trial was that none of the
biomarkers was predictive for any of the four treatment arms. The BATTLE-2
trial was based on grouping patients with predictive or prognostic mark-
ers for each treatment into the treatment arm that was expected to provide
them with the most benefit. Having no predictive markers for the treatment
arms lowered the power of the trial, which did not discover any findings that
were clinically relevant. Nevertheless, the BATTLE-2 study showcased the
trial design for the utility of biomarkers for better target selection and treat-
ment response to improve clinical care for patients enrolled in clinical trials.

6.3.2 1-SPY Trials

The investigation of serial studies to predict your therapeutic response with
imaging and molecular analysis 2 (I-SPY 2) (ClinicalTrials.gov numbers:
NCT01042379) is a phase Il adaptive Bayesian clinical trial in the neoadjuvant
setting for women with locally advanced breast cancer. I-SPY2 was devel-
oped to efficiently and quickly test drug-biomarker combinations for treating
breast cancer and enable the development of more informed phase III trials.

The I-SPY 2 trial [18] was designed as a flexible trial that incorporates
multiple biomarkers and multiple treatments. It aims to match patients’ bio-
marker profiles to particular treatments that target their biomarker profiles
or to particular treatments that have been shown to be effective for patients
with similar profiles. Biomarkers are classified into three groups: 1) standard
biomarkers approved by the Food and Drug Administration (FDA); 2) quali-
fying biomarkers that have not yet been approved by the FDA but which are
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promising and have sufficient existing data to confirm their viability; and 3)
exploratory biomarkers that were derived from promising pilot studies and
will be evaluated during the trial.

Patients are stratified into different groups using these biomarkers. The
qualifying and experimental biomarkers are evaluated using sensitivity and
specificity metrics for the accuracy of stratification of patients and are included
in the trial if they meet the criterion for accuracy. Standard biomarkers, such
as the estrogen receptor (ER+/-), progesterone receptor (PR+/-), HER2+/—,
and MammaPrint score, are measured. Patients with low MammaPrint,
ER-positive, and HER2-negative status are excluded from the trial because it
has been shown that chemotherapy is not an ideal treatment for these patients.

I-SPY 2 was designed to evaluate the effectiveness of novel drugs in com-
bination with standard chemotherapy compared to standard chemother-
apy alone. The treatments found to have higher efficacy than the standard
treatment successfully progress to the next stage, phase IlII trials; whereas
those with lower efficacy than the standard treatment are dropped from the
study. Each drug is tested on a minimum of 20 patients and a maximum of
120 patients before a decision is made regarding its efficacy. As the tested
drugs move from the study, new drugs are accepted as additions to the study
based on certain criteria such as known efficacy in breast cancer, compatibil-
ity with standard taxane therapy, the effect on key targets in breast cancer,
and sufficient availability of the drug.

The I-SPY 2 trial has two control arms for standard chemotherapy and
other arms that are used to test the efficacy of new drugs simultaneously.
After stratification based on biomarker groups, a Bayesian adaptive random-
ization scheme [8] for a particular new drug is used to assign patients to one
of the arms based on their biomarker profile. Drugs that perform better for
patients with a particular biomarker profile show efficacy more quickly and
proceed to the next stage as more individuals with that particular profile are
assigned to that treatment based on the posterior probabilities.

The I-SPY 2 trial provides a very sophisticated framework for the devel-
opment of clinical trials for precision medicine. Many pharmaceutical and
biotechnological companies are participating in this trial, which is dissemi-
nating an enormous amount of knowledge and advancing science at a faster
rate to improve our understanding of the disease.

6.4 Challenges in the Implementation of
Precision Medicine Trials
The first step in precision medicine trials is to perform some sort of biologi-

cal sample analysis to evaluate the molecular or biomarker profile of the par-
ticipants enrolling in the study. This provides a host of challenges to ensure



122 Statistical Approaches in Oncology Clinical Development

that the profiling procedure is the same for all participants. Some of the chal-
lenges arise because of heterogeneity and lack of standardization among the
various platforms for biological analysis (e.g., next-generation sequencing,
methylation, protein expression).

6.4.1 Heterogeneity in Biological Specimens

Heterogeneity is a very important issue in precision medicine trials as it is
based on the classification of individuals into groups according to their bio-
logical profile. A biological analysis is carried out to ensure that what is being
measured is a reliable basis for grouping individuals together. This is where
heterogeneity plays a major role, as there are different types of heterogene-
ity. The simplest form of heterogeneity is population heterogeneity, which
may arise because of covariates for each individual in the study such as race,
smoking status, and body mass index. The trial investigators can account for
these variations among the participants by incorporating them as covariates
in the analytic model that is used to analyze the data from the trial.

A more complicated form of heterogeneity comes from biological speci-
mens. These include the location from which the specimen is taken and how
well the specimen can represent the biological profile of the patient. In cancer
clinical studies, drugs are developed to target particular genetic mutations
in the tumor. However, cancer is an evolving disease; hence, tumors are con-
stantly responding to their environment by taking on different molecular
characteristics [19]. When a biological sample is excised from a tumor, its
molecular profile may not reveal the whole biological profile of the disease;
therefore, a treatment matched to that profile may not be effective in killing
all the tumor cells. Spatial heterogeneity in tumors gives rise to this type of
issue because the specific location from which the tumor sample was taken
may affect the tumor’s response to a given treatment. Dealing with spatial
heterogeneity would require taking multiple samples of the tumor from dif-
ferent locations, which is generally not recommended by clinicians due to
the risks associated with a more invasive procedure [20]. In some cases, the
location of a tumor within the body may render some tumor sites completely
inaccessible for a tissue biopsy.

Another type of heterogeneity is temporal heterogeneity. As cancer is an
evolving disease, a tumor may evolve such that it attains a very different bio-
logical signature that may allow it to evade the targeted treatment assigned
to that particular biological profile at the start of the study. Hence, the tar-
geted treatment will fail to be effective in individuals with cancer charac-
terized by such temporal heterogeneity [21]. Furthermore, drug-resistant
tumors may evolve in response to the effects of treatment on the tumor cells,
which may be hard to evaluate in a clinical trial.

Dealing with temporal heterogeneity would require individuals to have
repeated biological profiling at specific intervals in the study. This may not
be feasible due to the risks associated with taking multiple tumor samples
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or due to the associated cost. For cancer types with circulating tumor cells,
an alternative way of assessing temporal heterogeneity would be to obtain
the circulating tumor cells from the blood instead of sampling tissues from
the tumor [22]; however, the effectiveness of such an approach relative to
accurate profiling has yet to be determined. Novel methods to model tumor
heterogeneity and changes in tumor heterogeneity in response to treatment
should be developed to account for these effects while analyzing data from
precision medicine clinical trials.
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7.1 Introduction

Adaptive designs play an increasingly important role in modern drug devel-
opment. Such designs use accumulating data to decide how to modify the
design of an ongoing trial without undermining the validity and integrity
of the trial. Adaptive designs thus allow for a number of possible changes at
midterm including early stopping for futility or success, sample size reas-
sessment, dose selection, change of population, and so on. However, they
require careful statistical and operational considerations. Historically, adap-
tive trials are widely in exploratory phases of drug development. In recent
years, they have also gained popularity in the confirmatory setting [26] as
drug makers and regulators are exploring ways to make the drug develop-
ment process more efficient.

In 2010, the U.S. Food and Drug Administration (FDA) released guidance on
adaptive designs in clinical trials [36]. This guidance discusses a wide range
of adaptive designs used in clinical studies, including both familiar and less
familiar approaches. In this chapter, we have focused on two specific types
of adaptive designs mentioned in the FDA guidance. They are known as
Seamless Population Selection design and Sample Size Reestimation (SSR). While
both blinded and unblinded adaptations are possible, those with blinded
assessment are usually less controversial and are out of scope for this chapter.

Confirmatory adaptive trials combine two main stages: a learning stage,
which would otherwise be achieved in a phase 2 trial; and a confirmatory
stage similar to a pivotal phase 3 trial. If prespecified, modifications of certain
elements of the confirmatory stage design are allowed based on the outcome
from the learning stage or interim analyses of the trial. At the end of the trial,
data from both the stages are combined for final analysis using appropriate
statistical methodology.

In this chapter, we discuss Seamless Population Selection design and
Unblinded SSR for Oncology confirmatory trials. We describe the key sta-
tistical considerations and relevant methodologies. Two case studies are
included to elaborate the practical application. Finally, we reflect on the key
operational aspects along with current regulatory perspectives.

7.2 Seamless Population Selection Design in Oncology

Many recent cancer drugs target one or more specific biological pathways.
A patient is more likely to benefit from the drug if his tumors are medi-
ated through aberration of the specific pathway(s). Therefore, selection of the
right patient population is crucial for the successful development of such
targeted therapy. The traditional approaches identify the patient population
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in a separate phase II. Further confirmation requires a follow-up phase 3
trial. This process is time-consuming and resource intensive. A seamless
population selection design uses a learning stage for population selection and a
confirmatory stage to confirm the activity of the drug in the selected popula-
tion. This approach provides benefits in terms of reduction in overall time
and the number of patients necessary for the target therapy development.

The main statistical considerations for a seamless population selection
design are good decision criteria for population selection after the learning
stage and controlling the overall type-I error rates. Another consideration
includes the correction of potential biases in the treatment effect estimates
and associated confidence intervals while reporting the trial results. Finally,
one needs to explore the operating characteristics of such a complex design
to understand the statistical properties (e.g., type-I error, power, probability
of correct selection, etc.). In this section, we provide an overview of the meth-
ods to address these statistical questions along with a case study.

7.2.1 Methods for Type-I Error Rate Control

Type-1 error rate inflation in Seamless Population Selection design can arise due
to the following:

1. Repeated testing of hypothesis: Final analysis using data from multiple
stages requires testing of the same hypothesis at multiple stages. In addi-
tion, combining information from multiple trial stages is required.

2. Change in hypotheses: Testing of different sets of hypotheses at
interim and final analysis.

Methodologies based on the conditional invariance principle [8] are powerful
for combining data from multiple stages in seamless population selection tri-
als. This methodology is flexible enough to adjust for any interim population
selection decisions rule (either frequentist or Bayesian). Combination tests and
conditional error functions are the most commonly used methods based on the
conditional invariance principle. Typically, combination tests and conditional
error functions are used together with closed test procedure [12] in seamless
population selection designs.

7.2.1.1 Combination Test

Combination test along with a closed testing procedure restricts an initial
set of hypotheses after each interim analysis. The overall type-I error is pro-
tected using a two-step procedure:

1. First step (closed test procedure): Separate p-values are computed
at the end of each stage with adjustments based on the number of
null hypotheses (e.g, number of treatment comparisons, number
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of subgroups). Adjustments are based on the closed testing principle
(Bonferroni [12], Simes 1986 [33], Hochberg and Tamhane 1987 [18],
Bretz et al. 2006, 2009 [6,7]).

2. Second step (combination test): The p-values from each stage are
combined using a combination function (e.g., the inverse Gaussian
distribution).

The combination test in conjunction with closed test procedure controls the
familywise type-I error rate (FWER). Examples include the Zelnorm trial
(Posch et al. 2005 [29]). For further references, see Bauer and Kéhne 1994 [1]
and Brannath et al. 2007 [4]. A case study using the combination test approach
is discussed in the next section.

7.2.1.2 Conditional Error Function

An alternative approach is the conditional error function in conjunction with
the closed test principle. The conditional error function at a specific time
point is the probability of rejecting the null hypothesis conditional on the data
accumulated so far (Proschan and Hunsberger 1995 [30], Miiller and Schéfer
2001, 2004 [27,28]). Conditional error functions in combination with closed test
procedure control the FWER. Under certain conditions, both methods can be
shown to be mathematically equivalent (Vandemeulebroecke 2006 [37]) and
have been used in seamless confirmatory designs across the industry.

7.2.2 Statistical Tools for Interim Decision-Making

The conditional invariance principle allows for flexible interim decisions
while controlling type-I error rates. Both frequentist (e.g., conditional power
[CP], closed testing procedures) and Bayesian methods (e.g., predictive
power) can be used for population selection. Important references in this
area include Posch et al. 2005 [29], Thall 1988 [34], Schmidli et al. 2007 [31],
Kimani et al. 2009 [22], and Brannath et al. 2009 [5]. For the rest of this sec-
tion and case study 1, we have discussed decision rules based on Predictive
Probability of Success (PPoS) (Brannath et al. 2009 [5]).

A popular and intuitive metric for adaptation is the PPoS, the conditional
probability of a treatment arm or subpopulation to be statistically signifi-
cant given the interim data. Together with the other relevant interim infor-
mation (e.g., effect estimates, standard error), PPoS is often used to guide
adaptations.

PPoS calculation can be frequentist or Bayesian, although the latter is more
general and more powerful for complex designs. Bayesian computations use
the posterior predictive distribution of future data. For progression-free sur-
vival (PFS) or overall survival (OS), PPoS calculations usually use asymptotic
normality of the log-rank test statistics (Brannath et al. 2009 [5], Schoenfeld
1981 [32]). We illustrate this further in the chapter.
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We define U;; and [;; as a log-rank test statistic and its approximate variance at
analysis i for population j respectively, where i =1 (end of learning stage), 2 (final
analysis/end of the confirmatory stage), and j = S (targeted subpopulation), or F
(full population). The log-rank statistics for stage 1 and 2 can be represented as

é15 = Uls/lls, élS”: ulS“ /I1sf and élp = (uls + Ujge )/( Iis+ IlS“ ),

ézs :(Uzs _UIS)/(IZS —115),

A~

0, =(U

s ~Up )/( Ly — I, ) and,

28 28¢ 1S

é2F= (UZS —Uis+ Uy _UIS’)/( Ly = IIF)

where Lr = I)s + 1,

S¢ represents the non-targeted subpopulation. Using asymptotic normality
of (éjs,éﬂ: :j=1,2) and conjugate non-informative priors, the posterior distri-
bution is asymptotically Bivariate normal as follows:

ZS | ?15 ~N, ?15 5= 1/Ls  1/Lf .
F Oir Oir 1/Lr 1/ L

Finally, assuming (éls, élp) and (ézs, ézl:) are independent, it follows that the
predictive distribution is also Bivariate normal

ézs élS élS 1 /(IZS _IIS) 1/(12F - IlF)
A~ | A ~ NZ A s +21 .
Orr Oir Oir 1/(12F _IIF) 1/(12F - IlF)

Therefore, the posterior and predictive probabilities can be calculated using
bivariate normal distribution. The population selection decisions at the end
of the learning stage are as follows (Table 7.1).

Here, PPoS; and PPoS; are the PPoS for the full and sub-population, respec-
tively, with Pr and Pg as decision thresholds.

TABLE 7.1
Final Analyses Hypothesis Testing Strategies

Scenario Decision

PPOS; < P; and PPOS; < P; Stop the trial for futility

PPOS; £ P, and PPOS; > P Continue with the targeted subpopulation
PPOS; > P and PPOS; < P, Continue with full population

PPOS; > Py and PPOS; > P;but the effect is driven Continue with the targeted subpopulation
by the targeted subpopulation

PPOS; > P, PPOS; = P and both targeted and Continue with full population
non-targeted subpopulations are promising
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7.2.3 Correcting Bias for Treatment Effect Estimates

Another concern in seamless population selection designs is the potential bias
associated with estimates of treatment effects and associated confidence inter-
vals (Hung et al. 2011, 2014 [19,20]). Since interim adaptations often select groups
with promising estimates, there is the potential to overestimate treatment
effects. On the other hand, if interim treatment effects are small, the trial
recruitment may be stopped, which may result in underestimation.

The bias topic continues to be controversial (Bauer et al. 2010 [2]). In gen-
eral, bias-corrected methods are not routinely used in clinical trials and the
uncorrected point estimates and confidence intervals are usually reported.
The most commonly used methods include one-sided repeated confidence
intervals based on the p-clud condition (Brannath et al. 2009 [5]), removal
of bias (Bowden and Glimm 2008 [3]), and bias corrections (Carreras and
Brannath 2013 [9], Posch et al. 2005 [29]). Fortunately, for confirmatory studies
with large sample sizes, biases for standard (non-adjusted) treatment effect
estimates are generally negligible.

Nevertheless, it is important to understand the potential concerns and be
prepared to address them. Sensitivity analyses with different methods can
be used to assess the impact of adaptation on final treatment effect estimates.
To assess a potential drift in patient populations, pre and post adaptation,
exploratory analyses for pre- and post-adaptation estimates should be envis-
aged as appropriate.

Finally, adequate considerations must be given at the design stage to
assess the frequentist operating characteristics. Most important ones include
type-I error, power, and probability of correct decision at the interim analy-
sis. Closed form expressions for these metrics are generally not available.
Therefore, simulations play an important role in assessing the operating
characteristics under different scenarios.

7.2.4 Case Study 1

In this section, we illustrate a hypothetical seamless population selec-
tion design in oncology. The goal of this design is to select and confirm a
biomarker-based patient population for an experimental drug (Treatment A)
in a specific tumor type. Three hundred and eighty-nine patients with a spe-
cific tumor type and a known biomarker status (activated or nonactivated)
are to be randomized equally either to Treatment A or control (C). The design
has two stages—Iearning and confirmatory. The objective of the learning stage
is to select a population (full population or biomarker-activated subpopula-
tion) for the confirmatory stage. The confirmatory stage is used to confirm
the efficacy of Treatment A in the selected population. For both stages of
the trial, the primary objective of the trial is to compare Treatment A with
C in terms of PFS. Stopping the study early for the lack of efficacy (futility)
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Stage 1 Interim Analysis Stage 2

Yes Continue with all
patients

Yes/y Full population ?
Continue with

. No {4 Biomarker activated
Continue ? patients only

NO\A Stop for Futility

Full population

Biomarker activated
subpopulation

FIGURE 7.1
Study design for seamless confirmatory study with adaptive population selection.

will be considered if neither the full nor the biomarker-activated subpopula-
tion looks promising at the end of the learning stage. There is no plan to stop
the study at the interim analysis for efficacy (Figure 7.1).

7.2.4.1 Statistical Hypothesis Testing Strategy

Assuming a proportional hazard model for PFS within the full population
and the biomarker-activated subpopulation, the following two null hypoth-
eses will be tested at the end of the trial:

i. Full population: Hy: 6, >0 vs. Hyr: 0,<0
ii. Biomarker-activated subpopulation: Hyg: 6, >0 vs. H;4: 6, <0

Here 6, and 6, are the log hazard ratio (HR) of PFS (Treatment A vs C) in
the full population and the biomarker-activated subpopulation, respectively.
The primary analysis of PFS is performed at the end of the confirmatory
stage using log-rank tests. For the full population, the log-rank test is strati-
fied by the biomarker-activated status.

Data from the learning and confirmatory stages are combined for the final
analysis. A combination test procedure is used to maintain the FWER at
2.5%. The methodology for this trial is adapted from Brannath et al. 2009 [5].
A weighted inverse normal combination function is used for testing H,, and
Hys in a stepwise fashion under a closed testing framework.



132 Statistical Approaches in Oncology Clinical Development

¢ Step 1 (Hypotheses for multiple populations): Since two hypoth-
eses are initially of interest, a closed testing principle is used sepa-
rately at each phase to maintain the FWER at level 2.5% one-sided.
The test for the global null hypothesis (Hy N Hg) is based on the
Hochberg-adjusted p-value.

¢ Step 2 (Combining data from different stages): All p-values from
the learning and confirmatory phase for individual and intersection
hypotheses will be combined using inverse normal combination
function (with weights w, and w,):

C(P1,P2)= WI(I)71 (1_p1)+ZU2(I)71 (1—p2)withw12 +ZUZ2 =1

® denotes the cumulative distribution function of the standard normal dis-
tribution. Prespecified fixed weights based on the proportion of events at
each stage are used. This means that the weights are w, = 0.63 and w, = 0.77.
The hypothesis testing strategy is detailed in Table 7.2.

Here, p1p, p1s, por and p,g are nominal log-rank p-values for the learning and
confirmatory phases for the individual hypotheses of the full and biomarker-
active subpopulation. Furthermore, g, and g, are the Hochberg-adjusted
p-values for the intersection hypothesis (7i = min{2min(piS, piF), max(piS,
piF)}; i =1,2). Note that, if only biomarker-activated subpopulation is selected
at the end of the learning phase, in the final testing, Hochberg’s procedure is
required for the learning phase data but not for the confirmatory phase data.
Therefore, the combination function in Table 7.2 only involves g;. Otherwise,
if the full population is carried forward after the learning stage, Hochberg’s
procedure is required for both learning and confirmatory phases. Therefore, the
combination function for the final testing involves both ¢, and g,. For further
details, see Brannath et al. 2009 [5].

7.2.4.2 Interim Analysis

The interim population selection is based on PPoS. Either the full population
or the biomarker-active subpopulation will be selected based on sufficiently
high predictive probabilities that the respective populations will succeed

TABLE 7.2
Final Analyses Hypothesis Testing Strategies

Population Selected at the End of Learning
Phase Hypothesis Testing Strategy

Continue with the biomarker subpopulation  Reject Hy if C(gy, p,,) 2 1.96 and C(py,, p,.) = 1.96
only
Population selected at the end of the learning  Hypothesis testing strategy.
phase.
Continue with the full population Reject Hy if C(qy, q,) 2 1.96 and C(pyf, par) 2 1.96
Reject Hyg if C(q,, ;) 21.96 and C(ps, p,s) = 1.96
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(achieve statistical significance) at the end. For this design, the PPoS deci-
sion thresholds for full and biomarker-activated subpopulation (P and Ps in
Section 7.2) are set to 45% and 35%.

To continue the trial with full population at the confirmatory stage, it
is important to ensure that Treatment A has activity in the biomarker-
nonactivated subpopulation also. In addition to the PPoS criteria, the activ-
ity of Treatment A is evaluated using posterior probability. A posterior
probability of at least 70% confirms the preliminary efficacy of Treatment
A in the nonactivated subpopulation. All thresholds are confirmed via
simulation. The trial is stopped for futility if PPoS is low for both full
and biomarker-active populations.

7.2.4.3 Sample Size

The sample size calculation is based on the log-rank test and the following
assumptions:

a. Biomarker prevalence rate: 45%
b. Enrollment rate: 30 patients per month

c. Placebo median for PFS for full and biomarker-activated subpopula-
tion: 7 months

d. Alternative hypothesis: a 42% risk reduction in PFS (HR = 0.58) by
Treatment A for full or biomarker-activated subpopulation. This cor-
responds to at least a 5-month increase in median PFS for Treatment
A over placebo.

e. Lost to follow-up rate: 15%

Given the abovementioned assumptions and one-sided a = 2.5%, an initial
sample is performed using EAST 6.4 [13]. The final sample size is based on
the computer simulations under different scenarios. It ensures approxi-
mately 90% power when the alternative hypothesis is true for both the full
and biomarker-activated subpopulation. The timing of interim analysis or
end of the learning stage ensures a high probability for correct population
selection. The final sample size for the two stages is provided as follows.

a. The learning stage ends after 84 PFS events in the full population. At
this time, the expected number of events in the biomarker-activated
subpopulation is 40-55.

b. If the full population is selected at the end of the learning stage,
approximately 210 PFS events are required for the final analysis.

c. If the biomarker subpopulation is selected at the end of the learn-
ing stage, approximately 176 PFS events are required for the final
analysis.



134 Statistical Approaches in Oncology Clinical Development

TABLE 7.3
Type-I and Power Calculation via Simulation
Underlying Treatment Effect Probability to Decision at the End of
HR Learning Stage

Continue with
Biomarker- Biomarker Overall Continue Biomarker-Activated
Activated Nonactivated Trial With Full Subpopulation
Patients (S) Patients (S€) Power Population (F) Only (S) Futility
1 1 1.8% 13.3% 9.9% 76.8%
0.58 1 67.6% 33.1% 46.1% 20.8%
0.58 0.58 89.4% 88.4% 4.5% 7.0%

7.2.4.4 Design Operating Characteristics

Simulations are carried out to explore the impact of the interim analyses
and the adaptive design features on the power of the study and to optimize
the sample size considerations. The simulations take into account all pos-
sible trial decision scenarios. The operating characteristics are provided
in Table 7.3. Under the null scenario, the proposed design demonstrates
strong control of the type-1 error at 0.025. The power to reject at least one
null hypothesis when Treatment A is active in both biomarker-activated sub-
population and the full population is above 89%. Moreover, the population
selection decisions are reasonable under different scenarios.

Further simulations are conducted to understand the impact of the enrol-
ment rate and prevalence of the biomarker subpopulation. They play an
important role in understanding the overall sample size and duration of
the trial, which has a significant impact on the operational and commercial
aspects.

7.3 Sample Size Reestimation in Oncology

In this section, we discuss an unblinded SSR design. This design allows for
on-trial modification of the trial sample size based on unblinded interim
results or other factors such as external information. The adjusted sample
size ensures a desired power of the design when the assumed treatment
effect at the design stage requires modification (Chen et. al. 2004 [11], Tsiatis
and Mehta 2003 [35]). As a general rule, it is recommended to only consider
adaptive methods for sample size increase [36]. There are two critical statisti-
cal considerations while contemplating an unblinded SSR design:

1. Interim decision for trial sample size readjustment, and

2. Maintaining the overall type-I error rate below the specified a-level.
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7.3.1 Decision Rule for Sample Size Reassessment

Similar to the other adaptive designs, an SSR design has two stages.
Assessment of sample size increment takes place after the end of stage 1.
A good decision rule for the sample size increment depends upon the like-
lihood of the trial success contingent on the current sample size and the
observed treatment effect estimate at stage 1. There are three possible out-
comes at the end of stage 1:

1. No change in sample size: If the observed evidence at the interim is
comparable or more favorable compared to the original assumptions.

2. Increase in sample size: If the interim estimates indicate that the
treatment benefit is less optimistic yet clinically meaningful and
therefore a trial with increased sample size is likely to be successful.

3. Stop for futility: If treatment benefit seems unsatisfactory.

Metrics used for interim decision in population selection design are appli-
cable for unblinded SSR designs. Following Posch et al. 2005 [29], we dis-
cuss the use of CP. The CP is the probability of success of a trial given
the stage 1 data and assuming a specific true treatment effect. Often, it
is calculated for different assumptions about the true effect size (e.g.,
effect under the null, effect under the originally assumed alternative, or
observed effect estimate treated as if it were the true effect). A promising
zone can be defined as a range of CP values (CP_,;,, CP_,,,) for which a mod-
erate sample size increase would achieve a desired overall power (Miiller
and Schéfer 2001 [27]). However, reassessement of the sample size based
on stage 1 data carries a risk of unintentional unblinding of the trial in
certain situations. For example, CP is a function of the number of events
and observed HR at stage 1 in time-to-event trials. Therefore, one can
approximately calculate the HR from stage 1, given the CP boundaries and
increase in the number of events. In order to prevent this, a flat increase in
sample size is typically planned for any value of CP in the promising zone.
For example, if 0.20 < CP < 0.8, the overall sample is increased by 50%.
This prevents the back-calculation of the treatment effect based on interim
result. For any SSR rule, it is important to not only take into account its
operating efficiency but also its operating risks and complexity in terms of
its implementation.

7.3.2 Type-I Error Control

It is important to emphasize that the number of observations available at the
end of an adaptive trial with SSR is a random variable. Hence, testing at the
final analysis while ignoring that the sample size was not fixed in advance
often leads to a biased inference. Combination tests are commonly used to
control type-I error rates in adaptive designs with SSR.
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7.3.2.1 Combination Tests

As stated in Section 7.2.1, we have described the combination test as a method
for combining p-values from different stages of a trial. Cui, Hung, and Wang,
1999 (CHW) [10] have proposed to use predefined weights for combining
test statistics from different stages in unblinded SSR. The proposed method
protects the type-I error. However, it is less efficient as the weighting of the
stagewise test statistics is not proportional to the sample size at each stage.
Miiller and Schéfer (2001) [24] and Gao et al. 2008 [15] have proposed an
adjusted test statistic, by combining the interim result with the final trial
result in group sequential fashion. In the next section, we have illustrated the
practical utility of CHW using a case study.

Other notable work in this area includes Gao et al. 2008 [15] and Mehta &
Pocock 2011 [24]. The authors showed that if the lower bound of the promising
zone is at least 50%, the unadjusted Wald statistic can replace the weighted
CHW statistic to control the type-I error rate. Mehta & Pocock 2011[23] have
also recommended that the sample size adjustment is more beneficial only if
interim analysis results are within the promising zone. However, criticisms
of this approach include the loss of power and the decision rule based on
CP using an unstable point estimate at interim (Glimm 2011 [17]). Mehta &
Pocock 2011 [25] have also shown that the power loss is negligible in general.

Similar to the seamless population selection design, simulations play an
important role in unblinded SSR. Simulation studies are necessary to
evaluate the frequentist operating characteristics of an SSR design under a
wide number of scenarios. The utility of simulation methods are elaborated
in Case study 2.

7.3.3 Case Study 2

In this example, we present a case study to illustrate the use of unblinded
SSR in a confirmatory oncology clinical trial with OS as the primary end-
point. Consider an experimental drug (Treatment A) being administered in
combination with a standard of care (Treatment B). A double-blind placebo-
controlled study is to investigate the survival advantage of the combination
over the standard of care plus placebo. Although the trial is designed with
the final analysis after 305 deaths, there are uncertainties about the effect
of Treatment A in the studied indication. A reliable assumption about the
magnitude of the target treatment effect (HR) is difficult prior to the trial.
Therefore, additional flexibility is required to mitigate this uncertainty.

Two interim analyses are planned approximately at 40% and 70% informa-
tion to evaluate the initial design assumptions. In one of the two interims, an
unblinded SSR is planned. Furthermore, the design also has the provision to
stop at interim for overwhelming efficacy or futility. Stopping at interim for
futility or efficacy is guided by the O’Brien Fleming beta and alpha-spending
functions, respectively. For example, if an unblinded SSR is performed at the
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Initial Stage Interim Analysis 1 and 2 Final Analysis
Condlthnal Yes | Crossed No F i}’lfil analysis at
power in Efficacy initially planned
Favorable zone boundary deaths

Final analysis at
50% more than the
initially planned

Starting with initial

target of 305 deaths Conditional Yes

power in
Promising zone

deaths
Conditional Yes Crossed No Final analysis at
power in Futility initially planned
unfavorable zone boundary deaths

FIGURE 7.2
Study design with unblinded SSR.

first interim, the main purpose of the second interim is stopping for efficacy.
No further SSR will take place at the second interim in such a case (Figure 7.2).

The initial sample size is calculated using a three-look group sequential
design, with the possibility of stopping for futility or efficacy at each interim.
The trial is initially powered at 80% for an alternative hypothesis HR = 0.72
requiring 305 events. An HR of 0.78 would still be clinically meaningful. To
design a trial with 80% power for this alternative hypothesis requires 533
events. However, with current uncertainty about the efficacy of the experi-
mental treatment, committing to such a larger study would be cost and
resource prohibitive. As an alternative, an unblinded SSR is considered. This
design allows the trial to start using the original assumptions (HR = 0.72).
However, there is an option for increasing the final sample size based on the
interim analyses results.

7.3.3.1 Decision for Sample Size Reestimation

In this design, the sample size increase can occur either at interim analysis
1 or interim analysis 2. The unblinded SSR will be based on CP and promis-
ing zone based on clinical consideration. The decision boundaries at interim
analyses are as follows:

I. SSR at Interim Analysis 1:

a. Favorable: If CP under current estimate 20.8 (or equivalently
observed HR < 0.74) and does not cross the efficacy boundary,
keep the total target sample size at 305 deaths and perform the
next interim at 0.7*305 deaths as originally planned.
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b. Promising: If 0.23 < CP under current estimate < 0.8 (or equiv-
alently observed 0.74 < HR < 0.85), continue and increase the
number of finally targeted events by 50% of originally planned.
The next interim analysis and final analysis will be per-
formed after 321 deaths (0.7%1.5*305) and 458 (1.5%305) deaths,
respectively.

c. Unfavorable: If CP under current estimate <0.23 (or equivalently
observed HR > 0.85) and does not cross futility boundary, keep
the total target sample size at 305 deaths and perform the next
interim at 214 (0.7#305) deaths as originally planned.

II. SSR Interim Analysis 2:
If SSR is performed in the interim analysis 1, the goal of the interim
analysis 2 is early efficacy assessment. No additional SSR will be
done. Otherwise, an unblinded SSR will be decided as follows:

a. Favorable: If CP under current estimate > 0.8 (or equivalently
observed HR < 0.76) and does not cross efficacy boundary, con-
tinue to 305 deaths.

b. Promising: If 0.15 < CP under current estimate < 0.8 (or equiva-
lently observed 0.76 < HR < 0.85), continue and increase the total
number of events to 50% of originally planned. The final analysis
will be performed after 458 (1.5*305) deaths.

c. Unfavorable: If CP under current estimate < 0.15 (or equivalently
observed HR > 0.85) and does not cross futility boundary, con-
tinue to 305 deaths.

The decision boundaries are based on the upper bound for
statistical significance under alternative hypothesis HR = 0.78,
and ensuring adequate control of type-1 error. If sample size is
increased after interim analysis 1, the timing of interim analysis 2
and final analysis needs to be adjusted in order to maintain 70%
and 100% information fractions, respectively. On the basis of
CHW 1999 [10], it ensures the invariance of variance—covariance
of the interim test statistic. Therefore, no change is required for
interim efficacy and futility boundary.

7.3.3.2 Statistical Hypothesis Testing Strategy

The interim and final analysis will be based on a log-rank test. The
hypothesis testing within promising zones is based on the re-weighted test
statistics (CHW 1999) [10]. The reweighted test is based on a linear com-
bination of the test statistics from three stages. The weights reflect the
planned number of events at the stage from the original design. The final
test statistic is:
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* Ninterim1 NFinal — Minterim1
ZCHW = ZStagel + ZStageZ
NFinal MFinal

Zstager and Zgy,,er are stagewise log-rank statistics by assuming an indepen-
dent increment. For additional methods for combining data from multiple
stages in time-to-event trials, see Irle and Schéfer 2012 [21] and Magirr et al.
2014 [23]. Zeuw > 1.96 results trial success.

7.3.3.3 Design Operating Characteristics

Table 7.4 displays the unconditional power and expected number of events of
the proposed design. The overall type-I error is well protected under the pro-
posed SSR scheme. Compared to the fixed sample design, there is a 5% gain
in power when underlying HR = 0.78. However, the unconditional power is
not useful to understand the full benefit of SSR. One also needs to look into
CP (Mehta and Pocock 2011 [24]). The expected study duration in Table 7.4 is
calculated by assuming that the enrolment rate remains the same from the
beginning of the study.

In order to understand the design further, Table 7.5 displays the operating
characteristics conditional on the zone into which the CP falls at the first and
second interim analyses. The table reveals a substantial gain in power as
compared to the original design if the interim outcome falls in the promising
zone, due to the increase in the sample size. If the interim outcome falls in
the favorable zone, the design shows a good power without any increase in
size. The increase in power in the promising zone is similar when the SSR is
done at interim 1 or 2; however, there is a substantial increase in the study
duration if the SSR is done at the later interim. Finally, the design shows low
power and no increase in the sample size if the interim outcome falls in the
unfavorable zone.

To summarize, the proposed unblinded SSR design provides the opportu-
nity to increase the sample size only when the results of the interim analyses
fall in the promising zone. However, the choice of the SSR strategy also needs to

TABLE 7.4

Type-I Error and Power for the Sample Size Reestimation of 50% at Interim
Analyses 1 or 2

IA1 1A2
Overall Expected Study Expected# Overall Expected Study Expected #
Power Duration of Events  Power Duration of Events
HR=1 2.49 35 213 2.38 34 211
HR=0.78 61 52 295 61 53 299

HR=0.72 84 50 280 85 53 292




TABLE 7.5

Operating Characteristics of SSR Designs Conditional on First and Second Interim Outcome Under HR =0.78 and HR = 0.72

Interim Analysis 1

Interim Analysis 2

True HR Zone Probability® (%) Power Study Duration # of Eventsc Probability? (%) Power Study Duration # of Events*
HR=0.78 Futility 10 0 25 122 10 0 25 122
Unfavorable 26 34 52 301 26 17 52 305
Promising Zone
Original Design 27 59 50 290 24 58 52 305
CHW method 79 72 411 82 81 458
Favorable® 37 84 44 254 39 94 43 244
HR=0.72 Futility 4 0 25 122 4 0 25 122
Unfavorable 14 54 52 299 8 21 53 305
Promising Zone
Original Design 28 80 49 277 25 74 53 305
Promising Zone 93 69 380 91 84 458
Favorable® 54 94 43 239 63 97 42 235

2 Probability of being in a zone.
b Interim Analysis 2: Efficacy Stopping included in the Favorable zone.

¢ Expected # of events.

1)748
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be evaluated in terms of the practical feasibility. The timing of SSR is critical.
An early SSR decision will be based on an immature estimate of HR. However,
a late SSR may render the possibility of additional enrolment infeasible.

7.4 Operational Considerations of Adaptive
Design for Confirmatory Trials

Adaptive trials are more complex to implement than conventional trials and
their successful implementation requires careful consideration of the opera-
tional aspects. For confirmatory trials, it is critical to ensure that the unblinded
interim results do not influence the ongoing study conduct and monitoring
of patients. Due to the unblinding of interim data and the resulting design
adaptations in confirmatory adaptive trials, operational biases may raise
questions about the integrity of study conduct. Since operational biases can-
not be quantified, adequate processes to prevent them must be in place.

Two important operational aspects of adaptive confirmatory trial design
are proper documentation and an independent data monitoring committee
(DMC). The study protocol must contain the key design aspects (e.g., sample
size, adaptation decision, and methods for type-I error control). In addition,
the statistical methods for testing and estimation need to be clearly specified
in a statistical analysis plan. The health authorities often ask for simulation
programs and results for review. Therefore, user-friendly documentation of
simulation programs is helpful.

DMCs play an important role in adaptive design. It is therefore crucial to
select DMC members with the right expertise and experience. For unblinded
data analysis and presentation to the DMC, an independent statistical orga-
nization must be engaged. A well-documented and clearly written DMC
charter explaining the role of DMC members, sponsor plan, and communi-
cation plan must be in place.

Other aspects include handling of randomization, drug supply, efficient
data capturing & management plan, biomarker assay validation and avail-
ability plans. Cross-functional collaboration is crucial to ensure an efficient
trial conduct.

7.5 Regulatory Guidance on Adaptive
Designs for Confirmatory Trials
The FDA and the EMA have both released guidance discussing their view

on the operational and statistical aspects for adaptive designs. The following
shows how FDA and EMA guidance have evolved over time:



142 Statistical Approaches in Oncology Clinical Development

* In 2007, the EMA issued its “Reflection Paper on Methodological
Issues in Confirmatory Clinical Trials Planned with an Adaptive
Design” [14]. The paper does not discuss any specific statistical
methods. However, while it recognizes the value of flexible designs
in early drug development, it expresses concerns about too much
flexibility in confirmatory trials.

¢ In 2010, the FDA's Center for Drug Evaluation and Research and the
Center for Biologics Evaluation and Research issued a joint draft
guidance for adaptive designs, which emphasizes adequate and well-
controlled phase 3 trials [36]. This guidance, as well as other reports,
encourages sponsors to use innovative designs. Designs are classified
into: 1) designs whose properties are well-understood, such as group
sequential designs or designs using blinded sample size reassess-
ments; and 2) more innovative or less well-understood designs, for which
experience is still sparse. For the latter, which includes the adaptive
confirmatory designs, sponsors are urged to seek early discussion
with the FDA. A revised guideline is released on September 2018.

Sponsors of clinical trials need to seek health authority feedback on adaptive
designs early in the planning phase. Some important points for discussion
include adaptation rules and blinding procedures (Gaydos et al. 2009 [16]).
When submitting a seamless confirmatory design for regulatory review,
detailed information must be available in the briefing package, protocol, sta-
tistical analysis plan, simulation report, and DMC charter.

7.6 Discussion

Confirmatory clinical trials are a critical component in a drug development pro-
gram. A positive outcome at this stage directly impacts the market authorization
approval, and therefore access to novel therapies for patients. Confirmatory tri-
als carry inherent risks and uncertainty and thus require strategies to mitigate
risks. Unblinded sample size reestimation and seamless population selection designs
provide opportunities to mitigate risk via trial adaptations.

Adaptive confirmatory trials are not appropriate for all situations. They
pose operational and statistical challenges, which may question the validity
of study conduct and study results if not carefully planned. The operational
challenges include drug supply, changes in randomization, and improper
dissemination of interim decisions. Regarding statistical challenges, strict
control of type-I error rates is essential for registration. These challenges can
be overcome by appropriate planning and procedures. Therefore, upfront
investment of time and resources is critical. These investments must be
weighed against the potential benefits of a seamless confirmatory trial.
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8.1 Introduction: Safety Challenges

The safety assessment of any new drug is critical and there are a number of
references on the topic (Jiang and Xia 2014; Snapinn and Jiang 2016). Benefits
of the treatment must outweigh its risks to ensure a positive benefit-risk (BR)
profile and there has been an increased emphasis on early and critical safety
evaluation to ensure patient safety throughout the drug life cycle. There are
some unique aspects in the assessment of safety for cancer treatments. One
such difference is that patients are more willing to accept a greater degree of
toxicity in order to obtain an important benefit than they would be for less
grievous conditions. In addition, phase I clinical trials for cancer treatments
are typically performed on the patients for which the treatment is intended,
making it important to proactively plan for comprehensive safety evaluation
and signal detection at the start of the development program. Statisticians
should be intimately involved in this process and contribute their expertise
to safety data collection and analysis, reporting, and data visualization.

Statistical methodologies for analyzing patient safety are less comprehen-
sive than they are for efficacy outcomes. Methods are generally descriptive
in nature due to the following challenges:

¢ Studies are often underpowered to detect treatment differences for
safety endpoints;

* There are numerous safety endpoints to consider, including adverse
events (AEs), laboratory measurements, and electrocardiograms
(ECG). Without proper multiplicity adjustment, this may result in
potential false-positive findings. On the other hand, strict adherence
for multiple comparisons can leave little power to detect signals;

* Safety outcomes have important characteristics to consider includ-
ing duration, severity, and investigator’s assessment of causal
relationship to drug, resulting in numerous sensitivity analyses;

* Safety events may occur spontaneously at any time during the trial,
and may include events that are not expected to occur for the disease
under investigation;

* Medical classifications may be inaccurate;

* BR assessments are challenging and the methodologies are cur-
rently evolving.
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In this chapter, we discuss the challenges related to safety evalu-
ation and share our thoughts on how to apply statistical thinking
and methodologies to enhance the collection, analysis, reporting,
and interpretation of safety data. The remainder of this chapter is
organized as follows: Section 8.2 describes the program-wide safety
analysis plan and the statistical analysis plan for the integrated sum-
mary of safety, documents which summarize the safety analyses to
be conducted for the entire clinical development program, and out-
line the responsibilities of the data monitoring committee; Section
8.3 discusses AE monitoring, highlighting differences in approach
between phase II and III; Section 8.4 provides an overview of
safety reporting, including subgroup analysis and meta-analysis;
Section 8.5 provides a brief conclusion.

8.2 Planning Safety Monitoring and Analyses
8.2.1 Analysis Plans

Safety evaluation is critical for drug development. To ensure systematic
safety monitoring and evaluation, one needs a proactive safety evaluation
that can be performed objectively and in a timely manner. Having the nec-
essary safety-related documents, such as a risk management plan (RMP),
can facilitate safety evaluation. However, the RMP does not consider any
of the statistical aspects of development activities, so it must be comple-
mented by a more focused document called a program-wide safety analysis
plan (PSAP). The PSAP often contains the following sections: background,
general plan, data generation, fata structure and content, methods for anal-
ysis, presentation and reporting, and problem-oriented summary for AEs
of special interest (AESIs). A PSAP has been recommended by the Safety
Planning, Evaluation and Reporting Team (Crowe et al. 2009), but it is
currently not required by regulatory agencies. Nevertheless, several spon-
sors have adopted and implemented a PSAP (or a similar document by a
different name) for documenting the appropriate data to be collected and
the analyses to be performed in order to characterize the safety profile of the
new therapy throughout the development life cycle. As added benefits, the
PSAP can facilitate ongoing interactions with regulatory agencies regarding
current safety strategies and can aid in the evaluation of the BR profile of the
new therapy in the post-marketing stage.

The PSAP may be considered redundant with the statistical analysis plan
for the integrated summary of safety (iSAP), but, in fact, these two docu-
ments can be very different. The PSAP provides a systematic way to evalu-
ate safety at a product level and contains plans for both prospective and
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retrospective safety analyses. The contents of a PSAP are flexible and can
be amended as needed throughout the product life cycle. With respect to
timing, development of the PSAP can be done as early as during phase II
product development, with input from different functional groups such as
biostatistics, safety, clinical, and regulatory. The iSAP, on the other hand, is
generally finalized quite late in the drug development process, often while
phase III studies are being conducted, though prior to the unblinding of any
these trials. Further, the iSAP has a more limited scope, only covering the
period up to the drug submission.

8.2.2 Data Monitoring Committees

A data monitoring committee (DMC) is established primarily to protect the
well-being of the trial participants through periodic review of safety out-
comes for an ongoing trial. Should a safety signal appear, these reviews
may result in recommendations to the sponsor regarding modifications to
the study, including dropping treatment arms with higher and potentially
more toxic doses, dropping arms with lower and potentially ineffective
doses, or stopping the study outright. With the increased use of adaptive
designs, some unique features of the DMC may need to be modified when
the protocol contains adaptive elements; these features include the compo-
sition and functioning of the DMC. Although we focus on pharmaceutical
industry-sponsored trials, much of this discussion can be applied to other
trials as well.

In general, a fully independent DMC is needed for a phase III study
to ensure the safety of trial participants and to protect the integrity of
the study. A few factors that influence the need for a DMC include the
seriousness of the medical condition and the level of knowledge about the
investigational agent. Primary responsibilities for a DMC are to monitor
the safety outcomes of the trial participants, and, increasingly, to review
efficacy data in order to evaluate trade-offs in the BR profile. A study can
have boundaries for stopping for efficacy, stopping for futility, and stop-
ping for safety, although boundaries for safety will depend on whether the
specific safety concerns (e.g., death) can be prespecified. Efficacy bound-
aries are often prespecified, but it is less common to prespecify safety
boundaries due to the ad hoc nature of safety signals, especially in phase
III trials.

For adaptive trials, especially for those that are “less well-understood,”
such as adaptive dose-finding decisions, seamless phase 2/3 designs, and
unblinded adaptive sample size reestimation procedures, special expertise on
the DMC could be required to make adaptive decisions (FDA draft guidance
2006, 2010). In such scenarios, often both efficacy and safety will be moni-
tored. Adaptive designs also include the potential that certain decisions may
inadvertently unblind study participants, and it is unclear whether or not a
sponsor should be involved in the adaptive decision-making (Gallo 2006a,b).
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Other issues include the potential conflict between an adaptive decision,
typically based on efficacy data, and the accumulating safety data being
reviewed by the DMC (Herson 2008, 2009). DMCs are further discussed in
Section 8.3.2.1.

8.3 Adverse Event Monitoring

The National Institutes of Health require data and safety monitoring, gener-
ally, in the form of DMC or Data and Safety Monitoring Boards (DSMBs) for
phase III clinical trials. For earlier trials (phase I and phase II), a DSMB may
be appropriate if the studies have multiple clinical sites, are blinded (masked),
or employ particularly high-risk interventions or vulnerable populations;
otherwise, safety monitoring can be performed by a study investigator or a
study safety team. A formal stopping rule for toxicity can serve as a useful
reference for a DSMB or a safety monitoring team when reviewing the total-
ity of toxicity data in oncology trials.

Phase I trials in oncology are conducted among cancer patients, typically
with an assumption that the benefit of the cancer treatment will increase
with the dose. The severity of toxicity is also expected to increase with the
dose, so the challenge is to increase the dose without causing an unaccept-
able toxicity to patients. The goal of phase I trials is to identify the maximum
tolerated dose (MTD). Phase II studies are conducted at the MTD estimated
from phase I, and they evaluate whether a new drug has sufficient efficacy
to warrant further development and refine the knowledge of its safety pro-
file. In phase II trials, the toxicity rule can be developed to evaluate if the
trial needs to be stopped early due to levels of toxicity higher than expected.
Phase III trials examine the BR trade-off to determine if the trial needs to
be stopped. The safety objectives of phase I trials are discussed in Chapter
1 of this book; we limit our discussion of safety monitoring to phase II and
phase III clinical trials in this chapter. Since the occurrence of clinically rel-
evant changes in other safety endpoints are often reported as AEs, the pri-
mary focus of this section is AE monitoring.

8.3.1 Toxicity Monitoring in Single-Arm Phase Il Trials

The goal of a phase II oncology clinical study is to gain preliminary insights
into the clinical activity of a novel treatment regimen. Most contemporary
phase Il oncology trials are single-arm or non-comparative multi-arm studies
(Ivanova et al. 2016), with efficacy as a primary endpoint and toxicity as a sec-
ondary endpoint. Phase I oncology trials are designed to assess the toxicity
of novel therapies. However, given the relatively small number of patients in
phase I oncology trials, the recommended phase II dose can be imprecisely
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defined, leading to excessive toxicity in a phase II trial. Additionally, the
patient characteristics in phase I can differ from the patients enrolled in a
phase II trial (e.g., patients with solid cancer tumors vs patients with a spe-
cific type of cancer). Most phase II trials are designed to terminate a study
early if the treatment is not promising for further development. It is equally
important in a phase II oncology trial to not only have stopping rules for
efficacy or a lack of therefore but also have stopping rules for toxicity.

Frequentist and Bayesian methods have been developed to evaluate both
toxicity and efficacy as bivariate (efficacy, safety) variables. Most methods
are two-stage and range from an equal weighting of efficacy response and
toxicity to designs with variable trade-offs between these two outcomes.
For example, the designs of Conaway and Petroni (1995), and Bryant and
Day (1995) extend the two-stage Simon’s designs by considering a new
agent sufficiently promising if it exhibits both a response rate higher than
the standard therapy and a toxicity rate that does not exceed the current
standard of care. Conaway and Petroni (1996) proposed a trade-off design
between response and toxicity rates that permits the level of toxicity to
increase according to the observed response rate. Thall, Simon, and Estey
(1995, 1996), Thall and Sung (1998), Thall and Cheng (1999), Chen and Smith
(2009), and Thall (2008) proposed Bayesian methods for the simultaneous
monitoring of both response and toxicity that allow for trade-offs between
efficacy and toxicity rates.

Case Study 1 (Interim Stopping For Excessive Toxicity)

A phase 11 study examined a systemic anticancer therapy consisting of oxaliplatin,
infusional 5-fluorouracil, and cetuximab concurrent with external beam irra-
diation prior to definitive esophagectomy in patients with operable esophageal
adenocarcinoma (Gibson et al. 2010). A Simon two-stage design (Simon 1989)
was used with a complete pathologic response as the primary endpoint. Toxicity
was an important secondary endpoint and was monitored closely with monthly
teleconferences, but there was no formal stopping rule for toxicity in the study
protocol. By the time 22 patients were enrolled and treated, 6 treatment-related
deaths (grade 5 toxicity) were observed. The study was stopped early for exces-
sive toxicity. Standard multimodality therapy, namely, the regimen without
cetuximab, is also associated with a known significant AE profile. However, the
number of deaths of the experimental therapy was much higher than expected.

It is recommended to have a formal stopping rule to terminate the trial early
for toxicity. One possibility is to have a single interim analysis; however, eval-
uating toxicity formally only once during the trial may not be sufficient. Does
observing three treatment-related deaths in the first five patients warrant
stopping the trial? A question like this might be raised by DSMB. Therefore, it



Safety Monitoring and Analysis 153

might be beneficial to have a stopping rule that is continuous; that is, monitor-
ing occurs throughout the study and stopping boundary is specified for each
n, where 7 is the number of patients. For each 7, the rule specifies the mini-
mum number of toxicities that warrant stopping the study out of the total
number of patients who have already been enrolled and have completed their
follow-up for toxicity. For example, if investigators anticipate approximately
5% of deaths within the study, a potential formal stopping rule (Pocock 1977)
would recommend trial suspension if at least two grade 5 events are observed
in the first 2-4 patients, at least three events are observed in 5-12 patients, at
least four events in 13-21 patients, at least five events in 22-31 patients, and if
six or more events are observed in more than 31 patients.

A safety stopping rule can be based on frequentist or Bayesian approaches.
Frequentists use fixed parameters to describe the unknown state of truth.
Bayesian approaches take into account the accumulated information from
prior experience (the prior), as well as the data collected (the likelihood function),
to update and adapt the trial design (Berry 2012). We describe stopping rules
based on frequentist and Bayesian approaches.

8.3.1.1 Frequentist Stopping Boundaries in Phase Il

Consider a hypothetical example of an oncology phase II trial with a total
sample size of 20. To define a stopping rule for excessive dose-limiting
toxicities (DLTs) for this study, one needs to specify an acceptable probabil-
ity for observing a DLT, 6,. Usually, 6, is the target probability of a DLT in
the corresponding phase I trial. Since most oncology phase I trials use the
3+ 3 design, the target DLT probability is often 0.20 or 0.25 (Reiner et al. 1999).

The two most frequently used boundaries are the O’Brien-Fleming (OBF)
(O’Brienand Fleming 1979) and the Pocock (Pocock 1977) boundaries (columns5
and 6, Table 8.1). The OBF boundary achieves higher power compared to the
Pocock boundary for a given sample size and type-I error rate (@). That is,
when used for the sequential monitoring of toxicity, the OBF boundary will
yield a higher probability of stopping the trial for excessive toxicity when the
toxicity is indeed excessive compared to the Pocock boundary. However, the
Pocock boundary will stop the trial earlier than the OBF boundary, and,
therefore, will yield less observed toxicities on average compared to the OBF
boundary. For example, as shown in Table 8.1, if the Pocock boundary is used,
the trial will stop if three DLTs are observed in the first three patients. In com-
parison, if the OBF boundary is used, the earliest stopping point requires that
the first six patients all experience DLTs. Both boundaries shown in Table 8.1
have the probability of stopping the trial at o = 0.05, the type-I error rate, if the

toxicity probability is tolerable, that is, 6, = 0.2.

The Pocock stopping rule can alternatively be described as repeated
testing of the probability of toxicity after each patient completes toxic-
ity follow-up, with the null hypothesis that the DLT probability is equal
to 6, =0.2 and a type-I error rate &’. The point-wise a-level, a’, is much
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TABLE 8.1
Stopping Boundaries for a Trial with 20 Patients

Bayesian Boundary OBF Pocock
Number  Beta(0.6,2.4) Beta(4,16) Beta(0.6,2.4) Two- Three-
of Patients 7=0.98 7=0.98 7=0.911 Multistage Multistage Stage Stage
1 - - - _ - _ -
2 - - _ - _ _
3 3 - - - 3 - -
4 4 - 4 - 4 - -
5 4 - 5 - 4 - -
6 5 6 5 6 4 - -
7 5 7 5 6 5 - 5
8 5 7 5 6 5 - -
9 6 7 6 6 5 - -
10 6 7 6 6 6 6 -
11 6 8 6 6 6 - -
12 7 8 6 7 6 - -
13 7 8 7 7 7 - -
14 7 9 7 7 7 - 7
15 7 9 7 7 7 - -
16 8 9 7 7 8 - -
17 8 9 8 7 8 - -
18 8 10 8 8 8 - -
19 9 10 8 8 9 - -
20 9 10 8 8 9 8 8

Stopping boundaries for a trial with 20 patients with acceptable DLT probability of §,=0.2. The
trial is stopped after k patients if the number of observed DLTs is equal to or higher than the
corresponding value of the boundary. OBF: O’Brien-Fleming Boundary. The probability of stop-
ping the trial when the toxicity rate is acceptable is 0.05 for all boundaries.

smaller than the overall type-I error rate and can be computed for a given
a. In the Pocock stopping boundary in Table 8.1, the point-wise o’ = 0.0196
corresponds to o = 0.05. Ivanova et al. (2005) provide a table of values o’
for various sample sizes (1) and tolerable DLT probability ,. Free software
to generate the Pocock stopping boundary is available at http://cancer.unc.
edu/biostatistics/program/ivanova/. For given n, 6, and «a, the software
computes the stopping boundary and important quantities that describe
the boundary’s performance. For several values of the true DLT probability
0,, the program computes the probability of stopping a trial and declaring
that the therapy is too toxic, the average number of DLTs, and the average
number of patients in the trial (Table 8.2). For example, when the probability
of DLT is 04, about half of the trials are stopped (probability of stopping is
0.55). The software also provides an example write-up that can be used in
clinical trial protocols.


http://cancer.unc.edu/biostatistics/program/ivanova/
http://cancer.unc.edu/biostatistics/program/ivanova/
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TABLE 8.2

Operating Characteristics for a Trial with 20 Patients

True DLT Early Stopping Expected Expected Number
Probability Probability Number of DLTs of Enrolled Patients
0.2 0.05 39 19.5

0.4 0.55 5.8 14.6

0.5 0.83 5.4 10.8

0.6 0.97 4.7 7.8

0.8 1.00 3.6 4.5

Operating characteristics of the Pocock boundary with 20 patients, acceptable DLT probability
of 8, = 0.2, and the type-I error rate of 0.05.

8.3.1.2 Bayesian Stopping Boundaries in Phase Il

To compute a frequentist boundary, a tolerable level of toxicity (6, = 0.2), a type-
I error rate (o = 0.05), the shape of the boundary, for example, Pocock or OBF,
and the total sample size (1) of the study are required. To compute a Bayesian
stopping boundary, we need to specify a tolerable level of DLT (6, = 0.2), the
prior distribution for the DLT probability, and the tolerance cutoff, 7. The Beta
distribution is used as a prior for DLT probability, requiring the specification of
the distribution parameters a and b. For example, the prior Beta(a =2, b=8) can
be viewed as reflecting the prior information from 10 patients (2 experienced
DLTs whereas 8 did not) who were, for example, enrolled in a prior phase I
trial. As data are being collected from the ongoing phase II trial, the posterior
distribution is computed. For example, if 5 and 25 patients have completed
the ongoing phase II trial with and without a DLT, respectively, the posterior
distribution of the probability of a DLT is Beta(2+5, 8+25), with a corresponding
mean DLT probability of 0.21. According to the prior, the probability that the
DLT rate was larger than 0.2 was 43%. After obtaining the data, this probabil-
ity is 31%. On the other hand, if 10 DLTs are observed among these 30 patients,
the posterior distribution of the probability of DLT is Beta(2 + 10, 8 + 20). In this
case, the DLT probability is estimated as 0.43, and the probability that the DLT
rate is larger than 0.2 is now 93%.

Geller et al. (2005) proposed a Bayesian stopping rule for continuous
monitoring of toxicity. The trial is stopped if the posterior probability of the
DLT rate exceeding 6, is equal to or higher than a prespecified value 7, usu-
ally 0.90, 0.95, or 0.98. The rule is continuous as it checks whether or not the
total number of observed DLTs is too high after DLT information becomes
available on every new patient. Columns 2 and 3 of Table 8.1 provide two
Bayesian stopping boundaries for a trial of a total of n=20 patients and
7=0.98 for 6, =0.2. A stopping boundary is described by a set of integers
b, k=1,..., n, such that the trial is stopped if there are b, or more DLTs
observed out of first k patients with complete toxicity follow-up. The prior
distribution, the value of tolerable DLT probability 6, and the value of =
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uniquely define the set of integers b, that can be computed prior to the start of
the trial. To use the Bayesian boundary, there is no need to compute the prob-
ability that the DLT rate is larger than 6, = 0.2 given the current data. Instead,
one can simply check if the number of observed DLTs in the first k patients
is equal to or exceeds b;. The boundary in column 2 uses the prior Beta(0.6,
2.4), reflecting information from the total of 0.6 + 2.4 = 3 patients. The prior
experience might reflect information from a 3-patient dose cohort or from
a 6-patient dose cohort of a phase I trial. In the latter case, the prior experi-
ence was down-weighted from 6 to 3 patients, that is, Beta(0.6, 2.4) was used
instead of Beta(1.2, 4.8). The overall probability of stopping the trial for the
boundary in column 2 of Table 8.1 when the DLT rate is equal to the accept-
able rate of 0.2 is 0.038. The boundary in column 3 of Table 8.1 uses the prior
Beta(4, 16), which reflects information from 20 patients with an observed DLT
probability of 4/20 = 0.20. Because there is strong prior information that the
DLT probability is close to 0.20, stronger evidence is needed in the phase II
trial that the DLT probability is high in order to stop the trial compared to
the first boundary. This is also reflected in the very small overall probability
(0.004) of stopping the trial when the DLT probability is equal to the accept-
able DLT rate. The overall probability of stopping when the probability of
toxicity is acceptable is a useful metric as it is the same as the frequentist
type-I error rate. Column 4 of Table 8.1 shows a boundary with the prior
Beta(4, 16) and 7 = 0.911 where the overall probability of stopping is 0.05 when
the true toxicity probability is 0.2.

In general, and as seen from Table 8.1, the Bayesian boundary with the
Beta(0.6, 2.4) prior and 7 =0.98 is almost indistinguishable from the Pocock
boundary. Less informative priors, that is, priors where a + b from a Beta
distribution is low, for example, 0.6 + 2.4 = 3, yield a Bayesian boundary simi-
lar to the Pocock boundary as long as the two boundaries yield a similar
overall probability of stopping. In the case of informative priors, wherea +b
is high, more DLTs are required to occur within the ongoing phase 1I trial
to recommend trial interruption. More DLTs need to be observed to stop
the phase 1II trial, because we need to override the prior information that
the toxicity rate is tolerable. In the example shown in Table 8.1, under the
Bayesian rule with an informative prior regarding the probability of stop-
ping of 0.05 (7 = 0.911), we stop later than under the Pocock boundary but
earlier than the OBF boundary.

8.3.1.3 Two-Stage, Three-Stage, or Multistage Designs
for Stopping for Toxicity in Phase 11

Consider a two-stage Pocock boundary with a probability of stopping of
at most 0.05 when toxicity probability is 0.2. According to the two-stage
boundary, the trial is stopped if six or more DLTs are observed in the first 10
patients and if eight or more DLTs are observed in 20 patients, or equivalently,
point-wise o’ =0.0325 is used (Table 8.2). This boundary is a two-stage
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counterpart of the Pocock continuous boundary (column 7 in Table 8.1).
Due to the discreteness of the binomial distribution, the decision rules for a
two-stage boundary in this example are very similar to the corresponding
rules in the 20-stage boundary: 26/10 and>8/20 for the two-stage, and
26/10 and 29/ 20 for the 20-stage boundary. The multistage boundary is
more flexible as it allows stopping at many points of the trial. The expected
number of DLTs before the trial is stopped if the two-stage boundary is
used for true DLT probabilities of 0.4, 0.5, 0.6, and 0.8 are 7.3, 8.1, 8.3, and 8.3
compared to 5.8, 5.4, 4.7, and 3.6 for the continuous boundary (Table 8.2).
That is, three more DLTs are observed on average if the two-stage bound-
ary is used. The expected number of enrolled patients for the two-stage
boundary is 18.3, 16.2, 13.7, and 10.3 compared to 14.6, 10.8, 7.8, and 4.5 for the
continuous boundary (Table 8.2). For a three-stage boundary, the decision
rulesare>5/7,>7 /14, and > 8 /20 (column 8, Table 8.1). The rules coincide
with the continuous boundary decision rules except at the last look. A mul-
tistage boundary allows exhausting the type-I error rate more effectively
and efficiently. Examples of two-stage designs where a trial can be stopped
after stage 1 because of high toxicity can be found in (Elter et al. 2005; Krug
et al. 2005; Penson et al. 2010). A multistage design with interim analysis for
toxicity after every 10 patients (or after every 20 patients) is discussed in
(Brada et al. 2005; Ross et al. 2010).

Summary of recommendations for stopping for excessive toxicity in a
phase II trial

¢ Keep the probability of stopping the trial when the DLT probabil-
ity is equal to the acceptable DLT rate at 0.05 or lower regardless of
whether the frequentist or the Bayesian boundary is used.

* Between the two frequentist stopping boundaries most commonly
used in clinical trials, the Pocock boundary and the OBF boundary,
we recommend the Pocock boundary because it allows stopping for
toxicity as early as possible.

¢ If a Bayesian boundary is considered, a boundary with the prior cen-
tered around the acceptable DLT rate and a small effective sample
size (a + b) in the prior is similar to the Pocock boundary. If effective
sample size (a + b) in the prior is large, the boundary is similar to the
OBF boundary.

e Use a multistage boundary rather than the two- or three-stage
boundary. Due to discreetness of the binomial distribution, almost
no power is lost when additional looks are added to the two- or
three-stage boundary to make a multistage boundary.

¢ Ifitis likely that a large number of patients could be enrolled within
a short period of time, it is recommended to employ an enrolment
rule (Song and Ivanova 2015) to determine when to enroll patients or
when to delay enrolment.
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8.3.2 Toxicity Monitoring in Randomized Phase
Il and Phase IlI Clinical Trials

In the assessment of the BR balance in oncology, the weight given to more com-
mon AEs affecting tolerability versus infrequent severe or life-threatening
AEs differs depending on the disease stage and setting (EMA 2016). In the
palliative setting, good tolerability may be given priority; also, in a cura-
tive setting, tolerability may be given less emphasis as long as it does not
compromise the completion of therapy. In the palliative setting, infrequent
severe or even fatal AEs may be considered to be an acceptable risk, but in the
adjuvant setting, where therapy is given based on an assumption that many
patients would be cured by the prior surgery alone and even more with the
standard adjuvant therapy, the acceptance of life-threatening AEs is gener-
ally lower. The BR assessment in the neoadjuvant setting is more complex,
as it depends largely on the operability of the tumor. Higher risks may be
acceptable for treatments in patients with primarily inoperable tumors, such
as locally advanced or metastatic cancer.

The primary endpoints in randomized phase II and phase III clinical tri-
als in oncology are usually overall survival (OS), progression-free survival,
or disease-free survival (DFS). All of these endpoints include death as an
outcome, but stopping rules for a primary endpoint does not cover situa-
tions when unexpected or highly significant events other than death emerge
in safety. Additionally, safety reviews are usually conducted more often
than interim analyses for efficacy to stop a trial as soon as possible if unex-
pected severe toxicity is observed, though the continuous safety monitoring
described in Section 8.3.1 might not be realistic in large multisite randomized
phase II and phase III oncology trials. For most randomized studies, safety
monitoring is done by an independent DSMB at preplanned safety analyses.

The Pocock, OBF, or Bayesian boundaries can be used to monitor toxicity
in randomized phase II and phase III clinical trials (Lewis and Berry 1994;
Jennison and Turnbull 2000; Berry et al. 2011). Generally, the BR trade-off
is evaluated to decide if the trial needs to be stopped due to toxicity and
the decision is primarily based on qualitative approaches and the expert
judgment (DSMB). For readers interested in qualitative and quantitative BR
assessment methods, we recommend Jiang and He (2016).

8.3.2.1 Independent Committees to Review Safety Data

Data and safety monitoring in clinical trials can be defined as a planned,
ongoing process of reviewing the data collected in a clinical trial with the
primary purpose of protecting the safety of trial participants, the credibility
of the trial, and the validity of trial results (Ellenberg et al. 2002; Dixon
et al. 2006). As mentioned in Section 8.2.2, independent DSMB is usually
responsible for data and safety monitoring in randomized phase II and
phase III studies. Sometimes safety reviews occur with the same frequency



Safety Monitoring and Analysis 159

as efficacy reviews, but more frequent safety meetings are typical prac-
tice. How often should the DSMB review the data? The answer depends on
how fast the information becomes available. Most oncology DSMBs meet
and review safety data every 6 months (Green et al. 2003), though annual
monitoring is recommended for adjuvant therapy or slower accruing trials.
Safety monitoring can be blinded or unblinded. For interim safety review
of randomized trials, DSMB members usually receive reports with partially
blinded or masked treatment groups. In this case, patient data is summarized
by the actual treatment group, with the groups labeled as A and B, where the
meaning of A and B is not disclosed to the DSMB members unless specifi-
cally requested. Blinded monitoring of individual safety data is usually per-
formed by the study team or the study coordinator. The DSMB may request
unblinded summaries of efficacy in addition to safety when the study under
review is considered for early termination due to a safety concern.

In guidance for clinical trial sponsors on Establishment and Operation of
Clinical Trial Data Monitoring Committees (2006), the United States Food and
Drug Administration (US FDA) defined a clinical trial DMC as “a group of
individuals with pertinent expertise that reviews on a regular basis accumu-
lating data from one or more ongoing clinical trials.” They note that a DMC is
also known as a DSMB or a Data and Safety Monitoring Committee (DSMC).
Because different expertise and experience may be necessary to make appropri-
ate recommendations, questions sometimes arise as to whether some trials, for
example, adaptive trials, should have a single DMC or two committees—DMC
and DSMB—one that can address efficacy adaptations and the other one that
can meet more often to review the safety data more thoroughly (Antonijevic
et al. 2013). We recommend a single committee, with members possessing
the relevant expertise and experience necessary for the interim review and
decision-making to avoid confusion or conflicts in recommendations between
multiple groups. While two committees responsible for the oversight of one
clinical trial makes the review process more complicated, it could be accept-
able if the responsibilities and the communication process are clearly outlined
upfront. Very often, industry-sponsored clinical programs utilize the same
independent DMC for all trials in a development program, sometimes going
as far as possible for multiple programs for a compound under investigation.
Although DMC decisions are advisory, they should be taken seriously by com-
pany executives responsible for the study validity and integrity.

In the draft guidance for industry on Safety Assessment for IND Safety
Reporting (2015), the US FDA recommends that sponsors use a safety assess-
ment committee. This safety assessment committee should oversee “the
evolving safety profile of the investigational drug by evaluating, at appropri-
ate intervals, the cumulative serious adverse events (SAEs) from all of the tri-
als in the development program, as well as other available important safety
information (e.g., findings from epidemiological studies and from animal
or in vitro testing) and performing unblinded comparisons of event rates in
investigational and control groups, as needed, so the sponsor may meet its
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obligations under § 312.32(b) and (c).” The safety assessment committee is dis-
tinct from a DMC with different roles and operational practices. In most cases,
an existing DMC will not be able to function as a safety assessment committee
because the DMC may meet too infrequently and is often focused on a single
trial, rather than the entire safety database. Further, DMCs recommend to the
sponsor when to modify or stop a study because the investigational drug is
ineffective or exhibits an important safety concern. In contrast, the role of the
safety assessment committee is to review accumulating safety data to deter-
mine when to recommend that the sponsor submit an IND safety report to
the FDA and investigators participating in the clinical program. Despite their
distinct roles, the safety assessment committee can participate with a DMC
for decisions as to whether the conduct of a specific study should be revised
based on the currently available safety information.

8.3.2.2 Examples of Early Stopping in Oncology Trials

There are many examples of clinical studies stopped early in oncology.
Reasons for stopping trials early include stopping for positive results includ-
ing good efficacy and acceptable toxicity, or negative results including futil-
ity (inability to distinguish from a control), unacceptable toxicity, or slow
patient enrolment. We summarize some important case studies and discuss
the impact of early trial termination.

Case Study 2 (Emergency stopping based
on unexpected toxic death)

The Southwest oncology group (SWOG) study 9028 (Samon et al. 1998, Green
et al. 2003) was designed to test the hypothesis that the standard therapy plus
agents to block the transport of drugs from cells would be more effective than the
standard therapy alone in the treatment of multiple myeloma. Patients were ran-
domized to receive either vincristine, doxorubicin, and dexamethasone (VAD) or
VAD plus VQ (verapamil and quinine) to overcome multidrug resistance. The
difficulty in the evaluation of multiple myeloma patients is the determination
of the cause of death. Patients who die due to the disease often die of multiple
organ failure, which makes it difficult to distinguish death due to disease from
death due to organ toxicities. Shortly after SWOG 9028 was open to accrual,
several deaths of patients treated with VAD plus VQ were reported. The study
coordinator reviewed the information and judged that these deaths were due to
renal failure in patients with poor renal function at diagnosis and were possibly
related to verapamil. An amendment to the protocol was prepared to reduce the
dose of verapamil in patients with poor renal function and the DMC was noti-
fied. By the time of the scheduled DMC meeting, the evidence of toxic death
from verapamil was stronger and even though the survival differences were not
statistically significant, the VAD plus VQ treatment arm was closed to further
accrual. Later, all patients treated with VAD plus VQ were taken off verapamil.
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Even though the DSMB was established to review safety data at prespeci-
fied times, it was obvious that the blinded review by a study coordinator was
important to take an appropriate course of action since the observed safety
result could not wait until the semiannual DSMB meeting. Had the study
coordinator waited until the formal DSMB meeting, more patients would
have died due to toxicity. It is important for the study team or the study
coordinator to perform a blinded review of safety data regularly. Reducing
the doses of experimental or even standard treatments in oncology trials is a
standard approach to address observed safety concerns. Very often, a study
protocol outlines AEs and toxicity grades that, if observed, would lead to a
dose reduction. It allows a patient to continue the study with an assumption
of reduced toxicity. However, it is very rare that statistical analyses of the
data account for these dose reductions.

Case Study 3 (Stopping early for negative results)

This was a trial of high-dose cisplatin with or without mitomycin C versus a
control arm of standard-dose cisplatin in patients with advanced non—small cell
lung cancer (Gandara et al. 1993, Green et al. 2003). The trial was supposed
to enroll about 200 patients per treatment arm to achieve a power of 82.5% to
detect a hazard ratio of 1.25. Interim analyses were planned at about 33% and
66% of the expected information at one-sided 0.005 levels. At the first interim
analysis (at about 50% of the planned accrual), the alternative hypothesis for
the comparison of high-dose to standard-dose cisplatin was rejected with a
p-value of 0.003. Even though neither the null nor the alternative hypothesis of
the high-dose cisplatin plus mitomycin C could have been rejected, the rationale
for the use of high-dose cisplatin was called into question. Additionally, two
high-dose cisplatin arms had significantly more toxicity than the standard-dose
arm. The DMC decided that the trial should be closed at this point. The results
were still negative at the time of publication.

This is an example of the DMC review of data using the BR approach—
taking into account the benefit (or lack of benefit in this case) and the
accompanying risk to decide whether to stop the study or not. One of
the criticisms in this example was that the trial was terminated early for
unconvincing results. Stopping early for unconvincing negative results can
have serious consequences, especially for other ongoing trials involving
the same treatment. There are more examples of trials that were negative
but inconclusive and stopped early (Green et al. 2003). In the case when
a similar trial (SWOG 9623) was underway and inconclusive results from
another trial were presented, the patient recruitment to the ongoing trial
diminished and the trial was eventually closed due to poor accrual. The
question as to whether chemotherapy was valuable for this patient popula-
tion was not answered.
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Case Study 4 (Stopping early for positive results)

This was a randomized phase I1I trial in early breast cancer (George and Green
2006) coordinated by the Cancer and Leukemia Group B, with participation
by SWOG, the Eastern Cooperative Oncology Group, and the North Central
Cancer Treatment Group. The trial was designed as a factorial design to evalu-
ate three different doses of doxorubicin with and without paclitaxel added to
standard chemotherapy (3 X 2 factorial design). It was already established that
adjuvant chemotherapy was important in extending survival in patients with
early breast cancer. In particular, the use of an alkylating agent together with
doxorubicin was known to be beneficial. However, there was uncertainty regard-
ing optimal drug dosing (doxorubicin had significant cardiac toxicity at higher
cumulative doses), the patient population who might benefit the most from the
therapy, and the role of paclitaxel in the adjuvant setting. To address these ques-
tions, a randomized clinical trial CALGP 9344 was designed and activated in
1994. DFS and OS were the primary endpoints. At least two administrative
analyses took place together with the toxicity reports review (safety analyses)
prior to the first formal efficacy analysis. Originally, there were no formal rules
for interim analyses for efficacy, though they were later added per request from
the DMC. The protocol was modified to include three interim efficacy analyses
at 450, 900, and 1,350 events and a final analysis at 1,800 events (at 25%,
50%, 75%, and at 100% of expected events). The first formal efficacy analysis
took place at 453 events (approximately at 25% of planned events). At this time,
the trial was closed to accrual for about a year and all patients had been off all
protocol treatment for at least six months. As in the previous administrative
analyses, the DFS outcome appeared to favor the paclitaxel treatment group,
although the nominal significance level still failed to reach the prespecified moni-
toring OBF boundary. At this point, the DMC decided to release the results to the
sponsoring community, and the results were shared at a special ASCO session
shortly thereafter. Four years later and five years after the study recruitment was
closed, the second analysis at 1,054 events (approximately at 58% of expected
events) was performed. This analysis supported the previous decision, with the
OBF boundary crossed. It was the last formal analysis.

This is an example of the DSMB decision on efficacy most likely driven
by the observed positive trend in unblinded efficacy data at the preplanned
safety analyses (the so-called administrative looks, when unblinded results
are presented but there is no intent to make a decision with regard to effi-
cacy). Safety appeared to have not been an issue at the time when the DSMB
made a decision to stop the study for positive results. The trial was closed to
accrual for about a year, and all ongoing patients had been off all protocol
treatment for at least six months. More detailed discussions on issues such
as the effect on patients enrolled in the study, the effect on the medical and
research community, stopping rules versus stopping guidelines, crossovers,
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statistical predictions, early versus late outcomes, and the role of the DSMB
in this study can be found in George and Green 2006. Here, we would like
to discuss the role of repetitive exposure of DSMB members to administra-
tive (“non-actionable”) interim analyses in detail. In George et al. (2004), the
authors discuss whether there is a danger for DMC members in slipping
from objective stewards of the study data to advocate for a specific interpre-
tation of the findings. A survey was administered to 21 DMC members to
investigate how they evaluated accumulating evidence. The results indicated
that some DMC members may overinterpret developing results in the data.
Administrative looks at efficacy data should not be performed at the pre-
planned safety analyses. One opinion is that both safety and efficacy analyses
should be performed at the same time with a flexible a-spending approach
for efficacy. For example, the timing of interim analyses is not an issue if a
spending function approach is used. If there is no intention to stop a study
very early for efficacy because of the lack of sufficient information on safety
or a long-term efficacy, but the unblinded analysis is performed for both
safety and efficacy, the a allocated to control the type-I error to test efficacy at
interim analyses should be very small. This opinion is driven perhaps by an
idea of performing a more structured BR assessment at each interim look or
to just avoid questions on the possibility of a non-penalized unblinded look
at efficacy. In this case, the issue discussed by George et al. (2004) might still
exist, especially, when the decisions are based on a synthesis of statistical
methodology and clinical judgment. Another approach would drop admin-
istrative looks at efficacy entirely at interim safety analyses. If there is a seri-
ous safety issue that calls for data on endpoints to decide whether a study
needs to be stopped early, then a flexible a-spending approach for efficacy
can be performed.

All three trials described as case studies were closed prior to the planned
completion. The reasons for closing these studies were different: toxic death
(safety), negative results (efficacy and safety), and positive results (good effi-
cacy) when safety was not an issue. In the next section, we briefly discuss
the consequences of aggressive stopping rules, driven primarily by efficacy.

8.3.2.3 Consequences of Aggressive Stopping Rules

The European Medicine Agency (EMA) and the US FDA allow sponsors to
file for accelerated and conditional approvals for serious conditions (FDA
guidance 2014; EMA guideline 2016). This led to a simplified and shortened
process of development of a new drug, particularly in oncology. Interim
analyses pose an ethical dilemma of safeguarding the interests of patients
enrolled in clinical trials, while simultaneously protecting society from pre-
mature claims of treatment benefits. Trials that are stopped early because
of safety or futility tend to result in prompt discontinuation of useless or
potentially harmful interventions. In contrast, trials that are stopped early
for benefit may result in the fast approval and dissemination of promising
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new treatments. Given the serious and life-threatening nature of cancer
and patients” expectations, quicker clinical drug development is required.
However, this may lead to a poorly defined BR of new therapies. Of particu-
lar concern has been the early stopping of trials when early efficacy end-
points (such as DFS or time to recurrence) are positive or the early stopping
of trials with delayed toxicity. This has precluded any opportunity of clearly
establishing overall benefit.

Trotta et al. (2008) discussed whether stopping a trial early in oncology
is performed for the patients or for the industry. The authors reviewed
93 oncology clinical trials that had been stopped at interim analyses and
noticed a consistent increase in prematurely stopped trials. They argued that
there is a market-driven intent to sparing patients and saving time and trial
costs. Montori et al. (2005) performed a systematic review of randomized
trials that stopped early for benefit. The authors urged clinicians to inter-
pret randomized clinical trials that stopped early for benefit with caution as
the large treatment effect observed might be due to chance. Pocock (2005)
comments on the Montori et al. paper and provides some insights on when
(and when not) to stop a clinical trial for benefit. He suggests that decisions of
early stopping should be based on wise judgments interpreting the totality
of available evidence, both in the current trial (considering primary and
other efficacy outcomes and safety issues) and from other sources of exter-
nal evidence (especially from related trials). Pocock suggests that a statistical
stopping boundary is only one useful objective component in an inevitably
more challenging decision-making process. Paradoxically, the early stopping
of trials with apparently successful outcomes can delay full approval of the
treatment. Further, not observing a clear benefit of a new treatment might
result in rejection or just partial reimbursement of the treatment by payers
that could also lead to a new drug being not at all or hardly adapted by the
medical community.

8.4 Reporting Safety
8.4.1 Data Collection and Summary

Gaining a clear picture for the safety of any drug can be challenging, but
when the necessary understanding of patient safety is at its greatest, as it is
in oncology, sufficient insight into the tolerability of a treatment is often more
difficult to attain. Given the volume and complexity of the data available for
safety outcomes, efficient and informative reporting is crucial to communi-
cate patient well-being. In this section, we provide guidance on reporting
safety in clinical trials of oncology, in trials with two or more arms, with
a primary focus on AEs. Analyses of death and disease progression, while
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important indicators of patient safety, are typically the primary endpoints
in oncology trials, and are covered in sufficient detail elsewhere in this
book. Limited analyses for other safety endpoints, such as laboratory abnor-
malities, are also presented here. The interpretation of safety assessments
from single-arm trials is challenging since many of the observed events are
naturally occurring due to the underlying disease. In these situations, com-
parisons of the safety outcomes to historical information are required to
understand any safety signals attributable to the drug.

Our rationale for the focus on AEs is due to the fact that occurrences of
clinically relevant changes in other safety endpoints are often reported as
AEs. For example, significant changes in the laboratory test alanine amino-
transferase (ALT), an important indicator of liver health, can be represented
by the AEs “ALT abnormal,” “ALT increased,” or “ALT decreased” when
using the MedDRA dictionary (Brown et al. 1999). Despite our limited dis-
cussion of other safety endpoints, many of the recommendations made still
apply. We illustrate the various methodologies using data from hematologic
and solid tumor clinical trials of imatinib (Tables 8.3 and 8.4; MetaGIST 2010;
Kantarjian et al. 2010; Novartis Pharmaceutical Corporation 2015).

Guideline E2A from the International Conference on Harmonization (ICH)
defines an AE as “any untoward medical occurrence in a patient or clinical
investigation subject administered a pharmaceutical product and which does
not necessarily have to have a causal relationship with this treatment” (ICH
1994). Additionally, SAEs are AEs that “result in death, are life-threatening,
require inpatient hospitalization or prolongation of hospitalization, result in
disability or permanent damage, or are congenital anomalies or birth defects”
(ICH 1994). Guidelines from the EMA define the additional term adverse drug
reaction (ADR) for those events that are viewed by the investigator to have
a causal relationship with treatment (EMA 2016). Adverse events that occur
since the previous study visit are reported to the clinician by the patient or
caregiver. Details on the toxicity grade (defined using the National Cancer
Institute’s Common Terminology Criteria of Adverse Events, NCI-CTCAE),
seriousness, outcome, and duration of the event, along with the action taken
with the study drug in response to the event, and the investigator’s opinion
on the relationship to study medication are recorded. The verbatim text is
coded using a medical dictionary such as MedDRA, to maintain consistency
in the reporting of AEs within and across studies and development programs
(Brown et al. 1999). MedDRA further groups related events within a five-level
hierarchy. AEs are traditionally summarized by preferred terms and are
grouped by system organ class (SOC) in order of decreasing frequency of
occurrence. For example, Table 8.3 summarizes (without SOC) drug-related
AEs that occurred in at least 10% of treated patients from a clinical trial com-
paring dasatinib to imatinib for patients in newly diagnosed chronic-phase
chronic myeloid leukemia (Kantarjian et al. 2010). Similar displays are often
presented for the subset of events determined to be ADRs, with additional
summaries of AEs and ADRs limited to those events with NCI-CTCAE
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grades 3 and above. Binary outcomes, such as whether a patient experienced
a particular AE or not, are often reported using a risk difference (p; — p), risk
ratio (py/pg), or odds ratio ﬁﬁq (1-pg)/ (1 - f?q) P ), where pj is the probability
of experiencing event j of | possible AEs for treatment i (Chuang-Stein et al.
2014; Zhou et al. 2015). Risk differences are presented throughout this section
(e.g., Table 8.3, Figures 8.2-8.4). Pros and cons for the various measures are
discussed in Zhou et al. (2015).

Given the large number of potential comparisons of treatment arms for
AEs, Crowe and coauthors suggested a three-tier approach for the analysis
of AEs (Crowe et al. 2009). Preplanned hypothesis for Tier I events, those AEs
expected to occur or those of considerable clinical relevance for the disease
(the AESIs defined in Section 8.2.1), would typically not receive adjustments
for multiple comparisons unless there were numerous Tier I events. Further,
they recommended that the detection of important differences among
commonly occurring (in four or more patients in a single treatment arm),
though unexpected AEs should consider multiple comparisons (Tier II).
Tier III events (those not in Tiers I or II) should be summarized in a listing.
Appropriate multiplicity adjustment for Tier I (if necessary) and Tier Il events
should achieve a reasonable balance between committing type-I errors with-
out overly sacrificing the power to detect potential safety signals. The false
discovery rate (FDR) method provides a more balanced approach between
type-I error and power, since it does not control the familywise error rate
(Benjamini and Hochberg 1995). Among the rejected null hypotheses from
a family of multiple tests, the proportion of erroneous rejections, typically
controlled at a prespecified a of 0.05, is defined as the FDR. In general, with |
treatment comparisons of ordered (smallest to largest) p-values pj;), the FDR
p-value for the jth hypothesis is

Pu) forj=]

POH=y [« ] - _
j mm(p(j),(],_l)p(j_l)J forj=1, 2,...(]—1)

Corresponding simultaneous 95% FDR confidence intervals can be defined
by finding the largest j where p(; < jet/] and using o = ja/] for all ] con-
fidence intervals (Benjamini and Yekutieli 2005). Table 8.3 presents unad-
justed and FDR-adjusted p-values for Fisher’s exact test and unadjusted and
FDR-adjusted 95% confidence intervals for the dasatinib minus imatinib risk
difference using the normal approximation to the binomial. An alternate
FDR methodology that considers the relationship among AEs, the double
FDR, could also be considered for analysis (Mehrotra and Adewale 2012).
All of the information needed to understand the safety of the treatments
is available in Table 8.3, but the message is not communicated very well.
Alternatively, a volcano plot (Figure 8.1) can be used to summarize the
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TABLE 8.3
Drug-Related AEs that Occurred in at Least 10% of Treated Patients
Unadjusted 95% FDR Confidence
Dasatinib Imatinib Confidence Interval Interval and
Preferred Term (N =258) (N =258) and p-value p-value
Anemia 232 (90) 217 (84) 6(0.2,11.8) 6 (-1.5,13.5)
0.0661 0.1074
Thrombocytopenia 181 (70) 160 (62) 8 (-0.1, 16.1) 8 (-2.5,18.5)
0.0628 0.1074
Neutropenia 168 (65) 150 (58) 7(-14,154) 7(-3.8,17.8)
0.1237 0.1787
Fluid retention 49 (19) 108 (42) -23 (-30.7,-15.3) -23(-32.9,-13.1)
<0.0001 <0.0001
Diarrhea 44 (17) 44 (17) 0(-6.5,6.5) 0(-8.4,8.4)
1.00 1.00
Nausea 21 (8) 52 (20) -12 (-17.9, -6.1) —12 (=19.6, —4.4)
0.0001 0.0005
Rash 28 (11) 44 (17) -6 (-12.0, 0.0) —6(-13.7,1.7)
0.0561 0.1074
Musculoskeletal 28 (11) 36 (14) -3(-8.7,2.7) -3(-104,44)
pain 0.3499 0.4549
Headache 31(12) 26 (10) 2(-3.4,7.4) 2 (-5.0,9.0)
0.5746 0.6225
Muscle 10 (4) 44 (17) -13 (-18.2,-7.8) -13 (-19.7,-6.3)
inflammation <0.0001 <0.0001
Fatigue 21 (8) 26 (10) -2(-6.9,2.9) —2 (-84, 4.4)
0.5409 0.6225
Myalgia 15 (6) 31(12) -6 (-10.9,-1.1) -6 (-12.3,0.3)
0.0196 0.0638
Vomiting 13 (5) 26 (10) -5 (=9.5,-0.5) —5(-10.8,0.8)
0.0445 0.1074

Values are N(%). N was derived from % and arm totals. Data for treatment sample sizes
and percentages from Table 4 of Kantarjian et al. (2010). Table is sorted by overall incidence of
each event. Data on SOCs were not available. Confidence intervals are based on the risk differ-
ence of dasatinib minus imatinib using a normal approximation. For the FDR intervals,
a*=3/13x0.05=0.0115.

incidence of AEs (Jin et al. 2001; Zink et al. 2013). The x-axis represents the
dasatinib minus imatinib risk difference, while the y-axis represents the
—logl0 transformation of the unadjusted p-value from Fisher’s exact test.
The smaller the p-value, the larger the value on the y-axis; ¥ can be thought
of as the number of decimal places or the number of zeros in the p-value
derived from the comparison of risk between the treatments. Bubble area is
proportional to the total number of AEs that occur for both treatments com-
bined. References lines are drawn to show significant events with no adjust-
ment (—log10(0.05) = 1.3) or FDR adjustment (-log10(0.0115) = 1.9393, where
o =3/13 x 0.05 = 0.0115); events are significant if the center of the bubble
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FIGURE 8.1

Volcano plot of drug-related AEs that occurred in atleast 10% of the treated patients. Unadjusted
reference line drawn at —log10(0.05) = 1.3. FDR reference line drawn at —1og10(0.0115) = 1.9393,
where o* = 3/13 x 0.05 = 0.0115. Alternatively, the FDR reference line could be drawn at
—logl0(maximum unadjusted p-value <a*) as in Zink et al. (2013). Bubble area is proportional
to the total number of AEs that occur for both treatments combined.

is above a particular reference line. Figure 8.1 communicates very clearly
that anemia and vomiting are the most and least common events of Table
8.3; imatinib shows significantly greater unadjusted risk for fluid retention,
muscle inflammation, nausea, myalgia, and vomiting; imatinib shows signif-
icantly greater FDR-adjusted risk for fluid retention, muscle inflammation,
and nausea; and that the events with greater risk (though not statistically so)
on dasatinib are very common. With the availability of color, bubbles could
be colored according to Tier, SOC, or average toxicity grade to communicate
additional information. See Zink et al. (2013) for suggestions on using vol-
cano plots for other measures, statistical tests, and the reporting of risk over
time. For trials in oncology, volcano plots utilizing cycle as a timescale help
communicate ADRs that resolve over time as a tolerance to study medication
develops. On the other hand, events that occur due to the cumulative toxic-
ity of study treatments will become readily apparent as the trial progresses.
Further, EMA guidance suggests presentations of cumulative AE rates at 3,
6, and 12months, with the addition of other time points depending on the
underlying nature of the disease and the duration of the trial (EMA 2016).
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FDR intervals and event incidence for identified safety signals. The presentation is suggested
as in Amit et al. (2008). The left panel displays a forest plot (Lewis and Clarke 2001) of FDR
intervals for dasatinib minus imatinib for signals identified in Figure 8.1. The reference line is
drawn at 0 to indicate no difference between dasatinib and imatinib. Right panel presents a dot
plot to communicate the incidence of each AE for each treatment arm.

To communicate additional details for important events identified from the
volcano plot, Figure 8.2 summarizes FDR intervals and incidence rates using

a forest plot and a dot plot (Lewis and Clarke 2001; Amit et al. 2008).

8.4.2 Subgroups

Subgroups are frequently considered for the analysis of safety and efficacy
endpoints, with 70% of clinical trials reporting at least some results within
subgroups (Pocock et al. 2002). Subgroup analyses are beneficial in that they
provide clinicians with information on the potential for differential treat-
ment response within important demographic, genetic, disease, environmen-
tal, behavioral, or regional characteristics (Quan et al. 2010; Chuang-Stein
et al. 2014). From a regulatory perspective, such analyses are important to
show that the estimated overall effect is broadly applicable to patients and
to assess risk-benefit across the proposed indication, particularly when
the study population is heterogeneous (CHMP 2014). Further, examining
results within subgroups allows the study team to assess the consistency
and robustness of results obtained for the entire study population, as well
as to generate hypotheses for future research (Cui et al. 2002). Finally, for
the study of oncology, subgroup analyses are important to identify patients
at increased risk for severe toxicity of the prescribed treatments. Subgroup
analyses would likely be considered for important Tier I events.

When reporting results within subgroups, transparency is key for appro-
priate interpretation of results. Details on the number of subgroups assessed
(not just reported), whether subgroups were determined pre- or post-hoc,
multiplicity adjustments were applied, stratified randomization was used,
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or heterogeneity was assessed through interaction tests should be clearly
described (Lagakos 2006; Wang et al. 2007). For multiplicity, details as to
whether adjusted or unadjusted p-values are presented or simultaneous
or unadjusted confidence or credible intervals should be clearly described.
However, the regulatory guidance appears to prefer presenting unadjusted
p-values and intervals for subgroup analyses as they are “investigations [that]
serve as an indicator for further exploration” (CHMP 2014). Even though
power tends to be low for tests of interaction, many authors suggest that het-
erogeneity of treatment effects should always be evaluated, and regulatory
guidance encourages reporting estimates and confidence intervals for these
interaction tests (Pocock et al. 2002, Lagakos 2006, CHMP 2014). Further, the
literature highlights that the presence and the size of interaction depend
on the choice of the measure of divergence between the treatment groups
(CHMP 2014; Chuang-Stein et al. 2014). The measures used to determine het-
erogeneity should be prespecified and clearly documented.

Table 8.4 summarizes the incidence of rash/desquamation from two stud-
ies of two doses of imatinib (400 and 800 mg) for the treatment of unresectable
or metastatic gastrointestinal stromal tumors (GIST); rash/desquamation
was selected due to the large treatment effect between the two doses. The
results in Table 8.4 are simulated using summary results from the January
2015 imatinib drug label and a meta-analysis of the two clinical trials
(MetaGIST 2010; Novartis Pharmaceutical Corporation 2015). Figure 8.3 con-
tains a summary of rash/desquamation within subgroups for the EU-AUS
trial reported in Table 8.4. The left panel presents a forest plot that sum-
marizes overall and subgroup estimates and unadjusted 95% confidence

Overall Overall —

Male| -—-.—

Gender| _—

Female —_—

Yes| 4—.—

Prior Surgery| —_—
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No or Missing

Yes —_——
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FIGURE 8.3
Subgroup analysis of rash/desquamation from EU-AUS GIST Trial. Unadjusted 95% confidence
intervals are based on the risk difference of imatinib 800 mg minus imatinib 400mg using a
normal approximation. Interaction tests are based on unadjusted 95% confidence intervals for
the difference in treatment effects between the two subgroup levels (level 1 minus level 2).
Bubble area is proportional to the total number of patients within each subgroup level.
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TABLE 8.4
Simulated Table of Rash/Desquamation from a Meta-Analysis of Two Doses of
Imatinib for the Treatment of Unresectable or Metastatic GISTs
EU-AUS (N =946) US-CAN (N =694)
Imatinib Imatinib Imatinib Imatinib
(400mg) (800mg) (400mg) (800mg)
Overall 193/473 (40.8)  240/473(50.7)  119/345(345)  169/349 (48.4)
Male 120/297 (40.4)  139/276 (50.4)  72/171 (42.1) 98/205 (47.8)
Female 73/176 (41.5) 101/197 (51.3)  47/174 (27.0) 71/144 (49.3)
Prior surgery—yes  174/394 (442)  205/408 (50.2)  99/297 (33.3) 140/290 (48.3)
Prior surgery—no  19/79 (24.1) 35/65 (53.8) 20/48 (41.7) 29/59 (49.2)
or missing
Prior chemo—yes  73/177 (41.2) 70/134 (52.2) 33/76 (43.4) 40/75 (53.3)
Prior chemo—no  120/296 (40.5)  170/339 (50.1)  86/269 (32.0) 129/274 (47.1)

or missing

Values are a number of patients with rash/desquamation over the total number of patients and
(%). The table is simulated using data of combined overall treatment arms from Table 12 of
Novartis Pharmaceuticals Corporation (2015, Jan) and Table A1l of baseline demographic and
clinical characteristics from Gastrointestinal Stromal Tumor Meta-Analysis Group (2010). The
total incidences of rash/desquamation for the two trials from the drug label are 312/818 (38.1)
and 409/822 (49.8) for Imatinib 400 and 800 mg, respectively.

intervals for the risk difference of imatinib 800 mg minus imatinib 400mg
using a normal approximation. Bubble area is proportional to the size of the
subgroup level. On the basis of recommendations from the CHMP (2014),
interaction tests are summarized using a forest plot in the right panel and
are based on unadjusted 95% confidence intervals for the difference in treat-
ment effects between the two subgroup levels (level 1 minus level 2, e.g., male
effect minus female effect). With sufficient space, a dot plot could be added
to Figure 8.3 to summarize the incidence rates of rash/desquamation to com-

plete a safety triptych.

8.4.3 Meta-Analysis

While FDR can limit false-positives without overly sacrificing power, the
rarity of many safety endpoints will require a meta-analysis of multiple
studies for sufficient power to generate meaningful inference for the safety
population, as well as more precise estimates of the treatment response
within various subgroups (Crowe et al. 2009; Berlin et al. 2012, Chuang-Stein
et al. 2014). Meta-analyses should be preplanned and assess the heterogene-
ity and poolability of the included clinical trials, and not simply reflect a
naive grouping of patients from multiple studies, ignoring the variability in
treatment effects between studies. As an additional benefit, the availability
of multiple trials allows the analyst to assess the consistency of response
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within a particular subgroup from one study to the next (i.e., replication).
As Li and coauthors point out, it is possible to observe negative results (even
significantly so) within at least one subgroup when the result is known to be
homogeneous among all subgroups (Li et al. 2007). Chuang-Stein et al. (2014)
provide details and recommendations for fixed and random effects models
for meta-analyses of safety endpoints.

In general, the overall treatment effect 6, assuming a fixed effects
meta-analysis model for a total of s studies, can be estimated using

A~ s

0= éhwh / Z wy,, where éh is the estimated treatment effect and
h=1 h=1

wy, is the weight for the hth study (Whitehead 2002). For a binary out-
Mt Flhe

ny R
proportions between treatment t and control ¢ defined as 6, = pn — Phe
for the hth study, a 95% confidence interval for the overall difference in

2
proportions is éil'%\/é(z;1 LI,I)Jr(Z; Vh)/(zh "ht”hC) . where
=1 =1 =1 1Ny

2 2
 MiwXne — MineXne + Metine (Mne — e ) /2

come with the Mantel-Haenszel weights w;, = and difference in

V. = Xht (l’lhc - xhc)+ Xhe (nht — Xht )
2 7 Vh =

Ny, 21’1/,

Xne Xne are the number of successes in the hth study for the treatment and
control groups, respectively (Chuang-Stein et al. 2014).

Figure 8.4 summarizes unadjusted 95% confidence intervals for rash/
desquamation for the EU-AUS and US-CAN trials for the risk difference
of imatinib 800 mg minus imatinib 400 mg using a normal approximation.
The Overall Naive result is based on the grouping of the data for the two
trials (312/818 and 409/822 for Imatinib 400 and 800 mg, respectively) and
computing an unadjusted 95% confidence interval for the risk difference
using a normal approximation. The overall meta-analysis result uses the
abovementioned formulas from Chuang-Stein et al. (2014). While there is
little difference visually between the two intervals using data from both
trials, the confidence interval for the overall meta-analysis is expected to
be wider since it accounts for the variability in treatment effects between
studies. This display summarizes the overall results, but also allows the
reader to assess the variability of findings for the individual trials. As
expected, the estimate of the overall meta-analysis is between the two tri-
als, and the confidence interval is narrower. As in Figure 8.3, a second for-
est plot could be provided to summarize the heterogeneity of the included
clinical trials. Finally, it is important to note that any meta-analysis meth-
ods utilized should summarize the results of all appropriate oncology
studies to avoid biased conclusions—this includes trials where treatment
arms may experience no events or single-arm (See Tian et al. 2009, as an
example).

Uy
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FIGURE 8.4

Meta-analysis of rash/desquamation from EU-AUS and US-CAN GIST trials. Unadjusted 95%
confidence intervals for rash/desquamation for the EU-AUS and US-CAN trials are based on
the risk difference of imatinib 800 mg minus imatinib 400mg using a normal approximation.
The overall Naive results are based on the grouping of the data for the two trials (312/818 and
409/822 for matinib 400 and 800mg, respectively) and computing an unadjusted 95% confi-
dence interval for the risk difference using a normal approximation. The overall meta-analysis
result use the formulas from Chuang-Stein et al. (2014).

8.4.4 Other Safety Endpoints

Numerous other data are collected in clinical trials, all of which can indicate
a safety concern. Here, we focus on laboratory measurements, though any
continuously reported outcomes can utilize the methods mentioned here.
As described in Section 8.4.1, occurrences of clinically relevant changes
in other safety endpoints are often reported as AEs. Alternatively, mea-
sures can be dichotomized according to one or more clinically meaningful
thresholds (e.g., lab measures above or below the upper or lower limits of
normal, respectively). While dichotomizing continuous or multilevel out-
comes results in a loss of information, all of the abovementioned method-
ologies for binary outcomes would apply (Senn 2003; Federov et al. 2009).
One important point raised in Chuang-Stein (1995) is the recommendation
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to use central laboratories for the consistency in laboratory findings across
all sites. In general, similar methods of collection and evaluation should
apply to all data, particularly those with subjective interpretations. Event
adjudication for death and disease progression to ascertain whether
patients met the criteria for primary endpoints follows similar thinking
(Crowe et al. 2009).

Analyses of laboratory measurements or other safety outcomes may not
uncover any noticeable differences between the treatment arms. This should
not be too surprising since clinical trials are not powered to detect differ-
ences among the many safety outcomes that are measured. However, screen-
ing for unusual changes in laboratory measurements within a patient may
help uncover individuals who are at risk for a more serious safety outcome.
Given the number of endpoints and the different ways in which to sum-
marize potential risk, graphics makes it straightforward to identify patients
experiencing significant changes, and highlights potential trends between
the treatment groups. In oncology, shift tables are typically used to iden-
tify changes in toxicity grade from baseline by treatment arm and cycle.
Alternatively, shift plots summarize baseline values versus on-study (overall
or by cycle) averages, minimums, or maximums, making it straightforward
to identify patients with noticeable changes during treatment. Further, the
presence of a majority of the points on the left or right side of the diagonal
reference line indicates an increase or decrease of the endpoint, respectively,
for a particular treatment arm, or the entire study population. Figure 8.5
presents a shift plot for ALT normalized by the upper limit of normal (ULN)
for a simulated two-arm trial of 100 patients. The values of the x- and y-axes
indicate log2 multipliers of the ULN; every unit implies a doubling of the
observed ALT result compared to the ULN. Depending on the endpoint,
other clinically relevant transformations (including no transformation)
could be considered. On the basis of the applied transformation, appropriate
reference lines can be added to identify patients who have crossed clinically
relevant thresholds. Shift plots can be further enhanced by fitting regres-
sion lines to emphasize any trends within and between the treatments, or
points can be colored according to important changes in toxicity grade. Shift
plots can also be used to summarize differences in toxicity grade between
baseline and the treatment phase, employing symbol size to indicate the
frequency of patients at a particular (X)Y) coordinate, and utilizing bubble
transparency or open rings (as in Figure 8.1) so that all treatments arms are
visible within the same plot.

Similarly, waterfall plots provide a graphical summary of change
from baseline in measurements for all patients (Chuang-Stein et al. 2001).
Figure 8.6 presents the change from baseline in an on-study average for ALT
for 100 patients for a simulated two-arm trial of 100 patients. The plot clearly
communicates that ALT increased for most patients and many of the largest
changes occurred in patients on the experimental therapy. Reference lines
can be added to identify important clinically relevant changes; p-values from
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Wilcoxon rank sum tests or randomization-based nonparametric analysis
of covariance can be used to determine whether differences exist between
treatments under minimal assumptions (Koch et al. 1993; Zink et al. 2017).
In situations where the clinical interpretation of change from baseline on
the observed measurement scale is unclear, percentage change from base-
line can be used to present changes relative to each patients’ baseline value,
or the changes in NCI-CTCAE toxicity grades from baseline can be presented.

We summarized our recommendations for reporting safety in clinical tri-
als of oncology, with a primary focus on AEs; sensitivity analyses can be
performed on events that are more severe (NCI-CTCAE grades 3 and above),
or are related to study medication in some way (ADRs). Due to limitations
of available data, most of our discussion focused on the proportion of sub-
jects experiencing a particular AE, without consideration for the length of
time a patient was on the trial. Given the likelihood for death, disease pro-
gression, or dropout for patients in clinical trials of oncology, methodologies
that account for patient exposure such as the exposure-adjusted incidence
rate or time-to-first event would provide important sensitivity analyses (Liu
et al. 2006; Collett 2015; Zhou et al. 2015). Similarly, analyses that account
for the recurrence of events can and should be considered (Koch et al. 1993,
Zhou et al. 2015). Koch et al. (1993) provide details for the meta-analysis of
exposure-adjusted incidence or multiple events. The EMA highlights the
importance of differential exposure between patient arms in Section 8.2 of
their guidance document and stresses the need for analysis and presentation
methods that consider the effect of time (EMA 2016). Presenting results by
time and cycle as suggested at the end of Section 8.4.1 is an important first
step. Zhou et al. (2015) raise an important point that extremely rare events
should be analyzed using exact methods. Given the rarity of many indi-
vidual events, an alternative strategy to identify safety signals is to analyze
groups of terms that describe a particular medical condition using standard-
ized MedDRA queries (SMQs) (Mozzicato 2007).

We have barely scratched the surface for the reporting of safety in oncol-
ogy trials. Due to space considerations, we have neglected mentioning other
important safety endpoints including the monitoring of ECG, as well as the
analysis of patient-reported outcomes (PRO) to assess the tolerability of study
treatments (the latter of which would utilize NCI's PRO-CTCAE grades).
However, many of the analysis considerations described here would apply to
these other endpoints. Of course, readers should first familiarize themselves
with safety recommendations of regulatory agencies by reviewing appro-
priate guidance documents (e.g, EMA 2016). Readers interested in greater
detail on the analysis and reporting of safety outcomes can explore recent
texts by Jiang and Xia (2014) or Gould (2015), or revisit Gilbert (1993). Those
interested in graphical presentations of safety data can review Chuang-Stein
etal. (2001), Amit et al. (2008), Krause and O’Connell (2012), Duke et al. (2005),
or Matange (2016).
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8.5 Conclusions

There has been an increased interest in the systematic monitoring of
safety for a compound throughout the drug development life cycle. While
methods are available to monitor the safety of novel therapies in early
oncology drug development, many challenges still remain. For example, it
is often extremely difficult to assess the causality of AEs in relation to the
investigational drug due to the severity of symptoms of the underlying
disease, the toxicity from other concurrent therapies, and the frequent use
of non-randomized study designs. Further, in randomized phase II and
phase III studies, safety is considered to be one of the components of the
BR trade-off, a complex and comprehensive process that requires an inde-
pendent group of experts (DMC) to protect the well-being of patients in
ongoing trials. It is no understatement to say that all randomized trials
in oncology should have an independent DMC, comprised of members
with diverse clinical and statistical expertise, and aided in their decisions
through the use of stringent statistical stopping boundaries. Any decisions
to terminate the trial early needs to be based on the totality of available
evidence, both in the current trial and other external evidence. Stopping
early for unconvincing results can have serious consequences. It is critical
that the DMC, principal investigators, executive committees, and sponsors
all recognize the full public health implications of their recommendations
and decisions.

Finally, even though the case studies and a majority of the discussion in
this chapter focused on cytotoxic drugs, the information and recommen-
dations can be applicable to targeted drugs and immune modulators. We
recognize that different dosing regimens and modes of action of these phar-
macological entities affect the toxicity and tolerability profiles in different
ways. Conventional cytotoxic drugs are typically given at weekly intervals
and are characterized by major acute but transient toxicity, followed by recov-
ery period prior to the next treatment cycle. For this reason, safety param-
eters (e.g., AEs and labs related to myelosuppression) in such trials are often
analyzed and presented by the treatment cycle. Thus, the safety profile of
cytotoxic drugs presents different challenges compared with targeted drugs
or immune modulators that are administered continuously, either until dis-
ease progression or for a limited treatment period. For example, the main
difference in the safety profile of immunotherapeutics is that these treat-
ments seek to fight cancer by enhancing the immune system, often leading
to unwanted autoimmune complications. Such AEs can appear early after
a single treatment or perhaps even 20 or more weeks after the first dose.
When monitoring and analyzing safety data, the specific characteristics of
the underlying treatments should be taken into account when defining an
appropriate analysis strategy.
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9.1 Introduction

Therapies for cancer are typically evaluated on the basis of disease
progression and survival and utilize endpoints that are physical or labora-
tory measures of response. Although these measures are often the primary
endpoints, they do not reflect how the patient feels and functions in daily
activities. Yet, these perceptions reflect whether or not the patient believes
he or she has benefited from the treatment. The patient’s perception of his or
her wellbeing may be the most important health outcome [36]. More recently,
trials have included endpoints that reflect the patient’s perception of his or
her wellbeing and satisfaction with therapy. This is likely to become more
common with targeted therapies that are hoped to be less toxic.

The term “quality of life” (QOL) is used in a variety of ways. In this
chapter, I will use it as a surrogate for measures of health-related quality of
life (HRQoL) as well as other patient-reported outcomes such as health status
and symptoms.

There are a number of statistical challenges associated with the use of QOL
measures in oncology trials. The first is determining the role of the QOL
assessments given that survival or disease progression is typically the pri-
mary endpoint. The second challenge is how the potential multiplicity of
endpoints will be handled. This includes all primary and secondary end-
points as well as the multiplicity generated by the longitudinal assessments
(multiple time points) on multiple scales (e.g., physical well-being, emotional
well-being, or multiple symptoms). The final challenge is missing data due
to morbidity and mortality, especially the latter. All these challenges are dis-
cussed in this chapter.

9.2 QOL as an Endpoint in Cancer Trials

Given that most cancer clinical trials are designed to identify new drugs
or combinations that improve survival, the role of QOL measures is
often questioned. There are, however, important roles for QOL measures
depending on the setting and the nature of the treatments. At the two
extremes of the cancer trajectory, adjuvant therapy and stage IV disease,
most experimental treatments relative to the active control intervention
have minimal, if any, impact on survival. In the context of adjuvant ther-
apy, any side effects such as fatigue or bone pain is likely to impact com-
pliance, and thus, the potential benefits of one treatment over the other. At
the other extreme, therapies for advanced stage disease typically have a
modest impact on survival and their benefits are thus typically palliative
as measured by QOL endpoints.
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Even in the evaluation of interventions likely to change survival, there
are lessons to be learned from QOL outcomes. Sometimes clinical investiga-
tors assume that a change in a biomedical outcome will also improve the
patient’s QOL. While in many cases this may be true, sometimes, surprising
results are obtained when the patient is asked directly. One classic example
of this occurred with a study by Sugarbaker et al. [37] comparing two thera-
peutic approaches for soft tissue sarcoma—limb-sparing surgery followed
by radiation versus full amputation. The investigators hypothesized that
“sparing a limb, as opposed to amputating it, offers a quality-of-life advan-
tage.” Most would have agreed with this conjecture. But the trial results
did not confirm the expectations; subjects receiving the limb-sparing pro-
cedures reported limitations in mobility and sexual functioning. These
observations were confirmed with physical assessments of mobility and
endocrine function. As a result of these studies, radiation therapy was mod-
ified and physical rehabilitation was added to the limb-sparing therapeutic
approach [16]. With our new generation of targeted therapies, we believe
they will be less toxic and thus result in improved QOL; however, this needs
to be demonstrated.

An example where there were no survival differences and the QOL mea-
sures were critical in determining the value of the intervention is a trial in
metastatic prostate cancer that evaluated the effects of flutamide versus pla-
cebo. There were no statistically significant differences in survival. However,
the patient in the flutamide arm experienced more symptoms of diarrhea at
3months and poorer emotional functioning at 3 and 6 months [28].

Identifying the role of QOL as an endpoint is a critical step in the design
of a trial. Roles differ from aims and could range from the primary measure
that demonstrates efficacy or safety in a registration trial to solely explor-
atory for the purpose of hypothesis generation. The exact nature of the role
will obviously guide the analysis plan, but will also determine the resources
that will be employed to insure compliance with assessments.

9.3 Multiple Endpoints

It is well-known that performing multiple hypothesis tests and basing infer-
ence on unadjusted p-values increase the overall probability of false-positive
results (Type-I errors). Multiple hypothesis tests in trials assessing HRQoL
arises from three sources: 1) multiple HRQoL measures (scales or subscales), 2)
repeated post-randomization assessments, and 3) multiple treatment arms.
As a result, multiple testing is one of the major analytic challenges in these
trials [21]. Not only does this create concerns about the type-I error, but
reports containing large numbers of statistical tests generally result in a con-
fusing picture of HRQoL that is hard to interpret.
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Although widely used in the analysis of HRQoL in clinical trials [35], uni-
variate tests of each HRQoL domain or scale and time point can seriously
inflate the type-I (false-positive) error rate for the overall trial such that the
researcher is unable to distinguish between the true and false differences.
Post hoc adjustment is often infeasible because, at the end of the analysis, it
is impossible to determine the number of tests performed.

So what are the options? The first is to limit hypothesis tests to a lim-
ited number of measures that have been prespecified in the trial design.
The second is to consider summary measures or statistics across time or
across subscales. And the third is to utilize multiple comparisons adjust-
ments or gatekeeping strategies. Typically, we use a combination of all three
approaches.

9.3.1 Summary Measures and Statistics

Two dimensions of measurement lend themselves to summary measures
and statistics. The first is the multiple scales that measure the general and
disease-specific domains of HRQoL and the second is the assessment over
time. Developing composite measures from multiple scales is more contro-
versial as it leads to endpoints that are a combination of different aspects
of QOL that may or may not be impacted in the same direction. If all of the
components are affected in the same direction and to a comparable extent,
the composite is interpretable and clinically useful. However, if the compo-
nents are affected in different directions, the use of the composite may miss
the detection of treatment-related differences. Finally, if only one of the com-
ponents drives the observed differences, the results may be misinterpreted
as implying an impact on all the components [14].

Summary statistics across time are a very useful way of minimizing
the impact of multiple comparisons procedures as well as facilitating the
interpretation of results. Examples of summary statistics are area under the
curve (AUC), an average of post-intervention measurements minus baseline,
and slope. The choice depends on the trial design and usefulness to clini-
cal practice. For example, if the intervention has a limited duration, two sta-
tistics might be proposed—one reflecting on the impact of treatment while
on therapy and the other on post-therapy. Depending on the impact of the
intervention on disease control and survival, either may be clinically useful.
As an example, if a more toxic intervention has better disease control and
equivalent post-intervention QOL, poor QOL during therapy could be used
to provide patient education and thus improve compliance. When therapy
does not have a defined (limited) duration (e.g,, it is continued in the absence
of disease progression), a summary measure such as the AUC may be useful.

There are also two approaches to summarizing longitudinal data. The
first is to develop a strategy to compute a measure within each individual
and then to perform univariate analysis on that measure. This sounds very
attractive, but in practice, creating rules a priori that cover all contingencies is
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very difficult. A more practical approach is to select a method of analysis that
addresses missing data as described later in Section 9.4 and then to compute
summary statistics as linear combinations of the estimated parameters [11].

9.3.2 Multiple Comparisons Adjustments and Gatekeeping Strategies

There are numerous multiple comparison adjustment procedures. The
most well-known and the most conservative is the Bonferroni adjustment,
which divides alpha by the number of tests to be performed. Alternatives
that are slightly less conservative include Holm’s step-down procedure [19],
Hochberg’s step-up procedure [17], and the false discovery rate procedure.
However, all of these procedures reduce the power to detect meaningful dif-
ferences unless the trial is very large.

The critical trial decision is whether to control the type-I error solely at the
level of the primary endpoints with no adjustments for secondary endpoints.
Alternatives include controlling the type-I error for both primary and sec-
ondary endpoints. An innovative procedure not often used is the gatekeeping
strategy. It requires a very clear specification of the roles of each of the out-
comes (e.g., survival, disease progression, and QOL). In some settings, there
is a prespecified sequence of testing families of hypotheses. Trial designs
can include those with a single primary and multiple secondary endpoints
(if the primary is nonsignificant, all other endpoints are irrelevant), multiple
co-primary endpoints (significance of any of the primary endpoints is mean-
ingful), and joint co-primary endpoints (tests of all primary endpoints need
to be significant). In all of these designs, the two families of hypotheses are
tested sequentially with the first family acting as a gatekeeper for the second
family. Ideally, the gatekeeping strategy is based on a mechanistic model in
which the first family consists of measures of a proximal effect of the inter-
vention on outcomes and the second family consists of more distal outcomes.
For example, the first family could consist of biological and physiological
factors and the second could consist of measures of symptoms. Or the first
family could consist of symptom status and the second family of measures
of the perceived impact of those symptoms.

QOL endpoints typically are poorly integrated into clinical trials. However,
a gatekeeping procedure with sequential families provides one strategy for
better integration. As an illustration, consider a trial with hypotheses A, B,
and C testing treatment differences in disease response, survival, and QOL.
Let’s assume hypothetically that the unadjusted (marginal) p-values are
pa =0.08, pp =0.02, and pc =0.03 as indicated in Table 9.1. We will consider
four scenarios (three of which consist of sequential families of hypotheses)
to illustrate the methods. The closed-testing procedure proposed by Marcus
[27] provides a theoretical basis for controlling the experiment-wise type-I
error in a wide variety of settings. Dmitrienko et al. [8] present a formal
way of displaying the procedure. The concepts are presented here; details
are illustrated by Fairclough [11].
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TABLE 9.1
Reported p-values for Multiple Hypotheses Using Gatekeeping Strategies

Design1  Design 2 Design 3 Design 4
Unadjusted All Single Joint
Endpoint p-value Primary Primary Co-Primary Co-Primary
A: Disease control 0.08 0.24 0.08 0.16 0.16
B: Survival 0.02 0.06 0.08 0.04 0.04
C: QOL 0.03 0.09 0.08 0.04 0.16

[0.5 ex]

9.3.2.1 Design 1. All Primary with Bonferroni Corrections

If all three endpoints were considered primary endpoints and the Bonferroni
procedure is used for the multiple comparisons adjustment, the null hypoth-
esis for none of the comparisons would be rejected and the reported p-values
would be 0.24, 0.06, and 0.09, respectively. In this scenario, the results for the
Holms and Hochberg procedures would be qualitatively the same, though
the p-values would differ.

9.3.2.2 Design 2. Single Primary Endpoint

In the second design, assume that disease control (H,) was designated as the
primary endpoint and both survival (Hgz) and HRQoL (H.) were designated
as the secondary endpoints. The first family consists of H, and the second
family of Hy and H,. In this design, if the null hypothesis for the primary
endpoint (A) is not rejected, all of the secondary null hypotheses must be
accepted. If we applied this design using the unadjusted p-values from the
previous example, the adjusted p-values would be 0.08, 0.08, and 0.08. Thus,
none of the three null hypotheses are rejected and the (adjusted) results are
negative for all three endpoints.

9.3.2.3 Design 3. Co-Primary Endpoints

In the third design, disease control and survival (A and B) are the co-primary
endpoints and QOL the secondary endpoint. If either hypothesis in the first
family (H, or Hy) is rejected, then the second family of hypotheses will be
considered. The hypotheses in the first family are tested as if the Bonferroni
procedure was applied to two endpoints. The adjusted p-values are 0.16 and
0.04. The adjusted p-value for the second family cannot be smaller than the
smallest in the first family because the gatekeeping procedure requires that
H cannot be rejected unless one of the hypotheses in the first family is
rejected. Thus, jz = 0.04. With design 3, we would reject the null hypotheses
associated with one of the primary endpoints, survival, and for the second-
ary endpoint, QoL.
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9.3.2.4 Design 4. Joint Co-Primary Endpoints

In the final design, disease control and survival are joint co-primary end-
points. This design differs from the previous as it requires both H, and
Hj to be rejected before considering the second family of hypotheses. The
adjusted p-values for the first family of hypotheses are identical to those
in Design 3. Because the gatekeeping procedure requires that H. cannot
be rejected unless both of the hypotheses in the first family are rejected,
the adjusted p-value cannot be smaller than the largest in the first fam-
ily; thus, pc =0.16. Thus, in design 4, only the survival hypotheses are
rejected.

9.4 Missing Data

Patient-reported data missing due to morbidity or mortality is a com-
mon occurrence in oncology trials. These missing assessments are very
rarely completely random, that is, unrelated to the current status of the
individual at the time of the planned assessment (e.g., missing completely
at random (MCAR)). Nor is missingness unrelated to the current status
even after adjusting for previous data (e.g., missing at random (MAR) or
patient characteristics measured at baseline). While there are formal tests
of MCAR vs. MAR [23], there is no way to formally differentiate between
MAR and missing not at random (MNAR) because we are missing the
data that would be needed to exclude the possibility that missing data
are mostly MNAR. It is possible to find evidence that data are not MAR,
assuming a particular model [7,34,40], but the lack of evidence under a
particular model does not confirm the data to be MAR. These issues are
the basis for the recommendations to plan for a sensitivity analysis and
the use of the term “sensitivity”. It is the probable occurrence of nonran-
dom missing data (e.g,MNAR) in a large proportion of patients and our
inability to prove otherwise is a major challenge in the analysis and inter-
pretation of QOL assessments in oncology trials.

9.4.1 Examples

The first example is a trial in advanced non-small cell lung cancer
(NSCLC) [1]. Figure 9.1 illustrates the average trajectories as a function of
the last observed assessment. If the missing data were MCAR, then the lines
would overlap. The roughly fan-shaped trajectories suggest that the dropout
(missingness) is associated with both the initial value and slope. A second
example comes from a renal cell carcinoma trial [29]; the trajectories are non-
linear but also suggest that the dropout is related to the previously observed
values and thus not MCAR (Figure 9.2). Additional analyses (described by
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Average FACT-Lung TOI (a composite of physical, functional, and disease-specific symp-
toms) scores for the control (left) and experimental (right) arms stratified by the time of last
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FIGURE 9.2

Average FACT-BRM TOI scores for control (left) and experimental (right) arms stratified by the
time of last assessment. Patients with 25+ weeks of follow-up are represented by the solid line,
those between 5 and 25weeks of follow-up with the short dashed lines, and those with less
than 5weeks of follow-up with the long dashed lines.

Fairclough [11]) in conjunction with clinical expertise strongly suggest that
the missing data is MNAR.

9.4.2 How Much Data Can be Missing?

There are no magic rules about how much missing data is acceptable in a
clinical trial. The seriousness of the problem depends on the reasons for the
missing data, the objectives of the study, and the intended use of the results.
The tolerance in trials of adjuvant therapy will be low, whereas the tolerance
for patients with metastatic disease will be much higher. When the propor-
tion of missing assessments is very small (<5%), the potential bias or impact
on power may be very minor. In some cases, 10%-20% missing data will
have little or no effect on the results of the study. In other studies, 10%-20%
may matter. As the proportion of the missing data increases to 30%-50%, the
conclusions that one is willing to draw will be restricted.
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9.4.3 Informative Missing Data Due to Dropout
9.4.3.1 Methods to be Avoided

Methods that assume the data to be MCAR, particularly those that do not
utilize all the available data, will result in biased estimates of change in
QOL over time and may result in biased comparisons of the treatment arms.
Limiting the analysis to those who have completed all assessments (complete
case analyses) is the most well-known example and is rarely used anymore.
However, repeated univariate analyses of each endpoint at each time
point is still frequently employed. As it does not utilize information from
assessments at other time points, it assumes that assessments are MCAR
and thus is biased in most oncology trials. Generalized estimating equations
(GEEs) [18,32] also assume the data are MCAR. These methods have been
extended using re-weighting techniques. These assume the “similarity”
between subjects with data and subjects without data. This is typically not
true in oncology trials.

9.4.3.2 Recommended Approach

In most oncology trials, missing data is associated with toxicity, disease
progression, or death, and thus is likely to be non-ignorable (e.g,, MNAR).
Most experts recommend a likelihood-based approach using all available
data supplemented by a sensitivity analysis [2,11,18]. The choice between
growth curve mixed models [5] and repeated measures mixed models [20]
will depend on the timing and the number of assessments. Trials with a
limited number of assessments (2-5) that can be thought of as ordered cat-
egories (e.g., pre, early, late, and post therapy) and where all assessments
can be uniquely classified are typically analyzed using a repeated measures
model: Y; = X, + ¢ for the i-th subject where the variance, X, is unstructured.
These trials are typical for interventions of limited duration. Trials with a
larger number of assessments or where the timing of assessments becomes
more varied over time are typically analyzed using the growth curve models
that incorporate random effects: Y; = X;8+ Z;d; + ¢;. The random effects, Z;d;,
typically allow variation of the subject-specific intercepts and slope relative
to the predicted trajectory. The variance is structured, X; = Z/DZ; + ol.

9.4.4 Sensitivity Analyses

In most oncology trials, non-ignorable missing data should be suspected.
Determining the dropout mechanism would require knowledge about the
data that is missing. These issues are the basis for the recommendations to
plan for a sensitivity analysis and the use of the term “sensitivity.”

There are a number of popular methods for sensitivity analyses. All
require strong assumptions and are difficult to be prespecified prior to data
collection. The common theme among them is that they attempt to convert
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the problem to one that is conditionally MAR. For example, the assumption
underlying pattern mixture models is that the data are MAR within each
pattern [11].

9.4.4.1 Mixture Models

The basic concept of mixture models is that the true distribution of the
measures of HRQoL for the entire group of patients is a mixture of the
distributions from each of the P groups of patients [24-26]. The distribution
of the responses, Y, may differ across the P strata with different parameters,
ﬁ{p ! and variance, =},

Y, | M - N(Xiﬁ{"},z,{”}), p=1,...,P. 9.1)

The complete data, f(Y), is characterized as a mixture (weighted average)
of the conditional distribution, f(Y | M), over the distribution of dropout
times, the patterns of missing data, or the random coefficients. The specific
form of M distinguishes the various mixture models where M is either drop-
out time, 7;°, the pattern of missing data, R;, or a random coefficient, d;.

Pattern mixture f(Y; |R;) 9.2)
Time — to — event mixture f (Yf | 7;° ) 9.3)
Random effects mixture f (Y,- |d,-) 94)

Pattern mixture models are a special case of the mixture models. When
M; =R; the missingness can be classified into patterns. Pattern mixture
models are attractive because they are amenable to the plots displaying the
observed data as in Figures 9.1 and 9.2. The strong assumptions center around
the extrapolation of the curves past the time of dropout. When the trajecto-
ries are linear (Figure 9.1), it may be very reasonable to extend the slopes
for patterns with at least two assessments. The slope for the pattern with
only baseline data will require an additional assumption, possibly using the
slope from the pattern with two assessments. But when the trajectories are
nonlinear (Figure 9.2), it can be very difficult to identify a procedure even
after the results are plotted. Prespecifying the methods for extrapolation is
almost impossible. One strategy that is used is to pool the strata so that all
the model parameters are estimable. Pauler et al. [30] illustrated this in a trial
of patients with advanced stage colorectal cancer where they did not form
the strata based on the patterns of observed data but on a combination of
survival and completion of the last assessment. First, they defined two strata
based on whether the patient survived to the end of the study (21 weeks),
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then they split the patients who survived 21 weeks based on whether they
completed the last assessment. They assumed that the trajectory within each
stratum was linear. The assumption is that the missing data are ignorable
within each stratum. This implies that within the group of patients who did
not survive 21 weeks, there are no systematic differences between those who
died early versus later, and within those who survived, there are no differ-
ences between those who dropped out early versus later.

9.4.4.2 Joint Models with Shared Parameters

In this class of models, we are jointly estimating the longitudinal trajectories
of the QOL outcomes with another process, typically time to dropout, dis-
ease progression, or survival. The underlying assumption is that the data are
MAR, conditional on the time to the event. The concept is that the random
effects of the model for the QOL outcomes are correlated with the time to
the event. Specifically, the individuals who experience an earlier event will
tend to start with lower QOL scores and will decline more rapidly. This is
illustrated in Example 1 (Figure 9.1), where those with early dropout tend to
have poorer QOL scores at baseline and decline more rapidly. When applied
to this study, estimates of the decline over time roughly doubled in both
treatment groups (Table 9.2). This illustrates the sensitivity of within-group
estimates of change to the missing data, but relative stability of the differ-
ences between treatment groups when studying two active interventions
with similar survival and toxicity.

The most critical characteristic for the implementation of these models is
that there is a variation in the random effect, particularly associated with
change over time. There are a wide variety of parametric and nonparametric
models [33,34,38] that have been proposed. Vonesh et al. [39] extended the
model by relaxing the assumptions of normality, allowing distributions of
the random effects from the quadratic exponential family and event time
models from accelerated failure time models (e.g., Weibull, exponential
extreme values, and the piece-wise exponential model). Numerous investiga-
tors have joined proportional hazard models with the longitudinal models.

TABLE 9.2

Example 1 (NSCLC Trial): Joint Model for FACT-Lung TOI and Various Measures
of the Time to Dropout (7°). Parameter Estimates of Intercept (f,), Slopes for
Control Group (f;) and Experimental Group (4,), and the Difference in Slopes

(b= 1)

Dropout Event [30 [31 /}2 [Aiz - /}1
None (MLE) 65.9 (0.66) -1.18 (0.29) -0.58 (0.19) 0.60 (0.31)
In(Survival) 65.7 (0.66) -1.85 (0.30) -1.43 (0.24) 0.47 (0.31)

Last assessment 66.1 (0.66) -2.15(0.39) -1.53 (0.31) 0.62 (0.32)
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Other extensions include multiple reasons for dropout [3,9] and the possibil-
ity that some subjects would not eventually experience the dropout event
and could stay on the intervention indefinitely [3,22,41].

9.4.4.3 Multiple Imputation

As the software for multiple imputation (MI) has become extremely accessible,
it is being proposed more often to address missing data issues. Most MI tech-
niques assume that the missing data is MAR conditional on the variables
included in the imputation procedure. If the imputation procedure only
includes the available information that will be used in the analysis (previous
assessments, treatment assignment, and baseline covariates), the results will be
very similar to those obtained from the likelihood-based methods previously
described. Thus, there is a danger of believing that any bias due to missing data
has been eliminated, when in fact it has not. In the context of oncology trials,
if surrogate measures for the QOL response were available and were incorpo-
rated into the imputation scheme, the missing data might be MAR conditional
on those measures. However, those surrogate measures are typically both
unmeasured and unknown, limiting the usefulness of MI techniques.

9.4.5 QOL After Death

One of the most controversial areas of research involving QOL is the analysis
of trials with significant morbidity. The controversy occurs because of philo-
sophical issues about imputing a value for measures of QOL or other patient-
reported measures. What is often ignored is that even if explicit imputation
is avoided, most methods of analysis implicitly impute a value. This is most
obvious when using the EM algorithm for likelihood-based methods. In the
E-step, the conditional expectations of the missing assessments given the
observed data are used for computing the sufficient statistics. One class of
measures referred to as patient preference or utility measures (e.g., EQ-5D or
HUI) explicitly defines death as a value of zero. These measures are typically
used in health economics (e.g., estimating quality-adjusted life years (QALYs))
but less often when comparison of treatment arms is of primary interest.

9.4.5.1 Analyses that Avoid Imputation

There are a limited number of approaches that avoid imputation and are
primarily descriptive. The first is to examine the trajectory as a function of
the time prior to death (Figure 9.3). This is useful when trying to determine
if and when there are changes prior to death. For example, in the NSCLC
trial patient, the decline in the FACT-TOI measure tends to be quite gradual
until approximately a week before death. A second approach also relies on
graphical presentation, where subjects are stratified by the time of death
in a manner similar to Figures 9.1 or 9.2. While it is possible to construct
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FIGURE 9.3
Estimated change in FACT-Lung TOI prior to death in NSCLC patients.

strata-specific contrasts of these trajectories across treatment groups [4], the
interpretation is limited to just that and cannot be used as an overall com-
parison of the outcome under the intent-to-treat concept.

9.4.5.2 Explicit Imputation Methods

A number of simple imputation techniques have been described, but none
have attained widespread use. An example of simple imputation is the substi-
tution of an arbitrary low (or high) value for the assessments that occur after
death [10,31]. Values of 0, as well as a value just below the minimum of all
observed scores, has been suggested. Both approaches can be partially justified
but neither can be completely defended. It also should be noted that when a
large proportion of the subjects expire, the distribution of scores will tend to
become bimodal, approximating a binary indicator for death, and the analysis
becomes an approximation to the analysis of survival rather than QOL.

Diehr et al. [6] describe a variation on the last value carried forward pro-
cedure. In this procedure, a value ¢ is subtracted from (or added to) the last
value observed. If this value can be justified, this approach could be a useful
option in a sensitivity analysis. In Diehr’s example, a value of 15 points on
the SF-36 physical function scale was proposed, where 15 points was justi-
tied as the difference in scores between individuals reporting their health as
unchanged vs. those reporting their health as worsening.

It is possible to utilize the MI methods in this setting. A variation of Diehr’s
approach could utilize multiple imputed values with varying values of § as a
sensitivity analysis to see if the results of treatment comparisons are robust
to a range of values of §. Alternatively, models similar to the one displayed
in Figure 9.3 could be used as the basis for imputation of values at the time
of death and beyond.
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9.4.5.3 Implicit Imputation Methods

Joint models with shared parameters previously described in Section 9.4.4
comprise a wide class of models that can be used in trials with dropout due
to death. As these are likelihood-based methods, they use implicit imputa-
tion of the missing data or the random effects in the estimation procedures,
conditional on both the previously observed measures and the time to
death.

9.4.6 QALYs and Q-TWiST

QALYs and Q-TWiST measures integrate quality and quantity of life; these
measures may be useful when there are trade-offs associated with the
interventions being assessed in the clinical trial. Questions of this nature
are particularly relevant in diseases that have relatively short expected sur-
vival and the intent of treatment is palliative, such as in advanced-stage can-
cer. In contrast to the aforementioned analyses, in which the outcomes are
expressed in the metric of the QOL scale, QALYs and Q-TWiST measures are
expressed in the metric of time.

There are two approaches that might be encountered in a clinical trial.
In the first, measures of patient preferences are measured repeatedly over
time and the outcome is QALYs. In the second approach, the average time
in various health states is measured and weighted using preference mea-
sures that are specific to each of the health states generating Q-TWiST
estimates.

9.4.6.1 QALYs

In some trials, patient preferences are measured repeatedly over time, often
using multi-attribute measures (e.g., HUI, EQ-5D, QWB) or transformations
health status scales (e.g., SF-36) to utility measures [12,13]. The basis for all
of the methods is an estimation of the AUC generated by plotting the util-
ity measure versus time. There are two approaches. The first strategy esti-
mates the average trajectory in each treatment group using a longitudinal
model and then calculates AUC as a function of the parameter estimates in
the same manner as described for health status measures. The difference
is that since the preference measure is measured on a unit-less scale from 1
(perfect health) to 0 (death), the estimate can be interpreted as an estimate
of QALYs.

The second strategy starts with the calculation of a value for each individual,
QALY;, which is a function of the utility scores and time. These values will
then be subsequently analyzed as univariate measures. The calculation of
QALY; depends on a rule for estimating the measure between assessments,
possibly extrapolation back in time or using a trapezoidal function as illus-
trated in Figure 94.
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Tllustration of two techniques to estimate QALY; when the time between assessments
(4weeks) equals the period of recall using horizontal (left) and trapezoidal (right) extrapola-

tion. Observations are indicated by *. Periods using trapezoidal approximation are indicated
by a dashed line.

The major limitation for both of these approaches is that all patients are

rarely followed up until death and thus the estimates are limited to a fixed
time period.

9.4.6.2 Q-TWIiST

A second method used to integrate quality and quantity of life is Q-TWiST. A
fundamental requirement for this approach is that distinct health states need
to be defined. In the original application of this method [15] in breast cancer
patients, four health states were defined:

TOX the period during which the patients were receiving therapy and presumably
experiencing toxicity;

TWIST  the period after therapy during which the patients were without symptoms of the
disease or treatment;

REL

the period between relapse (recurrence of disease) and death;
DEATH the period following death.

The second assumption is that each health state is associated with a weight
or value of the health state relative to perfect health that is representative of
the entire time the subject is in that health state. The assumption that the
utility for each health state does not vary with time has been termed utility
independence [15].

A third assumption is that there is a natural progression from one health
state to another. In the above example, it was assumed that patients would
progress from TOX to TWiST to REL to DEATH. The possibility of skipping
health states, but not going backward, is allowed. Thus, a patient might prog-
ress from TOX directly to REL or DEATH, but not from TWiST back to TOX
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or REL back to TWiST. Obviously, exceptions could occur, and if very rare,
they might be ignored. The quantity Q-TWiST is a weighted score of the
average time spent in each of these health states, where the weights are based
on preference scores. Typically, the weight for the period of time without
symptoms Urwist is fixed at a value of 1 implying no loss of QALYs and for
the period after death, Upgary is fixed at a value of 0. Thus, for this example,
there are only two potentially unknown weights, Urox and Ugg;.

Q —TWIiST = Trox * Utox + Trwist * Utwist
1
9.5)
+ rer* Uger, + Tppath * Upeatn
=0

If all of the patients in the study have been followed up to death, finding the
average time in each health state is quite easy as the time for each is known
for every patient. But when there is censoring, we need to use methods
developed for survival analyses. Figure 9.5 illustrates the Kaplan-Meier esti-
mates for the time to the end of treatment (TOX), the end of the disease-free
survival (DFS), and the end of survival (SURV) for the patients an adjuvant
breast cancer trial with up to 60months of follow-up. The average time in
TOX is equal to the AUC for the time to the end of treatment. The heath
state TWiST is defined as the time between the end of TOX and DFS. The
average time spent in TWiST is equal to the area between the two curves.
Similarly, the health state REL is defined as the time between the end of DFS
and SURV. The average time in REL is again the area between the curves.
When the follow-up is incomplete, we must estimate restricted means that
estimate the average times in each health state up to a set limit. At the first
glance, it might appear that 60 months (five years) would be a good choice.
However, for practical reasons related to the estimation of the variance of the
estimates, it is more appropriate to pick a time where follow-up is complete
for 50%—75% of the subjects who are still being followed.
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FIGURE 9.5

Partitioned survival plots for the control and experimental groups of the breast cancer trial.
Each plot shows the estimated curves for TOX, DFS, and SURV. Areas between the curves
correspond to the time spent in the TOX, TWiST, and REL health states.
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9.5 Summary

Despite the challenges associated with the analysis of patient-reported
outcomes in oncology trials, the results of these analyses are important to
patients and care providers. The role of the statistician often goes just beyond
the analysis plan. Often it is the statistician who is at the interface of the trial
design and the analysis plan. It is in the development of an analysis plan
that the goals of the trial as well as the specific aims need to be clarified.
QOL and other patient-reported outcomes can provide useful clinical infor-
mation; their role needs to be carefully and explicitly defined. The goals, the
role, and the actual domains that are to be measured specifically influence
the procedures that will be used to minimize the multiple comparisons as
well as the strategies for missing data.
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10.1 Introduction

There are two regulatory pathways for a product to be approved by the Food
and Drug Administration for marketing in the United States. These are regu-
lar (i.e., full approval) and accelerated approvals. For regular approval, the
product is required by law to demonstrate clinical benefit with respect to
how long a patient is alive, feels, or functions. In the case of drugs for treating
cancer, generally, clinical benefit is demonstrated in a randomized controlled
clinical trial by comparing the experimental drug to a control, where the con-
trol may be a placebo, a best supportive care, or an active control treatment.
By contrast, accelerated approval is based on a surrogate endpoint that is
reasonably likely to predict clinical benefit for products developed for treat-
ing life-threatening diseases, and which demonstrate to be better than the
available therapy. Accelerated approval is a conditional approval and prod-
ucts approved under the accelerated approval are required to demonstrate
clinical benefit in the same or subsequent clinical trial(s). On the basis of the
results of the confirmatory trial, a product first approved under accelerated
approval is then granted regular approval if clinical benefit is demonstrated,
failing which it is withdrawn from the market.

203
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During different stages of the drug development, the manufacturing com-
pany or the sponsor of the drug product can apply for orphan drug, fast
track, and breakthrough designations. The orphan drug designation is given
to products that are being developed for use in orphan diseases with a dis-
ease prevalence of less than 200,000 patients per year in the United States.
This designation provides an extended market exclusivity and waiver of the
application review fee. A fast track designation is based on observed pre-
clinical activity and allows for rolling submission of different sections of the
marketing application. The breakthrough designation [1] (Food and Drug
Safety Innovation Act 2012) allows FDA to expedite and assist drug man-
ufacturers in the development and review of new drugs with preliminary
clinical evidence that suggests that the drug may offer substantial improve-
ment over available therapies for patients with serious or life-threatening
diseases [2] (FDA guidance 2014).

During the course of drug development from very early stages to the
approval of the product, statisticians play an important role in the design
and conduct of the clinical trials and analyses and interpretation of the
results. With the development of novel molecularly targeted therapies and
immunotherapies to treat oncological and hematological malignancies, the
demand from the patients and patient advocates for quicker access to new
treatments along with the available newer regulatory tools, the complexity
of the design, and analyses have become increasingly challenging. In this
chapter, we will examine some of these challenges and how to address them.

10.2 Impact of Expedited Regulatory Programs

Pembrolizumab, an immunotherapeutic agent and PD-1 checkpoint inhibi-
tor that has received breakthrough designation, was first approved under the
accelerated approval regulations for the treatment of advanced melanoma,
on the basis of the results from an expanded cohort of a Phase 1/2 study that
included several cohorts with multiple diseases, multiple doses, and dosing
regimens [3].

The decision of accelerated approval was based on a retrospectively selected
group of patients with advanced melanoma who had received prior treat-
ments, with an observed unprecedented durable response rate in this refrac-
tory disease where all patients had a minimum follow-up of 28 weeks. This
Phase 1/2 study was first initiated as a single-arm dose-escalation study that
included patients with advanced solid tumor malignancies. It was expanded
to study the activity of the drug in melanoma and non-small cell lung can-
cer. Within each of these two diseases, several cohorts were expanded to
evaluate different dosing regimens in refractory and relapsed settings with
single-arm and randomized cohorts such that over 1,000 patients were
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eventually enrolled in the Phase 1/2 study. These expansions were based on
accumulating data and observed results.

While expansions such as these are examples of the ways in which it is
possible to accelerate drug development and conduct a study in an efficient,
timely manner, they can result in a complex group of cohorts requiring
careful planning, data collection, analyses, and dissemination to protect
patient safety and address ethical concerns. First-in-human Phase 1 stud-
ies are exploratory studies to determine the optimal dose that can be safely
administered in a large group of patients. As such, exposing large cohorts
of patients to a drug for which there is limited safety information is detri-
mental to the public and drug development. However, for drugs showing
high activity at the early development phase, it is paramount to consider
different design options that would facilitate the rapid further development
of the drug leading to market authorization and availability to the patients
in need.

There are important statistical challenges in designing, conducting, ana-
lyzing, and interpreting the results in this type of expanded Phase 1/2 study.
Among the questions that arise are the following;:

* Are there prespecified objectives for each of the cohorts?

¢ Is there a potential for patient selection bias in these first-in-human
studies?

e Can one aggregate data from different cohorts into one cohort to
estimate an effect (e.g., objective response rate)?

¢ Is there bias in this aggregation and will the results be generalizable?

¢ Can different dose cohorts be combined together, assuming that the
safety and activity are not different among the doses studied?

e Is there randomized allocation of treatments in some of the cohorts?

* Are the hypotheses prespecified along with the decision criteria
consistent with the objectives of the study?

Itis imperative to consider the objective and hypothesis for each expanded
cohort in defining the starting and stopping criteria and the maximum
sample size required to meet the objective of each of the expanded
cohorts.

A key feature of these multiple-cohort expansion studies is that they have
multiple objectives. It is critical that comprehensive data are collected and
that the flow of data on safety and activity of the drug is seamless across the
different cohorts in different diseases, so that the patients and the investiga-
tors are informed of safety concerns observed in other cohorts in a timely
manner.

Such studies would greatly benefit from early planning, development of a
master protocol with centralized operations and processes, and well-defined
decision criteria for starting and stopping cohorts [4].
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10.3 Impact of Molecularly Based Definitions of Diseases

With increased understanding of the molecular alterations underlying vari-
ous cancers, it is becoming clear that within a category defined by histo-
logic criteria, there are many distinct diseases with differing prognoses and
responses to molecularly targeted therapies (non-small cell lung cancer is a
case in point) [5]. The incidence of these molecularly defined diseases may be
low and this will make it challenging to conduct trials of sufficient power. In
this scenario, several options may be considered as listed here, although ran-
domized trials are the preferred options even in rare diseases, provided they
are ethical and feasible to conduct. For example, eculizumab was approved
(regular approval) for the treatment of paroxysmal nocturnal hemoglobin-
uria based on demonstrated benefit from a randomized clinical trial compar-
ing eculizumab (43 patients) to placebo (44 patients) [6].

. Randomized Clinical Trials: Randomized clinical trials with unequal
allocation such as a 2:1 or 3:1 randomization with fewer patients
assigned to receive placebo, best supportive care, or standard of care
can be considered. While they are not as efficient as those using a
1:1 design, in such trials, fewer patients are exposed to placebo or
best supportive care, and therefore, they may be attractive to patients
considering enrolling in a clinical trial. This would be a good design
to evaluate both efficacy and safety. For example, siltuximab was
approved (regular approval) for the treatment of Castleman’s disease
(prevalence <1/100,000) based on a placebo-controlled, double-blind,
randomized study with a 2:1 randomization allocation (53 patients: 26
patients) demonstrating a durable tumor and symptomatic response
(34% response in siltuximab arm versus 0% in the placebo arm) [7].

1. Single-arm Clinical Trials: In a non-randomized single-arm clini-
cal trial, it is assumed that zero or minimal response is expected
when no treatment or placebo is administered. Although basal cell
carcinoma is one of the most common cancers among Caucasians,
metastatic basal cell carcinoma is rare, with a reported incidence of
about 0.03% [8]. Vismodegib was approved (full approval) for the
treatment of metastatic basal cell carcinoma based on a single-arm
clinical trial [9]. In this option, while the activity of the product can
be assessed, its long-term effect on time-to-event endpoints such as
time to disease progression or overall survival cannot be evaluated
due to confounding by the natural history of the disease. It is also
not possible to conduct a comprehensive evaluation of safety as the
association of toxicity with the drug can be confounded by the dis-
ease process. Only monotherapy can be evaluated in a single-arm
study as the contribution of each of the components in a combination
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therapy cannot be assessed with this clinical trial design unless
there is compelling external data regarding contribution of the com-
ponents of the combination.

1II. Randomized Clinical Trial in Multiple Diseases: A randomized clinical
trial in which diseases that share, for example, a similar molecular
pathway, and in which the difference between the experimental and
control treatments is expected to be similar across these diseases can
be another option. In this design, several rare diseases can be com-
bined together using stratified randomization, if feasible, with each
disease as a stratum. The conclusion regarding treatment effect will
be applicable to all diseases included in the clinical trial. There is
always a risk in assuming that the treatment effect would be the same
or similar across all diseases, and given the rarity of the diseases and
paucity of data, we may not be able to validate this assumption. If a
registry is maintained for each of the rare diseases for tracking their
natural history with sufficient follow-up and use of available treat-
ments, then potentially such data could be used to justify a clinical
trial of this type. This type of clinical trial design has been used in
clinical trials evaluating chemotherapy, which includes all non—-small
cell lung cancer patients, irrespective of the histology and mutational
status of the disease. More commonly, single-arm clinical trials with
multiple cohorts of patients with different diseases and a common
molecular pathway have been conducted [4]. For example, imatinib
mesylate was evaluated for the treatment of 40 different rare diseases,
all sharing a common molecular driver, BCRABL translocation [10].

IV. Use of a Historical Control: Historical control designs are usually
reserved for special circumstances, such as when the disease has
“high and predictable mortality (for example, certain malignan-
cies) and studies in which the effect of the drug is self-evident (for
example, general anesthetics...)” (21ICFR 314.126) [11]. The ICH E10
guideline [12] also states that “the inability to control bias restricts
the use of the external control design to situations in which the effect
of treatment is dramatic and the usual course of the disease is highly
predictable.” For example, Vistogard was recently approved as the
treatment for patients who received overdose or early onset of severe
or life-threatening toxicities within 96h following the end of fluo-
rouracil or capecitabine administration. In a retrospective analysis
of historical case reports of 25 patients who were overdosed with
fluorouracil and received supportive care, 84% died. On the other
hand, only 4% of the 135 patients treated with Vistogard died in two
prospectively conducted single-arm trials [13].

In a life-threatening rare disease where a randomized study is not feasible
and the disease characteristics are well documented, use of a historical
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control with a prespecified process for collecting historical control informa-
tion and a statistical analysis plan may be considered. There are different
methods by which historical data can be used. One method is the use of pro-
pensity scores (PS) as a key design tool. The goal is to replicate a randomized
experiment by forming groups with similar baseline covariates in the his-
torical and clinical trial. Randomization ensures the balance of known and
unknown baseline covariates between treatment arms so that any difference
in outcome is attributable to the difference in treatment effect, and thus an
unbiased estimate of the treatment effect can be obtained. In the absence
of randomization, the idea is to have the historical control group and the
experimental treatment group identical with respect to baseline covariates.
Note that this is only possible for the covariates that have been observed and
recorded. A PS characterizes the relationship between covariates and the
treatment [14,15,16]. It is the conditional probability that a patient will receive
a treatment (T) given the covariates (X), that is, PS=P(T =1| X). PS is inde-
pendent of the outcome (Y) and is used as a balancing score. If two patients
have the same PS, then they have the same probability of receiving a treat-
ment, thus mimicking a randomized trial. By matching patients in the his-
torical control group and the experimental treatment group based on PS, one
could compare the two groups to obtain an average treatment effect (ATE),
that is, ATE=E[Y(1)| PS]-E[Y(0)| PS]. Note that there are other alterna-
tive approaches such as matched sampling and covariate-adjusted regres-
sion methods that can also be used sample size permitting [17,18]. The key
assumption in these methods is that there is no bias in treatment assignment,
that is, conditional on measured baseline covariates, the potential outcome
is independent of treatment assignment. Additional assumptions include no
unmeasured confounders, the probability of assigning a treatment not equal
to zero, and treatment assignment of one patient not affecting the poten-
tial outcome of other patients. There are other challenges with respect to
ensuring data quality (e.g., missing, inconsistent, or inaccurate data) and the
historical control sample size (e.g., very large or very small, and difficult to
verify if some patients were preferentially allocated to a treatment).

For a product to receive accelerated approval, there must be sufficient evi-
dence that it is better than the available therapy. Often, this requires review-
ing the literature reports on currently used or available therapy for that
particular disease indication. For example, blinatumomab was approved
under the accelerated approval regulation for the treatment of patients with
Philadelphia chromosome—-negative, relapsed or refractory, precursor B-cell
acute lymphoblastic leukemia (B-cell ALL) (which is an uncommon form of
ALL) based on a multicenter, single-arm study in 185 patients with the objec-
tive to demonstrate that the lower 95% confidence limit of the response rate is
>30%. A response rate (complete remission or complete remission with par-
tial hematological recovery) of 42% (95% CI: 34%, 49%) was observed in this
study, satisfying the pre-specified objective criterion. In this example, to allow
for a better understanding of the result in the context of the heterogeneity of
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the patient population with regard to prognostic factors, the sponsor pro-
vided a weighted analysis of patient-level data from 694 historical controls
showing that the response rate was 24% (95% CI: 20%, 27%) in patients who
had received available therapy. This confirmed that the target lower limit of
30% was reasonable and provided evidence that blinatumomab was better
than the available therapy for accelerated approval consideration [19].

In a Phase II clinical trial with multiple cohorts of different diseases where
a new treatment is being evaluated for all the diseases, a Bayesian hierarchi-
cal model that borrows information across patient groups has been proposed
by Berry et al. [20]. This model inherently assumes that there is some com-
monality between individual cohorts of diseases with respect to the treat-
ment effect on the disease, which allows borrowing of information such that
the group-specific estimates of effect are “shrunk” toward the overall mean.
The approach reduces the influence of outliers in the groups with very small
sample sizes and results in more precise estimates of effect. Simon et al. [21]
have proposed a Bayesian basket design with multiple strata of genomic vari-
ants within, for example, the same histologic type. In this design, a Bayesian
approach is used with a two-point parameter space for each stratum similar
to the commonly used optimal two-stage designs [22] by specifying too low
or adequately high drug activity that would lead to termination or continu-
ation of the further development of the drug. The decision to stop further
development or to continue to develop further in a given strata is based on
the posterior probability that depends on the numbers of responses and sam-
ple sizes in each of the strata at that time. This design allows for uncertainty
regarding correlation among the stratum-specific drug activities and borrows
across strata accordingly. Other Bayesian methods have also been proposed
such as adaptive adjustment of the randomization ratio using historical con-
trol data [23]. In this method, an adaptive randomization procedure is imple-
mented for allocating patients to the control arm aimed at balancing total
information (concurrent and historical) among the study arms, and the idea
is to assign more patients for receiving the experimental drug if the concur-
rent and historical controls are homogeneous. Balancing information as data
accrues requires interim assessment of the relative informativeness of the
historical data. Commensurate priors are utilized to assess the heterogeneity
between historical and concurrent control and to borrow from historical data
for the final analysis. A commensurate prior approach enables estimation of
the extent to which corresponding parameters from different data sources
have similar posteriors through the specification of a specific hierarchical
model. Commensurate prior distributions average model parameters defined
in the context of the likelihood for the current data at their historical coun-
terparts [24]. Initially, patients are randomized 1:1 to the treatment and sub-
sequently adaptively allocated based on an interim assessment of historical
and concurrent control heterogeneity. The adaptation is based on the effec-
tive sample size that characterizes relative informativeness defined in the
context of a piecewise exponential model for a time-to-event endpoint. If the
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accrual of patients is nonuniform and occurs in clusters, adaptive random-
ization could potentially lead to biased results and may also be difficult to
apply when there is informative censoring in time-to-event analysis.

10.4 Summary

This chapter presents regulatory tools and pathways for seeking market-
ing approval of a drug product based on results from well-controlled and
adequate clinical trials. New regulations make it possible to use tools that
have the potential to accelerate drug development by taking advantage of
the advances in understanding each disease at a molecular level. In this
accelerated drug development time, it is important to consider carefully the
clinical trial design options. While we have presented some design options,
they are by no means exhaustive. The design selection should be based
on the research question that needs to be answered and the feasibility of
conducting the trial that would lead to a meaningful interpretation of the
results. Electronic health record data from the real world to complement data
obtained from clinical trials is an additional data source to be considered.
The complexity of using such data is beyond the scope of this chapter.
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