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Abstract

Phase II/III Transitional Seamless Trial Designs with Different Objectives and Endpoint Types

Robert A. Tumasian 111

Accelerating regulatory science has become an urgent task due to the ongoing emergence of
novel and highly complex diseases, such as coronaviruses and mpox, and the growing real-world
evidence and precision medicine paradigms. In research and development, achieving this goal
requires the formulation and implementation of innovative clinical trial designs and statistical
approaches. Further efforts are needed to devise robust strategies toward expediting the evaluation
of drugs and other medical products, which will help to quicken the delivery of safe and effective
treatments to individuals in need.

One pioneering concept that has greatly contributed to speeding up product assessment is the
application of pre-specified adaptations in clinical trials. Adaptive techniques (like early dose or
treatment selection and sample size recalibration) are based on participant data collected during
the trial, where investigators/sponsors are able to learn from the study population and adjust trial
characteristics accordingly without diminishing the integrity of the study. However, adaptations
must be employed cautiously; it is essential to ensure that they are both clinically reasonable and
statistically sound (in the sense that they will not inflate the nominal type I error rate).

The evolution of seamless trial designs has also propelled drug/medical product evaluation.
For instance, seamless trials that combine a phase II study (e.g., using a biomarker or short-term
intermediate endpoint for early dose or treatment selection) and a phase III study (e.g., using a

definitive endpoint for confirming efficacy) have become very popular in practice due to their



flexibility and shorter duration compared to running separate studies. In phase II/III seamless
trials, a correlation is usually pre-specified between the intermediate and definitive endpoints in
order to bridge the phase II and phase III studies and accomplish the overall aims of the intended
trial. However, this can be difficult to quantify, especially when the endpoints are non-continuous.
An inappropriate or unsubstantiated enumeration of this correlation can yield flawed results and
thus misguide approval and labeling decisions, leading to potentially serious consequences.

To avert this issue, a three-stage phase II/III transitional seamless trial design was constructed
that does not demand prior knowledge of the correlation between the intermediate and definitive
endpoints. The design also allows for interim sample size re-estimation according to the accrued
intermediate endpoint data. The utility and validity of the design, with and without sample size
adaptation, were considered for different types of endpoints. For each, theoretical proofs establish
that the design can control the nominal type I error rate while still reaching the targeted power,
and simulations reinforce these findings. Therefore, the design exhibits promise in precipitating
the assessment of experimental interventions in a wide range of therapeutic areas.

This dissertation is organized as follows. First, Chapter 1 presents (1) an introduction to the
drug/medical product evaluation process, (2) an overview of adaptive techniques used in clinical
trials, (3) a description of seamless trial designs, including a real-world example to demonstrate
how they can be applied in different data situations, (4) the research goals, and (5) a display of the
proposed three-stage phase II/III transitional seamless trial design and its workflow. Chapters 2-5
lay out the models and procedures for the proposed design when using a continuous intermediate
endpoint and a continuous definitive endpoint, a binary intermediate endpoint and a continuous
definitive endpoint, and a binary intermediate endpoint and a time-to-event definitive endpoint in
the presence and absence of censored observations. This is proceeded by statistical justification
and supporting simulations for each procedure. As some authors remain skeptical toward the use
of adaptations in clinical trials, Chapter 6 counters an argument posed in the literature. In closing,
Chapter 7 summarizes the work and its limitations and provides several additional considerations

toward enhancing the proposed design and its generalizability.
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Preface

My training and research collaborations in biomedical science, clinical trials, mathematics,
and statistics have instilled in me a commitment to ensuring the proper evaluation of drugs and
alternative treatments and improving quality of life for all people. Through my participation in
various learning experiences at the State University of New York (SUNY) at Geneseo, Columbia
University, Emory University, Harvard University, the National Institute on Aging (NIA) —
National Institutes of Health (NIH), and the U.S. Food and Drug Administration (FDA), I have
built the skill sets necessary to contribute to the development of clinical trial designs that can
enhance product assessment. This dissertation is motivated by the critical need to make safe and
effective therapies available to the community as rapidly as possible. While this work is tailored to
clinical trial conductors, regulators and researchers for the purpose of proposing another potential
evaluation method and kindling future related efforts, the content of this dissertation is also useful
for individuals who are interested in getting a glimpse into the growing world of clinical trials.
The proposed design and procedures, and the methodological approaches employed to establish

their validity, are original and have not been published prior to the submission of this work.



Chapter 1: Introduction

Over the past several decades, clinical decision-making has become largely data-driven and
the clinical trial landscape has improved immensely in terms of strengthening and accelerating the
safety and efficacy evaluation of drugs and other medical products [1-9]. The continual appearance
of new illnesses and highly mutable viruses requires swift transformations and versatility in the
framing and undertaking of clinical trials. Expanding our warehouse of efficient and reliable study
designs and computational methods will help us to advance regulatory science and more quickly

assess interventions to confront current and future public health emergencies.

1.1 Overview of the Drug/Medical Product Evaluation Pipeline

Randomized controlled trials (RCTs) are considered the gold standard for biomedical research,
and they are the preferred method for measuring the performance of a drug/medical product. The
lifecycle of a drug/medical product spans over many years and is comprised of five benchmarks.
The first is discovery, which entails pinpointing processes or sites within the body (e.g., genes,
proteins or receptors) that are associated with the condition at hand and then postulating a thera-
peutic that could interact with them appropriately. This necessitates interdisciplinary collaboration
between biologists, chemists, epidemiologists, physicians, and other health professionals [10].

Once equipped with a compelling and science-driven hypothesis, the second step of pre-clinical
testing can begin, which usually involves conducting toxicological experiments on animal models
to learn about the functionality of the proposed therapy. Now, the U.S. Food and Drug Administra-
tion (FDA) can also accept cell-based assays and computer modeling alternatives per the passing
of the FDA Modernization Act 2.0. These studies are essential in determining whether or not the

therapy would be safe to test in humans. Likewise, investigators must also explore the therapy’s



mechanism of action (i.e., how the therapy might operate in the body). Another vital component of
pre-clinical testing is to gain insights into dosing that would be suitable for human consumption.
Together, the discovery and pre-clinical testing processes can take up to ten years to complete. If
promising pre-clinical study results are obtained, then the sponsor may continue to the third step
of clinical testing in order to assess the safety and effectiveness of the potential therapy in human
populations [10].

Due to the complex nature of clinical testing, this step can also take several years and largely
depends on the disease area. Clinical testing involves four main phases. In phase I, a small sample
of individuals from the population of interest is enrolled in a first-time-in-humans (FTIH) trial,
or first-in-human (FIH) trial, and followed to evaluate safety and side effects and identify the
maximum tolerable dose (MTD) that does not induce a harmful outcome. When applicable, the
most appropriate route of administration can also be studied during phase 1. Once the highest
performing dose is selected (e.g., using the conventional “3+3” approach [11, 12] or the continual
reassessment method [13, 14]), additional participants are recruited from the target population for
a phase II proof-of-concept (PoC) trial to continue assessing safety and start acquiring information
on efficacy. If there are no substantial safety concerns (e.g., in terms of adverse or serious adverse
events), then the treatment may advance to phase III, which contains a much larger sample size in
order to establish safety and effectiveness compared to a control (e.g., placebo and/or standard of
care) according to a clinically relevant endpoint. Thus, phase III studies usually include multiple
clinical sites to capture a wider portion of the population that is expected to utilize the drug/medical
product [10].

Following step four of regulatory approval by the FDA based on clinical judgment and the re-
sults of pre-specified statistical analyses, the final step is post-marketing surveillance (i.e., phase
IV), in which the long-term effects of the product are scrutinized among several hundreds or thou-
sands of users in the public (e.g., via electronic medical records and/or health registry data) for a
period of time no less than required by federal statutes. In phase 1V, if there are any severe side ef-

fects conceivably related to the treatment that were not seen in prior studies, then the product could



be tagged with a black box warning (e.g., an abundance of deleterious events experienced within
a subgroup of the target population could result in modified prescription and/or usage guidelines)
or be completely removed from the market. The general drug/medical product evaluation pipeline
is depicted in Figure 1.1 [15]. If approved, the product can also be examined for use in alternative
populations (e.g., among children and other vulnerable or immunocompromised groups) with the

condition, or for treating different maladies, by repeating the benchmarks described above [10].
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Figure 1.1: Standard lifecycle of a drug/medical product.

1.2 Adaptive Methods in Clinical Trials

In many clinical trial settings, adaptations (e.g., endpoint alteration, sample size re-estimation,
and/or the addition or elimination of treatment or dosage groups) can be planned a priori and then
incorporated into the study based on accrued participant information [16—27]. Adaptive techniques
have revolutionized and become quite prevalent in clinical research and development (particularly
after the launch of the FDA’s Critical Path Initiative geared toward enhancing drug/medical prod-
uct evaluation practices [28]) due to their ability to adjust the structural properties and statistical
procedures of clinical trials after commencement. Numerous computational arguments and large-
scale simulation studies have been reported in the literature that demonstrate how pre-specified

adaptations can be implemented without biasing the observed treatment effects or jeopardizing the
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operational characteristics (e.g., inflating the nominal type I error rate) of the trial that is underway
[29-40]. A preponderance of published rationales for the use of adaptive methods in clinical trials
are cogent and relevant across a vast array of therapeutic areas.

Scientifically and statistically plausible adaptations can play a fundamental role in expediting
the pursuit of safe and efficacious interventions. The topic of adaptive techniques continues to be
of great interest to regulatory bodies worldwide, including the FDA and the European Medicines
Agency (EMA), due to the upward trend of global trials to support simultaneous regulatory filings
across multiple countries and geographic regions and the desire to internationally harmonize reg-
ulatory practices. This has led to the preparation and release of several guidance documents and
reflection papers [41-43] to explicitly define the term “adaptive design,” state some of the potential
advantages and drawbacks of adaptations, and outline possible methodological issues that may be
faced and actions that could be taken to rectify them.

In their earliest guidance [42], the FDA provides nine examples of adaptive techniques: modi-
fication to the pre-specified (1) primary endpoint, (2) secondary endpoint(s), (3) patient assessment
schedule, (4) patient medication record (e.g., a patient may begin taking another medication during
the study), (5) trial duration (e.g., stopping the study early for futility or superiority), (6) sample
size, (7) treatment/dosage arms or regimens, (8) randomization scheme, and (9) inclusion criteria.
This also encompasses any subsequent analytical changes. The non-exhaustive list above demon-
strates the breadth of adaptations that are available and have been employed in previous trials [44].
The EMA and FDA also emphasize that adaptive methods must be pre-specified in the study proto-
col; they can only be implemented a posteriori via an amendment following extensive discussions
between all stakeholders involved (e.g., statisticians, medical staff and patient groups).

Adaptive designs can have several positive implications compared to non-adaptive options such
as making use of external information that may arise and reducing lead times, total expected sam-
ple sizes and duration, all while still preserving the pre-specified type I error rate and achieving the
targeted power. Adaptations also reflect real clinical practice and can help to redress incorrect as-

sumptions that were made in the design stage (i.e., before trial start), usually at the discretion of an



independent data and safety monitoring committee. Additional advantages of adaptive techniques
have been well-recognized by the FDA in its most recent guidance for industry on adaptive designs
[41]. For instance, adaptive techniques can be more statistically efficient, or have greater statistical
power, in detecting a true treatment effect (e.g., a sample size adjustment typically results in the
need for a larger sample size, which would then heighten the power of the study). The benefits of
adaptations are profuse and have been discussed at length in both Bayesian [45—47] and frequentist
[44, 48, 49] contexts.

Nonetheless, adaptations can lead to ramifications when articulated or applied inappropriately;
avoiding this requires meticulous planning with strong clinical and statistical justifications for their
use. The general frameworks for an adaptive and non-adaptive (traditional parallel group) design

are compared in Figure 1.2 [50]. Although adaptations are highly attractive due to their flexibility,
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Figure 1.2: Comparison of adaptive and non-adaptive (traditional parallel group) designs.




and as no strict guidelines exist, they should be kept to a minimum in order to reduce trial com-
plexity and bias. The availability of adaptive methods can also detract investigators/sponsors from
using the truly best design, and excess adaptations based on insights from study personnel who
are analyzing unblinded interim data can increase the likelihood of obtaining positive results that
are actually false, thus compromising the integrity and persuasiveness of the trial [51]. Problems
can also occur when there are delayed responses (e.g., in oncology trials that use survival or other
time-to-event endpoints), since they may cause adaptive trials to be stopped prematurely for futil-
ity when in fact the experimental treatment could yield a positive effect later in the course of the
trial [44, 52]. Research remains active on utilizing long-term and short-term (surrogate) responses
in adaptive settings [53—59]. Further material on the possible disadvantages of adaptations can be
found in the literature [60—-64].

Some authors have mentioned that adaptive designs can suffer from loss of statistical efficiency
and thus they do not recommend them in practice [65, 66]. Specifically, adaptive design test statis-
tics may violate the sufficiency principle if sequentially sampled trial participants are differentially
weighted, but this can be resolved by allowing rejection of the null hypothesis only if the conven-
tional (non-adaptive) test statistics would also reject the null at the full @ level. Moreover, adding,
dropping or changing null hypotheses, or considering multiple null hypotheses simultaneously,
can lead to difficulty in interpreting the final hypothesis test. To combat this challenge, the closed
testing principle or a hierarchical test could be applied. The closed testing principle controls for
the overall type I error rate by rejecting a hypothesis only if each of the intersection hypotheses
containing the hypothesis of interest is rejected by the associated local test. For hierarchical tests,
endpoints are ranked in descending order of clinical importance, with the most important test con-
ducted first; if a significant p-value is obtained, then the effect is deemed real and the procedure
continues down the list until significance is not achieved [44]. Myriad researchers have pointed
out that in some scenarios (e.g., when using a long-term outcome) it may be appealing to employ
an adaptation (that is both clinically and statistically sound) to improve product assessment [S1,

67]. The application of adaptive techniques requires further conversations to increase consensus.



1.3 Seamless Clinical Trial Designs

Many clinical trial design options have been constructed (and justified via statistical rigor and
simulations) to condense the clinical testing process described in Section 1.1, including a variety
of seamless designs [68—80]. One popularly employed clinical trial design is the two-stage phase
II/IIT seamless design, which merges separate phase II and phase III studies into one single study
in order to expedite drug/medical product evaluation. During stage one (i.e., in the phase II study),
a common goal is early identification of the most promising treatment or dosage, according to in-
termediate endpoint data, for further efficacy assessment in stage two (i.e, in the phase III study)
using a definitive endpoint. Note that the intermediate endpoint can either be a biomarker, a formal
short-term surrogate endpoint or a primary endpoint based on the purpose(s) of the trial, while the
definitive endpoint must be a primary endpoint. An illustration of the typical layout and workflow

of the two-stage phase II/III seamless design outlined above is provided Figure 1.3. To display how

Stage 1 Stage 2
CONtrol t= = == == o= o= o= = = = -
Treatment A b= = = e o= o= o= = o= -
Treatment B = = = = = = = = = — —
Cohort 2
Enrollment &
Interim Randomization Final

Cohort 1 Analysis: Analysis:
Enrollment & :> “Pick-the-Winner” using :> Test for Efficacy using

Randomization Cohort 1 Intermediate Cohort 2 Definitive
Endpoint Data and Endpoint Data and
Safety Monitoring Safety Monitoring

Figure 1.3: A two-stage phase II/III seamless trial design, where treatments A and B denote active
interventions being tested against the control. The dashed blue line and solid orange line represent
data collection for the intermediate endpoint from the first cohort of participants in stage one and
the definitive endpoint from the second cohort of participants in stage two, respectively.



the trial progresses, treatment A is shown to be dropped at the end of stage one and data collection
is terminated, since treatment B performed better according to some intermediate endpoint. There-
fore, no participants will receive treatment A in stage two (all participants on Treatment A in stage
one would be removed from the study, given standard of care and continue to be monitored for
safety signals). Thus, the two cohorts are independent and there is no switchover after stage one;
cohort one participants cannot be included in the second cohort due to possible carryover effects
(i.e., those receiving treatment A in stage one cannot receive treatment B in stage two due to the
potential for mixed treatment effects that could undermine the results of the trial). For simplicity
of exposition, the example in Figure 1.3 only considers two active treatment arms versus a control,
but the design can handle comparison of any number of experimental interventions (or dosages)
to a control group. Also, like the majority of seamless studies, the two-stage phase II/III seamless
design in Figure 1.3 can be perceived as separate parallel group trials being run at each stage.
There are four scenarios that can be encountered when composing a multi-stage seamless trial:
(1) the objectives and endpoints are the same at each stage, (2) the objectives are the same at each
stage but the endpoints are different, (3) the endpoints are the same at each stage but the objectives
are different, and (4) the objectives and endpoints are different at each stage. For scenario (1), stan-
dard group sequential methods that use stage-wise p-values are often employed by considering the
end of each stage as a planned interim analysis with a pre-specified set of stopping rules that con-
trol the nominal type I error rate, such as Pocock or O’Brien-Fleming boundaries [81-84]. These
methods include combination tests via Fisher’s product or the weighted inverse normal function
and conditional error and power techniques [30, 85-92]. Unfortunately, these procedures cannot
be utilized for the other three scenarios when the study objectives and/or endpoints vary at each
stage (e.g., the sample size needed to reach a certain power under a group sequential design [87,
93-96] may not be enough to accomplish the study goals under a multi-stage seamless design).
For scenario (2), statistical testing procedures have been developed that use binary, continuous
and survival/time-to-event data collected from both stages, but under the often strong assumption

that there is a well-defined relationship or correlation between the two endpoints [97-99]. The most



common application of scenario (3) is when stage one is used for dose-finding or early treatment
selection and stage two is used for efficacy confirmation. However, in the interest of shortening the
assessment process, similar but slightly different endpoints are typically considered at each stage
(e.g., using a short-term intermediate endpoint in the first stage, such as an abbreviated definitive
endpoint, and a comparable definitive endpoint in the second stage), which leads to scenario (4).
Each of these scenarios serve their own purpose and require different computational approaches,
which depend on the aims of the intended study [70, 71, 100]. Statistical inference for scenario (4)
is the most challenging and this research is ongoing in many clinical settings [80, 101-109].
There are several choices that can be made for the stage one intermediate endpoint and the stage
two definitive endpoint, including the use of a continuous intermediate endpoint and a continuous
definitive endpoint, a binary intermediate endpoint and a continuous definitive endpoint, or a binary
intermediate endpoint and a survival/time-to-event definitive endpoint. The endpoint types that are
selected can rely on many factors such as disease area, ease of data collection, financial constraints,
and other resource limitations. For instance, if the definitive outcome will take longer to observe
than the intermediate outcome, then an adaptive procedure (e.g., a seamless design) could help to

precipitate the assessment of the drug/medical product.

1.4 Seamless Trial Example

Several years ago, a pharmaceutical company conducted a two-stage, multi-center, random-
ized, open-label, active-control, double-blind, phase II/III seamless adaptive trial: the Safety and
Efficacy Study to Compare Continuous Infusion of Interferon with Standard of Care for Chronic
Hepatitis C (also known as the COPE-HCV study; NCT00919633) [110]. This trial evaluated the
safety/tolerability and effectiveness of an experimental treatment for subjects 18-65 years of age
with hepatitis C virus (HCV) for at least six months who had never received previous interferon or
other anti-HCV treatment. The trial integrated independent phase II and phase III studies into one
two-stage study, where the first stage was for dose selection and the second stage was for estab-

lishing non-inferiority of the dose selected from stage one compared to the control, which was the

10



standard of care at that time. The COPE-HCYV study design is provided in Figure 1.4 [100], which
included four active arms (Drug B: Doses 1-4) and one control arm (Drug A), a treatment duration
of 48 weeks, and a 24-week follow-up period.

Stage 1 (Phase Il, Dose Selection)

48 weeks of treatment 24 weeks of follow-up

L 1 I_ '
1 I 1 1 1
[
- 1
: Drug A (Control) 1
| = :
1 - i
| E Drug B: Dose 1 !
= 1
1| = -
Screenin - 'g I
8 q Drug B: Dose 2 i Follow-up
1| € :
1|8 -
W E Drug B: Dose 3 i
|| .
1
1
I Drug B: Dose 4 :
: 1 48 weeks of treatment 24 weeks of follow-up

A
] L ] L ]
1 1 1 r 1

12 week interim analysis =9 Stage 2 (Phase lll, Efficacy Confirmation)

Drug A (Control)

Follow-up

Drug B: Selected Dose from
Stage 1

Randomization
1:1

-—>

12 week interim analysis

Figure 1.4: COPE-HCYV study design.

The objectives of the COPE-HCV study were two-fold. During stage one, the goal was to select
the optimal dose compared to the standard of care therapy using early virologic response (EVR)
as a short-term intermediate endpoint, defined as the change in HCV RNA level from baseline to
Week 12, which is on a continuous scale. The goal of the second stage was to demonstrate non-
inferiority of the highest performing dose from stage one compared to the standard of care therapy
using sustained virologic response (SVR), defined as the change in HCV RNA level from baseline

to Week 72, as the long-term definitive endpoint, which is also on a continuous scale. Note that an
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HCV RNA level <10 IU/mL was considered undetectable. Because it would take longer to observe
the definitive endpoint, the sponsor was interested in considering an intermediate endpoint (in this
instance, a definitive endpoint with shorter duration) for early decision-making. Also, the structure
of this trial aligns with scenario (4) in Section 1.3, since it had different objectives and employed
different endpoints at each stage.

Concisely, the COPE-HCV study procedure was as follows. In the first stage, after obtaining
informed consent within 30 days of screening, eligible subjects were randomly assigned to one of
the five treatment groups with 1:1:1:1:1 allocation. After the stage one subjects completed Week
12 of the trial, an interim analysis was performed for dose selection based on the accrued safety
results (i.e., the number of adverse events experienced in each arm) and EVR data. This study also
assumed that EVR at Week 12 was predictive of, or correlated with, SVR at Week 72, where the
dosage choice was made via precision analysis using a certain set of pre-specified criteria. In other
words, the dose selected to proceed to stage two had the most promise in achieving a clinically and
statistically meaningful treatment difference compared to the control that was not due to chance.
Stage one subjects who had not yet completed their intermediate endpoints continued with their
assigned therapies for the remainder of the planned 48 weeks, with a final follow-up at Week 72.

The second stage carried out a non-inferiority comparison of the selected dose from stage one
against the control. A separate cohort of subjects was equally randomized to each treatment group.
The second interim analysis was conducted when the stage two subjects completed 12 weeks of the
study and 80% of the stage one subjects completed 48 weeks of treatment and 24 weeks of follow-
up (72 weeks total). Therefore, the second interim analysis involved verifying the assumption that
12-week EVR was in fact predictive of, or correlated with, 72-week SVR and determining whether
or not the a priori sample size would be sufficient to accomplish the aims of the trial according to
the data collected.

In both stages, subjects not meeting the inclusion criteria for EVR, and subjects who did meet
the inclusion criteria for EVR but relapsed or became a breakthrough case at any time up to Week

72, discontinued the study and were each offered standard of care off protocol. All discontinuing
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subjects also underwent safety monitoring for 60 days after receiving their last dose. For the two
planned interim analyses, the participant safety data and the incidence of EVR were reviewed by
an independent data and safety monitoring board (DSMB); continuation of the trial was decided
by the DSMB based on their clinical judgment and analyses. The type I error rate was controlled at
5% via O’Brien-Fleming boundaries [84] with a targeted power of 85%. Adaptations such as early
termination and sample size re-estimation were implemented as recommended by the DSMB.
Alternatively, the investigator/sponsor could have employed a binary intermediate endpoint and
a continuous definitive endpoint (e.g., an EVR <10 [U/mL at Week 12 and SVR at Week 72) or a
binary intermediate endpoint and a time-to-event definitive endpoint (e.g., an EVR <10 IU/mL at
Week 12 and time to first SVR <10 IU/mL or 72 weeks, whichever occurs earlier). These options
could have been applied using statistical methods similar to those that will be presented in Chapters

2-5 for the proposed three-stage phase II/I1I transitional seamless trial design.

1.5 Study Goals

This study sought to contribute to the formulation of new clinical trial designs and correspond-
ing statistical procedures that can foster faster drug/medical product evaluation (i.e., clinical test-
ing) when using (1) a continuous intermediate endpoint and a continuous definitive endpoint, (2)
a binary intermediate endpoint and a continuous definitive endpoint, or (3) a binary intermediate
endpoint and a time-to-event definitive endpoint with and without censored observations. In par-
ticular, the three-stage phase II/III transitional seamless trial design presented in the next section
was assembled with different stage-wise objectives and endpoints and the option for sample size
recalibration based on accumulated intermediate endpoint data. The validity of the proposed de-
sign (i.e., its ability to control the pre-specified type I error rate and achieve the targeted power)
was proven through statistical argument and reinforced by simulations to demonstrate its utility.
For each pair of endpoint types, the central limit theorem [111] was used to develop the unmodified
and modified procedures and Slepian’s lemma [112] was applied for validation. The second and

third pairs of endpoint types also utilized latent variables [113], where the copula idea [114, 115]

13



and maximum likelihood estimation [116, 117] coupled with the multivariate delta method [118]
were employed when handling the time-to-event definitive endpoint in the presence and absence of
censoring, respectively. The FDA encourages the exploration of different design options (shown
to have reliable operational characteristics via analytical calculations and/or simulations) that can
be used to gain accurate conclusions on safety and efficacy to inform regulatory decision-making

[28, 41], which has motivated and directly aligns with this work.

1.6 Proposed Design

As indicated in Section 1.3, seamless trials typically merge two separate studies, where a phase
IT study (e.g., with the goal of early dose or treatment selection using an intermediate endpoint)
could be stage one and a phase III study (e.g., an efficacy confirmation trial using a definitive
endpoint) could be stage two. However, to expedite the evaluation process, investigators/sponsors
may be interested in collecting intermediate endpoint data from the second cohort of subjects and
definitive endpoint data from the first cohort of subjects simultaneously, resulting in the proposed
three-stage phase II/III transitional seamless design shown in Figure 1.5. The term “transitional” is
used to emphasize that there is a smooth transition from stage one to stage two and from stage two
to stage three, if the trial advances that far. The format of Figure 1.5 is similar to Figure 1.3 but
includes an additional third stage. Note that per the FDA’s 2019 guidance on adaptive designs [41],
the design proposed in Figure 1.5 is considered an adaptive design since treatment/dosage groups
are eliminated after stage one and there is the ability to reassess the total required sample size at
the end of stage two (i.e., at the second interim analysis) based on the intermediate and definitive

endpoint data from the first cohort of participants.
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Enrollment &
Randomization
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Interim Randomization  Anpalysis 2:

Analysis 1: Test for Futility using Final Analysis:
“Pick-the-Winner” using E> Cohort 2 Intermediate Q Test for Efficacy using

Cohort 2 Definitive
Endpoint Data and
Safety Monitoring

Cohort 1 Intermediate
Endpoint Data and
Safety Monitoring

Endpoint Data, Test for
Efficacy using Cohort 1
Definitive Endpoint Data
and Cohort 2 Intermediate
Endpoint Data, Safety
Monitoring, and Option for
Sample Size Recalculation

Figure 1.5: Proposed three-stage phase II/III transitional seamless trial design. Treatments A and
B denote active interventions being compared to the control arm. Blue and orange lines represent
data collection for the first and second cohort of participants, respectively. Dashed and solid lines
represent data collection for the intermediate and definitive endpoints, respectively.
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Chapter 2: Using a Continuous Intermediate Endpoint and a Continuous

Definitive Endpoint

This chapter first outlines the data modeling structure used when employing a continuous in-
termediate endpoint and a continuous definitive endpoint, and then moves into describing the pro-
posed procedure without interim sample size re-estimation and proving its validity via statistical
argument, accompanied by supporting simulations. Afterwards, this is repeated for the modified
version of the design, which incorporates a sample size recalibration at interim. Note that the data
model presented in the next section is used regardless of whether or not a sample size adjustment is
performed, and that the version without sample size modification can be interpreted as a standard

group sequential procedure with treatment selection.

2.1 Model

For subject j receiving treatment i = 0, ..., k, let X;; and Y;; denote the continuous interme-
diate endpoint and the continuous definitive endpoint, respectively, where i = 0 represents that
control group C and i = 1,.. ., k represent the active interventions. For the purposes of this work,
since an appreciable portion of biological variables tend to follow approximately normal distribu-
tions when the number of observations is large, we make the assumption that for fixed cohort

Xij Hi o?  poT
~ N ;
Yij Vi poT T
where y; and v; denote the mean of the intermediate and definitive endpoint data, respectively, for
subjects receiving treatment i, and o> and 72 are the variances of the intermediate and definitive

endpoint data, respectively. We also assume that the variances of the intermediate and definitive
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endpoint data in each treatment group are equal (since the variability of the intermediate and defini-
tive outcomes are not often expected to be substantially different across the treatment groups) and
that the correlation between the intermediate and definitive endpoints is non-negative (p > 0) to en-
sure that the intermediate and definitive endpoint data does not yield contradictory conclusions on
treatment performance, which is anticipated in practice). Utilizing this data model, pairwise (two-
sample) Z-statistics can be constructed via the central limit theorem, which are used in the proposed
procedures with and without sample size recalibration. Then, Slepian’s lemma is applied to justify
both procedures, noting that for fixed treatment 7, subject j and cohort, Cov(X;;,Y;;) = porisa

strictly increasing function of p since o> > 0 and 72 > 0.

2.2 Design without Sample Size Modification

In this section, details will be provided for the proposed procedure that does not reassess the
total required sample size at interim. This is followed by statistical justification that the size of the
proposed unmodified procedure can be bounded from above and its power can be bounded from
below. Simulation results will also be presented, which support our proofs. Appropriate steps to

take for unknown o2 and/or 72 will be discussed as well.

2.2.1 Procedure

Consider the design proposed in Figure 1.5 for comparing k active treatment groups E;, i =
1,...,k, toacontrol group C (i = 0), where the intermediate endpoint and the subsequent defini-
tive endpoint are both utilized for measuring the treatment effects. Let 8; and y; be the treatment
effect comparing active treatment E; to the control C measured by the intermediate endpoint and
the definitive endpoint, respectively. Assuming that positive values of §; and ¥; correspond to treat-
ment effects that favor the product under study, the hypothesis of interest based on the intermediate

endpoint data is

HO,l : (91,...,9k)T SO (21)
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and the hypothesis of ultimate interest is

H0’2: (l//],...,lﬁk)TSO 2.2)

which is based only on the definitive endpoint data, where 0 denotes the zero vector. As mentioned
in Section 2.1, we presume that the effect based on the intermediate endpoint is in the same direc-
tion, or consistent with, the effect based on the definitive endpoint. To do this, we assume ; = a;6;
for some a; > 0, in which case hypotheses (2.1) and (2.2) become equivalent. An outline of the
unmodified procedure for known o2 and 72 and unknown p > 0 is described below.

At stage one of the study, (k + 1)n; subjects are randomized with equal allocation to receive
either one of the k active treatments or the control C. As a result, the first cohort will contain n;
subjects in each group. At the first interim analysis, the most promising treatment is selected based

on the intermediate endpoint data and used in the remaining stages. Let

. X -Xo
61 = =20 N0, 1)

i = \/E
ni
denote the pairwise Z-statistics comparing active treatment E; to the control C, where )_(,-,, 1 and X0~,1
are the average outcomes according to the stage one intermediate endpoint data among subjects in
treatment group E; and the control group C, respectively. Furthermore, let S = argma}(x éi, 1 and
l<i<

Ts) = 95,1, where S represents the index of the treatment with the largest observed effect, or
the greatest promise, compared to the control C, with Ts; being its observed treatment effect. If
Ts1 < c; for some c; > 0, then the trial is stopped early and Hy; (2.1) is accepted. Otherwise,
if Ts1 > c1, then treatment Eg is recommended as the most promising treatment and proceeds
to the next stage for further investigation. Only subjects receiving treatment Eg or the control C
will be followed for their definitive endpoint data. Treatment assessment on all other subjects will

be terminated; they will be given standard of care off protocol and continue to undergo necessary

safety monitoring.
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At stage two, 2n, additional subjects are equally randomized to receive either treatment Eg or
the control C, where n, denotes the sample size in each treatment arm in the second cohort. The
stage two interim analysis is conducted when both the intermediate measures for the 2n, cohort two
subjects and the definitive measures for the 2n; cohort one subjects who received either treatment
Eg or the control C become available. Let

Ys.1 —Yo.1

Ws1=ds1 = ~N(0, 1)

272
ni

be the pairwise Z-statistic based on the definitive endpoint data from cohort one, where Ys.; and
Yo..1 are the average definitive outcomes among all cohort one subjects in treatment group Es and

the control group C, respectively. Also, let
A XS,Z - Xo,z
Osp= ——F—
[202
ny

be the pairwise Z-statistic based on the intermediate endpoint data from cohort two, where Xg.»

~N(0, 1)

and Xj.» are the average intermediate outcomes among all cohort two subjects in treatment group

Es and the control group C, respectively. Define

If Ts» < c; for some ¢, > 0, then the trial is stopped for futility and Hp; (2.1) is accepted. If
Ts> > cp and Wg 1 > d; for some d; > 0, then the trial is stopped for superiority and both Hy ;
(2.1)and Hp > (2.2) are rejected. If T5» > ¢ but Wg 1 < dj, then the trial advances to the last stage.

At stage three, no new subjects are enrolled. The final analysis is performed when all cohort

two subjects complete their definitive endpoints. Let

ni A ny
s+
ny+np ny+np

Wso = Uspo
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where
~ _ Ys.,z — Yo.,z

Uso
272
np

is the pairwise Z-test statistic based on the definitive endpoint data from cohort two and Ys.» and

~N(0, 1)

Yo.» are the average definitive outcomes among all cohort two subjects in treatment group Eg and
the control group C, respectively. If Ws» > d; for some dy > 0, then Hpp (2.2) is rejected and
treatment Eg is deemed superior to the control. Otherwise, treatment Eg did not outperform the
control and Hy > (2.2) is accepted.

In this procedure, Hy ; (2.1) can be interpreted as a gatekeeper, since it must be rejected in stage
one in order to move on to testing Hy» (2.2). Moreover, the sample size (n1, n2) and critical value
(c1,c2,d1, dy) parameters are chosen via simulations in a manner that controls the pre-specified
type I error rate while maintaining a targeted power, as no closed form equations are available or
derivable to ascertain these values. The next two sections provide justification for the unmodified
procedure and an explanation of the simulation process and findings. Lastly, if o and 72 are not
known before trial start and they cannot be approximated in any way (e.g., by using historical data),
then hypotheses (2.1) and (2.2) must be redefined to measure relative intermediate and definitive
treatment effects, as o> and 72 are vital to obtaining the sample size and critical value parameters

above that are required to utilize the proposed design appropriately.

2.2.2 Statistical Justification

We now present statistical proofs to verify the unmodified version of the proposed design when
employing a continuous intermediate endpoint and a continuous definitive endpoint. To confirm
the validity of the unmodified design, we must first ensure that the type I error rate can be controlled
(i.e., it will not exceed the nominal level). It can be shown that the size of the testing procedure
outlined in the previous section, or the maximum probability of incorrectly rejecting Hy ; (2.1) and

Hp, (2.2), 1s achieved when 61 = --- = 6y =0 and 1 = --- = ¢ = 0[119]. Denoting these two
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vectors as 6, and ¥ .., respectively, we can write

Size = Pg, y. p)(reject Hy 1 and Hy )
= kP(e*,'//*,p)({S =1}n{T1 > ci}n{Tip > ey N ({Wig > di} U{Wi, > dz}))
= kP(o*,w*,p)({S =1}n{T,1 > ci}n{Ti > Cz})
- kP(e*,c//*,p)({S =13n{Tig >ciyn{Tip >} n{Wip <di}n{Wz < dz})
< kP(e*,l/f*,psl)({S =1}N{Ti1 >ci}N{Tis > 02})
- kP(B*,nll*,psl)({S =13n{Ti1 >ci}n{Tip >} n{Wip <di}n{Wz < dz})

= kP(H*,r/f*,pﬂ)({S =1}n{T1,1 > c1} N {T1o > Cz})

d d
— kP(g*,,/,*’pzl) ({S =1}n {Cl <Ti; < Q} N {62 <Tip < 0——})
T T

The first equality is by definition. The second equality is obtained via the unmodified procedure
(this is the set of events that lead to an ultimate rejection). Applying the rule P(A N B) = P(A) —
P(A N BY), where B® denotes the complement of B, and De Morgan’s law [120] yields the third
equality. The second term of the third equality depends on the unknown correlation p > 0, since
it contains events related to both the intermediate and definitive endpoint data. The first inequality
is obtained via Slepian’s lemma, where equality holds when p = 1 (its maximum). The stage two
and stage three test statistics based on the definitive endpoint data can be rescaled under the null

T

Tia .
—tand Wy, = TGJ since 71,1 and Wy 1, and Ty » and W) 5, have perfectly

O.,¢.,po=1)asW;; = z
linear relationships when p = 1, resulting in the final equality. For exposition, S = 1 was chosen
above, but any other S could be used for the proof since P(S = i) has the same distribution under
the null (8.,¥., p = 1) for all i. Therefore, we have identified an upper bound for the size of the
unmodified procedure, which is a function of only the intermediate endpoint data. This gives us

the type I error constraint

d d
Py, (TS,I >cy,Tsp > C2) — Py, (Cl <Ts1 < 2,62 <Tsp < 72 =q. (2.3)
T T
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Next, the power under some clinically relevant alternative hypotheses should be no less than
1 — B for some small 5. Suppose 61 < 0> such that §; > 9, is a clinically meaningful effect, where
0; € [01,02) corresponds to a marginal effect measured by the intermediate endpoint. Furthermore,
let 71 < 12 such that y; > 1, is a clinically meaningful effect, where y; € [n1,72) corresponds to a
marginal effect measured by the definitive endpoint. Then it can be shown that the minimal power
is achieved when 0y = --- = 0, = 61,01 = 62, Yo = --- = Y = 11, and ¥; = n,. Denote these
vectors as 8 and ¥*, respectively. This alternative is known as the least favorable configuration and
indicates that the clinically relevant effect occurs at active treatment i = 1 [119, 121]. However,
similarly to the preceding proof for the size of the procedure, this is not essential, as the clinically
relevant effect could occur in any other treatment group. Therefore, the following proof will still
be valid for any other fixed treatment. Now, since the distribution of P(S = i) is different for each

i under the alternative, the power can be expressed as

Power = P g« y+ ,(reject Hy 1 and Ho )

k
= Z P(e*,.//*,p)({S =i} N {Tiy > c1i} N{Ti2 > 2} N ({Win > di} U{W;n > dz}))

i=1

k

> 3" Po((S =10 {Ts > e} 0 {Tia > a}) - Py ((Wor > di} U (Wi > o))
P

> Po*({S =1}n{T11>ci}n{Ti2> 6‘2}) 'Pl/l*({Wl,l >di} U{Wip > dz})-

The first equality is the definition of power and the second equality mirrors that in the proof
for the size of the procedure above, but under the alternative. The first inequality is obtained by
Slepian’s lemma when p = 0 (its minimum here) and the last inequality follows by selecting any
particular treatment (i = 1 is chosen here). Thus, a lower bound for the power has been attained,

resulting in the constraint
Pg: (TS,I > cy1,Tsn > 62) 'Pw*({WS,l >di}U{Ws, > dz}) =1-. (2.4)

Unlike condition (2.3) for calculating the type I error, condition (2.4) for calculating the power
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relies on both the intermediate and definitive endpoint data. Finally, in order to minimize the total
expected sample size

E(N) = (k + 1)1’11 +2n2P (TS,I > Cl)

where N is the total number of subjects included in the trial, all of the design parameters are chosen

such that
1 1 . s
EE(NW*,!//*) + EE(NH9 W) = (k+1)ny +n{Pg (Ts,1 > c1) + Po(Ts;1 > c1)} (2.5)

is minimized [121]. Altogether, condition (2.3) guarantees that the nominal type I error rate will
be preserved, condition (2.4) confirms that the procedure will have a power of at least 1 — 8 and
condition (2.5) ensures that the proposed design is not only valid but also optimal in sample size.
Note that the proofs provided above apply Slepian’s lemma in order to dodge having to handle p,
the unknown correlation between the intermediate and definitive endpoints, or the exact sampling

distribution of (S, Ts 1, Ts2, Ws 1, Ws,z)T, which would be very computationally challenging.

2.2.3 Simulations

To demonstrate the utility of the unmodified procedure proposed in Section 2.2.1, Monte Carlo
simulations were conducted as follows. First, (k + 1)(n; + ny) samples were generated 500 times
for k = {4,6} active arms, where n; = {20,40,...,180,200} and n, = {20,40,...,180,200}.
Under the null (8.,¥., p),

Xo; 0 o poT
TN, ;
Yo, 0 potT T2
and
X 0 o’ port
YN ,
Y 0 potT T2
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for active treatments i = 1, ..., k and subject j, where i = 0 denotes the control group, ) = --- =

0r =0and | = --- =y = 0. Under the alternative (68*,¢*, p),
Xo; 0 o port
T~ N, ,
Yo, 0 potT T2
and
Xii 0; o2 pPoOT
I N, ’
Y:: ro; poT 72
where r =0.5,0, =6, =1,0,=... =60, =61 ={0.6,0.8}, 1 =rdp =05, and Y, = ... =Yy =
réo1 = {0.3,0.4}. The effect size of active treatments i = 2, ..., k and active treatment i = 1 (the

most promising intervention) according to the intermediate endpoint data are represented by
and 0,, respectively. We proceed using only conditions (2.3), (2.4) and (2.5), which do not require
pre-specification of p. Thus, for condition (2.3), Xo; ~ N(0, 0?) and X;; ~ N(0, o?), while Xo; ~
N(0,02), X;j ~ N(6;,02), Yo; ~ N(0,7%), and ¥;; ~ N(r6;,7?) for condition (2.4). Note that
condition (2.5) is used to calculate the average total expected sample size of the trial based on the
intermediate endpoint data generated as described above. Here, (02, 72) = {(1,1), (1,2), (2, 1)}
were considered.

Condition (2.3) was calculated under the null (8.,¥ ., p = 1) as follows, using 500 replications.
For stage one, which contains (k + 1)n; samples, intermediate endpoint data was generated for the
control arm and the active treatment groups such that Xo; ~ N(0, %) and X;; ~ N(0, o). Then,
500 pairwise Z-statistics (91',1) were obtained comparing each active treatment i = 1,..., k to the
control group C (i = 0) based on the intermediate endpoint data from the first cohort of subjects.
The average of the 500 pairwise Z-statistics was acquired for each comparison in order to get S =
argmax HA,-,I and 75| = HAS,I, where S was the “winning” treatment according to the highest average
paiisrl\?/]i(se Z-statistic. If Tg; > ¢; = {0.2,0.4,0.6,0.8, 1.0}, then the trial continued to the second

stage, and the number of times this occurred out of the 500 replications was recorded. For stage
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two, which is comprised of 2(n; + n,) subjects, 500 pairwise Z-statistics comparing the “winning”
treatment to the control were calculated based on the intermediate endpoint data from the second

cohort, and then the average was taken to get weighted sum Ty 5, as defined in Section 2.2.1. The

od;

ody
T T’

number of instances when 75 ; > ¢y and Ts» > ¢, and when ¢ < Tg1 < and c; < Ts5 <
were also obtained. For this study, ¢, = {1.2,1.4,1.6,1.8,2.0}, d; = {0.2,0.4,0.6,0.8, 1.0}, and
dy ={1.2,1.4,1.6,1.8,2.0} were considered. The three aforementioned events that were tracked
were used to calculate the estimated type I error rate via condition (2.3) and the first probability in
condition (2.5) to get the average total expected sample size under the null (8.,¢.,p = 1).

Condition (2.4) was calculated under the alternative (6.,¥., o = 0) as follows, again using
500 replications. The first and second stage calculations using the intermediate endpoint data were
identical to those described above for condition (2.3), but with the intermediate endpoint data for
active treatment i and the control following the distributions X;; ~ N(6;, o?) and Xy ;i ~ N(O, o?),
respectively, and setting § = 1. For condition (2.4), stage two also involved generating definitive
endpoint data for the experimental interventions and the control such that Yy; ~ N(O, 7%) and
Y;; ~ N(r6;,7%), respectively. With this, 500 pairwise Z-statistics (\/; 1) comparing each active
arm to the control group were obtained according to the definitive endpoint data, and then each
set of pairwise Z-statistics was averaged. As was done for the intermediate endpoint data, we set
S = 1 and then defined Ws | = i/s.1. For the third stage, 500 pairwise Z-statistics (/s.2) comparing
the highest preforming treatment to the control were calculated based on the definitive endpoint
data from the same 2n, subjects from the second stage, with the averages obtained afterwards. The
frequencies of Ts1 > c¢1, Ts;1 > ¢y and Ts» > c2, and Ws1 > dj or Wso > dr were recorded to
determine the estimated power via condition (2.4) and the second probability in condition (2.5) to
get the average total expected sample size under the alternative (0., ¥ ., p = 0).

Finally, the sextuplets (n1, n», c1, c2, dy, dz) with an estimated type I error rate (&) in the
interval (0.045,0.05) and an estimated power (1 — /) in the interval (0.800, 0.820) were extracted.

The scenarios chosen for reporting in Table 2.1 yielded an & closest to 5% and a 1 — 3 closest to

80%. If there was no scenario with & = 0.05 and 1— = 0.800 or there were multiple scenarios with
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&=0.05and 1 - B = 0.800, then the scenario with the smallest Navg, which denotes the average of
the total estimated sample sizes under the null (6.,¥., p = 1) and the alternative (0.,¥ ., o = 0),
was reported. There were several scenarios in which & < 0.05 and 1 — 8 > 0.800, but the intervals
above were chosen to be conservative and to match the thresholds typically used in practice. Since
500 replications were used, an exact value of & = 5% could be achieved but reaching an exact value
of 1 — 8 = 80% would have required making the parameter grid infinitesimally small, as condition
(2.4) is a product of probabilities (this was computationally infeasible). Table 2.1 exemplifies that
the proposed procedure without interim sample size re-estimation is able to maintain a type I error
rate of 5% and achieve a targeted power of at least 80% when utilizing a continuous intermediate
endpoint and a continuous definitive endpoint. Future work will need to consider a smaller number
of active interventions (k = 2 and k = 3), different effect sizes (61) and larger variance values
(02 > 2 and 7> > 2) in order to enhance the generalizability of the proposed unmodified procedure
for continuous endpoints.

Table 2.1: Simulation examples for the proposed design procedure without interim sample size
adjustment when using a continuous intermediate endpoint and a continuous definitive endpoint,

where Navg is the average estimated sample size required for the trial under the null and alternative
hypotheses.

k 51 O'2 T2 ni ny Cl c) d1 d2 194 1 —,3 Navg
4 06 1 1 60 100 08 1.2 1 2 0.050 0.800 423
4 06 2 1 20 8 02 1.6 02 1.8 0.050 0.800 212
4 06 1 2 40 120 02 1.6 06 1.2 0.050 0.800 369
4 08 1 1 8 20 06 16 1 1.6 0.050 0.800 426
4 08 2 1 40 8 08 14 06 1.6 0.050 0.801 295
4 08 1 2 60 40 08 1.6 04 1.2 0.050 0.800 350
6 06 1 1 60 20 06 1.6 08 1.2 0.050 0.800 445
6 06 2 1 60 60 08 12 0.8 2 0.050 0.802 493
6 06 1 2 40 120 04 14 0.6 1.2 0.050 0.800 445
6 08 1 1 20 8 08 12 1 12 0.050 0.802 238
6 08 2 1 8 60 06 14 1 2 0.050 0.800 636
6 08 1 2 40 120 08 14 0.6 1.2 0.050 0.800 426
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2.2.4 Conclusion

The proposed design in Figure 1.5 demonstrates promise in appropriately and expeditiously
evaluating drugs and other medical products, and it has many beneficial features. First, it can save
time by merging phase II and phase III studies rather than having to run them separately. It also
identifies interventions that are not working early on to enhance patient safety and does not require
any information about the correlation between the intermediate and definitive endpoints at trial
start, which can be difficult to quantify (e.g., due to a lack of previous studies or adequate data).
Therefore, the design helps to avert incorrect decision-making that could result from an inaccu-
rate specification of the correlation. Our three-stage design (Figure 1.5) is also advantageous over
the general two-stage design (Figure 1.3) in the sense that it gives the therapy under study more
of a chance to demonstrate its efficacy if the stage two intermediate endpoint data is promising
but the stage two primary data is not quite sufficient. This can protect against deeming a treatment
ineffective when in fact it is truly efficacious. The procedure is also optimal in sample size via con-
dition (2.5), which contributes to minimizing recruitment efforts for sponsors and avoids exposing
superfluous subjects to the potential risks associated with participating in the trial.

We have rigorously proven that the size and power of the proposed unmodified procedure can
be bounded, which shields patients from unreasonable harm due to an erroneous claim of efficacy.
Simulations are also provided in Section 2.2.3 for demonstration to explicitly show that the un-
modified procedure can feasibly control the type I error rate while still reaching the desired power.
Although the scenarios reported from our numerical study in Table 2.1 are not comprehensive,
user-friendly R functions have been developed and are expected to be integrated into an R package
for the public, allowing investigators to formulate their own studies that use our design with any

parameter values, including those beyond what we considered for our simulations.
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2.3 Design with Sample Size Modification

The unmodified procedure in Section 2.2.1 can be reformatted to introduce a sample size re-
assessment at the second interim analysis. This section will outline a procedure that modifies the
pre-specified total required sample size based on participant information accumulated during the
trial in progress. Then, as for the unmodified version of the proposed design, we will describe why
the incorporation of this adaptation does not impact the operational characteristics (i.e., the nom-
inal type I error rate and targeted power) of the trial. Lastly, corroborating simulation examples

will be presented.

2.3.1 Procedure

The proposed design (Figure 1.5) allows investigators/sponsors to re-evaluate the sample size
needed to achieve the goals of their study at the end of stage two based on the data collected from
the first cohort of participants. When this adaptation is performed, the procedure in Section 2.2.1
remains the same up until the second interim analysis is completed. If superiority has not yet been
demonstrated, then o2 and 72 can be estimated based on the accrued intermediate and definitive
endpoint data, respectively, which we denote as &% and 72. With these, the trial can be redesigned
using 6> and 72 to obtain an updated cohort two sample size per treatment arm, which we call n;.
If it is found that n; > ny, where nj is the originally planned value, then 2(n§ — ny) additional
subjects can be recruited, randomly assigned to the highest performing treatment from stage one

or the control group, and then followed for their intermediate and definitive endpoint data. Letting

é* _ XS-,Z - XO-,Z
S2= T —
200
n
denote the intermediate treatment effect and
fx YS',2_?O-,2
S22 o
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denote the definitive treatment effect using the updated sample size data, the weighted sums 75 >

and Wy in Section 2.2.1 can be replaced by
Tgy = | ——bs.1 + [ ———0;
§2 7 ny+ny Sl ny+ny 5.2

ni

and
ny

%

Uso

W;,z = Usi+

ny+np m
without compromising the validity (i.e., exceeding the nominal type I error rate) of the procedure.
This will be explained further in the next section and then shown by simulations in Section 2.3.3.
The decision rules for the modified version of the proposed design are similar to the unmodified
version. Now, if T;,z > cp and Ws 1 > d; at stage two, then the trial stops for superiority and Hy |
(2.1) and Hy > (2.2) are rejected. If this is this case, then definitive endpoint data would not need to
be gathered for the newly enrolled subjects. Otherwise, they must be followed for their definitive
endpoint data in stage three. At the final analysis, if W, > da, then Hy (2.2) is rejected and the

trial ends for superiority, while the trial ends without evidence of superiority if W, < d>.

2.3.2 Statistical Justification

The sample size recalibration described in the last section must be statistically verified in order
to ensure that the modified version of the proposed design can be employed reliably in practice
[31, 92, 122]. To do this, observe that under ¥ ., as defined in Section 2.2.2, the distribution of
(S,Ts1, Ts*,z’ Ws 1, W;"’z)T is the same as the unmodified version. Therefore, the unmodified design
can be applied to the modified test without inflating the pre-specified type I error rate. Further, for
any i under ¥ *, as defined in Section 2.2.2, the distribution of (7; 1, Tl.’fz, Wi, W;z)T is stochastically
larger than (7; 1, T2, Wi 1, W,-,z)T and so the modified procedure will actually have a power higher
than the target. Together, these notions establish the validity of the proposed design with interim

sample size reassessment when continuous intermediate and definitive endpoints are used.
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2.3.3 Simulations

Monte Carlo simulations were also conducted to exhibit how implementing the sample size re-
calibration in the proposed design will not jeopardize the integrity of the ongoing trial. These sets
of simulations were executed using a very similar process to those described for the unmodified
procedure in Section 2.2.3. However, again assuming that the cohort one variances of the interme-
diate and definitive endpoint data for the active treatment and control groups were equal, conditions
(2.3) and (2.4) were used to obtain the sample variances &2 and 72. Then, using those estimates,
conditions (2.3) and (2.4) were rerun, looping through ”; ={ny,ny+1,ny+2,...,n +200} in
order to obtain the scenario with the smallest average total expected sample size under the null
(0.,¥.,p = 1) and the alternative (6.,¥., p = 0), which we call N;Vg, such that the estimated
type I error using the updated sample size data (&) was in the interval (0.045,0.05) and the esti-
mated power using the updated sample size data (1 — 8*) was in the interval (0.800,0.820). Our
simulation results are provided in Table 2.2, where each row corresponds to the scenarios reported
in Table 2.1 (i.e., the same k, 01, o2, 12, ny, ny, ¢y, ¢a, di, and dp parameters were used). The
simulations shown in Table 2.2 demonstrate that the proposed three-stage phase II/III transitional

seamless trial design (Figure 1.5) remains valid after recalibrating the total required sample size at

the end of stage two when utilizing continuous intermediate and definitive endpoints.

2.3.4 Conclusion

We have provided statistical justification that our proposed design can appropriately incorporate
a sample size adaptation at the end of stage two, and we have demonstrated this explicitly through
simulations. The positive qualities of our unmodified procedure that were outlined in Section 2.2.4
also hold true for the modified version. But in addition, this sample size reassessment can help to
rescue an ongoing trial if the stage two primary endpoint data is shy of an efficacy claim, without
diminishing the integrity of the study. Therefore, our proposed sample size re-estimation process
can avoid sponsors from having to terminate investigation (possibly prematurely) and reformulate

a completely new trial.
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Table 2.2: Simulation examples for the proposed design procedure with interim sample size adjust-
ment when using a continuous intermediate endpoint and a continuous definitive endpoint, where
&2, 2 and N:Vg are reported as the average under the null and the alternative and a (*) denotes a
value that is calculated using 73, the modified cohort two sample size per group.

k 6 o> 1% n &7 2 m ony 4" 1-° Ni,
4 06 1 1 60 0987 099 100 128 0.050 0.812 453
4 06 2 1 20 1942 0968 80 89 0.050 0.811 223
4 06 1 2 40 0991 1.949 120 130 0.046 0.814 379
4 08 1 1 80 0987 1.005 20 37 0.048 0.808 448
4 08 2 1 40 1974 0997 80 91 0.048 0.815 310
4 08 1 2 60 0982 2.008 40 49 0.048 0.812 360
6 06 1 1 60 098 0994 20 26 0.046 0.804 453
6 06 2 1 60 1990 0982 60 81 0.050 0.806 518
6 06 1 2 40 0980 1.990 120 127 0.046 0.804 449
6 08 1 1 20 0983 0990 80 101 0.048 0811 261
6 08 2 1 80 1961 0985 60 93 0.046 0806 682
6 08 1 2 40 0995 1.990 120 129 0.050 0.802 437
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Chapter 3: Using a Binary Intermediate Endpoint and a Continuous

Definitive Endpoint

In this chapter, the data modeling approach and the proposed design procedures with and with-
out sample size adjustment are provided when using a binary intermediate endpoint and a contin-
uous definitive endpoint, where the central limit theorem and a latent variable (i.e., an unobserved
variable that can be inferred indirectly through other variables that are observed and measurable)
are employed. The modified and unmodified procedures are then justified statistically, followed by
simulations that concur with our arguments. Like in the previous chapter, the data model presented
next is used for both versions of the proposed design and the unmodified version resembles a group

sequential procedure that includes treatment selection.

3.1 Model

For subject j receiving active treatment i = 1, .. ., k, define unobserved latent variable U;;. Fur-
ther, let X;; = I(U;; > 0) ~ Bernoulli(p;) and Y;; represent the binary intermediate endpoint and
the continuous definitive endpoint, respectively, where i = 0 denotes the control group and I(-) is
the indicator function. Similarly to the last chapter (i.e., when employing continuous intermediate

and definitive endpoints), we assume that for fixed cohort

for all 7, j, in addition to the assumptions outlined in Section 2.1. The parameters in the model
above are defined analogously as in Chapter 2, where y; and v; represent the mean of the latent

variable and definitive endpoint data, respectively, for subjects randomly assigned to receive treat-
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ment i, and o-% and 72 are the variance of the latent variable and definitive endpoint data (which are
considered equal across the treatment groups), with p > 0 being the correlation between the latent

variable and definitive endpoint data. With this model, it can be shown that

E(X;;) = E{I(U;; > 0)}
= P(Ul'j > 0)

_p ij /'tl> ,ul)

g g

=P|z; > —&)
=

for all i, j, where Z;; ~ N(0, 1) and @ denotes the standard normal cumulative distribution func-
tion. Notice that E(X;;) does not depend on p; (the equal probability that each subject allocated to
treatment ¢ will experience the intermediate event of interest), which is typically unknown a priori
and thus not pre-specified in practice.

However, if y; and o2 are both unknown, then this would lead to an identifiability issue, since
it would be impossible to obtain the true parameter values based solely on the data. For instance,
for all participants randomly assigned to active treatment i = 1, E(X;;) = ® (0.5) when u; = 1
and 02 = 4 and when up =2 and o2 = 16. Therefore, for this study, we set o2 = 1 to evade this
problem, which is a common tactic in latent variable settings, but note that any other known value
for o? could also be used as long as it is carried through the unmodified and modified procedures
presented in Section 3.2.1 and Section 3.3.1, respectively. For 0% = 1, E(X;;) = ®(y;). Moreover,
since all X;; are independent, asymptotic pairwise (two-sample) Z-statistics can be obtained via
the central limit theorem, which will be used to compose the proposed design procedures with and
without sample size recalculation. Then, Slepian’s lemma will be applied to verify their statistical

validity, with supporting simulations that exemplify their utility.

33



3.2 Design without Sample Size Modification

This section will impart the statistical details of the proposed design procedure without interim
sample size reassessment when utilizing a binary intermediate endpoint and a continuous definitive
endpoint. This is proceeded by proofs of its ability to control the pre-specified type I error rate and
achieve the desired power. Finally, simulations are presented that jibe with our statistical claims

and demonstrate the legitimacy of the proposed unmodified procedure in different scenarios.

3.2.1 Procedure

Suppose a sponsor intends to run a clinical trial that implements the proposed three-stage phase
II/11I transitional seamless design shown in Figure 1.5 (under the assumptions stated in Section 2.1)
to compare k active treatment groups E;, i = 1, ..., k, to a control group C (i = 0), where a binary
intermediate endpoint (defined through a latent variable) and a continuous definitive endpoint will
be utilized to measure the treatment effects. Like in the last chapter, let 6; and ¥; be the treatment
effects comparing active treatment E; to the control C measured via the binary intermediate end-
point and the continuous definitive endpoint, respectively. Thus, with 0 denoting the zero vector,

the hypothesis of interest based on the intermediate endpoint is

Hop:(01,...,0,)T <0 (3.1)

and the hypothesis of ultimate interest is

Hor: (Wi,...,y)t <0 (3.2)

which depends only on the definitive endpoint data. Note that the hypotheses above are identical
to hypotheses (2.1) and (2.2) in the previous chapter. The proposed unmodified design procedure
with 02 = 1, known 72 and unknown correlation p > 0is described next, with a subsequent remark

regarding what must be done if 72 is unknown before trial start.
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At stage one, (k+1)n; subjects are randomized and equally allocated to one of the k experimen-
tal interventions or the control group C, where n; is the sample size per treatment arm for cohort
one. At the first interim analysis, the most promising treatment (if any) is selected according to the

binary intermediate endpoint data from cohort one. Let

Xi..1— Xo1

\/Xi~,l(1_Xi»,l)+XO<,l(1_XO<,1)

ni

01 =

denote the asymptotic pairwise Z-statistics for active treatment E£; compared to the control C, where
X,-.,l and X0~,1 are the average intermediate outcomes based on the cohort one data from treatment
group E; and the control group C, respectively. Then by the central limit theorem, 6, ; 4 N(0, 1)
for large n;. Further, let S = argmax éi,l and Ts 1 = 95,1 , Where S denotes the treatment arm with
1<i<k

the highest performance compar_ec_i to the control group C and Ts; is the corresponding observed
effect. If Ts 1 < ¢ for some ¢; > 0, then Hy; (3.1) is accepted and the trial is stopped. However,
if Ts1 > c1, then treatment Eg moves forward as the most promising intervention, advancing to
the next stage for further assessment. Subjects receiving treatments other than Eg or the control C
in stage one will not be followed for their definitive endpoint data in the second stage; treatment
evaluation on these subjects will be terminated, but they will be given standard of care and continue
to be monitored for safety signals.

At the second stage, 2n, new subjects are recruited, enrolled and equally randomized to receive
either the highest performing treatment from the first stage (Eg) or the control C, where n; is the
cohort two sample size per arm. The second interim analysis begins after the intermediate endpoint
data is collected from the 2n, cohort two participants and the definitive endpoint data is obtained

from the 2n; cohort one participants who were randomly assigned to treatment Eg or the control.

Let
Ys.1 —Yo.1

22
ni

be the pairwise Z-statistic at the second stage according to the definitive endpoint data, where Y. |

Ws1=ts1 = N(0, 1)
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and Yy, are the average definitive outcomes among all cohort one participants in active treatment

group Eg and the control group C, respectively. Next, let

~ XSA’z - X()A’z

Os2 = — = = =
\/Xs-,2 (1-Xs.2)+Xo.2(1-Xo. 2)
np

be the asymptotic pairwise Z-statistic based on the cohort two intermediate endpoint data, where
Xs.» and Xo.» are the average outcomes among all cohort two subjects receiving active treatment
Eg and the control C, respectively. Then 5, 4, N(O, 1) for large n; by the central limit theorem.
Next, define the sum of the cohort one and cohort two treatment effects of Eg versus the control
C, estimated using the accumulated intermediate endpoint data and weighted by the information
fractions, as

ni A ny A
0 Os2

>

Ts, =
ny+np

ny+ny
If Ts» < c¢o for some ¢ > 0, then Hy 1 (3.1) 1s accepted and the trial is stopped for futility. But, if
Ts> > cp and Wg 1 > d; for some d; > 0, then both Hy; (3.1) and Hy (3.2) are rejected and the
trial is stopped for superiority. Otherwise, if 75> > ¢ and Ws; < dj, then the trial moves on to
stage three in order to gather and assess more definitive endpoint data.

At the third and last stage, no more participants are added to the study. The final analysis can
be performed after all of the definitive endpoint data is collected from the second cohort. Like what
was done with the treatment effects based on the intermediate endpoint data in the previous stage,

define the sum of the cohort one and cohort two effects comparing treatment E to the control C,

estimated using the definitive endpoint data and weighted by the information fractions, as
nj ~ ny A
Wsa = Ysa+ ¥spo
ny+ny ny+np

~ _ Ys.’z - Yo.,z

Yso =
272
np

where

~N(0, 1)
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is the pairwise Z-statistic using the cohort two definitive endpoint data, with Ys. » and ¥;. » denoting
the average definitive outcomes among the cohort two subjects in treatment arm Eg and the control
arm C, respectively. If Wg» > d, for some dp > 0, then Hy > (3.2) is rejected and intervention Eg
is considered superior to the control C. Otherwise, intervention Eg did not outperform the control
and Ho» (3.2) is accepted.

In parallel to the unmodified procedure presented in Section 2.2.1 for when a continuous inter-
mediate endpoint and a continuous definitive endpoint are used, Hp; (3.1) serves as a gatekeeper;
testing Ho 1 (3.1) using the binary intermediate endpoint data precedes testing Hy > (3.2) using the
continuous definitive data endpoint data. And again, the critical value and sample size parameters
c1, ¢2, dy, dy, n1, and ny must be obtained via simulations; this cannot be completed analytically.
However, this process can be proven to not inflate the nominal type I error rate and still reach the
targeted power, which will be explained in the next section. Some simulation results that support
our statistical findings will be provided in Section 3.2.3. Similarly to the unmodified procedure
proposed in the previous chapter, if the variance of the definitive endpoint data (72) is unknown a
priori and there are no means to estimate it, then hypotheses (3.1) and (3.2) must be restructured
to test for relative treatment effects rather than absolute treatment effects, since a value for 72 is
essential in ascertaining the required parameters mentioned above. The unmodified procedure de-
tailed here also allows for the sample size to be adapted at interim according to the intermediate
and definitive endpoint data from the first cohort without impacting the operational characteristics

of the study, which will be discussed in Section 3.3.

3.2.2 Statistical Justification

To verify the unmodified procedure proposed in the last section for when a binary intermediate
endpoint and a continuous definitive endpoint are employed, we obtain the sample size and critical
value parameters (cy, ¢z, di, do, ny, ny) under three conditions, which will be derived next when
o? =1, 7% is known and correlation p > 0 is unknown. First, since every X;; and Y;; is independent

and identically distributed (iid) for fixed treatment group i, subject j and cohort, we know that
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because (U;;,Y; j)T follows the bivariate normal distribution stated in Section 3.1, U;; ~ N(u;, 1)
and Y,‘le,‘j ~ N(V,‘ +pT(U,'j - ,u,‘), 1 - pz). Thus, U,'j = u; + Z,'j, where Zij ~ N(O, 1). With this,

the law of iterated expectations [123] and the fundamental theorem of calculus [124], we can write

Cov(Xi;,Yy) = E(X;;Yy) - B(Xi)E(Y;)
= E{I(Uij > 0)Y;;} — ®(ui)vi
= E{I(Uij > OE(Y;;1Uij)} — ®(pi)vi
= E{I(Uij > 0)(vi + pt(Uij — i)} — @(pi)vi
= E(wl(U;; > 0)} + E{p7U;;1(U;; > 0)} — E{ptu;I(U;; > 0)} — ®(u;)v;
= viB{I(U;; > 0)} + ptE{U;;1(U;; > 0)} — pt E{I(U;; > 0)} — ®(u;)v;
= viE(Xij) + ptB{(1;i + Zip))W(pi + Zij > 0)} — ptiE(Xij) — (i) vi

= vi®(w) + pt[B{uil(Zij > —pi) } + BE{Z;;1(Z;j > —pi) }] — pTpi @ (i) — P (i) vi

(o]

Z _2
= p'r,u,-E{I(Z,-J- > —/1,')} +pT/ 76 ¢ /de - PT,Ui‘D(,Ui)
—Hi T

pT o
= ptuP(Zi; < i) + \/?e T2 — prp® ()
P

pT
= ptu®(u;) + \/?e Hil2 — prp®(u;)
T

PT e—,u%/Z

V2r

which is a strictly increasing function of p. Therefore, by the central limit theorem,

V. _ . 31— V) LT ,-ui)2
\/IT,' Xz~_ (D(:ul) i) N2 0 , q)(lul)(l ?(ﬂl)) \/ﬂe
Yi =i 0 %e‘“i /2 72

where X;. and Y;. are the average intermediate and definitive outcomes, respectively, among the in-
dividuals receiving treatment i. Therefore, the joint distribution of (X;.,¥;.)T can be approximately
treated as bivariate normal, similar to the model described in Section 2.1, and so the corresponding

justification in Section 2.2.2 can be applied approximately here.
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For proving that the unmodified procedure can maintain the pre-specified type 1 error rate, we
again use the fact that the probability of erroneously rejecting Hy 1 (3.1) and Hy> (3.2), which is
also known as the size of the procedure, is maximal when ) =--- =60y =0and ¢y =--- =y, =0

[119]. Specifically, letting these vectors be represented by 6, and ¥ ., respectively,

Size = Pg, y. ) (reject Hy 1 and Hy )
= kP(O*,l//*,p)({S =130 {Ti1>ci}nN{Tip>c}n({Wig > di} u{W, > dz}))
< kP(B*,I//*,pSI)({S =13n{Ti1>ci}n{Tip >} N ({Wig > di} u{W, > dz}))

= kP(B*,l//*,p=l)({S =13n{T,1>ci}n{Tiz>cbn({Wi1 >di}U{Wn> dz}))-

The first, second and third lines are similar to the proof in Section 2.2.2 when using a continuous
intermediate endpoint and a continuous definitive endpoint. However, an asymptotic inequality
(=) follows from applying Slepian’s lemma asymptotically, assuming the limiting distribution de-
scribed above, where equality holds when the correlation p is maximal (i.e., when p = 1), which
yields the last equality. For simplicity, S = 1 was selected as the most promising treatment for the
proof. Since the distribution of P(S = i) is equivalent for every treatment under the null (6., ¥ ., p),
any of the treatments could have be used with the same steps. Thus, an asymptotic upper bound

for the size of the unmodified procedure has been identified, yielding our first design constraint:

P(G*,lll*,p=1)({TS,1 >c1} N {Ts2 > o}y N ({Ws,1 > di} U{Wso > dz})) =a. (3.3)

Contrary to condition (2.3) derived in the previous chapter, condition (3.3) relies on both the inter-
mediate and definitive endpoint data.

For establishing a condition to ensure that the power of the unmodified version of the proposed
design will be no smaller than the desired 1 — S8 under the alternative, we define vectors ™ and y*
as in Section 2.2.2, which represent the least favorable configuration for any fixed treatment E; and

achieve the minimum power among all other possibilities [119, 121]. With this, we can express
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the power of the proposed unmodified procedure as

Power = P (g y+ ) (reject Ho; and Hy )

k
=Y Py ((S= 110 {T0 > 1} 0 {Tia > 2} 0 (Wi > di} U (Wi > o))
=1

\'%

-
ZPH*({S =i} N{T;; >ci1}n{T2 > Cz}) 'P://*({Wi,l >di}U{W;2 > dz})
i=1

> Pe*({S =13n{Ti1>ciyn{Tip > Cz}) 'Pw*({Wl,l >di} U{Wio > dz})-

The steps above are identical to those shown in Section 2.2.2 when using a continuous intermediate
endpoint and a continuous definitive endpoint, except that the first inequality is now replaced by
an asymptotic inequality (>). Therefore, we have identified a lower bound for the power to obtain

the constraint
Po: (Ts,1 > c1,Tso > Cz) 'P«p*({Ws,l >di}yU{Wsp > dz}) =1-p. (3.4)

Note that condition (3.4) is the same as condition (2.4), the power constraint obtained in the last

chapter. Again, to minimize the total expected sample size of the trial, which is
E(N) = (k + 1)1’11 +2n2P (TS,I > C1)

where the total number of participants is denoted by N, the design parameters (¢, ¢2, d1, d2, n1,n)

are chosen as in Section 2.2.2 such that
1 1 * *
EE(NW*,!/’*) + EE(NW W) = (k+1)ny +na{Pe,(Ts,1 > c1)+ Pe:(Ts,1 > 1)} (3.5)

1s minimized [121].
The three conditions presented here assure that the proposed unmodified procedure will have

robust operational characteristics and an optimal/minimal sample size. Like in the previous chap-
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ter, the size and power proofs above avoid having to deal with the unknown correlation p or derive
the complicated joint distribution of (S, 751, Ts2, Ws 1, WS72)T. These proofs were also completed
under the assumption that 72 is known, in which case the required parameter values can be obtained
to employ the design reliably. Hypotheses (3.1) and (3.2) must be reoriented to evaluate treatment
effects relative to a particular level of variability in the definitive endpoint data if 72 is unknown

before trial commencement.

3.2.3 Simulations

To exemplify the capability of the unmodified version of the proposed design when utilizing a
binary intermediate endpoint and a continuous definitive endpoint, Monte Carlo simulations were
conducted that followed the procedure outlined in Section 3.2.1. Here, k = {4, 6} active treatment
groups were considered, with each of the k + 1 treatment groups having cohort one and cohort two
sample sizes of n; = {20, 40, ..., 180,200} and n, = {20, 40, ..., 180,200} per arm, respectively.
Trial data for (k+1)(n+n;) subjects was generated 500 times for conditions (3.3), (3.4) and (3.5),
which do not rely on the unknown correlation p, where 0> = 1 and 72 = {1,2}. The following
holds for fixed cohort. For participant j randomly assigned to the control group (i = 0) or active

treatmenti =1,...,k,

2
Xoj N, D (po) , D(uo)(1 = @(no)) =e Hol2

Yoj Yo \/%e_“g/z 72
and
—12/2
Xij | N, D (i) O(ur) (1= @) F=e il
Y Vi v%e—#?/z 72

under the null (8.,¥.,p = 1). For the purposes of this study, we set y; = 0 and v; = 0 for all

i, which in turn makes 6; = ®(u;) — ®(uo) = 0 and y¥; = v; — vp = 0 for all i. Then under the
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alternative (6*,¢*, p = 0),

Xoj N D (uo) D(uo)(1 —D@(p0)) O

~ Ny ,
Yo, Vo 0 72
and
Xij D () O(pi)(1-®(y)) 0O
~ Nz ,
Yij Vi 0 T2
where we considered r = 0.5, yp = 0, 6, = 0.4 = 65,0, = --- = 6, = {0.1,0.2,0.3} = 4y,
vo=0,v, =r®(u;) fori =1,...,k, 1 =045, and ¥, = --- = ¢ = {0.3,0.35,0.4}. Note that

for condition (3.3), the intermediate and definitive endpoint data must be generated jointly, while
Xij ~ N(®(u;), (i) (1 — D(y;))) and Y;; ~ N(v;, 72) for all i for condition (3.4). As in the last
chapter, the average total expected sample size of the study is obtained via condition (3.5), which is
a function of only the intermediate endpoint data under the null (6.,¥ ., o = 1) and the alternative
(6".¢", p=0).

To begin the simulation process, condition (3.3) was calculated under the null (8.,¢.,p = 1)
and replicated 500 times. For the first stage of the study, comprised of (k + 1)n; individuals, in-
termediate endpoint data was generated for the active treatment and control groups as described
above. Afterwards, 500 asymptotic pairwise Z-statistics (OA,-,I) were obtained comparing each ac-
tive arm i = 1,..., k to the control group (i = 0) based on the intermediate endpoint data from
the first cohort of trial participants. Then the average of the 500 asymptotic pairwise Z-statistics
was acquired for each comparison to get S = argmax HA,-’l and T = GAS, 1, where S denotes the
highest performing treatment according to the lzirS;;(t average Z-statistic and 75 is the respec-
tive value. If 751 > ¢; = {0.2,0.4,0.6,0.8, 1.0}, then the trial advanced to the next stage and
the frequency that this occurred out of the 500 replications was obtained. In the second stage of

the study, which contains 2(n; + n;) participants, 500 asymptotic pairwise Z-statistics comparing

the most promising treatment from stage one to the control were calculated based on the inter-
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mediate endpoint data from the second cohort of participants, and then the average was taken to
get weighted sum Ty, as defined in Section 3.2.1. The number of occurrences of 75 > ¢; and
Tso > cp were collected. For this study, ¢, = {1.2,1.4,1.6,1.8,2.0}, d; = {0.2,0.4,0.6,0.8, 1.0},
and dy = {1.2,1.4,1.6,1.8,2.0} were considered. Each of the events mentioned in this paragraph
had to be tracked throughout the 500 replications in order to calculate the estimated type I error
rate using condition (3.3) and the average total expected sample size under the null (0.,¢.,p = 1)
via condition (3.5).

Then, condition (3.4) was calculated under the alternative (8*,¢*, p = 0) and was also repli-
cated 500 times. The calculations for the first two stages of the trial using the intermediate endpoint
data were the same as those detailed above for condition (3.3); however, we chose S = 1 and the
data for the control and active arms followed the distributions Xo; ~ N(®(u0), ® (o) (1 =P (u0)))
and X;; ~ N(®(u;), @(u;) (1 -DP(u;))), respectively. Stage two also involved generating definitive
endpoint data for the control and experimental groups, where Yy; ~ N(vo, 72) and Y;; ~ N(v;, 7'2),
for condition (3.4). With this, 500 pairwise Z-statistics (¢; 1) comparing each active therapy to the
control arm were calculated based on the definitive endpoint data from the first cohort of partic-
ipants, and then each set of Z-statistics was averaged. Similarly to what was completed with the
intermediate endpoint data in stage one, Ws | = /s,; was acquired using the definitive endpoint
data. Finally, for the last stage of the trial, 500 pairwise Z-statistics (Ws» = /s2) comparing
the highest preforming treatment from stage one and the control were obtained according to the
definitive endpoint data from the 2n, cohort one participants in the second stage, with the average
calculated subsequently. The number of occurrences of Ts; > ¢y, Is;; > ¢1 and Tgo > c3, and
Ws1 < dy and W, < d, were recorded for determining the estimated power of the procedure
via condition (2.4) and the average total expected sample size under the alternative (8*,¢¥*, p = 0)
using condition (3.5).

For tabulating the simulation results, the scenarios in which the estimated type I error rate (&)
was in the interval (0.045,0.05) and the estimated power (1 — 8) was in the interval (0.800, 0.820)

were extracted. The scenarios reported in Table 3.1 produced an & closest to 5%, a 1 — /3 closest to
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80% and the smallest Navg, which represents the average of the total estimated sample sizes under
the null (8., ¥ ., p = 1) and the alternative (8*,¢*, o = 0). In this numerical study, many scenarios
yielded better estimated type I error and power values (i.e., @ < 0.045 and 1 — 8 > 0.820), but the
intervals above were utilized to reflect the common targets of @ = 0.05 and 1—- = 0.80 in practice.
Again, due to the parameter grid that was considered, an exact value of 1 — 8 = 80% could not be
achieved. Shrinking the parameter gradations would have made the simulation process extremely
computationally intense. Altogether, Table 3.1 demonstrates that the proposed unmodified design
can preserve a nominal type I error rate of 5% and reach a target power of 80% when employing a
binary intermediate endpoint and a continuous definitive endpoint. Assessing the robustness of our
proposed unmodified procedure for different values of k, §; and 72 will help to solidify its validity
and increase confidence in its utility.

Table 3.1: Simulation examples for the proposed design procedure without interim sample size
adjustment when using a binary intermediate endpoint and a continuous definitive endpoint, where

A

Nayg is the average estimated sample size required for the trial under the null and alternative hy-
potheses.

k (51 T2 ni ny Cl (6] dl dz & 1- ﬁ Navg
4 01 1 20 20 02 14 08 1.6 0.046 0.813 129
4 01 2 60 40 02 14 1 2 0.046 0.806 356
4 02 1 20 40 04 14 08 2 0.048 0.815 155
4 02 2 40 8 08 12 1 1.8 0.046 0.802 298
4 03 1 20 20 04 14 08 1.6 0.046 0.811 127
4 03 2 40 60 06 12 1 1.6 0.046 0.812 276
6 01 1 20 40 08 1.2 1 1.8 0.046 0.813 189
6 01 2 60 20 02 16 1 2 0.046 0.814 448
6 02 1 20 20 04 14 06 1.8 0.050 0.803 166
6 02 2 40 40 06 14 08 1.8 0.050 0.808 332
6 03 1 20 40 06 12 1 1.8 0.048 0.818 192
6 03 2 40 20 10 1.2 08 14 0.050 0.802 303
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3.2.4 Conclusion

In Chapter 2, we focused on when the intermediate and definitive endpoints are on a continuous
scale. However, different types of endpoints cater to different needs and disease areas, and selection
can depend on many intrinsic and extrinsic factors, like financial resources and the availability of
certain devices or tools. There are various clinical settings in which a binary intermediate endpoint
is commonly employed, such as oncology. Although binary endpoints are less informative than
continuous endpoints, we were still able to prove that the unmodified procedure proposed in Sec-
tion 3.2.1 is asymptotically valid in terms of its ability to preserve the nominal type I error rate and
achieve the desired power with a minimal sample size. Again, simulation examples were reported
for demonstration purposes and do not represent every possible scenario that could be encountered
in practice, but R functions similar to those that were created for the continuous-continuous data
scenario in Chapter 2 have also been built for the binary-continuous data scenario addressed in this
chapter. When utilizing a binary intermediate endpoint and a continuous definitive endpoint, the
benefits of our design outlined in Section 2.2.4 remain the same but in an asymptotic sense due to

our application of the central limit theorem.

3.3 Design with Sample Size Modification

The unmodified version of our proposed design procedure presented in Section 3.2.1, when
using a binary intermediate endpoint and a continuous definitive endpoint, can be reconstructed to
introduce a sample size recalibration at the end of stage two without weakening the persuasiveness
of the trial. This section starts by describing what alterations are made for the modified procedure
and then illustrates how these changes do not influence the integrity (i.e., inflate the pre-specified

type I error rate) of the study via statistical rigor and simulations.
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3.3.1 Procedure

As in the previous chapter, our proposed design (Figure 1.5) permits the total required sample
size of the trial to be reassessed during the second interim analysis based on the definitive endpoint
data accumulated from the first cohort of subjects. For the modified version of the proposed design,
a few important steps are added to the unmodified procedure furnished in Section 3.2.1. In partic-
ular, if the product has not been shown to outperform the control based on the definitive endpoint
data at the end of stage two, then 72 can be estimated according to the accrued cohort one data and
signified by 2. Equipped with this estimate, the trial can be rerun to obtain an adjusted cohort
two sample size per arm (referred to as n3) that is required to accomplish the objectives of the trial
in progress. In the event that n} is larger than the original ny, then 2(n5 — n2) new participants
can be enrolled and randomly allocated to the most promising active therapy from stage one or the
control to gather their intermediate and definitive endpoint data. The proposed modified procedure
for o2 = 1, known 72 and unknown correlation p > 0 is as follows.

Again, when sample size modification is introduced into the procedure, the trial process stays

the same until the second interim analysis is conducted. Now, let

Xs.0 — Xo.2

§2 ™ - - - -
\/XS<,2(1—XS-,2)+XO»,2(l—XO»,Z)

and

be the updated intermediate and definitive treatment effects comparing the most promising treat-
ment from stage one (Ey) to the control group C, respectively. Then, the weighted sums 75, and

Ws 2 defined in Section 3.2.1 can be exchanged with
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and
ni A ny

Usi+

n+ny niy+n

W§,2 = U 32
without impacting the nominal type I error rate of the procedure. Of course, the desired power can
also still be achieved after recalculating the sample size. The statistical rationale for these points
will be discussed in Section 3.3.2 and then demonstrated via simulations in Section 3.3.3.

After recalibrating the sample size during the second interim analysis, the decision rules stated
in Section 3.2.1 change slightly. Namely, if Ts*,z > ¢y and Wg 1 > dp, then Hy; (3.1) and Hp» (3.2)
are rejected and the trial ends with superiority of active treatment Eg compared to the control. If
this occurs, the newly recruited participants would no longer need to be followed for their definitive
endpoint data. Otherwise, the study proceeds and they must be followed up with in the third stage.
At the final analysis, if Ws*,z > d», then Hyp» (3.2) is rejected and the trial ends with superiority of
treatment Eg over the control C. However, if W;,z < d», then the definitive endpoint data does not

support treatment Eg over the control and Hy (3.2) cannot be rejected.

3.3.2 Statistical Justification

It is imperative to ensure that adapting the sample size at interim (using the variance of the
cohort one definitive endpoint data) will not compromise the results of the trial. First, since the dis-

tributions of (S, 7s,1, Ts2, Ws,1, Ws2) " and (S, 75,1, Ty, Ws,1, W ,) T are asymptotically equivalent

.2’
under the null (0.,¥., p = 1), the pre-specified type I error rate will not be surpassed. Further-
more, since (7,1, T}, Wit Wl.’fz)T is asymptotically stochastically larger than (7,1, T2, Wi, W;2)T
for any 7 under the alternative (8*,¢*, p = 0), the updated sample size will yield a power that
is in fact greater than the targeted power. Therefore, our modified procedure proposed in Section

3.3.1 is statistically valid via asymptotic reasoning when using a binary intermediate endpoint and

a continuous definitive endpoint.
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3.3.3 Simulations

Monte Carlo simulations were conducted in order to explicitly show that the operational char-
acteristics of an underway study will not be affected after incorporating the proposed sample size
reassessment procedure into our design. These simulations were conducted in a manner similar to
those run for the unmodified procedure, but included the additional steps outlined in Section 3.3.1.
Specifically, this involved applying conditions (3.3) and (3.4) to calculate 2 and then running con-
ditions (3.3) and (3.4) again for ”; ={ny,ny+1,ny+2,...,ny+200}. This allowed us to identify
the scenario that had the lowest average expected sample size under the null (6..,¥ ., o = 1) and the
alternative (6%,y*, p = 0), where &* € (0.045,0.05) and 1 — 3* € (0.800, 0.820). These results
are provided in Table 3.2. As in the last chapter, each scenario in Table 3.2 matches the unmodified
scenario in Table 3.1; in other words, for simplicity, the set of parameters (k, 0, 72, 1y, ny, ¢y, 2,
di, d») associated with the scenarios reported in Table 3.1 were used for the scenarios reported in
Table 3.2, which indeed indicate that the modified procedure is able to control the type I error rate
and reach the desired power.

Table 3.2: Simulation examples for the proposed design procedure with interim sample size ad-

justment when using a binary intermediate endpoint and a continuous definitive endpoint, where

#2 and N;Vg are reported as the average under the null and the alternative and a (*) denotes a value

that is calculated using 73, the modified cohort two sample size per group.

k 61t m 2 m o & 1-B N,
4 0.1 1 20 1011 20 26 0.048 0816 137
4 01 2 60 1998 40 52 0.048 0.809 371
4 02 1 20 0982 40 50 0.050 0.816 168
4 02 2 40 2005 80 85 0.050 0.807 307
4 03 1 20 1002 20 33 0050 0.813 147
4 03 2 40 198 60 76 0.046 0.816 305
6 0.1 1 20 1.022 40 47 0.048 0816 202
6 01 2 60 1993 20 29 0.050 0.818 458
6 02 1 20 0994 20 31 0.048 0.805 180
6 02 2 40 1988 40 44 0.050 0810 338
6 03 1 20 1016 40 46 0.050 0.820 203
6 03 2 40 2007 20 24 0.046 0808 310
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3.3.4 Conclusion

The remarks stated in Section 2.3.4 for the modified version of the proposed design procedure
in the continuous-continuous data scenario carry over to the binary-continuous data scenario here,
but asymptotically. Our statistical arguments for the binary-continuous scenario demonstrate that a
sample size recalibration can be appropriately conducted at interim, and we have also exemplified
this through simulations. Again, this data-driven sample size adaptation can help to prevent a trial
from being incorrectly stopped, which would in turn keep an intervention that is actually effective

out of the hands of populations that are in urgent need of care.
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Chapter 4: Using a Binary Intermediate Endpoint and a Time-to-Event

Definitive Endpoint without Censoring

This chapter begins with a presentation of our data modeling approach when a binary interme-
diate endpoint and a time-to-event definitive endpoint are used in the absence of censored observa-
tions, which utilizes the central limit theorem, latent variables, and the copula technique [114, 115].
Next, the proposed design procedure (without interim sample size re-estimation) is explained, fol-
lowed by justification of its validity (i.e., its preservation of the nominal type I error rate and ability
to attain the targeted power) and simulations that underscore its utility and reinforce our statistical
claims. Like in the previous two chapters, the procedure described in Section 4.2 can be perceived

as a general group sequential process that implements treatment selection.

4.1 Model

Consider a clinical trial that will use the proposed three-stage phase II/III transitional seamless
design (Figure 1.5) to compare k active treatments to a single control. For each subject j randomly
assigned to treatment group i = 0, ..., k, where i = O represents the control arm and each group is
the same size, let X;; denote the binary intermediate endpoint and ¥;; denote the time since the ob-
servation of X;; to the event of interest (i.e., the time-to-event definitive endpoint) for fixed cohort.
Furthermore, we assume that marginally X;; i Bernoulli(p;), where p; is the equal probability of
each subject in treatment group i experiencing the intermediate event of interest. We also assume
that marginally Y;; i Exponential (¢;) = éexp {—%’}, where &; is the mean of the time-to-event
definitive endpoint data among all subjects receiving treatment i.

To introduce a correlation between the intermediate and definitive endpoint data, we apply the

copula idea, which enables us to decompose the joint distribution of (X;;,Y; j)T into the marginal
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distributions of X;; and Y;; and a function that merges them together (i.e., the copula) in order to
separately specify their dependency structure. Suppose there are unobserved latent random vectors

(Uij, Vl'j)T such that

for all i, j. Here, p > 0 denotes the unknown correlation between latent variables U;; and V;;,
X;; = l(U;; > —@ ' (p)))

and

Yij = =&ilog(1 — ®(V;5))

where I(-) is the indicator function and @ is the standard normal cumulative distribution function
with inverse ®~!. Defining X; ;7 and ¥;; in this manner (i.e., using the probability integral transform
[125]) ensures that their marginal distributions are indeed as stated in the last paragraph, and we
again proceed under the set of assumptions outlined in Section 2.1.

Since X;; d Bernoulli(p;) and Y;; i Exponential(¢&;), E(X;;) = pi, E(Y;j) = &, Var(X;;) =

pi(1 = p;), and Var(Y;;) = §l.2. Therefore, by the central limit theorem,

where

_ pi(l=pi)  yypi(1 = pi)é
yvpi(l = pi)é; &

The average of the intermediate and definitive outcomes among subjects randomized to treatment i

i

are represented by X;. and Y;., respectively, and y is the unknown correlation between the endpoints.
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Although vy is unknown, it can be shown that

Cov(X;;,Yij)
’)/ =
v/ Var(X;;) Var(Y;;)
_E(XyY) - pii

B Epi(l = pi)

is an increasing function of p. Because (U;;, V; j)T follows the bivariate normal distribution speci-
fied above, V;; ~ N(0, 1) and U;;|V;; ~ N(pV;;, 1 — p*). Applying these facts in conjunction with

the law of iterated expectations [123], we can write

{ = E(X;;Yyj) = E{-1(U;; > -®(p;))& log(1 — D(V;)))}
=E{-&log(1 - ®(V;;)))E{L(U;; > -® ' (p:)IVi;}}
=B {-¢log(1 - ®(V;))P(U;; > - (p)Vij) }
Uij — pVij . - !(p;) - pVi
V1-p2 V1-p2
O~ (p;) + pVy; }

V1 -p?

which is demonstrated to be a strictly increasing function of the correlation p via simulations in

—E {—g,- log(1 — ®(V;;))P

)

=E {—fi log(1 - ®(Vij))®

Figure A.1.
Next, letting 6; = p; — po and ¥; = & — & represent the treatment effects comparing active
intervention i to the control according to the intermediate and definitive endpoint data, respectively,

we can again use the central limit theorem to obtain

(% - Xo) — 6,
n; _l ) l i) N , X + 2o
(Y. = Yo.) — ¢ 0

where Xy. and Y. are the average intermediate and definitive outcomes, respectively, among sub-
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jects in the control group and

_ po(1=po)  vvpo(l = po)éo
yVPpo(l = po)éo &

20

Utilizing this data model, we will construct asymptotic pairwise (two-sample) Z-statistics in our
proposed procedure, which is outlined in the next section. Similarly to the previous chapter when
employing a binary intermediate endpoint and a continuous definitive endpoint, Slepian’s lemma
can be applied asymptotically to statistically validate our procedure, showing that it does not com-
promise the nominal type I error rate and is able to reach a targeted level of power, and thus can be
employed soundly in practice. This is proceeded by simulations in Section 4.4 that coincide with

our statistical justifications and demonstrate that the design functions well in several settings.

4.2 Procedure

Suppose 8 = (01,...,0:) T andy = (Y1, ..., yx)T are the vectors of treatment effects compar-
ing active treatmenti = 1,. .., k to the control arm (i = 0) based on the intermediate and definitive
endpoint data, respectively, where 6; = p; — po and y; = &; — & for all i. We are interested in testing
the hypotheses

Hp;1:0<0 4.1

and

H()’z Y < 0 4.2)

where 0 is the zero vector. Recall that these hypotheses are the same as those that were considered
in the last two chapters. The proposed procedure when a binary intermediate endpoint and a time-
to-event definitive endpoint are employed, without conducting an interim sample size recalibration,
is described below in the absence of censoring.

Starting at the first stage, (k + 1)n; subjects are equally and randomly allocated to receive one

of the k active therapies or the control, where n; denotes the sample size per group for cohort one.
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Define asymptotic pairwise Z-statistics

. X1 - Xo1
0i1 = — S -
\/Xi~,1(I_Xi»,1)+XO<,1(1_XO<,1)

ny

comparing each active intervention i to the control, where X,:,l and Xo.,l are the average interme-
diate outcomes according to the data from the stage one subjects in active treatment arm i and the
control group, respectively. Therefore, for large ny, 6; S N(0, 1) by the central limit theorem.
These asymptotic pairwise Z-statistics, calculated at the first interim analysis, are used to select the
most promising treatment to examine further, if one exists, based on the binary intermediate end-
point data. Then, S = argme;{x HAZ-, 1 is defined as the highest performing treatment at the end of the
1<i<

first stage, where Tg1 = 55,_1 is the corresponding effect. With the data accrued during stage one,
a go/no-go decision can be made as follows. The trial is stopped early and Hp (4.1) is accepted
if Ts; < ¢y for some ¢; > 0. However, Hy 1 (4.1) is rejected and the trial proceeds to the second
stage if Ts 1 > c1, in which case the most promising therapy continues to be evaluated compared to
the control and all other arms are eliminated. Thus, only subjects randomly allocated to the high-
est performing intervention or the control will be followed for their definitive endpoint measures.
All subjects from the removed treatment groups will continue necessary safety monitoring and be
given the standard of care therapy.

For stage two, 2n, additional subjects will enter the trial and be randomized with 1:1 allocation
to receive either the most promising treatment chosen in the previous stage or the control, where
n; denotes the sample size in each group for cohort two. After gathering the binary intermediate
endpoint data from subjects in the first and second cohorts and the definitive endpoint data from
subjects in the first cohort, the second interim analysis can be run. Define the asymptotic pairwise

Z-statistic
Xs.0— Xo.2

\/Xs-,2 (1-Xs.2)+X0.2(1-Xo.2)
np

Oso =

based on the cohort two intermediate endpoint data, where )_(5.32 and X().’Q are the average inter-

54



mediate outcomes among the subjects in cohort two receiving the most promising treatment from

stage one and the control, respectively. Also, let

A Ys. 1= Y(). 1

Wsi=ys1 = —
V2 V2

Yo Yy

ni

be the asymptotic pairwise Z-statistic according to the cohort two definitive endpoint data, where
Ys.1 and Yy. | denote the average definitive outcomes among the subjects in cohort one receiving
the highest performing treatment from the first stage and the control, respectively. Like in the prior

stage, O 4 N(0,1) and ¥ 4 N(O, 1) by the central limit theorem. Finally, define

ni A ny A
Os1 + 052
ny+np ny+np

Tsy =

as the weighted sum of the cohort one and cohort two intermediate treatment effects comparing the
most promising therapy to the control. We employ 75, and Wy ; to make the following go/no-go
decision. The trial is stopped for futility and Hp (4.1) is accepted if Ts» < c; for some ¢ > 0.
The trial is stopped for superiority and Hp (4.1) and Hp, (4.2) are rejected when Tso > ¢ and
Ws.1 > d; for some d; > 0. The trial advances to the final stage if the intermediate endpoint data
from the first and second cohorts is promising but the definitive endpoint data from the first cohort
is not yet compelling (i.e., Ts» > ¢ but W ; < dy).

Lastly, at stage three, new subjects do not join the trial. After the cohort two subjects complete
their definitive endpoints, the final analysis can be conducted. Define the asymptotic pairwise Z-
statistic

Js = Ys.0 Yo
V: 477

52 70,2
ny

comparing the top performing intervention to the control according to the definitive endpoint data
from the second cohort of subjects, where YS.J and Yo.,z denote the average of the definitive out-

comes from the cohort two subjects receiving the most promising treatment and the control, re-
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spectively. By the central limit theorem, /s, < N(O, 1). Similarly to the last stage, let

ni np

Wso = Us1+ Vs
ny+ny ny+np

be the weighted sum of the cohort one and cohort two definitive treatment effects. The experi-
mental therapy being studied is considered superior to the control when Hy ;> (4.2) is rejected (i.e.,
when Ws, > d, for some dy > 0) and is not considered superior to the control when Hy» (4.2) is
accepted (i.e., when Wso < d»).

As in the other data scenarios that have been discussed in the previous two chapters, Hy; (4.1),
which is based solely on the intermediate endpoint data, can be seen as a gatekeeper for testing
Hy > (4.2), which depends solely on the definitive endpoint data. Also, simulations are still required
to determine the design parameters (c1, 3, d1, d2, ny, ny), since there are no explicit equations to
calculate them directly, but obtaining the parameters in this way will not inflate the pre-specified
type I error rate of the study or prevent a certain power from being achieved. This will be proven

in the next section and illustrated by simulations in Section 4.4.

4.3 Statistical Justification

The first step in verifying our proposed procedure when using a binary intermediate endpoint
and a time-to-event definitive endpoint without censoring events (outlined in the previous section)
is to ensure that the nominal type I error rate will not be exceeded. This can be proven identically
as in the previous chapter by utilizing Slepian’s lemma asymptotically, since (X;.,¥;.)T follows the

approximately bivariate normal distribution stated in Section 4.1; namely,

Xi—pi |4 0 pi(l=pi)  yypi(1 - pi)é

Y. — & 0) yVpi(l = pi)é: &

foralli =0,..., k. Stll, the maximum probability of wrongly rejecting Hy 1 (4.1) and Hp> (4.2)

can be shown to occur when 6§ = --- =6 =0and ¢| = --- = ¢ = 0[119]. Again, letting 6, and
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¥ . denote these zero vectors,

Size = Pg, y..y) (reject Hy 1 and H )
= kP(O*,z//*,y)({S =130 {Ti1 >ci}n{Tip >} n({Wi1 > di} U {Wi, > dz}))
< kP(H*,all*,psl)({S =13N{T1>ci}n{Tia>ckn({Wi1 >di}U{Wn> dz}))

= kP(o*,nlf*,pzl)({S =13n{Ti1>ci}nN{Tip >} N ({Wig > di} u{W, > dz}))-

Recall that the first inequality above is an asymptotic inequality (<), which is obtained by applying
Slepian’s lemma asymptotically. This can be done since we can show that vy is a strictly increasing
function of p in our model in Section 4.1. Thus, we have found an upper bound for the size, which

gives us the constraint

P(B*J/I*,pzl)({TS,l >c1} N {Tsy > e}y N ({Ws1 > di} U {Wso > dz})) =a. (4.3)

Note that this condition is the same as condition (3.3), the type I error constraint obtained when
using a binary intermediate endpoint and a continuous definitive endpoint. Thus, the type I error
condition when using a binary intermediate endpoint and a time-to-event definitive endpoint, when
no censoring occurs, also depends on both the intermediate and definitive endpoint data. Under the

null (0.,¢.,p = 1), U;j = V;; and thus

Y= E(X;;Yi;) — E(X;;)E(Y))
&ipi(l = pi)

_E {-L(U;; > -@7 ' (p:)é&log(1 — D(U;))} - piéi

) &ipi(1 = py)

_E {-I(W;; > 1 - p)é&log(1 - W)} - pi&;
) &ivpi(1 = pi)
—& f|L log(1 = w)dw - pi¢;

&ipi(l = pi)

—+/pilogpi
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“IN(0,1) and V;; % N(0, 1).

where W;; id Uniform(0, 1) since U;;

We also must make sure that the procedure proposed in the previous section can reach a power
that is no less than the target of 1 — 3. To do this, we define " and ¥* to be the same least favorable
configuration as for the last two data scenarios in Section 2.2.2 and Section 3.2.2, which yield the

smallest possible power compared to every other available choice [119, 121]. We can then write

the power of the procedure as

Power = P gy, (reject Hy,; and Hy )

k
= ZP(O*,.//*,y)({S =iy N {Ti1 > c1} N{Tip > 2y N ({Wi1 > di} U{Wo > dz}))

~
—

> Pe*({S =i} N{T;1 > c1} N{T;2 > Cz}) -P,/,*({W,-,l >di} U{W, > d2})

M-

I
—

1

> Pe*({S =130 {Ti;>ci}n{Tir > 02}) 'Pt//*({Wl,l >di}U{Wip > dz})

where again Slepian’s lemma is used asymptotically, resulting in the first inequality becoming an
asymptotic inequality (>). These steps provide us with a lower bound for the power, which gives

us the constraint
Po: (Ts,l >cy,Tsp > Cz) 'Pall*({WS,l >di} U{Wsp > dz}) =1-5. 4.4)

This condition is equivalent to those obtained for the prior two pairs of endpoint types discussed in
Chapters 2-3. Finally, with N being the total number of trial subjects, we again minimize the total

expected sample size of the study
E(N) = (k + 1)711 + 2ny P (TS,l > Cl)
by selecting the design parameters c1, c¢3, di, d», n1, and ny such that we minimize

1 1
5E [N[(0..9.)] + E [NI(6",¢")] = (k+ 1)ny +n2 {Pg.(Ts,1 > 1) + Pg-(Ts,1 > c1)}. (4.5)
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Conditions (4.3), (4.4) and (4.5) establish that the proposed design procedure maintains the pre-
specified type I error rate, achieves a power no smaller than the target, and is optimal in sample
size, respectively. Therefore, the procedure presented in Section 4.2.1 is anticipated to operate well
in practice. As in the previous two chapters, Slepian’s lemma was employed so that we did not have
to manage the unknown correlation between the intermediate and definitive endpoints or determine
the elaborate joint distribution of (S, Ts 1, Ts.2, Ws.1, WS’2)T, which would be very computationally

intensive.

4.4 Simulations

With the constraints stated in the last section, Monte Carlo simulations were used to demon-
strate the utility of the proposed design described in Section 4.2 when utilizing a binary interme-
diate endpoint and a time-to-event definitive endpoint when there are no censored observations.
For this study, k = {4, 6} equally sized investigational arms were considered, where the first and
second cohorts had sample sizes of n; = {20,40,...,180,200} and n, = {20,40, ..., 180,200}
in each group, respectively. First, conditions (4.3), (4.4) and (4.5) were applied to generate inter-
mediate and definitive endpoint data for (k + 1)(n; + ny) subjects, since these constraints do not
depend on the correlation, which we want to view as unknown. Under the null (8.,¢¥.,p = 1), for

fixed cohort,

Xo; N Po po(1=po) —éopologpo
~ N ,
Yo, &o —&opolog po &
and
Xij Di pi(l=p;) —&pilogp;
~ Ny ,
Y;; & =¢&ipilog p; &
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for every subject j randomly allocated to the control group (i = 0) or active treatmenti =1, ..., k,

where we set pg = p; and &y = &; for all i. Similarly, under the alternative (8*,¢*, o = 0), for fixed

cohort,

Xoj Po po(1=po) O

~ Np ,

Yo; éo 0 &
and

Xij i i(1-p) O

J ~ N, p ’ p p

Yij fi 0 f,z
where po = 0.5, p;1 = 0.75, p» = --- = pr = {0.6,0.65,0.7}, & = 1, & = 3, and & =
e = fk = {1.5,2,2.5}. Thus, 91 = pP1— po = 0.25, 02 = - = Gk = {0.1,0.15,0.2} = (51,
Y1 =¢&1-¢y=2,and Yy =--- =y ={0.5,1, 1.5} = §,. As in the last chapter, the intermediate and

definitive endpoint data must be produced jointly under the null (8., ., p = 1) due to the nature of
condition (4.3). However, for condition (4.4), the intermediate and definitive endpoint data can be
generated separately for all 7 under the alternative (8*,¢*, p = 0), where X;; ~ N(p;, pi(1 — p;))
and Y;; ~ N(&;, fl.z). Additionally, condition (4.5) is for calculating the total expected sample size
of the trial, averaged under the null (6., ¥ ., p = 1) and the alternative (8*,¢*, p = 0), and is based
only on the intermediate endpoint data.

The simulations were conducted as follows. For condition (4.3), all intermediate endpoint data
for the investigational and control groups was generated 500 times under the null (0.,¢¥.,p = 1)
distributions above for each scenario considered in our parameter grid. For stage one, which has
(k + 1)n; subjects, 500 asymptotic pairwise Z-statistics (6; ) were calculated, which compared
each active therapy i = 1,..., k to the control arm according to the intermediate endpoint data
that was produced for subjects in the first cohort. Then, the 500 asymptotic pairwise Z-statistics
were averaged for each treatment group. Afterwards, S = argmax 6; | and Ts | = s, were defined

I<i<k
and obtained, where S signifies the most promising intervention based on which had the largest
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average asymptotic pairwise Z-statistic and 75 1 denotes the average for that particular intervention.
This was used for the go/no-go decision at the end of the first stage. In the event that Tg; >
c1 = {0.2,0.4,0.6,0.8, 1.0}, then the study proceeded to the second stage and the number of
times that this happened out of the 500 replications was collected. Then, the second stage of the
trial, containing 2(n; + ny) subjects, involved obtaining 500 asymptotic pairwise Z-statistics that
compared the highest performing treatment from the first stage to the control according to the
intermediate endpoint data generated for subjects in the second cohort. Similarly to stage one, the
average was acquired in order to get the weighted sum 7, defined in Section 4.2. The frequency
that 751 > cj and Ts > ¢ occurred was recorded. In this numerical study, we considered ¢y =
{1.2,1.4,1.6,1.8,2.0}, d; = {0.2,0.4,0.6,0.8,1.0}, and d» = {1.2,1.4,1.6,1.8,2.0}. Keeping
track of these events was essential for determining both the estimated type I error rate via condition
(4.3) and the average total expected sample size of the study under the null (8.,¥., o = 1) using
condition (4.5).

Condition (4.4) was also replicated 500 times for each scenario that we examined. Each of the
steps mentioned above for producing and using the intermediate endpoint data at stage one and
stage two for condition (4.3) were executed in the same way here, but with the active treatment
and control data following the alternative (8*,%*, p = 0) distributions and setting S = 1. Definitive
endpoint data was also generated for the second stage under the alternative (8*,¢¥*, p = 0) in order
to calculate condition (4.3), where 500 asymptotic pairwise Z-statistics were obtained to compare
every treatmenti = 1, ..., k to the control according to the definitive endpoint data from subjects in
cohort one. The averages for each arm were then acquired. Lastly, for stage three, 500 asymptotic
pairwise Z-statistics were obtained that compared the most promising active intervention to the
control based on the definitive endpoint data from the second cohort of subjects, and then they
were averaged. The number of instances of 75 > ¢y, of Ts; > ¢y and T2 > ¢2, and of Ws ;| < d;
and Ws» < d, were recorded for estimating both the power of the proposed procedure via condition
(4.4) and the average total expected sample size under the alternative (8*,¢*, p = 0) via condition

4.5).
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For our simulation findings reported in Table 4.1, we focused on the scenarios that yielded an
estimated type I error rate (&) in the interval (0.045,0.05) and an estimated power (1 — /) in the
interval (0.800, 0.820), where Navg is the total expected sample size of the study averaged under
the null (6.,¥.,p = 1) and the alternative (6*,¥*, p = 0). For this numerical study, there were
several scenarios that had even smaller estimated type I error rates (@ < 0.045) and even larger
estimated powers (1 — 8 > 0.82), many more than were found for the two prior data scenarios
in Chapters 2-3 (this is likely due to our choices of 6 and 6;), but we directed our attention to
the typical targets of @ = 5% and 1 — 8 = 80%. As mentioned previously, achieving an exact
power of 80% would have required using a much finer parameter grid. Altogether, Table 4.1 shows
that the proposed design has the ability to preserve the pre-specified type I error rate while still
reaching a desired amount of power across the scenarios that we investigated when employing a

binary intermediate endpoint and a time-to-event definitive endpoint without censoring events.

4.5 Conclusion

In Chapter 4, we considered when a binary intermediate endpoint and a time-to-event definitive
endpoint are used in the absence of censoring. Asymptotically, we were again able to demonstrate
that the proposed procedure is valid through direct proofs and simulations. For this data scenario, a
copula was employed in order to preserve the marginal distributions of X;; and Y;; while separately
defining a correlation structure between them. Additionally, for the time-to-event definitive end-
point (¥;;), an exponential distribution was used, since this is the simplest model typically used in
practice for sample size calculations with time-to-event endpoints. However, Y;; could be assumed
to follow another relevant distribution, like the Weibull distribution. This would still be permissible
in our proposed procedure, but the derivation of the limiting distribution for the endpoints would
become more complicated. This work also built the foundation for assembling our data model that

accounts for censored observations, which is presented in the next chapter.
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Table 4.1: Simulation examples for the proposed design procedure without interim sample size ad-
justment when using a binary intermediate endpoint and a time-to-event definitive endpoint without
censoring events, where ]Vavg is the average estimated sample size required for the trial under the
null and alternative hypotheses.

51 52 ni ny Cl (o) dl dz & 1 —,8 Navg
0.1 05 20 160 0.8 1.6 04 1.8 0.050 0.808 268
0.1 1 80 180 0.2 14 0.8 14 0.046 0.820 641
01 15 20 40 06 14 1 1.2 0.050 0.805 145
0.15 0.5 100 60 0.8 06 2 0.050 0.802 568
0.15 1 80 60 02 2 08 1.2 0.048 0.806 485
015 15 8 8 1 1.6 08 1.6 0.048 0.808 476
02 05 20 60 08 1.6 02 2 0.050 0.804 161
0.2 1 40 80 1 1.8 02 1.2 0.048 0.810 277
02 15 60 20 04 2 02 14 0.050 0.820 326
01 05 20 20 04 16 0.8 1.4 0.050 0.804 165
0.1 1 20 100 0.2 1.2 08 2 0.046 0.814 270
0.1 15 100 180 0.2 16 1 1.6 0.050 0.810 942
015 05 8 40 08 1.8 1 1.8 0.046 0.806 606
0.15 1 60 60 08 1.2 08 2 0.046 0.818 481
015 1.5 120 20 02 2 02 14 0.046 0.814 868
02 05 20 40 08 16 04 1.8 0.050 0.804 182
0.2 1 40 60 1 14 08 1.6 0.046 0.800 338
02 15 40 40 06 18 0.6 2 0.050 0.817 326

[\

[o) N Ne | e Ne ) Ne) ] e e e I I e e il ] Kan
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Chapter 5: Using a Binary Intermediate Endpoint and a Time-to-Event

Definitive Endpoint with Censoring

In practice, it is very common for censoring to occur over the course of a clinical trial. There-
fore, this chapter mimics the previous chapter but considers a time-to-event definitive endpoint that
includes censored observations. First, the data model will be derived through utilizing maximum
likelihood estimation and the multivariate delta method [118, 126]. Then, the proposed procedure
will be described, followed by our statistical rationale and simulation examples that concur with

our statistical claims.

5.1 Model

Suppose a clinical trial intends to evaluate i = 1, .. ., k experimental interventions compared to
a control and/or standard of care (denoted by i = 0) using our design proposed in Figure 1.5, where
every treatment group has an equal sample size. The following holds for fixed subject, treatment

and cohort. Like what was done in Chapter 4, let X;; d Bernoulli(p;) and Y;; d Exponential (&;)

for subjects j = 1, ..., n; with their correlation structure represented by the bivariate normal copula
Ui; 0 I p
T~ N, ;
Vij 0 p 1
where

X;; = (Ui > —@7 ' (p)))

and

Yij = =&ilog(1 — @(Vi5)).
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In the case of censoring, Ylj = min{Y;;, C} is observed, where C > 0 is a constant censoring time.

The distribution of Ylj can be expressed as

Lexp{-| ifvy<c
Y =min{¥;;,C} ~ { "

exp {_f_c,} itY; >C

[ tonlto-enl 5]

Therefore, the marginal likelihood of &; based on Yl”; 1S

n; 1 Y I(Y;;<C) C 1(Y;;>C)
R IET N

j=1
:ff22i.l<nj<C) xp X [v,1(Y;; < C) + CL(Y;; > O)]
l &i

since

where 1(+) is the indicator function. The log-likelihood is then

T [ < ©) + CL(Y; > O)]
&i .

0(&) = ~log(&) ZI(YH <0)-

J=

Setting the score function

de X510 <0) . S Yl (Y < ©) + CI(Yy; > ©)]

d&; &i &

equal to zero yields

A

YL [Yid(Yy < €) + CL(Yy; > O)]
X (Y < ©)

In fact, éi is the maximum likelihood estimator for &; because

d*t YUY, < C) 2% [Yl(Yy < ©) + Cl(Yy; > O)]

a2l LT 2 £3
dé:i &i=¢; fi ‘fi
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X 1Y <€) 230, [Yid(Yy < ©) + CL(Y;; > O)]

z;fil [v:j1(v;;<C)+C1(Y;;>C) ] 2 z:f;l [Yi;1(Y;;<C)+C1(Y;;>C)] 3
L (Y <C) L 1(Y;<C)
3 3
(z0 10 < 0) 2 (2,100 < ©)

2 2

(z’};l [¥;,1(Y;; < C) + CI(¥; > C)]) (Z?’;l [¥;,1(Y;; < C) + CI(Y;; > C)])
3

(22,107 < )

2
(Z2, [¥10; < ©) + €Ly > O]

< 0.

The Fisher information for &; is

d*t
I(&)=-E (d_f,z fz‘)
TN <0) 23 [Yi(Y; < ©) + CL(Y;; > O)]
=k & - & i

= _é:_E{I(Ytj <(C)} + f E{Yle(Ylj <O)}+ ?E{I(KJ > C)}

1

—n:. € : ©
-2, ool B geel e [ el

—n; -C C 2n;C C
= ? (1 —exp{g}) 53 ( —(&+C) exp{—g}) + & exp{—g}

o M exp{—g} on. 2 exp{ §C
e g g 8

n; (1 - exp{—gi )
= fl.z

Since the distribution of Yl“; satisfies sufficient regularity conditions [127],

s d &
i(&i = &) > N[0, ————1.
Vni(§i —&)— N l—exp{—g})
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Furthermore, by the central limit theorem,

n;
Zjlzl Xij

— T Pi 0

" Y 1Y <C) d
StV Yy, - N3 || 0 |LA;

\/n_i

ni
> 1Y >C) C
i B o —exp{—g—i} 0

where ; = E(Y;11(Y;; < C)) =& — (& +C) exp{—%} and

pi(1-pi) Cov(Xi1, Ynl(Yn < C)) Cov(Xi1, I(Yss > C))
Aj =| Cov(Xi1,Yal(Y; < C)) Var(Yi1(Yn < C)) Cov(Ynl(Yn < C),1(Y1 > C))
Cov(Xit, 1(¥n > C))  Cov(¥al(¥ii < C),1(Yn > C))  exp{-£} (1-exp{-£})

Rewriting the maximum likelihood estimator as

S Yl <0) 3 1(Y>0)
r +C >

&=

Z;ll:] I(Yij>C)

ni

1-

q92+Cq3

and applying the multivariate delta method with g1(¢1,g2,43) = q1 and g2(q1,92,93) = 5

for g1 = pi, g = ¥; and g3 = eXp{—%}, we obtain

i — Di d 0
\/l’ll’ —>N2 ,Zl*
&= &i 0
where

981 g
dgr 981 g dqr Oq
= dqr g2 0q3 | Ax| dg1 Oz
l dg g dg | | 92 In
dq1  9dqx 9q3 dg1  Og
g3 94q3
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1 0

1 0 0 0 |
= 0 1 C+0; A;'k l—eXP{— g% }
1—exp{—§%} (l—exp{—%})2 0 C+1;
(1—exp{—§i})2
Yil(¥i <€) (C+9)1(Yi1 >C)
pi(1—p) Cov | Xi1, - + (1_exp{_%})z
2

C X1, Yi1(Y;1 <C) (C+9)1(Y;1>C) &
B ) ol]

for all i. We know that the asymptotic correlation

pi(1-p;)

1 —exp {_g_,c}

Yul(Yyp < C C+9)I(Y; >C
= Cov| x,, Yl <O (C+8I(¥iy > C) /&_

1 - eXP{_fgi} (1 - exp{—gg )2

is an increasing function of p if we can show that

Yul(Yh <€) N (C+9)I(Y; > C)

{=E{Xi . 5
1- eXP{_g_,-} (1 - exp{—é% )

is an increasing function of p. Similar to Chapter 4, by the law of iterated expectations [123] and

because V;; ~ N(0, 1) and U;;|V;; ~ N(pV;;, 1 - p?) according to the copula above,

Yil(Yy < C) N (C+9)I(Yy > C)
1- exp{—g} c)?
&i (l —exp{—f—i})

®! (pi) + pVin ).—fi log(1 = ®(Vi))I(=£:log(1 = D(Vi1)) < C) + (C +&)I(~&i log(1 — @ (Vi) > C>}

i1 —p2 1- CXp{—‘fgi

E | X

E{@

which we demonstrate to indeed be strictly increasing in the correlation p using simulations (see

Figure B.1).
Like in the last chapter, suppose the observed treatment effects based on the intermediate and

definitive endpoint data are 8; = p; — po and ¥; = &; — &, respectively, for alli = 1,..., k. Then
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by the central limit theorem,

w;(%_éyﬂ 4N, x|
(& — &0) = Yi 0
As in previous chapters that considered different pairs of endpoint types, this data model allows us
to define asymptotic pairwise Z-statistics throughout our procedure proposed in the next section
for when a binary intermediate endpoint and a time-to-event definitive endpoint are employed with
cases of censoring. In Section 5.3, this data model also enables us to again apply Slepian’s lemma
asymptotically for verification (i.e., for ensuring that the pre-specified type I error rate is preserved
while achieving a desired power). Simulations follow in Section 5.4, which support our statistical

arguments and indicate that the proposed procedure can be used reliably.

5.2 Procedure

We use the same general procedure described for the absence of censoring events in Chapter 4.
Let@ = (61,...,0)  andy = (¥1,..., %) T be the vectors of treatment effects comparing active
intervention i = 1, ..., k to the control (i = 0) based on the intermediate and definitive endpoint
data, respectively, where 6; = p; — po and y; = &; — &g for all i. With 0 representing the zero vector,
the hypotheses of interest are

Hy,:0<0 (5.1)

and

Ho ¢ <0. (5.2)

Hypotheses (5.1) and (5.2) are equivalent to those stated in Chapters 2-4. The layout of the pro-

posed procedure when using a binary intermediate endpoint and a time-to-event definitive end-

point, without reassessing the sample size at interim, is provided below when there is censoring.
At the first stage, (k + 1)n; participants are randomly and equally allocated to each of the k

active arms or the control, with n; being the cohort one sample size per arm. Define asymptotic
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pairwise Z-statistics
Xi.,1 — Xo.1
\/Xi-,l(l_Xi»,l)"'XO,I(1_XO<,I)

ni

0i1=

comparing active treatment i to the control group, with X;. | and Xj. | being the average interme-
diate outcomes based on the cohort one data from participants in active arm i and the control,
respectively. Thus, we know that QA,-, 1 —d> N(O, 1) for large n; by the central limit theorem. These
asymptotic pairwise Z-statistics that are calculated at the first interim analysis are used to select the
highest performing treatment for continued study, if there is one, based on the accrued intermediate
endpoint data. Define § = arlgma}(x 6,1 as the most promising intervention at the end of stage one
<i<

and Ts| = fg 1 as its observed effect. With the data accumulated during the first stage, a stop/go
decision is made. The trial is stopped early and Hy ; (5.1) is accepted if Ts; < ¢ for some ¢1 > 0.
Otherwise, Hy 1 (5.1) is rejected and the trial proceeds to the second stage if 75,1 > ¢, where the
highest performing treatment undergoes further evaluation compared to the control group and all
other arms are removed from the study. Therefore, only participants receiving the most promising
therapy or the control in stage one will be followed for their definitive endpoint data. All partici-
pants from the eliminated arms will continue appropriate safety monitoring and be offered standard
of care.

If the study advances to the second stage, 2n, new participants are recruited and enrolled into
the trial with 1:1 allocation to randomly receive either the highest performing treatment from the
prior stage or the control, with n, being the cohort two sample size per group. After collecting the

cohort one and cohort two intermediate endpoint data and the cohort one definitive endpoint data,

the second interim analysis can be conducted. Define the asymptotic pairwise Z-statistic

Xs.0— Xo.2

\/XS,Z (1-Xs. 2)+X0.2(1-%o. 2)
ny

Os2 =

according to the intermediate endpoint data from the second cohort, with X s.2 and )?0.,2 being the

average intermediate outcomes among cohort two participants receiving the highest performing

70



therapy from the first stage and the control, respectively. Additionally, let

Ei1—¢&on

Wsi1=ys1=

R YA
l—exp{—%} l—exp{—%}

be the asymptotic pairwise Z-statistic according to the definitive endpoint data from the second
stage, with & 1 and &y | being the maximum likelihood estimator (as defined in Section 5.1) among
cohort one participants receiving the most promising treatment from stage one and the control,
respectively. Similarly to the previous stage, 0, 4 N(0, 1) and ¥ 4 N(O, 1) by the central
limit theorem. Finally, let

ny A ny A

Os,1 + Os.2
ny+np ny+np

Tsy, =

be the weighted sum of the cohort one and cohort two intermediate treatment effects comparing
the highest performing intervention to the control. These Ts, and Wy 1 values will be used to make
another stop/go decision. The trial is stopped for futility and Hyp; (5.1) is accepted if Ts» < c; for
some c; > 0. However, the trial is stopped for superiority and Hy 1 (5.1) and Hy (5.2) are rejected
when Ts»> > ¢ and Wg1 > d; for some d; > 0. Otherwise, the trial proceeds to the last stage
if the intermediate endpoint data from the first and second cohorts is compelling but the definitive
endpoint data from the first cohort is not sufficiently convincing (i.e., Ts» > ¢ but Wg 1 < d).
For the third stage, no additional participants enter the trial. After the cohort two participants
complete their definitive endpoints, the final analysis can be done. Define the asymptotic pairwise

Z-statistic

Ein— o

Yso =

A'22 é(% 2 /
- + — ny
1—exp{—§2} 1—exp{—§,2}
comparing the most promising treatment to the control based on the cohort two definitive endpoint

data, with .;9,-,2 and 50,2 being the maximum likelihood estimator (as defined in Section 5.1) among
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participants in the second cohort receiving the highest performing treatment and the control, re-

. A~ d -
spectively. Thus, 52> — N(0, 1). Similarly to stage two, let

ni np

Wso = Uso

s1+
ni +I’l2w ny+np

be the weighted sum of the cohort one and cohort two definitive treatment effects. The treatment
under study is considered superior to the control when Hy; (5.2) is rejected (i.e., when Wso > dj
for some d> > 0) and is not considered superior to the control when Hy> (5.2) is accepted (i.e.,
when Ws, < d»).

As in Chapters 2-4, Hy 1 (5.1) is based only on the intermediate endpoint data and can be seen
as a gatekeeper for testing Ho > (5.2), which relies only on the definitive endpoint data. Like each of
the previous data scenarios, simulations are necessary to ascertain the required design parameters
(c1, €2, di, da, n1, and ny), as they cannot be obtained analytically using closed form equations.
However, identifying the parameters via simulations will not compromise the nominal type I error
rate of the trial or prevent a particular power from being reached. This will be proven explicitly in

the next section and illustrated by simulations in Section 5.4.

5.3 Statistical Justification

The procedure proposed above for utilizing a binary intermediate endpoint and a time-to-event
definitive endpoint with censored observations must be validated. First, the procedure must pre-
serve the pre-specified type I error rate. This can be proven in the same manner as in Chapter 4

since

Xi — pi 0
NI I S Y | I
& — & 0

for all i, as shown in Section 5.1. Again, the maximum probability of incorrectly rejecting Hy ;

(5.1) and Hp (5.2) occurs when 0 = --- = 60 = 0and 1 = --- = ¢, = 0 [119]. Denoting these
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vectors by 6. and ¥ .., respectively, the size of the procedure is

Size = Pg, y, 5 (reject Hy 1 and Hy )
= kP(a*,w*,n)({S =1}0{T1 >ci}n{Tip > ey N ({Wig > di} U{Wi, > d2}))
< kP(B*,l//*,pgl)({S =13n{Ti1>ci}n{Tip >} N ({Wig > di} u{W, > a’z}))

= kP(e*,l//*,pzl)({S =13N{T1>ci}n{Tia>ckn({Wi1>di}u{Wn> dz}))-

The first inequality above remains an asymptotic inequality (<), since Slepian’s lemma is applied
asymptotically. We can employ Slepian’s lemma because 7 is a strictly increasing function of p in
our model outlined in Section 5.1. Therefore, a constraint for the type I error rate of the procedure

can been obtained:

P(e*,z/f*,p=1)({Ts,1 >c1} N {Ts2 > 2} N ({Ws,1 > di} U{Wso > dz})) =a. (5.3)

Condition (5.3) is identical to condition (4.3) derived for the non-censoring case, where the type I
error condition when using a binary intermediate endpoint and a time-to-event definitive endpoint
(when censoring is present) also relies on both the intermediate and definitive endpoint data.

In order to calculate the covariance term in 5 (call it v) under the null (6.,¥.,p = 1), there
are two cases to consider. For both, U;; = V;; and let W;; ~ Uniform(0, 1). The first case is when

pi < exp{—g , Where

E{X;;Y;;1(Y;; < C)} = E{-I(®(U;;) > 1 = p;)é;ilog(l — ®(U;;))I(=&;log(1 — ®(U;5)) < C)}

=E {—I(CD(UU) > 1 - p)é&ilog(l - @(Uj;))1 (q)(Uij) <1-exp {_g})}

i

E {-uw,-,- > 1= pi)éilog(1 - Wil (WU <1-exp {_g})}

i

=0
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and thus

Cov{X;;, Yi;1(Y;; < C)} = E{X;;Y;;1(Y;; < O)} — E(Xi)) E{Y;;1(Y;; < C)}

= —pi (ff —(C+&)exp {—g}) .

Furthermore,

E{X;;1(Y;; > C)} = E{I(®(U;;) > 1 — p)I(=&;log(1 — @(Uj;)) > C)}

= E{I(CD(U,-j) >1-p)l (CD(UU) > 1—GXP{—§,})}

1

_ E{I(Wij >1-p)l (Wff > 1 -exp {_g})}

=E{I(W;; > 1-p))}

=P(Wi; >1-p))

and so

Cov{X;;,1(Y;; > C)} = E{X;;1(Y;; > C)} — E(X;;)E{IL(Y;; > C)}

s} )

This yields

1-exp{-£} + { _eXp{_é‘%})z
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The other case is when p; > exp{—é%}, where

E{X;Yi1(Y;; < O)} =E {—I(% > 1= pi)éilog(1 = W)l (Wz'j <l-eop {—g})}

1—exp &
= —gi/ ~ log(1 —w)dw
1

—Pi

o
—_——

C C
= =& exp {—f—} —Cexp {—g} +&pi — &pilog(p))

1 4

and thus

Cov{X;;,Y;;1(Y;; < C)} = E{X;;Y;;1(Y;; < C)} — E(X;;)E{Y;;1(Y;; < C)}

==& (1 - p;) exp {—E} - C(1-pi)exp {—g} —&;pilog(pi).

1 14

Moreover,
E{XijI(Yij > C)} =E {I(le > 1 —pi)I (Wij >1- exp {—g})}
C
=EI|W;; >1- ——
{ ( i exp{ fz‘})}
C
=P|W, 1- -
( iz exp{ fi})
ol
P &i
and thus

Cov{X;;, I(Y;; > C)} = (1 — p;) exp {—g}

This results in

&0 -p)ep{~£} +&piloa(p) +C(1 - pexp |=E]  (C+0)(1 - p)exp|-£]

v =

e C (e lg))
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_ —&ipilog(pi)
1 —exp {—g} .

L

Putting this all together, we get

piC . e
1—exp{—§} if p; < exp{ fi}

v =£iDi IOg(;’i) if C
m I p; > eXp{—g}.

The procedure laid out in Section 5.2 also needs to be able to achieve a certain targeted power
for it to be valid. To prove this, let 8 and ¥* denote the least favorable configuration explained in
Section 2.2.2. These selections yield the lowest power compared to any other choices [119, 121].

The power of the proposed procedure can be expressed as

Power = P g+ y+ ) (reject Ho; and H )

Py ({8 =110 (T > 1} N T2 > €2} 0 (W > di} U (Wi > o))

\'%

k
i=1

k
D Por({S =0 {Tha > e} N {Tip > e2}) - Py ((Waa > di} U (Wi > o}
i=1

> Po*({S =1}n{T,1 >ci}n{Tip> 02}) ‘Pn//*({Wl,l >di} U{W > dz})‘

Note that the first inequality is again an asymptotic inequality (>), because Slepian’s lemma is

applied asymptotically. This gives us the following constraint for the power:
Pg- (TS,I > c,Tsp > 62) 'Pw*({WS,l >di}U{Ws2 > dz}) =1-p. (5.4)

This condition is the same as those found for all of the other pairs of endpoint types considered in

Chapters 2-4. Lastly, we also minimize the total expected sample size of the study

E(N) = (k + 1)711 +2ny P (TS,l > Cl)
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by selecting the design parameters c1, c2, d1, d2, n1, and n; such that
1 1 —_—
5E [N|(6.,¢.)] + 5E [NI(6",¢*)] = (k+ D)ny +ny {Pg,(Ts1 > c1) + Pg:(Ts1 > 1)} (5.5)

1s minimized [121].

The three constraints above, namely conditions (5.3), (5.4) and (5.5), establish the validity of
the proposed procedure, as they provide an upper bound for the size of the procedure, a lower bound
for the power so that the target can be reached, and a sample size that is optimal. Therefore, this
procedure is expected to function well in practice. Like in the previous three chapters, Slepian’s
lemma was employed to avoid having to manage the unknown correlation between the intermediate
and definitive endpoints or specify the complicated joint distribution of (S, 7s 1,752, Ws.1, WS’Z)T,

which would be very computationally complex.

5.4 Simulations

Using the three conditions obtained in Section 5.3, Monte Carlo simulations were conducted to
exemplify the utility and validity of the proposed procedure when a binary intermediate endpoint
and a time-to-event definitive endpoint are employed when censoring is present. In this numerical
study, k = {4,6} experimental groups of equal size and a constant censoring time of C = 1
were considered, with first and second cohort sample sizes of n; = {20,40,...,180,200} and
ny = {20,40,...,180,200} per arm, respectively. To start, conditions (5.3), (5.4) and (5.5) were
used to simulate intermediate and definitive endpoint data for (k + 1)(n; + ny) individuals, as they

do not rely on the unknown correlation. For fixed cohort /,

- pi(1-pi) v

Xi.i Pi n n

~ N2 ’ §2

A U i
&il &i n m(1-ewp[-<])
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foralli = 0,..., k under the null (8,,¥.,p = 1), with v defined as in Section 5.3, py = p; and
&o = &. Under the alternative (8*,¢*, p = 0),

th,l i Pi(:“—lh') 0
. |7 ’ £
b R AN =)

foralli = 0,..., k. For consistency with Chapter 4, we again considered po = 0.5, p; = 0.75,

p2=--=pr ={0.6,0.650.7}, & =1, =3,and & = --- = & = {1.5,2,2.5}. Therefore,
0y =p1—po=0256,=---=60; ={0.1,0.15,02} =61, y1 =¢é1-ép=2,and yp = --- =
Y = {0.5,1,1.5} = ;. Because of condition (5.3), the intermediate and definitive endpoint data
has to be generated jointly under the null (@.,¥.,p = 1), but this is not the case for condition
(5.4), which is calculated under the alternative (8*,¢*, p = 0). Recall that condition (5.5) is used
to obtain the average total expected sample size of the trial under the null (0.,¥., 0 = 1) and the
alternative (6*,¢*, p = 0), which is based solely on the intermediate endpoint data.

The steps taken for this numerical study are explained next. For condition (5.3), intermediate
endpoint data for each active treatment arm and the control group was produced 500 times under
the null (0., ¥ ., o = 1) distributions for each scenario. For stage one, which contains (k+1)n; par-
ticipants, 500 asymptotic pairwise Z-statistics (éi,l) were obtained, comparing each investigational
therapy to the control based on the intermediate endpoint data from the cohort one participants,
and then they were averaged for each arm. After, S = argmax éi,l and 75 = 67571 were obtained,
with § being the highest performing experimental treatnisrllikaccording to which had the smallest
average Z-statistic and T representing that average. The stop/go decision at the first interim anal-
ysis was made for each of the 500 replications. If T ; > c¢; = {0.2,0.4,0.6,0.8, 1.0}, then the trial
advanced to stage two, and the number of instances of this was recorded. For stage two, which
has 2(n; + ny) subjects, 500 asymptotic pairwise Z-statistics were computed to compare the most
promising intervention from stage one to the control based on the intermediate endpoint data from

the cohort two participants. Then, the average was calculated to get Ts », as defined in Section 5.2.

The number of times that 751 > c¢; and Ts» > c; occurred was collected. For these simulations,
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cp =4{1.2,14,1.6,1.8,2.0}, d; = {0.2,0.4,0.6,0.8,1.0} and d» = {1.2,1.4,1.6,1.8,2.0} were
considered. Tracking these events was needed in order to get both the estimated type I error rate via
condition (5.3) and the average total expected sample size of the trial under the null (8.,¥.,p = 1)
using condition (5.5).

For every scenario, condition (5.4) also used 500 replications. All of the steps described above
for generating and using the intermediate endpoint data at stage one and stage two for condition
(5.3) were executed very similarly, but with the active intervention and control data following the
alternative distributions and setting S = 1. Additionally, definitive endpoint data was produced for
stage two under the alternative (6*,¢¥*, p = 0) for computing condition (5.3), where 500 asymptotic
pairwise Z-statistics were calculated for comparing each active therapy to the control based on the
definitive endpoint data from the cohort one subjects. The averages for each group were acquired.
Lastly, for the third stage, 500 asymptotic pairwise Z-statistics were obtained for comparing the
highest performing treatment to the control based on the cohort two definitive endpoint data, and
then they were averaged. The frequency of 751 > c¢1, of Ts1 > ¢1 and Ts» > ¢2, and of Wg 1 < d;
and W < d> were tracked for estimating the power of the proposed procedure via condition (5.4)
and the average total expected sample size of the trial under the alternative (8*,¢*, p = 0) using
condition (4.5).

For reporting, we honed in on the scenarios that resulted in an estimated type I error (&) in
the interval (0.045,0.05) and an estimated power (1 — f) in the interval (0.800, 0.820), with Navg
denoting the average total expected sample size under the null (@.,¥., 0 = 1) and the alternative
(0*,y*, p = 0). In our study, there were numerous scenarios with lower estimated type I error rates
and higher estimated powers than the 5% and 80% targets, but we focused on those falling within
the ranges above to be conservative. In order to reach an exact power of 80%, we would need
to use smaller parameter gradations, requiring much more computational time. Overall, Table 5.1
shows that our proposed procedure in Section 5.2 is able to maintain the nominal type I error rate
while still achieving a targeted power among the scenarios that we investigated when employing a

binary intermediate endpoint and a time-to-event definitive endpoint with censored observations.
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Table 5.1: Simulation examples for the proposed design procedure without interim sample size
adjustment when using a binary intermediate endpoint and a time-to-event definitive endpoint with
censoring events, where Navg is the average estimated sample size required for the trial under the
null and alternative hypotheses.

51 52 ni ny Cl (&) dl d2 a 1 —,3 Navg
01 05 60 80 06 14 04 14 0.048 0.812 438
0.1 1 40 40 08 1.8 06 2 0.050 0.814 261
01 15 8 60 02 12 02 14 0.050 0.807 492
015 05 40 8 0.6 1.8 1 1.6 0.050 0.803 344
015 1 100 60 04 12 06 1.8 0.048 0.820 603
015 1.5 60 20 08 2 08 12 0.046 0.811 325
02 05 20 100 1 1.8 04 2 0.048 0.813 268
0.2 1 40 8 08 14 1 1.8 0.050 0.801 338
02 15 60 60 04 14 0.8 12 0.048 0.802 394
0.1 05 40 60 04 1.6 02 1.6 0.050 0.814 377
0.1 1 8 40 06 1.8 04 1.8 0.050 0.806 616
01 15 100 80 0.2 12 04 1.6 0.050 0.820 831
0.15 05 20 60 1 2 I 1.4 0.046 0.816 242
015 1 20 20 0.6 1.6 02 1.8 0.050 0.812 160
015 1.5 60 40 08 14 1 1.8 0.048 0.810 469
02 05 40 20 08 1.8 0.6 1.4 0.048 0.808 292
0.2 1 80 120 04 12 02 14 0.046 0.808 776
02 15 60 60 06 1.6 0.8 1.2 0.046 0.812 510

(o) Ne)Je) o)) e )l o) Nle) Ne I e T T o I S S N

5.5 Conclusion

In Chapter 5, we expanded upon the material in Chapter 4 to address the occurrence of cen-
soring events, which are typically encountered in real-world trials. Employing our data model in
Section 5.1, we were again able to prove directly, via Slepian’s lemma, that the procedure proposed
in Section 5.2 can asymptotically control the nominal type I error rate and reach the desired power,
and this was also shown through simulation examples in Section 5.4. Incorporating censored ob-
servations necessitated defining a much more involved joint distribution than the one needed in
Chapter 4. Furthermore, we also considered a constant censoring time for all subjects; however,
in practice, subject censoring times can surely vary. With some computational changes, our data

model can be altered to account for this as long as the censoring times are independent of the time
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to event. Finally, since the log-rank test is common in survival settings (e.g., in oncology), it could
be of interest to utilize the log-rank test statistics based on the definitive endpoint data rather than
the asymptotic pairwise Z-statistics described in Section 5.2, but this would require a restructuring

of our proposed procedure.
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Chapter 6: Countering an Argument against Adaptive Methods

In this chapter, we promote the appropriate evaluation and use of pre-specified clinical trial
adaptations that are scientifically and statistically justifiable and based on accumulated participant
information. Widespread studies have demonstrated that adaptive methods can be advantageous
and are applicable in almost every therapeutic area. For instance, they can contribute to improved
decision-making throughout a clinical trial without impacting its operational characteristics (i.e.,
without inflating the nominal type I error rate). However, there are a few individuals who have
conveyed opposition toward utilizing adaptations in clinical trials. One reason for this is that test
statistics from adaptive designs can be insufficient, but many strategies have been developed over
the years to overcome this obstacle (e.g., the closed testing principle and hierarchical tests). In the
following sections, we discuss an article that presents a dispute against the utility of clinical trial
adaptations and then highlight some of its defects in order to encourage the proper assessment and

employment of adaptive techniques in practice.

6.1 Argument

Tsiatis and Mehta (2003) [66] assert that although adaptive design methods seem highly ap-
pealing, they can be shown to be inefficient. Additionally, they suggest that all adaptive designs
can be improved upon via group sequential tests based on the sequential likelihood ratio test (LRT)
statistic and that for every adaptive test, a uniformly better group sequential test can always be
identified using a generalization of the Neyman-Pearson lemma [128]. These claims are quite
strong and the methods that they used to verify them are unconvincing. Before explaining in what
ways their approaches were debatable, the authors’ notation, examples, definitions, and theorems

will be introduced for clarity.
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6.1.1 Notation and Examples

In a clinical trial, suppose sequential decisions will be made at time points j = 1,..., K, where
X1, ..., Xk are the independent random vectors of participant data. Specifically, X; is the data
accrued between baseline and the first time point, X> is the data accrued between the first and
second time points, and so on. For all j, the probability density function of X; can be expressed
as po;(x;) and py;(x;) under the null and alternative hypotheses, respectively. The interim trial
decisions are made according to ¥; = (X1,...,X j-), which denotes all of the data collected up
to time point j. The first example provided by Tsiatis and Mehta (2003) [66] outlines a group
sequential procedure, described below.

Suppose a sponsor/investigator is interested in comparing a single active treatment to a placebo
control and/or standard of care, where up to n pairs of participants will be enrolled and each pair
will be randomly split and assigned to one of the two groups. Let Z; ud N(u, 1), where Z; is
the difference in the normally distributed responses between the j pairs of participants and u is the
average treatment difference. Decision-making occurs at the interim analyses aftern; <ny < --- <
ng = n observations are gathered at each stage or time point, where n denotes the total sample size
of the trial. The null hypothesis of interest is Hp : i = 0, which will be tested against the alternative
hypothesis Hy : = u; > 0. Letting ng = 0, X; = (Zn]._1+1, coesZy;)and Y; = (Zi,... ,Z,,].), the
probability density function of each X; under the null (¢ = 0) and the alternative (¢ = 1) can be

written as

nj-1-n; i — 2
Paj(x;) = (2m)~ > eXP{— > M}.

l:nj,1+1 2

In this group sequential test, Hy will be rejected at time point j if

nj
Sj = ZZ[ > Uj.
=1

Otherwise, if §; < [;, where [; < u; for j =1,...,K —1and Ix = ug, then Hy is accepted. Note

that the /; and u; values are chosen prior to trial start such that the test has level @ under Hy.
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The next example that the authors present is an adaptive procedure, which used the same design
framework as the group sequential example above but now allowing for an adaptation to take place
at interim if S; € [/, u;], or when neither the futility boundary nor the superiority boundary is
crossed at time point j. For instance, for j = 1, the interval [/, u;] can be partitioned into K — 1
disjoint sets, say I'; for j = 2,..., K. If the test statistic §1 € I';, then the second interim analysis
will be conducted when 7; observations are obtained. Otherwise, the trial is terminated early for

futility or superiority after the first interim analysis. For j = 2, ..., K, the test statistic

Tj=51+ e

n
T (S; - S1)

can be constructed. If the trial is comprised of two stages, then at the second interim analysis, H
is rejected if 7; > up and Hy is accepted if 7; < u». The two-stage adaptive test here will have the

same level a as the two-stage version of the group sequential test detailed earlier.

6.1.2 Definitions and Theorems

The authors go on to illustrate how any group sequential test can be represented by a sequence
of disjoint and Y;-measurable rejection and acceptance regions (R; and A;, respectively) at each
time point j = 1, ..., K. For the group sequential example in the previous section, Ry = (S; > u1),

Ay =(Sy<lj)andforj=2,...,K,

IA

ﬂj:(hSSlSu],...,lj_]SSj_l I/lj_l,Sj>uj)

and

ﬂj:(ll <5 Sul,...,lj_l SSj-l

IA

Ltj_l,Sj < lj)

Namely, the rejection region at stage one (R;) is where the first stage test statistic (S1) is larger
than the stage one upper boundary (#1). Similarly, the stage one acceptance region (A) is where

the first stage test statistic (S7) is less than the stage one lower boundary (/;). Additionally, for
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Jj =2,...,K, the j-th rejection region is the set of continuation regions until the stage at which
the rejection occurs, and the j-th acceptance region is the set of continuation regions up until the
acceptance stage. Note that this is due to the closed testing principle; all hypothesis tests must be
carried throughout the procedure or substantial bias/error can be incurred, which could result in
inaccurate efficacy conclusions.

For the adaptive design example in the previous section, Ry = (S > uy), A; = (S1 < [1) and
forj=2,...,K,

Ri=(S1 €T, T; > us)

and

ﬂj = (8 € Fj,Tj < up).

Thus, the first stage acceptance and rejection regions are the same as the group sequential test
above, but the j-th rejection and acceptance regions are slightly different. Specifically, rejection
occurs in the region where the stage one test statistic is contained in the j-th partition of the stage
one boundary, in addition to the stage two test statistic being greater than the stage two upper
boundary. The acceptance region only differs in the fact that 7; must be less than or equal to the
stage two upper boundary.

Next, for all j, the authors define R; = Ry U---UR;, A; = AjU---UA; and C; = (RjUA;) =
ﬁ;mﬂ; by De Morgan’s law [120], where "c" denotes the complement. Thus, R j 1s the union of the
rejection regions at all j time points, A is the union of the acceptance regions at all j time points
and C; is the continuation region at time point j. The doublet (Rk, Ax) was used to represent the
overall acceptance and rejection region, where the acceptance region is equal to the complement
of the rejection region and vice versa (i.e., Ax = RS and Rx = A%). Every test with level
satisfies Po(Rg) = @ or equivalently Po(Ax) = 1 —a, where Py is the probability calculated under
Hy. Therefore, the probability of rejecting Hy at or before time point j is Py(R i) = aj, where
a1 < --- < ag = @ characterize the non-decreasing a-spending function of the test. In the same

way, the probability of accepting Hy at or before time point j can be expressed as Py (A i) =46,
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where 6] < .-+ < 0k = 1 — a characterize the 6-spending function. The authors then define what

it means for a test in this class to be optimal, as shown below.

Definition. Among all group sequential tests {(R;, A;),j = 1, ..., K} with a pre-specified (a, 0)-
spending function such that Po(ﬁj) = a; and Po(ﬁj) = 0, the test {(R?pt, ﬂ?pt), j=1,...,K}

is optimal within this class if P} (ﬁ;pt) > P1(R;) forall j.

Thus, if the optimal test exists, it is the most powerful test among all group sequential tests with
a pre-specified (a, 6)-spending function and, under H1, has a greater chance of rejecting Hy at or
before any time point j. This does not suggest that the optimal test will surely stop the study on
average earlier under Hy, since the study could also be terminated due to accepting Hy. Rather,
this implies that the optimal test will stop the trial more often earlier to make the correct decision.

Next, the authors show that for a pre-specified (a, 6)-spending function, their group sequential

test based on the sequential LRT statistic is optimal, where the likelihood ratio was denoted by

p1j(x;)

by = it) = poj(x;)

and the sequential LRT statistic was denoted by

J
Li=L;(yj)= l_[ L (xp)
I=1
for all j, with L; being assumed absolutely continuous under Hy. Similarly to the group sequential
example in the last section, the level @ group sequential test based on the sequential LRT statistic,
with a pre-specified («a, )-spending function, was defined as {(Q?R, ﬂ}“R), j=1,...,K}, where

RILR = (L > M%R), ﬂlLR =(L < llLR) and for j =2,...,K,

LR _ LR _ 7 LR LR 7 LR 7 LR
RN = (IR < Ly <uf® 08 <Ly <ul® Ly > uf
and
LR _ LR _ 7 LR LR 7 LR LR
ﬂj = (" <Ly Lup”, ,l]._1 <Lj ;< uj_l,Lj < lJ )



Here, the stage one rejection region based on the likelihood ratio is where the stage one LRT statis-
tic is larger than the stage one upper boundary, and the stage one acceptance region based on the
likelihood ratio is where the stage one LRT statistic is less than the stage one lower boundary.
For j = 2,...,K, the j-th acceptance/rejection region based on the likelihood ratio is again com-
prised of the continuation regions up to the stage j acceptance/rejection, and each of the stage-wise
upper and lower boundaries are constructed in a way that ensures that the test will have level a.
In particular, PO(RILR) = i, Po(ﬂ{‘R) =6y and for j = 2,...,K, Po(ﬂJL.R) = a; — a;_ and
Po(AR) =60;-6,_1.

Finally, the authors produce the theorem below to formalize their optimal group sequential test

based on the sequential LRT statistic.

Theorem 1. The optimal group sequential test with a pre-specified (a, 0)-spending function is
the group sequential test {(?QJL.R, ﬂJL.R), j =1,...,K}, derived using the sequential LRT statistics

defined above.

The authors used the following general process to begin proving their theorem. First, it can be
shown that P (R ;) =Eo(L jlﬁj) using a Borel measurability argument and the definition of expec-
tation, where Iz = 1 when R is true and Iz, = 0 otherwise. In other words, Iz = 1 if a rejection
occurs at stage j. Therefore, among the class of group sequential tests {(R;, A;),j =1,...,K}
with a pre-specified («, 8)-spending function, the optimal group sequential test {(R;pt, &Z{;?pt), j=
1,...,K}, if it exists, must satisfy Eo(L jlﬁ;’pl) > Eo(L jlﬁj). Thus, the expectation using the opti-
mal is always larger than or equal to the expectation using any other R j- This is quite complicated
to prove directly, so it suffices to show that L jlﬁ;pl is stochastically larger than or equal to L jIg‘zj un-
der Hy using induction and a generalized Neyman-Pearson lemma. More details and the remaining
steps of the proof are provided in the Appendix of Tsiatis and Mehta (2003) [66].

According to the authors’ theorem, and using the normality approximation in the group sequen-

tial example in the previous section, the LRT statistics can be written as L j =exp(u1S1 —n; ,u%/ 2),

where §; = Z; +--- + Zy;. Since L ; 1s a strictly monotone increasing function of S;, the optimal
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group sequential test is equivalent to the test that rejects Hy at time j if

RE =1 <S1<ur,.... L1 < Sj1 Sujer, S; > uy)
and accepts Hy at time j if

AR = (L <81 S, Ly £S5 S, Sy < ).

Because the normal distribution has the monotone likelihood ratio (MLR) property, this test is
independent of u; and thus is uniformly optimal for testing H;. Although all of these results may
seem reasonable on the surface, the next section will discuss some fundamental issues with the

authors’ paper.

6.2 Criticism

There are various aspects of Tsiatis and Mehta (2003) [66] that raise concerns. In their article,
they state that “a consequence of Theorem 1 is that any adaptive test will be less efficient ... or
dominated by the corresponding standard group sequential test based on the likelihood ratio test
statistic with the same («, 8)-spending function.” The authors also insist that “for any adaptive
design, one can always construct a standard group sequential test based on the sequential likeli-
hood ratio test statistic that, for any parameter value in the space of alternatives, will reject the
null hypothesis earlier with higher probability, and, for any parameter value not in the space of
alternatives, will accept the null hypothesis earlier with higher probability.” Unfortunately, both
claims are poorly grounded, as no rigorous proofs of them were supplied, and the conditions under
which they arrived at their conclusions are questionable.

The authors obtained their optimality results under the special case where (1) there was a fixed
set of null and alternative hypotheses, (2) there were fixed scheduled interim analysis times, that is,
at times when n; subjects completed the study, and a fixed set of («, 6)-spending functions, (3) their

efficacy was measured solely by the statistical power, (4) the generalized Neyman-Pearson lemma
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led to optimality only when the alternative is a finite set (recall that the traditional Neyman-Pearson
lemma assumes a single alternative), and (5) they assumed that data were collected independently
in each interim analysis.

Item (1) can be too restrictive when sponsors would like to have the flexibility to add or drop
treatments based on interim findings. Items (2) and (3) are related in the sense that both are assum-
ing a Neyman-Pearson paradigm in which the target is to control the type I error and maximize
the power. However, when the adaptive design becomes more seamless and interim decisions are
made via trial data and other external information, the benefit of the study should not be measured
only by power and must be evaluated more comprehensively. Item (4) is almost always violated,
because hypotheses that are tested in practice are usually compositional and multi-dimensional,
which render the generalized Neyman-Pearson lemma inapplicable. Finally, item (5) is too restric-
tive for multi-stage seamless designs, like the ones proposed in this dissertation, where patients
contribute longitudinal, and hence correlated, data at different stages.

To summarize, the benefits of the adaptive design over the group sequential design must be
evaluated more fairly and in a broader framework. For example, instead of just relying on power
for assessing efficacy, optimality could be redefined through a Bayesian approach by introducing a
more appropriate loss function (typical power-based designs use a 0-1 loss function) that accounts
for other important features, such as trial cost and duration [129]. Further research on this is needed

and will be a part of my ongoing work.
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Chapter 7: Discussion

This study directly contributes to the development and evaluation of different clinical trial
design options and analytical techniques that can be used to advance regulatory science. In several
common data situations, our proposed three-stage phase II/III transitional seamless design (with
and without interim sample size recalibration) exhibits potential in accelerating assessment in order
to more quickly bring drugs and other medical products to populations in need, which is applicable
to all therapeutic areas. Our proposed design is also attractive due to its efficiency (e.g., reducing
the lead time between the phase II study and the phase III study) and flexibility (e.g., permitting
early treatment/dosage selection and trial termination).

Clinical trial designs with bivariate endpoints were first considered at the turn of the century
[130] and designs with endpoint switch were developed soon after [119, 131], but some of these
assumed that the correlation between the intermediate and definitive endpoint data was known and
used simulations to guide its choice. While such an assumption is computationally convenient, it
may be practically difficult, especially when there is limited knowledge about their relationship.
As a contrast, our proposed design eliminates the need for information regarding the correlation
between the phase II and phase III endpoints, which can be difficult to quantify in practice; this fea-
ture avoids downstream consequences that could be caused by misspecifying the correlation. Yet,
once intermediate and definitive endpoint data is collected, their correlation could be analyzed to
ensure that the intermediate endpoint is indicative of the definitive endpoint using similar methods
to those from the COPE-HCYV study outlined in Section 1.4.

Compared to the standard two-stage design, an advantage of the proposed three-stage design
is that it gives the treatment under study more of an opportunity to prove itself. In other words,
at the second interim analysis, if the intermediate endpoint data is promising but the definitive

endpoint data is not, then the third stage allows for more definitive endpoint data to be collected
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and analyzed, which can help to protect against missing out on a therapy that is actually effective.
Also, as with all seamless designs that involve treatment selection, the proposed design allows for
early identification of ineffective or unsafe therapies at the first interim analysis, thereby improving
patient safety. Although we chose the highest performing treatment to be the one with the largest
treatment effect via (asymptotic) pairwise Z-statistics, there are also other techniques such as using
the predictive probability of success (PPS) or the probability of being the best (PBB) [132].

The PPS for treatment i = 1, ..., k at interim can be defined as p;} = P(d; > d), where d; is
the difference in means between treatment i and the control based on the interim data and d is the
minimum clinically meaningful effect. Denoting the observed interim difference for treatment i as

X; and the pooled sample standard deviation as S;, the PPS for treatment i can be expressed as

where @ is the standard normal cumulative distribution function and the most promising treatment
at interim will have the largest p;. Alternatively, the PBB for treatment i = 1,...,k at interim
can be defined as pll.’ = P(max;{d;} = d;), where d;, X; and S, represent the same quantities as
above. Since it can be shown that (X;,, Sl.zl) and (X;,, Sl.zz) are independent for all i; > i, the PBB

for treatment i can be expressed as

_ - k _ _
P = / Sli(p (z— (?g'i— Xo)) l_[ q)(Z— ();gg_XO)) dz
g=1,i#g

where ¢ is the standard normal probability density function and the best treatment at interim will
have the greatest pf.’. Both of these approaches could be incorporated into our proposed proce-
dures but different statistical methods may be required for validation. Lastly, although it would be
very unlikely in practice for a tie to occur at interim based on how our proposed procedures are
constructed, a sponsor could use the PBB first and then apply the PPS if there is somehow a tie.

One major concern when applying adaptations in clinical trials is how to control the overall

type I error rate at a pre-specified level of significance. In Chapters 2-5, the proposed unmodified
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and modified design procedures were described and statistically justified with supporting simula-
tions when employing (1) a continuous intermediate endpoint and a continuous definitive endpoint,
(2) a binary intermediate endpoint and a continuous definitive endpoint, (3) a binary intermediate
endpoint and a time-to-event definitive endpoint without censoring, and (4) a binary intermediate
endpoint and a time-to-event definitive endpoint with censoring, respectively. Chapter 4 considered
a time-to-event definitive endpoint in the absence of censoring, which can be quite rare, but this
material was used for Chapter 5 to construct a framework that accounts for censoring events. Note
that Chapters 4-5 do not include modified versions; our research is ongoing on this topic, includ-
ing the introduction of a cohort one sample size re-estimation procedure at the end of stage one.
Finally, in Chapter 6, we promote the proper appraisal and implementation of adaptive methods in
clinical trials to enhance regulatory decision-making based on data-driven evidence.

While both versions of the proposed design have many benefits, there are also some limitations.
First, we have verified that the proposed design is statistically sound for the data scenarios men-
tioned above under particular assumptions and using specific data models, but there are other pairs
of endpoint types that can be selected based on the study objectives (e.g., a binary intermediate end-
point and a binary definitive endpoint or a time-to-event intermediate endpoint and a time-to-event
definitive endpoint) and the endpoints may not follow our stated assumptions or bivariate normal
distributions. This necessitates further work to increase the generalizability of the proposed design
by investigating how our assumptions could be relaxed or removed, and what happens when the
endpoints have different joint distributions. For example, the intermediate and definitive endpoint
data may yield opposing conclusions on some occasions, though they are usually expected to align,
and they may not bear a linear or monotonic relationship. This is also unexpected in practice, but
the correlation between the endpoints could be negative, which may affect the statistical properties
of our design. Furthermore, not having to specify an exact joint distribution for the intermediate
and definitive endpoint data would be ideal, but would likely involve more complex processes such
as the Markov chain Monte Carlo (MCMC) algorithm [133] or the expectation-maximization (EM)

algorithm [134].
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Along with this, for the first two data scenarios discussed in Chapters 2-3, the variance of the
intermediate and definitive endpoint data must be known before trial start, so that the design pa-
rameters needed to maintain a certain type I error rate and reach a certain power can be obtained.
Determining if the parameters can be acquired without knowledge of the data variability could be
explored so that direct treatment effects rather than relative treatment effects can always be mea-
sured, or seeing if the variances can be adapted at interim if they are misspecified. Our design
also uses only the cohort one and cohort two intermediate endpoint data (no definitive endpoint
data) for the futility test at the end of stage two, and uses only the cohort one and cohort two
definitive endpoint data (no intermediate endpoint data) at the final analysis. The former feature
is pertinent when there are only a few treatment options available (e.g., there are currently only
two FDA-approved drugs, nintedanib and pirfenidone, available for treating idiopathic pulmonary
fibrosis); it is important to further explore an experimental intervention as long as the intermediate
endpoint data is compelling. The second and final analyses could include the cohort one defini-
tive endpoint data and the cohort one and cohort two intermediate endpoint data, respectively, by
adding additional parameters to the unmodified and modified procedures and slightly altering our
statistical steps. However, the superiority tests are of most interest, where a claim of efficacy can
only be made based on the definitive endpoint data. It is likely that doing this would also require
higher sample sizes, which is undesirable.

There are various additional future directions to consider that could expand or strengthen our
proposed design. First, the design combines phase II and phase III studies, but our structure may
be transferable to merging phase I and phase II studies. Nonetheless, since phase I/II studies typ-
ically have smaller sample sizes than phase II/III studies, confirming the statistical validity of our
procedures in these settings may require alternative approaches. Second, our design does not per-
mit cohort one subjects who are removed from the trial at the end of stage one to enter the second
cohort due to potential carryover effects and loss of independence; however, this could facilitate
recruitment and lessen some of the burden on study personnel. One possible route would be to in-

corporate response-adaptive randomization [135], but this would complicate how to ensure that the
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nominal type I error rate will not be exceeded [71]. Specifically, subjects from treatment groups
that were removed after stage one could be re-enrolled based on their reaction to their assigned
intervention and its relation to the highest performing therapy that was identified. Moreover, car-
ryover effects could be overcome by using a washout period with a duration chosen according to
the therapy’s mechanism of action, though this would still not address the independence violation.

It is also worth looking into if our proposed design and statistical procedures remain valid when
the sample sizes in each treatment arm are not exactly equal, which is often the case in real-world
trials due to dropouts and loss to follow-up, or when there is unequal allocation at baseline, which
can be used when a therapy is being evaluated for a condition that has no available interventions.
When the groups are closely equal in size, there should be no major issues with the functioning of
our design but if the group sizes substantially differ, this would need to be examined further. The
methods presented here could be extended to seamless designs with more than three stages, but
adding more stages would demand clinical and statistical justification. Another consideration is
how to adjust for important variables on top of treatment arm, like age and sex. As this would go
beyond the bivariate case, the multidimensional version of Slepian’s lemma [136] could perhaps
be used for proving that the operational characteristics of the design would not be compromised.
Finally, only positive critical value parameters (c1, ¢2, d1, d» > 0) were considered in this study, but
negative boundaries could be more suitable in some scenarios, and more simulations are required

to verify our proposed design procedures for different values of k, o2, 72,681, and 65.
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Appendix A: Plot of the Expectation  Defined in Chapter 4
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Figure A.1: Plot of the expectation ¢ defined in Chapter 4 via 10000 replications with p; = 0.7,
& = 1 and V;; simulated from a standard normal distribution 1000 times, demonstrating its strictly
increasing nature. Note that the curve will remain strictly increasing irrespective of the choice of
pi > 0andé; > 0.
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Appendix B: Plot of the Expectation { Defined in Chapter 5
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Figure B.1: Plot of the expectation ¢ defined in Chapter 5 via 10000 replications with C = 1,
pi =0.7,& =1, and V;; simulated from a standard normal distribution 1000 times, demonstrating
its strictly increasing nature. Note that the curve will remain strictly increasing irrespective of the
choice of C > 0, p; > 0 and &; > 0.
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