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Abstract

In recent years, innovative two stage seamless adaptive designs are increasingly used in
clinical development to accelerate decision making and improve efficiency while preserving
confirmatory integrity. This thesis develops methods for two stage seamless adaptive trials in
which interim and final stages may use different endpoints, and the enrolled population may shift
over time. It introduces a design level mean framework that links early surrogate markers
readouts to later primary clinical endpoints under a common objective, and derives a surrogate
informed combined estimator for paired, partially overlapping and independent settings. Under
certain conditions, the estimator is unbiased, uses variance minimizing weights, and applies
correlation aware spending to preserve overall type I error.

The second part of this thesis addresses efficient evidence for biosimilarity assessment.
An innovative Biosimilarity Index (BI) is introduced to formalize decision making for
biosimilarity when pharmacokinetic similarity provides the primary evidentiary basis, with
performance compared against the conventional confidence interval approach. The idea of BI was
then extended to an innovative Relative Biosimilarity Index (RBI) that explicitly incorporates
inherent variability and provides a method to define a proposed regulatory similarity threshold for
RBI testing that is interpretable across products.

Collectively, these contributions expand novel statistical methods for two-stage seamless
adaptive designs and biosimilarity evaluation, delivering procedures that are statistically accurate,

efficient and aligned with practical development and review needs.
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1. Introduction

1.1 Background

The increasing complexity of drug development and the demand for greater
efficiency have underscored the importance of innovative trial designs. From a clinical
perspective, there is a growing need to detect signals or trends of safety and efficacy
more efficiently, enabling timely decisions about the future of a test treatment. From a
regulatory perspective, novel designs must still generate substantial evidence to support
the approval of new therapies. Regulatory agencies, such as the United States (US) Food
and Drug Administration (FDA) and European Union (EU) European Medicine Agency
(EMA), have issued multiple guidance documents to support the adoption of innovative
approaches while maintaining compliance with regulatory standards. From a statistical
perspective, it is essential that these designs ensure integrity, quality and scientific
validity of clinical data, which are critical to both regulatory review and clinical
interpretation. In response to these needs, seamless adaptive trial designs have emerged
as a flexible and efficient alternative to traditional sequential designs, offering the

potential to streamline clinical development while maintaining rigor and credibility.

1.1.1 Complex Innovative Design

In 2018, the US FDA recommended the use of complex innovative design (CID)
for clinical investigation of a test treatment under study for a flexible, efficient, accurate
and reliable assessment of the test treatment. The CID includes adaptive design, n-of-1
trial design, master protocol design, and Bayesian group sequential design. In recent

years, the pursuit of more flexible, efficient, ethical, and informative clinical trials has led
1



to the emergence and growing adoption of flexible (adaptive) designs. These designs
provide a flexible and rigorous framework for modifying key elements of a clinical trial
based on accumulating interim data, all within a prospectively planned structure. Such
flexibility is especially important in modern clinical development, where traditional
fixed designs may not accommodate evolving knowledge or uncertainties encountered
during trial conduct (see, e.g., Chow & Chang, 2011; FDA, 2019).

Adaptive trial designs are defined by the US FDA as “a clinical trial design that
allows for prospectively planned modifications to one or more aspects of the design
based on accumulating data from subjects in the trial” (FDA, 2019). Unlike post hoc
protocol amendments, which are reactive and often require regulatory resubmission,
adaptations are pre-specified in the protocol and guided by predefined decision rules.
This approach ensures statistical validity while allowing the trial to respond
dynamically to emerging information (FDA, 2019).

Key features that distinguish adaptive designs from traditional fixed designs
include their ability to modify parameters such as sample size, treatment arms,
randomization ratios, inclusion/exclusion criteria, and study endpoints. These adaptions
are made based on interim analyses and are governed by statistical rules aimed at
maintaining control of Type I error rate and achieving desired statistical power (or
minimizing Type II error rate (Jennison & Turnbull, 2000; Chow & Chang, 2011). For
example, a treatment arm demonstrating clear futility may be dropped early, or a trial

may be expanded if early signs of efficacy are observed (FDA, 2019). Crucially, these



adaptations are implemented in a manner that preserves the integrity and
interpretability of the final analysis.

Adaptive designs are particularly advantageous in settings where uncertainties
exist at trial initiation, such as in early-phase trials, precision medicine applications, or
rare disease studies. They offer several potential benefits over traditional designs:

o  Flexibility

The defining advantage of adaptive designs is flexibility: prospectively
specified modifications to aspects such as sample size, randomisation ratios,
treatment arms/doses, or target subpopulations in response to interim

information (Jennison & Turnbull, 2000; Bretz et al., 2009; Chow & Chang, 2011;

Kairalla et al., 2012; Van der Baan et al., 2012; Wang et al., 2009; FDA 2019). This

designed-in ability to learn and adapt during the trial is precisely what enables

the ethical and economic efficiency gains described below.
e Efficiency

Adaptive designs may offer significant gains in operational and resource
efficiency by enabling prospectively planned modifications to the trial based on
accumulating interim data (Jennison & Turnbull, 2000; Kairalla et al., 2012; Van
der Baan et al., 2012; Wang et al., 2009). One of the primary advantages lies in the
ability to reduce development timelines and trial costs through early stopping for
futility or efficacy. For instance, if interim results indicate that a treatment is
unlikely to achieve its intended clinical benefit, the trial may be terminated early,

thereby avoiding the enrolment of additional participants and conserving

3



resources. This may also minimize patient exposure to ineffective or potentially
harmful therapies. Conversely, when interim analyses reveal strong evidence of
treatment efficacy, the trial may be adapted to accelerate progression, expand
enrolment, or reallocate resources toward further investigation. Such
responsiveness enhances the overall efficiency of the development process, both
ethically and economically.
Resource Optimization

One of the core benefits of adaptive clinical trial designs is their ability to
potentially enhance resource optimization. By incorporating procedures such as
sample size re-estimation, interim analyses, and adaptive allocation strategies,
adaptive designs allow investigators to dynamically adjust resource use
according to accumulating evidence (Chow & Chang, 2011; Mehta & Pocock,
2011; Hatfield et al., 2016). For example, when early data indicate that a treatment
arm is unlikely to demonstrate sufficient efficacy, that arm may be dropped,
thereby avoiding further investment in unpromising options. Similarly, if
variability estimates from interim data differ substantially from initial
assumptions, sample size can be re-estimated to ensure adequate power without
over-recruitment. Moreover, the sample size required may decrease when the
adaptive designs such as seamless phase 2/3 design are applied appropriately
(see e.g., Teng et al., 2020; Jiang & Yuan, 2023). These features contribute to a
more efficient allocation of participants, funding, and time across the

development program.



Ethical Advantage

In addition, adaptive designs offer significant ethical advantages. The
ability to terminate a trial early due to lack of efficacy, excessive toxicity, or
overwhelming efficacy minimizes the exposure of participants to ineffective or
harmful interventions (Pallmann et al., 2018; Gershom et al., 2023). This feature is
particularly critical in areas such as oncology or rare diseases, where treatment
options may be limited, and patient populations are vulnerable. Early stopping
for harm prevents the continued administration of detrimental treatments, while
early stopping for success allows beneficial therapies to reach broader patient
populations more rapidly. Furthermore, adaptive designs may incorporate
enrichment strategies to focus recruitment on patient subgroups showing greater
likelihood of benefit, reducing unnecessary enrolment of patients unlikely to
respond (Thall, 2021; Simon & Simon, 2013).
Improved Decision-making

Adaptive designs can enhance the decision-making process in clinical
trials by enabling interim evaluations of accumulating data, which can inform
timely and evidence-based adaptations to the trial structure. Unlike traditional
designs, which typically wait until the study's completion to assess efficacy or
futility, adaptive trials incorporate pre-specified interim analyses that allow
sponsors and investigators to make decision on adjustments. These may include
increasing sample size, modifying randomization ratios, dropping or adding

treatment arms, or stopping the trial early for efficacy or futility (Kairalla et al.,

5



2012; Pallmann et al., 2018; Mehta & Pocock, 2011). This flexibility supports
timely decision-making and improves the efficiency of the trial, thereby
accelerating the overall clinical development process.

Multi-arm adaptive platforms further support rapid go/no-go decisions
by allowing simultaneous comparison of multiple treatments and adapting based
on interim performance (Wason et al., 2012). In oncology and precision medicine
applications, Bayesian adaptive designs enable continuous decision-making
based on the strength of accumulating evidence, allowing for accelerated
identification of promising therapies (Berry et al., 2013; Yada, 2022; Zhou et al.,
2008). These features contribute to faster, more efficient clinical development by
shortening the time needed to reach definitive conclusions or pivoting away
from unpromising interventions.

Support for Precision/Personalized Medicine

Adaptive designs have become an essential methodological tool in
advancing precision medicine, which seeks to tailor therapies to clinically
meaningful subgroups of patients defined by shared genetics, biomarkers, or
phenotypic features. Among these designs, adaptive enrichment approaches are
particularly well-suited to identify and focus on subpopulations most likely to
benefit from treatment during the course of a trial (Thall, 2021). By using interim
analyses to assess heterogeneity of treatment effects across biomarker-defined
subgroups, adaptive trials enable the dynamic refinement of study populations

in real time.



This capability is also relevant in oncology, where treatment response
often varies based on molecular or genomic signatures. For example, Zhou et al.
(2008) proposed a Bayesian adaptive design for the development of targeted
therapies in non-small cell lung cancer, demonstrating how biomarker-guided
adaptation can increase trial efficiency and align with the goals of personalized
medicine. Their approach enables early identification of effective agents, while
allowing the trial to eliminate the ineffective agents and therefore match effective
treatments with patients” biomarker profile. Such designs reduce unnecessary
exposure to ineffective interventions and accelerate the identification of
promising effective treatment for each patient.

Recent methodological advancements have further expanded the scope of
adaptive design, including in high-dimensional biomarker settings (Yada, 2022).
These innovations enhance the ability of trials to adjust to emerging evidence,
thereby aligning more closely with the goals of personalized healthcare. As
healthcare continues to shift toward personalized treatment paradigms, adaptive
designs, particularly those incorporating subgroup selection and biomarker-
guided adaptations, are increasingly recognized as a foundational element of
precision clinical research.

There are several categories of adaptive designs, each suited for different
objectives. These include but are not limited to (Chow & Chang, 2008):

Table 1: Common types of adaptive designs

Design Type Description Example References
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Group Sequential

Designs

Allows early stopping for
efficacy or futility based on

interim analyses.

Posch & Bauer (1999);
Jennison & Turnbull (2000);
Miiller & Schifer (2001);

Jennison & Turnbull (2006)

Sample Size Re-

estimation Designs

Adjusts sample size based on
interim estimates of variance or

effect size to maintain power.

Lehmacher & Wassmer
(1999);
Gao et al. (2008);

Pritchett et al. (2015)

Response-Adaptive

Randomization

Modifies allocation
probabilities during the trial to
favour better-performing

treatments.

Rosenberger et al. (2001);

Robertson et al. (2023)

Drop-the-Loser

Designs

Eliminates inferior treatment

arms as data accumulate.

Sampson & Sill (2005);

Sun et al. (2006)

Seamless Phase I1/111

Designs

Combines exploratory (Phase
IT) and confirmatory (Phase III)
phases into a single continuous

trial.

Kelly et al. (2005);

Chow et al. (2007)

Biomarker-Adaptive

Designs

Allows adaptation based on
biomarker data, including
enrichment or subgroup

targeting.

Wang et al. (2007);
Yada (2022);

Jin & Zhang (2023)

Despite their advantages, adaptive designs are associated with specific

challenges. Their planning and implementation require sophisticated simulations to

assess performance across various scenarios. The increased complexity in design
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necessitates detailed documentation of adaptation rules, and real-time data monitoring
must be carefully controlled to avoid operational bias. Statistically, maintaining Type I
and Type II error control and avoiding inflated false-positive conclusions remain central
concerns. Furthermore, while regulatory acceptance of adaptive designs has improved
(FDA, 2019), some forms of adaptation still lack well-established methodological
frameworks, limiting their broader application.

In summary, adaptive clinical trial designs offer a promising alternative to
traditional fixed designs by incorporating flexibility and efficiency into trial conduct.
When properly planned and executed, they have the potential to accelerate development
timelines, optimize the use of limited resources, and improve outcomes for both
sponsors and patients without compromising scientific validity. As regulatory agencies
continue to provide guidance and statistical methodologies mature, adaptive designs are
expected to play an increasingly vital role in the future of clinical research.

While adaptive designs offer substantial advantages in flexibility, efficiency, and
ethical responsiveness, they also present several methodological and operational
challenges that must be carefully addressed to preserve scientific validity and regulatory
acceptability. The key limitations include design and implementation complexity,
incomplete statistical support, and potential for operational bias.

e Complexity in Design and Implementation
Adaptive designs require more intricate planning and operational
execution compared to traditional fixed designs. Each potential adaptation,

whether involving changes in sample size, dose level, treatment arms, or
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endpoints, must be rigorously pre-specified and statistically justified. The
necessity to define clear and objective adaptation rules adds an additional layer
of complexity to both the protocol and statistical analysis plan (Chow & Chang,
2011; Pallmann et al., 2018). Furthermore, interim analyses and real-time
decision-making require specialized infrastructure, including secure data
monitoring, access control procedures, and advanced software tools to simulate
and validate adaptation procedures. These requirements often result in longer
setup times, increased operational costs, and a greater demand for specialized
statistical and operational expertise (Kairalla et al., 2012; Quinlan & Krams, 2006;
Gallo et al., 2006).
Inadequate Statistical Support

Despite the progress in adaptive methodology, not all adaptive designs
are fully supported by established statistical frameworks. Unlike fixed designs,
where inference procedures are straightforward and well-validated, adaptive
trials introduce complexities related to error rate control, bias, and variance
estimation. Mid-course adaptations, such as adding treatment arms or re-
estimating sample size, can inadvertently inflate the Type I or Type II error rates
if not appropriately adjusted for (Mehta & Pocock, 2011; Wassmer & Brannath,
2016). Moreover, statistical tools for certain complex adaptations, such as change
in study endpoints or biomarker-driven dynamic enrichment, are still evolving
and lack universally accepted implementation standards. This lack of

methodological maturity may complicate interpretation, limit generalizability,
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and pose potential challenges during regulatory review (FDA, 2019; Gallo et al.,
2006).
e Potential for Operational Bias
The inherent flexibility of adaptive trials introduces increased
susceptibility to operational bias, especially when interim analyses are not
adequately blinded or when adaptations rely on subjective interpretation of early
results (Pallmann et al., 2018). For instance, prematurely stopping a trial based on
overly optimistic interim outcomes may result in overestimated treatment effects
that do not replicate in subsequent studies. Moreover, trials with early stopping
rules may fail to detect meaningful long-term outcomes (Gershom et al., 2023).
Moreover, adaptive decisions, such as modifying randomization ratios or
eligibility criteria, may be inadvertently influenced by factors such as operational
considerations, commercial pressures, or investigator expectations, rather than
pre-specified statistical criteria (Huskins et al., 2018; Pallmann et al., 2018). Such
non-scientific influences can threaten the internal validity of the trial and
undermine confidence in its conclusions. To mitigate these risks, adaptive trials
must incorporate robust oversight mechanisms, including independent data
monitoring committees, and strictly adhere to pre-planned decision rules and
blinding protocols.
In summary, while adaptive designs provide a powerful and flexible framework
for improving clinical trial efficiency, their successful implementation depends on

meticulous planning, rigorous statistical methodology, and robust trial monitoring.
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When limitations such as design complexity, incomplete statistical support, and
operational bias are proactively addressed, adaptive trials can maintain scientific

integrity and significantly enhance the pace and precision of drug development.

1.1.2 Two-Stage Seamless Adaptive Design

A two-stage seamless adaptive design represents a specific subclass of adaptive
clinical trial methodologies, wherein two traditionally distinct trial phases, such as
Phase 2 and Phase 3, are integrated into a single study. As described by Chow and Lin
(2015), this approach refers to a design that combines two independent trials into one
unified framework, thereby enabling the evaluation of objectives from both stages
within a continuous development process. Data collected both prior to and following
adaptation are incorporated into the final analysis, ensuring continuity in statistical
inference and eliminating the need for initiating a separate follow-up trial between
phases.

The principal objective of a two-stage seamless design is to streamline clinical
development by removing the conventional pause that typically occurs between
sequential phases. This facilitates a more efficient transition from early- to late-stage
evaluation and allows for adaptive decision-making based on interim data collected
during the first stage (Chow & Chang, 2011; Chow & Lin, 2015). At the interim analysis,
typically conducted at the conclusion of Stage 1, accumulated data are evaluated to
inform decisions regarding continuation, modification, or early termination of the trial.
Crucially, the integrity of the trial is preserved by allowing data from both stages to be

analysed jointly in the final analysis, thereby avoiding redundant regulatory
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submissions and the logistical delays associated with initiating a new study (Chow &
Chang, 2011).

This framework accommodates a range of pre-planned adaptations, including
but not limited to treatment arm selection, sample size re-estimation, modification of
eligibility criteria, adjustment of study endpoints, and early stopping for futility or
efficacy. Such flexibility enables real-time trial optimization and may reduce
development timelines and associated resource expenditure. For instance, treatments
exhibiting promising efficacy signals during the interim analysis may seamlessly
transition into confirmatory testing, whereas treatments demonstrating limited benefit
may be discontinued. This adaptive capability facilitates efficient and ethical resource
allocation (Pallmann et al., 2018; Sverdlov & Wong, 2014; Chow & Lin, 2015).

Given its potential to support early termination decisions based on strong
evidence or futility, the two-stage seamless design can also expedite the transition to
regulatory review, thereby accelerating the timeline from development to potential
approval. These advantages are particularly relevant in time-sensitive therapeutic
areas, such as infectious disease outbreaks (e.g., pandemics), where timely decision-
making and efficient resource allocation are critical. Similarly, in oncology, this design
has been used to accelerate the evaluation of treatments by using intermediate outcomes
and/or simultaneously testing various new agents (Parmar et al., 2008).

Despite its operational and ethical advantages, the implementation of a two-
stage seamless design necessitates rigorous pre-trial planning and advanced statistical

methodology (Zhu & Wong, 2023). Since adaptations are informed by interim data,
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failure to account for potential biases and proper control of the type I error rate may
compromise the validity of the final analysis. To address these challenges, robust
simulation studies and prospectively defined adaptation rules would be critical
components of trial planning and execution (Pallmann et al., 2018).

In summary, the two-stage seamless adaptive design offers a strategically
valuable framework for modern clinical research. By combining trial phases into a single
protocol and incorporating adaptive elements that preserve statistical integrity, this
design enhances development efficiency, promotes ethical and prudent use of resources,
and aligns with the increasing demand for flexible, data-responsive methodologies in

complex therapeutic areas.

1.2 Types of Two-stage Seamless Adaptive Designs and Current Analysis
Methods

Two-stage seamless adaptive designs represent an advanced form of adaptive
clinical trial methodology, enabling prespecified modifications between two stages of a
trial, typically following an interim analysis of the data accumulated in the first stage.
These designs allow for the integration of two clinical trial phases into a single,
continuous study protocol, thereby improving efficiency of the trial, reducing costs, and
enhancing ethical oversight. These designs can accommodate changes in key trial
parameters, such as sample size, treatment dose levels, and patient populations,
depending on the interim results. The ability to combine two trials that were planned

and conducted independently, and to implement prespecified modifications, enhances
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the trial’s adaptability and improves the efficiency while preserving scientific rigor and

statistical validity.

1.2.1 Types of Two-Stage Seamless Adaptive Designs

The categorization of two-stage seamless adaptive designs primarily depends on
the changes that occur between the two stages, specifically whether these involve the
study's objectives, endpoints, or population. According to Chow (2020), these designs
can be classified into eight categories based on whether the study objectives, endpoints,

and population are the same or different at each stage. The designs are grouped as

follows:
L 0-D design: No differences between stages (i.e., the same objectives,
endpoints, and population).
ii. 1-D design: One element (objectives, endpoints, or population) differs
between stages.
iii. 2-D design: Two elements differ between stages.
iv. 3-D design: All three elements differ between stages.

Table 2: Types of two-stage seamless adaptive designs (depending upon objective, endpoint,
and population)

Target Patient Population

Same (S) Different (D)

Study Endpoints Study Endpoints
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Study Objectives Same (S) | Different (D) Same (S) Different (D)

Same (S) SSS SDS SSD SDD

Different (D) DSS DDS DSD DDD

The complexity of the design increases as the number of differences ("D")
increases. As k increases from 0 to 3, the complexity of the study design grows,
requiring more sophisticated statistical methodology to ensure proper control of Type I
error and trial integrity across adaptations. Further classification based on endpoint data
types can also be made under the scenario that study endpoints of two stages are
different.

These different categories of two-stage designs are crucial for aligning trial
conduct with evolving clinical needs. For example, in early-phase settings, directly test
treatment efficacy after dose-finding (e.g. Wages & Tait, 2015); or in later phase trials
directly continue to confirmatory stage (phase III) after learning stage (phase II) (e.g.
Schmidli et al., 2006; Jiang & Yuan, 2023). In contrast, later-phase trials might

incorporate adaptations based on more definitive efficacy or safety data.

1.2.2 Statistical Challenges and Literature Review of Two-Stage Seamless
Adaptive Designs

Each category of the two-stage seamless adaptive design requires tailored
statistical approaches to ensure the validity and integrity of trial results. The simplest

category, the 0-D design, does not require major adjustments to standard statistical
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methodology, as the objectives, endpoints, and patient populations remain consistent
across both stages. In these cases, conventional inference procedures can be applied
without introducing bias or compromising error control.

Historically, foundational work by Bauer and Kohne (1994) introduced a
procedure for combining p-values into a single test statistic for adaptive interim
analyses, laying the groundwork for maintaining type I error across seamless
transitions. Posch et al. (2005) further developed flexible group sequential methods
incorporating adaptive treatment selection while preserving the validity of both
hypothesis testing and estimation, making their methodology especially relevant to
seamless Phase II/III designs where treatment selection decisions are made at the
interim.

However, as the number of differences increases, as seen in 1-D, 2-D, and 3-D
designs, statistical complexity correspondingly grows. These designs introduce
challenges in managing changes in trial objectives, study endpoints, and target
populations between stages. Existing methods, particularly those originally developed
for traditional group sequential or fixed-design trials, may not fully accommodate the
adaptive features and dynamic changes present in seamless designs. When multiple
elements such as the endpoint, objective, and population vary between stages,
additional assumptions and methodological considerations are needed to derive valid
statistical inferences. In such settings, approaches such as covariate adjustment, Bayesian
frameworks, and advanced modelling strategies become necessary to maintain the rigor

and reliability of results (see, e.g., Jiang & Yuan, 2023; Ma et al., 2022). In this section, we
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review the primary statistical challenges and associated methods developed in the
literature, organized by three major aspects of design divergence: (1) different objectives,
(2) different study endpoints (including different endpoint data types), and (3) different
patient populations.

1.2.2.1 Different Study Objectives

In scenarios where the study objectives differ between stages, such as
transitioning from dose-finding in Phase II to confirmatory efficacy evaluation in Phase
I1I, a dual-hypothesis framework is required., and statistical methods must ensure
control of type I error rates across both stages. Early foundational work by Bauer and
Kohne (1994) proposed combination tests that retain control of the familywise type I
error rate while allowing mid-trial adaptation. Posch et al. (2005) extended this to allow
for adaptive treatment selection in flexible group sequential settings. Their method is
particularly relevant in seamless Phase II/III designs where early-stage treatments may
be dropped or selected for continuation.

Jin and Zhang (2021) proposed a seamless 2-in-1 design that integrates Phase 2
and Phase 3 for treatment or dose selection, maintaining overall type I error control. This
was later extended by Jin and Zhang (2023) to accommodate biomarker-based
subpopulation selection, further increasing flexibility and clinical relevance. Stallard et
al. (2014) and Bretz et al. (2006) proposed approaches to enable subgroup or hypothesis
selection at interim, ensuring statistical rigor despite objective changes. Similarly,
Schmidli et al. (2006) and Maca et al. (2006) discussed practical and regulatory aspects of

confirmatory adaptive seamless designs that support changing objectives.

18



1.2.2.2 Different Study Endpoints

Endpoint divergence across stages, for example using a short-term surrogate
marker in Stage 1 and a long-term clinical outcome in Stage 2, poses both conceptual and
statistical challenges. In this type of scenario, it is usually assumed that the first-stage
endpoint is associated with the second-stage endpoint, while predictiveness is asserted
only when justified.

Chow, Lu, and Tse (2007) directly addressed this by proposing statistical
methods to analyse two-stage seamless trials with different study endpoints, based on
the assumption that the early endpoint is predictive of the final one. Takahashi et al.
(2022) offered a bivariate binomial approach for combining short-term and long-term
binary endpoints in a two-stage adaptive design. Their exact conditional test ensures
robustness against dependence structure assumptions.

Chow and Lin (2015) discussed analysis methods for 2-D two-stage seamless
adaptive designs in which the study objective and/or endpoint differ between stages.
Their work focused on maintaining statistical validity when integrating interim and final
analyses, particularly in settings involving transitions from surrogate marker to clinical
outcomes.

Stallard (2010) introduced a framework for incorporating short-term endpoints
into confirmatory decision-making, which was extended in Stallard et al. (2015) for
flexible treatment selection. Kunz et al. (2014) compared previous methods for
incorporating early outcomes, and proposed a new approach emphasizing power and

probability of correct treatment selection. Friede et al. (2020) presented simulation-based
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approaches for using early outcomes to guide treatment or subgroup selection and
implemented these in R. The flexible simulation-based framework also supports mixed-
type endpoints (e.g., binary, normal, time-to-events) by modelling early and final
outcomes separately yet coherently in R.

In Bayesian contexts, Yang et al. (2024) introduced a Bayesian predictive power
approach to jointly monitor multiple co-primary endpoints. Researchers have also
developed specialized models for analysing time-to-event and count data under two-
stage adaptive frameworks. Lu, Tse, and Chow (2010), Lu et al. (2012), and Lu, Chow,
and Tse (2014) proposed inferential approaches for such data types under Weibull
distribution assumptions, accounting for issues such as non-uniform entry, censoring,
and differing study durations across stages.

Moreover, in therapeutic areas such as metabolic dysfunction-associated
steatohepatitis (MASH), where disease progression is slow and clinical endpoints are
difficult to capture early, adaptive trial designs have been proposed to facilitate
development by enabling interim decisions based on surrogate measures (Filozof et al.,
2017). This highlights the importance of statistical frameworks capable of integrating
differing endpoints across trial stages, particularly in 2-D seamless designs.
1.2.2.3 Different Study Populations

In two-stage seamless adaptive designs, patient populations may shift between
stages due to factors such as changes in eligibility criteria, biomarker-driven enrichment,

emerging evidence on subgroup responsiveness, or progression in disease status. These

20



population shifts raise important concerns about internal validity, treatment effect
generalizability, and the validity of pooled inference.

Rosenblum and Van der Laan (2011) proposed a design framework for
optimizing the identification of beneficial subpopulations, defined by baseline
covariates. Their method aims to maximize power to detect whether a treatment yields a
positive effect in specific covariate-defined groups. While not framed explicitly for
seamless adaptive trials, their use of weighted test statistics across subgroups offers
conceptual tools for managing changing patient populations, especially in settings
where subpopulation definitions evolve or interim analyses guide enrichment strategies.

To address the increasing interest in personalized medicine, Jin and Zhang (2023)
developed an extension to their 2-in-1 adaptive design that allows for biomarker
subpopulation selection at the interim. This makes it possible to refine the target
population in Stage 2 while still preserving the inferential framework of a seamless
design.

Jenkins et al. (2010) proposed an adaptive seamless Phase II/III design for
oncology trials which allows evaluation of treatment effects in both the full population
and a biomarker-defined subgroup as co-primary populations. Their method accounts
for correlated survival endpoints and supports subpopulation selection at interim
analysis, enabling inclusion or exclusion criteria to be updated based on early efficacy
signals. This framework enables adaptive population refinement without compromising

statistical validity.

21



Jiang and Yuan (2023) proposed four different seamless Phase II/III designs for
dose optimization, comparing their efficiency and operating characteristics. While the
designs aim to improve trial efficiency by selecting optimal doses early, the authors note
that two of the four designs are particularly suitable when population changes across

stages, offering greater robustness in the presence of population drift.

1.3 Research Gap and Problem Statement

Although two-stage seamless adaptive designs have gained increasing attention
for their potential to improve trial efficiency and flexibility, important methodological
challenges remain, particularly in complex applications such as biosimilar development.
As clinical trials evolve toward more adaptive and data-driven frameworks, there is a
pressing need for statistical methods that can support this flexibility without
compromising scientific rigor. In particular, the integration of population shifts,
changing endpoints, and adaptive decision-making criteria into a unified framework
remains underdeveloped. This section outlines three specific areas where current
methodologies fall short and where further research is needed to advance the effective

use of two-stage seamless adaptive designs.

1.3.1 Shifts in Study Population and Change in Study Endpoints

An important but underexplored challenge in two-stage seamless adaptive
designs is the scenario where both the study population and the primary endpoint
change between stages. This situation is increasingly relevant in modern clinical trials,
especially those targeting complex diseases or precision medicine settings, where

disease may progress during the conduct of trial, and interim results often necessitate
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change to the enrolled patient population and a transition from early surrogate markers
to more clinically meaningful outcomes.

Despite the flexibility of adaptive designs, existing statistical methodologies
typically accommodate only single-dimension adaptations, such as changes in the
endpoint or the population, but not both. As reviewed in Section 1.2.2, most frameworks
focus on controlling type I error and ensuring unbiased estimation under one-
dimensional shifts. However, multi-dimensional adaptations, involving simultaneous
changes to both the population and the endpoint, introduce analytical complexities that
are not adequately addressed by current methods. These complexities may include
correlated shifts in subgroup representation and response dynamics, or incompatibility
of interim and final endpoints due to differing data distributions.

This gap presents a critical limitation for the design and analysis of adaptive
seamless trials, as unadjusted shifts may lead to biased inference, reduced power, and
compromised trial integrity. Addressing this methodological shortcoming requires the
development of new statistical frameworks that jointly account for endpoint change and

population shift, while preserving statistical validity of the trial analysis.

1.3.2 Challenges in Biosimilar Development

Biosimilars, the biologic products shown to be highly similar to approved
reference biologics, pose distinct challenges in clinical development due to the complex
nature of biological manufacturing and the high evidentiary standards required by
regulatory agencies. The FDA's stepwise framework for biosimilar approval emphasizes

a cumulative evidence approach, including analytical studies,
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pharmacokinetic/pharmacodynamic (PK/PD) evaluations, and comparative clinical
studies to confirm similarity in efficacy and safety. While this process ensures regulatory
confidence, it is resource-intensive and often results in prolonged development
timelines.

Given the high costs associated with biologics and the growing global demand
for more affordable alternatives, there is increasing need to modernize biosimilar trial
design. Conventional approaches, which treat each required study as independent, can
lead to duplication of effort and delays in decision-making. This is particularly
problematic in therapeutic areas such as cancer, autoimmune disorders, and metabolic
diseases, where timely patient access to biosimilars could have a meaningful public
health impact.

Despite growing interest in adaptive designs, their application in biosimilar
development remains relatively limited. Few studies have systematically explored how
flexible trial structures, such as two-stage seamless adaptive designs, can be effectively
adapted to the unique regulatory and scientific requirements of biosimilar evaluation.
Addressing this gap is essential for expanding the methodological toolkit available to

support more efficient, rigorous, and evidence-based biosimilar approval processes.

1.3.3 Lack of Similarity Threshold Frameworks for Biosimilar Development

An essential element of adaptive clinical trial designs is the ability to make
preplanned decisions at interim analyses, such as whether to continue, modity, or stop a

trial based on accumulating evidence. These decisions are typically guided by statistical

24



decision boundaries, which serve as pre-specified thresholds to preserve type I error
control and trial integrity.

While similarity threshold frameworks are well established for traditional group
sequential and some adaptive designs, their extension to more complex settings, such as
two-stage seamless trials for biosimilars, remains underdeveloped. Existing methods
largely focus on superiority or efficacy trials, with limited applicability to biosimilarity
objectives, which often involve equivalence margins and non-inferiority comparisons.

This gap is particularly critical in the context of biosimilar development when
applying two-stage seamless adaptive designs, where interim decisions based on early
pharmacokinetic (PK) data must be carefully evaluated and appropriately integrated
with subsequent primary clinical endpoint analyses. In the absence of well-defined
statistical frameworks to guide these decisions, the application of such designs remains
largely ad hoc, increasing the risk of inconsistency with regulatory expectations and
undermining the efficiency and credibility of the development process.

There is thus a critical need for research focused on developing similarity
threshold methodologies specifically tailored for biosimilarity objectives within two-
stage seamless designs. Advancing this area would support more consistent interim
decision-making, improve trial efficiency, and enhance the acceptability of adaptive

designs in regulatory review processes for biosimilars.

1.4 Research Objectives

The overarching goal of this thesis is to advance the statistical methodology for

two-stage seamless adaptive designs, with a focus on improving their applicability in
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complex and evolving clinical trial contexts. While these designs offer substantial
operational and ethical advantages, their analytical foundations remain underdeveloped
in scenarios involving changes to study populations, endpoints, or objectives across the
stages, which are common in modern therapeutic areas such as oncology, liver disease,
and biosimilar development. This research aims to address these methodological gaps

through three interconnected objectives:

1.4.1 Development of a Statistical Method for Analysing Two-Stage Seamless
Adaptive Designs with Population Shifts and Endpoint Changes

The first objective is to develop a robust statistical framework for analysing two-
stage seamless adaptive trials in which both the patient population and the study
endpoint change between stages. While most existing methods assume consistency in
these design elements, real-world trials often face changes due to disease progression,
evolving eligibility criteria, or shifts from surrogate marker to clinical outcomes.

This research proposes a method capable of integrating data across such shifts
while maintaining statistical validity, particularly focusing on preserving type I error
and ensuring adequate power. The framework will be applicable to areas such as liver
disease, where dynamic patient characteristics and evolving endpoints are common. Its
performance is evaluated through simulation studies designed to assess power and

robustness under various scenarios.

1.4.2 Proposal for the Use of a Two-Stage Seamless Adaptive Design in
Biosimilar Product Development

The second objective is to design a novel two-stage seamless adaptive trial

structure tailored to the unique regulatory and scientific requirements of biosimilar drug
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development. The current stepwise approach, which typically separating
pharmacokinetic (PK) and clinical evaluations, is often inefficient and costly. This
research proposes integrating both phases within a unified design that allows for early
decisions based on PK findings at the end of stage 1.

A key innovation is the incorporation of a biosimilarity index derived from
reproducibility probability, which supports a continuous assessment of similarity while
aligning with regulatory expectations for biosimilarity. The design aims to reduce
redundancy, enable early conclusions when justified, and provide a more efficient

alternative to traditional biosimilar pathways.

1.4.3 Extension: Development of a Similarity Threshold Framework Using
the Relative Biosimilarity Index in Biosimilar Product Development

Building on the two-stage adaptive design framework proposed in Section 1.4.2,
the third objective of this research is to extend the methodology by introducing a new
statistical index —the Relative Biosimilarity Index (RBI)—and developing a
corresponding framework for similarity threshold specification. While the earlier design
incorporates a biosimilarity index to facilitate early decision-making, this extension
focuses on using RBI to formally test biosimilarity and guide adaptive decisions at
interim analyses.

The RBI is constructed as a ratio between the observed biosimilarity index and
the reference-based reproducibility probability, offering a standardized and
interpretable metric for assessing biosimilarity under uncertainty. This objective aims to

provide guidance on appropriate thresholds selection for RBI to determine whether a
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biosimilar candidate can be considered sufficiently similar at the interim stage or
whether further confirmatory data are required.

The proposed framework will include methods for calibrating the similarity
threshold to control type I error while achieving desirable power. Simulation studies are
conducted to evaluate the statistical performance of the RBI-based boundary under
various trial conditions. This work directly supports the broader goal of improving
decision-making in seamless adaptive biosimilar trials by providing a scientifically

grounded and regulatorily aligned approach to interim evaluation.

1.5 Significance of the Research

This research contributes to the advancement of two-stage seamless adaptive
trial methodology by addressing key analytical limitations that currently hinder its
broader application in complex and evolving clinical settings. While the advantages of
these designs, such as improved efficiency, ethical responsiveness, and accelerated
decision-making, are increasingly recognized, their practical implementation remains
constrained in scenarios involving changes to patient populations and study endpoints
across the stages. These challenges are especially relevant in therapeutic areas marked
by disease progression, as well as in biosimilar development, where trial conduct is
closely governed shaped by regulatory expectations.

A central contribution of this work is the development of an analytical
framework that enables valid statistical inference when both the study population and
endpoint are different between stages. This reflects real-world complexity, particularly

in areas like liver disease, where early surrogate markers are often used and patient
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characteristics may shift over time. The proposed method aims to improve the
adaptability and robustness of statistical analysis under these conditions, supporting
reliable conclusions without compromising statistical integrity.

In the context of biosimilar studies, this research introduces a two-stage design
that integrates pharmacokinetic and comparative clinical evaluation phases, offering a
streamlined alternative to the traditional stepwise approach. By incorporating a
reproducibility-based biosimilarity index and extending it to a testable Relative
Biosimilarity Index (RBI), this work provides a statistically valid and interpretable
framework for assessing biosimilarity in a manner consistent with analytical-similarity
principles and regulatory standards (Chow, 2018) and conducive to more timely
decision-making. Finally, this work introduces the Relative Biosimilarity Index (RBI),
which extends BI by explicitly incorporating inherent variability and providing a
method to define a similarity threshold that is interpretable across products, thereby
improving transparency and helping to standardise review and approval processes; this
aligns with FDA’s BsUFA III regulatory science focus on streamlining evidentiary
packages for biosimilarity (FDA, 2024; FDA, 2025).

In summary, this research bridges the methodological gaps in two-stage
seamless adaptive trial design and introduces practical innovations for managing
population and endpoint heterogeneity, supporting biosimilar development, and
guiding interim decision processes. These contributions are expected to advance the
tield of adaptive design and promote the timely development of accessible and cost-

effective therapies.
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1.6 Thesis Organization

This thesis is organized into five chapters, each contributing to the overarching
goal of advancing statistical methodologies for two-stage seamless adaptive clinical trial
designs.

Chapter 1 introduces the background and motivation for the study, with a focus
on the literature review and the limitations of current adaptive trial methodologies
when applied to complex scenarios involving changes in study populations and
endpoints. It also outlines specific challenges in biosimilar development and the lack of
rigorous similarity threshold frameworks. The chapter concludes with clearly defined
research objectives and a discussion of the significance of the proposed work.

Chapter 2 presents statistical methods for analysing two-stage seamless adaptive
designs when both the study population and endpoint differ between stages. It
addresses the analytical complexity that arises in such settings and proposes a
framework that ensures valid inference. The methods are motivated by clinical contexts
where endpoint switching and population heterogeneity are common, such as liver
disease.

Chapter 3 proposes a novel two-stage adaptive trial design specifically tailored
to biosimilar development. It integrates pharmacokinetic and comparative clinical
studies into a single cohesive framework, aiming to improve efficiency while meeting
regulatory standards. A key feature of this design is the application and evaluation on a

biosimilarity index, which supports earlier and more informed decision-making.
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Chapter 4 extends this work by developing a statistical framework for
determining biosimilarity using the Relative Biosimilarity Index (RBI). This chapter
focuses on constructing principled testing procedures and thresholds for decisions in
biosimilar-focused adaptive trials, ensuring both operational efficiency and statistical
rigor.

Chapter 5 concludes the thesis by summarizing the key contributions and
discussing their implications for adaptive trial design and regulatory science. It also
outlines directions for future research, including potential extensions to other data types
and therapeutic areas.

Together, these chapters form a cohesive body of work that addresses critical
methodological gaps in two-stage seamless adaptive designs and contributes practical
innovations applicable to modern clinical research, particularly in biosimilar

development.
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2. Analysis of Innovative Two-stage Seamless Adaptive Design
with Different Endpoints and Population Shift

In this chapter, building on the background and research objectives outlined in
Chapter 1, this chapter corresponds to the topic regarding the analysis of two-stage
seamless adaptive designs with different endpoints when there is a population shift
(Mai & Chow, 2024). Mai and Chow (2024) addressed one of the key methodological
gaps identified earlier: the lack of valid statistical methods when both study endpoints
and patient populations change across stages in a seamless adaptive design. By
developing an approach that predicts primary endpoints for interim analyses and
combines information before and after a population shift, this work provides a rigorous
framework for valid inference, type I error control, and robust power in such complex

adaptive trial setting.

2.1 Introduction

In recent years, the use of seamless adaptive design in clinical trials for
evaluation of safety and efficacy of a test treatment under investigation has become very
popular in clinical research and development (FDA, 2019). Adaptive trial design
provides the flexibility, efficiency, and opportunity to make changes during the conduct

of the clinical trials based on accumulated data observed at the interim (FDA, 2019). A
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seamless design is a study design that combines several separate (independent) trials
into a single study (Chow & Chang, 2011). Such a seamless design is able to address
objectives of individual studies with similar or different endpoints. A seamless adaptive
trial design allows adaptions (modifications) to the study protocol during the conduct of
trial after the review of the accumulated data observed at interim. All data collected
from enrolled patients before and after the adaption would be included in the final
analysis. Such a design cannot only reduce the lead time between individual studies but
also expedite the development process. Most importantly, it is cost-effective and
increase the probability of success of drug development. For example, in a typical two-
stage seamless adaptive trial design, adaptations as recommended by an independent
data safety monitoring committee (IDMC) based on the review of accrued data at
interim or at the end of exploratory stage are allowed (Chow & Lin, 2015), which
provides the opportunity for stopping trial early due to safety and/or futility/efficacy.
With the increasing applications of two-stage design, two-stage adaptive design
and two-stage seamless adaptive design, many studies have been conducted to provide
reliable and efficient statistical methods for the analysis. One of the most commonly
used method was Simon’s two-stage design, which allows the early stopping due to only
tutility, which is relatively conservative. On the basis of this, some researchers such as
Thompson and Mander (2010) have extended the design to allow early stopping for
futility. However, these designs did not pay much attention to the case when the study

endpoints and/or study population are different. For the change in study population, a
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study focusing on the population shift due to protocol amendments was conducted by
Chow and Shao (2005) and a relevant method of analysis was proposed.

Nonetheless, when considering the two-stage seamless adaptive design, these
methods may not be directly applicable. Chow, Lu and Tse (2007) has discussed the
method for analysing seamless trial when the study endpoints of two stages are
different. Chow and Lin (2015) have then derived and discussed statistical methods for
analysis of the four different types of two-stage seamless adaptive designs they
classified (study population are assumed to be unchanged). Fan, Zhao and Li (2020)
have also proposed a 2-in-1 adaptive phase 2/3 designs which allows early decision
based on intermediate endpoint. While these methods allow the change in study
endpoints, the analysis method when there is a shift in patient population, which may
be due to the relax of eligibility criteria and/or disease progression, was rarely
mentioned.

During many two-stage seamless adaptive clinical trials, there is usually a need
to adjust the study population through protocol amendments. Moreover, with the
increasing prevalence of liver-related morbidity and mortality caused by certain liver
diseases the development of treatment for liver diseases such as hepatitis B virus (HBV),
hepatitis C virus (HCV), Metabolic Dysfunction-Associated Steatotic Liver Disease
(MASLD) and Metabolic Dysfunction-Associated Steatohepatitis (MASH) have thereby
received much attention. Relevant therapeutic interventions are therefore in much need,

while during the clinical trials for these medical treatments, disease progression is often
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observed. Therefore, there is an urgent need to have a valid statistical method for
making reliable analyses of these trials.

The objective of this study is to develop a statistical approach for analysing two-
stage seamless adaptive designs in which both the study population and the study
endpoints change across stages. To this end, Section 2.2 provides relevant background,
and Section 2.3 introduces the proposed analysis method that jointly accounts for
endpoint differences and population shifts. Section 2.4 discusses type I error control,
while Section 2.5 summarizes sample size considerations based on stage 2. The
performance and robustness of the proposed method are evaluated through simulation

studies in Section 2.6. Finally, concluding remarks are presented in Section 2.7.

2.2 Background and Motivation

As summarized in Chapter 1, two-stage seamless adaptive designs integrate
exploratory and confirmatory stages within a single protocol and can be classified into
categories depending on whether study objectives, endpoints, or patient populations
differ between stages (Chow & Lin, 2015; Chow, 2020). While existing methodologies
address certain settings such as designs with consistent populations or with endpoint
changes alone, the case where both the study population and the study endpoints differ
across stages has received limited attention. This chapter is motivated by that gap and
develops statistical methods for valid inference under these more complex scenarios,
with a particular focus on ensuring type I error control and maintaining power in the

presence of endpoint switching and population shifts.
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2.3 Method of Data Combination when both Shift in Population and
Endpoint Difference Occur

Without loss of generality and for illustration purpose, in this study we assume
that the shift in population is due to the protocol amendment on the inclusion criteria.
The idea can be similarly applied to the situation where the population shift is due to
disease progression during the conduct of the clinical trial. The mapping from pre-shift
to post-shift means is fitted using both pre- and post-shift outcomes (shared estimation),
which makes the two Stage-2 estimators correlated within each arm.

Stage 1

Treatment duration ) follow-up period
I : ' ‘

+
1
I
|

Follow-up

]
1
t
1
]

Interim Analysis of Primary Endpoint (y)
treatment effect

— Stage2
(Surrogate Endpoint x)

Treatment duration follow-up period
t | —_—

N
1

Follow-up

Recruit new patients
according to modified
inclusion criteria

Primary Erlldpoint (y)

Figure 1: Illustration of two-stage seamless design. Adapted from Mai, W., & Chow, S.-C.
(2024). Journal of Biopharmaceutical Statistics.

2.3.1 Step 1: Interim Analysis at the End of Stage 1 (before protocol
amendment)

First consider the group of patients who were recruited at the beginning of stage

1. Denote the endpoint data in stage 1 as x;, i = 1, ...,2n;, which is normally distributed
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with mean y, and variance oZ. Following the idea by Chow, Lu and Tse (2007), suppose
the primary endpoint data collected in stage 2 can be denoted as y;, and there exists a
known relationship between x and y such that

yi=a+bx;+e, E(glx) =0, Var(e;) = o?2.

Since this is a two-stage trial, the overall objective and hypothesis can be
expressed as the intersection of the two individual hypothesis tests at the interim
analysis and the final analysis, i.e., Hy: Hy; N Hyp, where Hy; and Hy; are the null
hypotheses at the two analyses respectively. In order to make an overall interpretation,
the endpoints tested at each analysis should be the same, therefore, we can use the
surrogate marker data collected in stage 1 to make predictions about the primary
endpoint and denote these predictions as ¥;;. Then we can use this as the endpoint for
interim analysis at the end of stage 1.

In order to make interim analysis at stage 1 using the primary clinical endpoint,
we estimate the primary endpoint data with the above relationship and the collected
data for surrogate marker.

Y1i = a + bx;

It is known that ¥; is the unbiased estimate of u, ;, and 3:11, ; is therefore the

unbiased estimates of a + by, ; for arm j € {T, C}. We can then use the data to make

unbiased estimates of the population variances of each treatment group:

ni
1 2
2 _ = 2 _ 2
Sx,j = S 1Z(xi - x]) , Syl,j = b2 Sx']-,
1 i=1
S b2s%. bS5
Var(fll, j) = X = D) .

ny ny
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We will then conduct the interim analysis using the predicted primary endpoint
data, and the test statistics with respect to each type of hypothesis are illustrated in the
following table:

Table 3: Statistical tests for various hypotheses testing at stage 1.

Hypotheses Test Statistic
Hy: ue = ur T = §1,T - }:’1,c
Equality 1= - —
Hy:uc # pr \/V‘“’(}A’LT) +Var(3.c)
Hy: pur —pc <9 T. = ;1,T_§1,C_5
Superiority T —
Hl:l"lT — Uc > 6 Jvar(:)’LT) + Var(}’l,c)
Ho: pr — e < —6 _ Jir—Fic+6
e T, =
Non-inferiority — —
Hl:l"lT — Uc > _5 Jvar(:)’LT) + Var(}’l,c)
Hy: \ur —pcl =6 Simply construct the confidence interval
Equivalence B B
Hy:lur —pcl <6 for ur — pc using 17 — J1 ¢

The value p; is the p-value calculated from selected test above. In stage 1, since
we allow the early stopping for efficacy or futility, we can give a range to p; for
continuing the trial into the second stage:

Table 4: Decision boundaries at the end of stage 1.

Continue a, <py <pfi
Stop for futility p1=P1
Stop for efficacy 1282

2.3.2 Step 2: Collect Information at the End of Stage 2

For arm j, primary endpoint means before and after the population shift:

n n
{yli}i=11 ~ ('uyl,j: 0—51,1'); {yZi}i=21 ~ (ﬂyz,j: 0-52,]');
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with sample means ¥, j (pre-shift) and ¥,; (post-shift), variances Var(¥,;) =
Sti/ny,Var(yz;) = S§;/nz, and Cov(§,,7,;) = 0 (disjoint cohorts). Then, we can use the
table below to summarise the information we have at the end of stage 2 for the final
analysis on treatment effect.

Table 5: Information collected at each stage.

Stage 1 Stage 2
Objective Efficacy Efficacy
Endpoint Surrogate Marker Primary Clinical Endpoint
Sample size 2n, 2n, + 2n,
Only data from population Data from both population
Population
before shift before and after shift

2.3.3 Step 3: Consider Population Shift (mean-level model, per arm)

Mean-level model (design-level covariates R;, € RP):
/J'k,j = ﬂO] + ﬂ]-rRk, k € {a,b}, AR = Ra - Rb' dj = ‘Ll,a’j - ‘U.b’j = ;I—AR

Arm-specific WLS using pre & post means. Define

1 R} — Y1j .
] i T A A )

withwy; = V/Er()_/lj)_l,wzj = V’a\r(yzj)_l. Then
—~ -1 _ ~ —~
B = (XjW;X;) XjW;y; d;=AR"B;.
Let

— ART(XT vTw. = d: =ciV y
A =ART(X]W;X;) X[W;=[ci1 cp] = dj=cj1¥1j+ ci2¥a
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Linear representation of the post-shift mean predicted from pre-shift:
025 =y1j +dj = (1+ ¢j1)y1j + Cj2Voj =191 + a2jV2),
SO
Var(sz) = af]-Var(f/lj) + a%jVar(j/zj), Cov(@zj,yzj) = azjVar(yzj).
Correlation-aware combination:
fg; = ¥z + (1 = w})by,

w* _ Var(GZj) — Cov(ezj; }_]2])
J Var(@zj) + Var(}_/zj) — 2C0v(92j,}72j)'

Var(ia;) = (0]) Var(72;) + (1 — 0]) Var(8)) + 207 (1 - w))Cov(62, 72;).
2.3.4 Step 4: Hypothesis Testing at Stage 2 (post-shift treatment effect)

As the main interest is the treatment effect after population shift at the end of
stage 2 of the clinical trial, hypothesis testing is conducted only on p,. Use the arm-wise
fla,j above and test the contrast

Ay = fgr — fac Var(B,) =Var(fy,) + Var(dac) (arms independent).
Then we can have the relevant test statistics for each type of hypothesis:

Table 6: Statistical tests for various hypotheses testing at stage 2.

Hypotheses Test Statistic
Ho: pig,c = Har T = flar = fac
Equality S A
Hy:pigc # tar \/Var(ua’T) +Var(fac)
Ho: hgr — tac <6 T = (Aar = flac) =&
Superiority R —
Hyttiay — g > 6 (Var(iar) + Var (i)

40



Non- Ho: plgr — Hac < —6 T, — (nﬁa,T — ﬁa,C) t4
, =
inferiority Hy:pgr — Hac > —6 \/ Var(far) + Var(fac)
Ho:lpgr — Macl =6 Simply construct the confidence interval of
Equivalence
Hy: |par — tacl <6 Har — Hac

Without loss of generality, the test for equality is discussed here. Since all the
data points are assumed to be independently, identically normally distributed, both
Har ~ HatT Hac ~ Hac
f Var(ua T f Var(ua c
converge in distribution to a standard normal distribution. Therefore, it is reasonable to
claim that under the null hypothesis, the test statistic

Har — Hac

T =
JVar(ar) + Var(ac)

has a limiting standard normal distribution according to the Slutsky’s Theorem.

The corresponding p-value (p;) can then be calculated, and to maintain overall
type I error control, it is compared against the critical value a,. A detailed discussion of
the derivation of a; is provided in Section 2.4.

Table 7: Decision boundaries at the end of stage 2.

Stop for biosimilar P2 <y
Stop for not biosimilar Dy >y
2.4 Type I Error Control

2.4.1 Setup and Notation

Let p; and p, be the p-values from the tests at Stage 1 and Stage 2. Define the

corresponding Z-scores
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Ty =071 —-p), ke{12},
so that larger T} favours biosimilarity. Stage 1 proceeds to Stage 2 only if
P={zg, <Ty<zg} zg, =P '(A—ay), zp=> 11—}y
Let the familywise error target be a and define the remaining after Stage 1 as
Arem = & — gg(% < ).

From exposition, when p; is (approximately) uniform under H,, gr(p1 <a;) = a; and
0

EI‘CP) ~ B —ag.
0
Conditional-Error Rule

Under H,, the joint behaviour of (Ty, T;) is well approximated by a bivariate

normal model

(2)“’”([8]; ’1)]) —1<p<1,

where p quantifies the stage-to-stage correlation (e.g., due to data reuse or shared
nuisance estimation). Conditioning on the observed interim value T; = t and on
proceeding, the Stage-2 distribution is

T,|Ty =t ~ N (pt, 1 - p?).

Spending the pre-proceed budget

_ Qrem - a—a
Er(?) B1—a
0

q

via the moving boundary
c(T)) = pTy +/T=pPzyq & p, <1—@(pTy +y1—pZz_)
(reject at Stage 2 if T, = ¢,(T})) ensures

Pr(Stage 2 reject,P) = q Pr(P) = tyem
Ho Hy
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and hence overall type I error a. When p = 0, ¢,(T;) = z;_4 (constant threshold).

2.4.2 Estimating p in Practice
2.4.2.1 Design-Based plug-in (when Stage 2 reuses Stage 1)

Use the predicted-primary interim contrast

_ _ SZ. SZ
A(lpred) = Y11 — V1,c = b(xr — Xx¢), Var (Agpred)) = b? <LT + LC)

nq nq

With the stage 2 final contrast
b) _ - N b . .
AL = por = fige, Var (Ag“’m )) = Var(figr) + Var(dac)-

Under the relationship y = a + bx + € and independence of € and x,

2 .
Cov()?j, }71]-) =b Var(fj) = ni'lj'

and C ov(fj, Va j) = 0 (different cohort).

Therefore,
S2r Sy
Cov (Agpred),A(zcomb)) = b? [(1 —wpar——+ (1 — wH)ayc LC]
ny ny
and finally,
Cov (Agpred)' A(zcomb))

var (887 var ()

PN
~
p~

2.4.2.2 Pilot-based Monte Carlo

Simulate the planned design under H, with planned (n4,n;), relationship
coefficients (a, b), WLS step (thus a4 ;, a5, w}), and decision rules. For each replicate

compute

T, =07 '(1-py), T, =@ 1(1—p,)
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then set p = Cor(Ty,T,) and use this in ¢, (T;).

2.5 Sample Size Calculation

Under the alternative hypothesis, compute the required sample size. Assuming
simple randomisation is used, and randomisation ratio is 1:1, then we can summarise
the sample size calculation in the table below.

Table 8: Sample size requirement for various hypotheses testing.

Hypotheses Sample Sizes
Hy: = ’
. 0f H2,c = Ha,r 4 (Zaz + zﬁ) o2
Equality N roral = 2
,total —
Hyipo o # por (Mz,T - Hz,c)z
. Ho:ppr — pipc <6 4(2q, + zﬁ)zazz
Superiority N2 total = 2
Hy:pipr — pzc > 6 (Ko = b2 c = 8)
TR (s, + )"0
Non-inferiority Ny total = 2
Hytppr —ppec > —6 (#2,T —Hact 5)
Ho: luzr — p2cl 2 6 4(zq, + ZB)ZUZZ
Equivalence N2total = - 2
Hy:|ppr — Hpc] <6 (6 = oy = pacl)

Here py 1 — py ¢ is the difference that the trial wants to detect at a; significance
level and with power 1 — .

In the next section, the relationship between the sample size allocation ratio
between the two stages and the overall power of the trial is studied via simulation (with

type I error controlled).
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2.6 Simulation Study and Sensitivity Analysis

In this section, simulation study on the performance of the proposed method
with different allocation ratio is discussed. In order to test the robustness of the
performance, the parameters such as sample size, ; and effect size are modified. The
relationship between surrogate marker and primary endpoint is set to be y = 4 + 6x.

2.6.1 Bl < a,

Suppose the effect size is 2, the means of surrogate marker used at the interim
analysis for the treatment and control group are 0.4 and 0.6 respectively. Then the
standard deviations are thereby assumed to be both 0.1. The means of primary endpoint
for the treatment and control group are 6.4 and 7.6 for the population before shift, and
7.4 and 8.6 for the population after shift. The standard deviations of both treatments are
0.6 and 0.6 respectively for the populations before and after shift. Without loss of
generality, in the first set of simulation following assumptions were also made: a; =
0.01, B; = 0.35, a = 0.025, the corresponding a, for stage 2 can thereby be calculated.

Figures 2-4 are generated from 5000 simulations with sample size per arm 100, 50
and 30 respectively using R. From the plots below, we can easily identify the
appropriate allocation ratios between two stages (r = n;/(n; + n,)) with a desired
statistical power such as 80% can be achieved. Moreover, we can conclude that the
power of the whole analysis increases with the increase in allocation ratio, i.e., with the
same total number of patients, the more patients recruited in stage 1, the higher the

power would be.
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Impact on power when changing allocation ratio
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n =200

Figure 2: Simulation results with sample size per arm 100.

Impact on power when changing allocation ratio

power
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allocation ratio
n==50

Figure 3: Simulation results with sample size per arm 50.
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Impact on power when changing allocation ratio

0.1 0.2 0.3 0.4 05
allocation ratio
n=230

Figure 4: Simulation results with sample size per arm 30.

Table 9: Power with different allocation ratio when sample size per arm is 100.

Ratio 0.1 0.2 0.3 0.4 0.5

Power 0.889 0.977 0.995 0.998 0.999

Table 10: Power with different allocation ratio when sample size per arm is 50.

Ratio 0.1 0.2 0.3 0.4 0.5

Power 0.723 0.888 0.954 0.982 0.991

Table 11: Power with different allocation ratio when sample size per arm is 30.

Ratio 0.1 0.2 0.3 0.4 0.5

Power 0.535 0.772 0.877 0.921 0.955
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From the trends shown in the plots and tables, larger sample sizes can lead to
higher statistical power and therefore requires smaller allocation ratio to reach the
desired power for final analysis.

262 B1=a,

When all other settings remain unchanged, by assuming that ; < a5, the
validity of the proposed method can be tested under different assumption of ;. Without
loss of generality, let f; = 0.15 and the corresponding a, for stage 2 is computed.

Impact on power when changing allocation ratio

0.1 0.2 0.3 0.4 0.5
allocation ratio
n=30

Figure 5: Simulation results with sample size per arm 30.

Table 12: Power with different allocation ratio when sample size per arm is 30.

Ratio 0.1 0.2 0.3 0.4 0.5

Power 0.495 0.711 0.816 0.869 0.905

From this simulation, it can be identified that when f; < a;, the power of the test
is slightly different from that when f; > a5, but by choosing the appropriate allocation

ratio, the desired power can still be achieved.
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2.6.3 Different Effect Size

With the same assumptions of settings as in Section 6a, now let the effect size be
1.5 and sample size per arm be 100. The means of surrogate marker and primary

endpoint remain unchanged, while the standard deviations change accordingly.

Impact on power when changing allocation ratio
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allocation ratio
n=100

Figure 6: Power change when sample size per arm 100, effect size 1.5.

Table 13: Power with different allocation ratio when sample size per arm is 100, effect size
1.5.

Ratio

0.1

0.2

0.3

0.4

0.5

Power

0.712

0.778

0.826

0.851

0.856
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Impact on power when changing allocation ratio
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Figure 7: Power change when sample size per arm 100, effect size 1.4.

Table 14: Power with different allocation ratio when sample size per arm is 100, effect size
1.4.

Ratio 0.1 0.2 0.3 0.4 0.5

Power 0.660 0.705 0.708 0.702 0.722

By changing the effect size and comparing the result, it is clear that the smaller
the effect size, the smaller the power, which coincide with common anticipation, since
the treatment effect is harder to be identified. It should be noted that when the effect size
is equal to 1.4, the power will be much lower than the normally desired value, i.e. 80%.
Therefore, the proposed method should have better performance when the effect size is
larger than 1.4.

From the plots and tables above, it is reasonable to say that the proposed method
has satisfiable performance in terms of achieving the desirable power. Moreover, by
changing the relationship between f;, a,, and the effect size of population, the proposed

method is shown to be robust for effect size larger than or equal to 1.5. Furthermore, the
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simulation results give a relatively reliable guidance on how to decide the allocation
ratio in order to achieve a desired statistical power for the trial. Hence, it is suggested
that a simulation with the prespecified significance level, futility boundary and
approximate sample size should be conducted before the trial in order to make a good

selection of the allocation ratio of the sample.

2.7 Conclusion and Discussion

The proposed method for analysing two-stage seamless adaptive designs with
both endpoint changes and population shifts relies on establishing relationships
between endpoints and populations. These relationships allow prediction of the primary
endpoint for interim analysis, after which data from both pre-shift and post-shift
populations can be combined in the final analysis. This approach enables valid
interpretation of treatment efficacy in the shifted population. As shown in Section 2.4,
family-wise type I error can be effectively controlled, and simulation results in Section
2.6 demonstrate desirable power when the allocation ratio is appropriately chosen. In
particular, the method exhibits good robustness when the effect size is at least 1.5, as the
desired power can consistently be achieved through suitable sample allocation.

Beyond scenarios where population shifts result from protocol amendments, the
proposed method is also applicable to trials in which shifts occur due to disease
progression. For example, in metabolic dysfunction—associated steatohepatitis (MASH),
the FDA (2018) recommends histological improvements such as steatohepatitis
resolution or fibrosis reduction as surrogate markers predictive of longer-term clinical

outcomes like survival or cirrhosis. Since these histological endpoints require invasive
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procedures such as biopsy, recruitment may be challenging, making a two-stage
seamless adaptive design attractive for MASH trials (Filozof et al., 2017). In such
settings, changes in disease stage can be treated as a population shift, and the proposed
framework can be applied to ensure valid final analysis and interpretation.

One potential limitation is that closed-form relationships between endpoints or
populations may not always be available. In such cases, the proposed method would
require modification or alternative modelling approaches. Nonetheless, when
sufficiently accurate relationships can be specified, the framework provides a practical
strategy to integrate information across stages and deliver reliable conclusions. While
inference is focused on the shifted population, similar principles can be applied to
evaluate treatment efficacy in the pre-shift population. Future work may further extend
the method to settings with smaller effect sizes, broadening its applicability in complex
adaptive trials.

Beyond these general methodological considerations, an important area of
application lies in the development of biosimilar drug products. Biosimilar trials often
require both pharmacokinetic (PK) and clinical evaluations, which traditionally proceed
in a stepwise manner and can be time-consuming and resource intensive. To address
these challenges, the next chapter introduces an innovative two-stage seamless PK—
clinical adaptive design that integrates PK assessment with comparative clinical
evaluation. This design builds on the principles established in Chapter 2 while tailoring

them to the specific regulatory and scientific needs of biosimilar development, thereby
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illustrating how methodological advances can translate into practical improvements in

trial efficiency and decision-making.

3. A Proposal for the Use of Innovative Two-Stage PK-Clinical
Adaptive Trial in Biosimilar Product Development

The methodological framework developed in Chapter 2 demonstrated how two-

stage seamless adaptive designs can accommodate changes in both study endpoints and
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patient populations. Under this framework, the present chapter (Chapter 3) turns to a
concrete regulatory context where efficiency gains are especially critical: biosimilar drug
development.

This chapter introduces an innovative two-stage seamless PK—clinical adaptive
design that integrates pharmacokinetic assessment in stage 1 with comparative clinical
evaluation in stage 2. By leveraging the biosimilarity index, the design enables early and
reliable decisions on biosimilarity and directly responds to FDA'’s call for more efficient
development strategies. The integration of PK and clinical studies within a single
adaptive framework has the potential to shorten development timelines, reduce costs,

and accelerate regulatory approval of biosimilar products.

3.1 Introduction

After the expiration of patent protection of an innovator drug, pharmaceutical
and/or biotech companies can make generic copies (e.g. generics for small-molecule
products or biosimilars for large-molecule biological products) of it. The generic copies
of the innovator drug product are less expensive than their brand-name counterparts,
making them more affordable, and therefore benefit the target patient population.

For the approval of generic drugs, the United States Food and Drug
Administration (US FDA) indicates that there should be an assessment of bioequivalence
for demonstrating bioequivalence in terms of drug absorption and metabolism as
compared to their reference products (FDA, 2003; FDA, 2021). In practice,
bioequivalence assessment is typically conducted through the evaluation of

pharmacokinetic (PK) responses such as C,,,4, (maximum plasma concentration) and
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AUC (area under the curve of plasma concentration versus time, representing total drug
exposure integrated over time) (Chow & Liu, 2008). According to the Fundamental
Bioequivalence Assumption, demonstrating bioequivalence in PK responses between a
generic (test) drug product and its reference (innovator) product is indicative of the
equivalence in their therapeutic effect.

In contrast to the generics, which typically contain the same active ingredient as
the innovator drug product, biosimilars are made from living cells or microorganisms,
which often comprise a mixture of numerous minor variants of a protein and are
therefore more complex. Thus, during the production of biosimilars, it is not possible to
make identical copies of the active ingredient of an innovator drug product in each dose
or batch of the product. In 2015, the FDA recommended a stepwise approach for
obtaining the totality of evidence to demonstrate biosimilarity between a proposed
biosimilar (test) product and an innovator (reference) product (FDA, 2015). The stepwise
approach includes but is not limited to the demonstration of analytical similarity for
quality assurance/control, pharmacokinetic (PK) and/or pharmacodynamic (PD)
similarity for drug absorption, metabolism and pharmacological activities, and clinical
similarity for safety and efficacy, including the assessment of immunogenicity similarity
to ensure immune safety.

FDA'’s recommended stepwise approach, however, has been criticized for being
excessively time-consuming and not cost-effective, resulting in a delay in regulatory
review and approval, and consequently, significant delays in bringing the affordable

biosimilar product to the marketplace. Thus, the FDA (2022) calls for proposals to
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improve the efficiency of the biosimilar development and review process. In response to
a recent FDA’s request for proposal (RFP), Mai and Chow proposes the use of an
innovative two-stage seamless adaptive trial design that combines the assessment of PK
similarity (the first stage) and clinical similarity (the second stage) to streamline the
biosimilar development process.

The proposed two-stage seamless PK-clinical adaptive design (two-arm parallel
design) addresses individual studies with the same objective (i.e., the demonstration of
biosimilarity) but different endpoints (i.e., PK responses versus clinical endpoints).
Biosimilarity is evaluated using the biosimilarity index (BI) as defined by Chow (2013),
which operates under the Fundamental Biosimilarity Assumption that PK similarity
predicts clinical similarity in comparative studies. This design allows for an early
decision at the end of the first stage, based on PK data, regarding whether to proceed to
the second stage. The principal aim of this design is to facilitate early and reliable
decisions on biosimilarity at the conclusion of stage 1, thereby expediting the biosimilar
development process. Should biosimilarity not be established in stage 1 and the decision
is made to proceed to stage 2, adaptations such as sample size re-estimation based on the
estimated margin may be introduced. Consequently, a notable advantage of this design
is its potential to reduce trial duration, especially when biosimilarity is demonstrated in
stage 1, thereby accelerating the overall development process, including the review and
approval phases, of the biosimilar product.

In the next section, the test statistic based on reproducibility probability i.e.,

biosimilarity index (BI) will be derived. Section 3.3 will show the statistical method for
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testing BI at stage 1 and stage 2 to make conclusion of biosimilarity. A simulation study
will be conducted in Section 3.4 to evaluate the performance of the proposed method
comparing to the stepwise approach. Concluding remarks are provided in the last

section of this chapter.

3.2 Biosimilarity Index

For assessment biosimilarity between a proposed biosimilar (test) product and its
innovator (reference) product, Chow (2013) proposed the use of biosimilarity index (BI),
which is defined as reproducibility probability, under a pre-specified biosimilarity limits
(61, 6v)-

Given that a specific alternative hypothesis H, is true, the power of a hypothesis
test is the probability of correctly rejecting the null hypothesis Hy, which is thereby a
conditional probability. Unlike the power, which is evaluated given a specific alternative
true value, the reproducibility probability (BI) is an unconditional probability calculated
as the weighted average of the power across the range of all possible alternative true
values.

The biosimilarity index can be derived based on the PK data collected in stage 1
under the Bayesian approach. The BI can be defined and expressed as the conditional
probability of rejecting null hypothesis in the future trial given that the data observed is

X:

BI(X) = P(reject Ho|X) = f P(reject HolSerue) P (BeraolX) dBerue
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3.2.1 Derivation of Biosimilarity Index and Statistical Properties

Now consider the biosimilarity test for PK parameter. Suppose ny and ng
participants are recruited in stage 1 to test group T and reference group R respectively.
Denote the data observed at stage 1 for PK parameter as x; ; where i = T,R and j =
1, ...,n;. The distributions of log transformed data is assumed to be normally distributed:
logx; ; ~ N(u; , o).

The hypotheses of testing biosimilarity could be expressed as follows:

Hy:pur —ug =l or ur — ugp <Infby
Hi:InOy, < pup — up <Infy
Then a new test statistic will be derived by using the analysis method for the

normal PK study with parallel design and model:

log(PK paramter) = c + f X ﬂ{treatment:test drug} T €treatment=test drug-

In this article, without loss of generality and for simplicity, it is assumed that the
random error term € follows normal distribution, where the variances of the two
treatment groups are assumed unequal.

Let § be the difference of means of log x7, ; and log x j, then the confidence
interval would be Cly;rr = f £ t(1 — a,df;) X JoZ + o2. Suppose a is the pre-specified
confidence level, SZ, S2 are the sample variances of the reference product and test
product respectively. The pooled degrees of freedom df; corresponding to pooled
variance can thereby be calculated with the Welch-Satterthwaite equation.

(S&/ng + S§/nr)?

" SE/me)? , (SE/mn)”
-1 nr—1

df
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The power function for testing a PK endpoint at significance level a is given

below:

of | of of  of
p1(ur,pg) =P In6, <B—-t(l—-a,df) x [ —+—np+t(l—adf) X |—+—
ng nNr ng nNr

<Infy

i  of of , of
=P|Inf,+t(1l-—a,df) X [ —+—<pf<Inby—-t(l—a,df)x |—+—
ng Nr ng nr

In6y — (ur — Ug)

~ @ —t(1 - a,df)
9% | of
ng nr

In6, — (ur — ug)

-0 +t(1 — a,df)
o% , 0f
ng N

=d| — —t(1 —a,df)
o +a%
ng ' Nnr

( ~He) 1n9L—t(1—a,df)
\ )
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(ur — pg) —Inby

=¢| — —t(1 —a,df)
o | of
ng MNr

- —1Iné6
Lo (Ur — UR) L—t(l—a,df) 1

2 2
o , Of
ng nNnr

In this article, for simplicity, only the unknown parameters uy and py are

assumed to be random with a known prior distribution m(ur, ug), the variances are
assumed to be fixed.

BI(X) = P(ln@L < Ut — UR < lneulX)

:jfpl(.uT'MR)”(.“T;.“R'X)d.qu.uR

If the variances are also random, then the BI(X) has to be evaluated numerically
(see e.g., Chow, 2013). When no available prior information can be obtained, different
methods may be considered for the approximation of BI(X), which includes but are not
limited to the use of a non-informative prior, or the application of bootstrapping method
(with replacement). With the use of non-informative prior, according to Chow (2013)

(see also Shao & Chow, 2002),
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2 2
(ur — pg) = In Oy + t(1 — a, df) /"—R+"—T
ng  MNr
BL(X) ~ ®| —
5|t o2
ng Nt
’ 2 2
(ur —up) —In6, — t(1 —a,df) [2E+ 7L
ng nr
-1

+d
2 2

9r | 9T

V2 et

Then the estimate of BI; (X) with a specific dataset X; collected in stage 1 with a

non-informative (uniform) prior m(ur, ug) = 1is:

BI,(X) = BI,(X;)

Si . S%
(ir — fig) —In Oy +t(1 — a,df) [2X 4+ 2L
ng  nr
= | —
Sk , St
V2 Jf +ir
2 o2
(A — Ag) —In 8, — t(1 — @, df) ’S_R+5_T
TlR nT
-1

Sk , St
\/E n_R+n_T

+ P

The variance of Bl; (X) should be derived for the hypothesis test afterwards. To

derive Var(BI; (X)), first define following variables:

- —In6
Zl__liT Ugr U’
0%4_0%
ng nNr
- —Ino
ZZZ.UT Ur L'
a,%_l_a_%
ng nNr



Z, —t(1 —a,df)

7] = % ,
. Z—t(1—-a,df)
Zz = \/7 .

Therefore,
BL(X) =®(Z)+P(Z5) -1
Var(Bl;(X)) = Var[®(Z]) + ®(Z3)]
By applying the Delta Method,
Var(BI,(X)) = ¢*(Z)Var(Z]) + $*(Zy)Var(Z3) + 2¢(Z1)p(Z3) Cov(Z1, Z3)

Since Z; and Z, are standardised normal variables,

1 1 1
Var(Zy) = EVar(Zl) =Var(Z;) = EVar(Zz) =

and

Cov(Z1,Z%) = Cov <Zl —t(l—a,df) Z, - t(1—aq, df))

V2 ' V2
1 1

Finally,

1 1
Var(BL, (X)) = §¢>2(Z{) + §¢>2(Zé) - ¢(Z1)p(Z3)

1L (Zi—tA-adp) 1 2<Zz—t(1—a.df)>
S ( — >+2¢ -

B (Zl—t(l—a,df)> (Zz—t(l—a,df)>

» N N

By plugging in the 3, SZ, and SZ value calculated from the collected dataset X

into Z; and Z,, an estimation of variance Var(BI,(X)) = Var(BI,(X1)) can be obtained.
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3.2.2 Remarks

The Biosimilarity Index (BI) has several advantages, making it a valuable tool in
various scenarios. It is robust and applicable across different study endpoints, including
pharmacokinetic (PK) responses, clinical endpoints, and biomarkers. Additionally, it
allows different biosimilarity criteria in hypothesis testing and supports diverse study
designs. The BI directly reflects the level of similarity, with a higher index indicating a
greater degree of similarity, thereby meeting the FDA’s requirement for products to be
“highly similar.”

Furthermore, Chow (2013) proposes that the boundary of an acceptable
reproducibility probability p, should be determined through an R-R study, which
evaluates the average biosimilarity of the same two reference products. The
reproducibility probability for the R-R trial, based on the Average Bioequivalence (ABE)
criterion, can be defined as

Concluding average biosimilarity of the same two reference
Prr =P products in a future trial given that the
average biosimilarity is established in the first trial

Since comparing the same two products typically yields a higher reproducibility
probability, the criterion p, for an acceptable reproducibility probability when
comparing a biosimilar to its innovator product can be chosen as a fraction of Prp. For
example, pg = 0.8Pg. The selection of p, is considered a regulatory review issue. The
higher value of p, indicates the higher degree of similarity. An appropriately selected p,
may not only reflect the expected degree of similarity but also ensure that the early

decision made in stage 1 is reliable.
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3.3 Proposed Two-stage PK-Comparative Clinical Adaptive Trial

To apply the two-stage adaptive trial design (to a parallel trial), it is assumed that
PK responses is predictive of the clinical endpoints. In this article, for illustration
purposes, we will focus on continuous PK parameters such as Cy,,q, and AUC in PK
study, and continuous clinical endpoint in the comparative clinical study.

If biosimilarity has been demonstrated in stage 1, we may stop the trial and
conclude that the proposed biosimilar product is biosimilar to the reference product as
there is no need to continue to stage 2 under the Fundamental Biosimilarity Assumption
that PK responses are predictive of the clinical endpoints for assessment of safety and
efficacy. Table 1 summarises the characteristics, corresponding test statistics and critical
values at each stage.

Table 15: Characteristics of two-stage PK-Clinical proposal.

Note: Bl and BI, are biosimilarity index (reproducibility probability) at stage 1 and stage
2, respectively.

Stage 1: PK Stage 2: Clinical
Demonstration of Demonstration of
Objective
Biosimilarity Biosimilarity
PK response, e.g.,Cpq, and
Endpoints Clinical endpoint
AUC
Population Patients Patients
Test Statistic Bl BI,
Corresponding p-value 22 D>
a level aq a,
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3.3.1 Analysis for Stage 1

Then to test for bioequivalence using the new statistic, following set of
hypotheses will be used.
Hy: BI1(X) < po

Hy:BL;(X) = po

BI1(X1)—DPo

. follows
Var(BI;(X1))

With the observed dataset X, the test statistic would be

approximately normal distribution (when sample size larger than 30). Hence for the
hypothesis testing, the null hypothesis H, would be rejected based on the p-value p; of
this hypothesis test.

The decision on whether to continue to stage 2 is determined by following
criteria:

Table 16: Decision boundaries at the end of stage 1.

Stop for biosimilar P <oy
Continue to stage 2 a, <p1 <p
Stop for not biosimilar p1 =B

3.3.2 Analysis for Stage 2

For the analysis of stage 2, there are two possible scenarios: 1) the exact
predictive relationship between PK endpoint and the clinical endpoint exists but is
unknown; 2) the exact predictive relationship between PK endpoint and the clinical
endpoint is known. For the first scenario, the analysis of stage 2 would be based on the
clinical endpoint data collected in stage 2; but for the second scenario, PK data collected

in stage 1 can be used and combined with that in stage 2 for analysis. The method for
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each scenario will be discussed in this section. Denote the data of primary clinical
endpoint collected at stage 2 as y; , ~ N(,uy,i, Jf_i), withk =1,..,mjand i =T,R. The
sample variances of the clinical endpoint of reference product and test product are Sj
and Sj  respectively.
3.3.2.1 Endpoints Relationship is Not Well-established

The predictive relationship allows early decision making about biosimilarity in
stage 1, and when the decision is to continue to stage 2, another hypothesis testing
should be performed based on the clinical endpoint. Similar to stage 1, a test will be
conducted on the Biosimilarity Index (BI) developed via following hypothesis:

Ho:pyr — pyr 2 6, 07 plyr — fyp < Oy

Hy:6p <pyr —pyr <6y

Following the same assumptions on the distribution on ur and pg, and the

derivation in Section 2, the Biosimilarity Index for stage 2 when § = p,, 7 — py g is:

5 -6y +t(1—a,df) / YR L YT %r
mr

BL(X)~ ®| —
yT
\/_ +
§—6, —t(1—a,df) ’ yR+ %r
mr
+@ -1
yT
\/_ +

Then conduct a hypothesis test on BI,:
Hy: BI;(X) < po
Hy: Bl (X) = po
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With the dataset collected in stage 2 X, the estimated Biosimilarity Index is
thereby BI,(X3), with py, 1, fi r, 05 g and o substituted by the estimations yr, ¥, S5 &
and S7r generated from the sample data X, the corresponding p-value of this test is
denoted as p,. To control the overall Type I error, p, should be compared with the
critical value a,, see more detailed discussion on the calculation of a, in Section 2.4.

Table 17: Decision boundaries at the end of stage 2.

Stop for biosimilar P2 <y

Stop for not biosimilar D, > ay

3.3.2.2 Endpoints Relationship is Well-established

When there is a known predictive relationship between PK endpoint in stage 1
and clinical endpoint in stage 2, data collected in stage 1 can also be used to improve the
estimation in stage 2 analysis. For simplicity of demonstration, assume there exist a
known linear relationship between the PK endpoint and the clinical endpoint, and the
random error term € follows normal distribution (unequal variances are assumed for
two treatment groups):

yij=a+tblogx;;+e€; IE(el-J-| log xi,j) =0, i € {T,R}.

Superscript convention (stage labels). For any arm-level quantity, the
superscripts indicate the stage of origin: Agl) comes from Stage 1 (PK/surrogate marker)
and Agz) from Stage 2 (clinical/primary). In particular, log x,(V) is the Stage-1 log-PK

(

i

mean, ¥ the Stage-2 clinical mean, n Yand ml@ are the stage-specific arm sample

sizes; O; is the number of overlapping individuals observed in both stages (0 <0; <

i

min {n(l), mgz)}).
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Patient-level variances (observed endpoints). We write

Ologxi = Var(logx,;), ap;:=Var(y,;),

so that arm-mean variances are

— Ulzt)gxi 2 J)%i
Var(log x,V) = R Var(3,®) = —&
n; m;

l L

Under the assumed linear relationship,

oy =Var(y,;) = b*fygx; + 0

Cov(log x;j,Yij) = b*0lg -

PK-informed Stage-2 estimator.
Define the Stage-2 predictor from Stage-1 PK and the observed Stage-2 mean

A;=a+blogx ™, B =%®,
and combine them as

A5 = widi + (1 —w)B;, 0<w; <1
Both 4; and B; are unbiased for u,,; = E(y; ;); therefore ,123,? is unbiased
(Appendix C).

Variance and optimal weight.

The within-arm cross-stage covariance of means depends on overlap:

bojbg i .
n‘éf)“ fully paired (Oi = ni(l) = mgz)),
i
Cov(logxl(l)’%(z)) = < bo—lzo .0;
gx,iYi . . @ . ()
— partial overlap (0 < 0; < minin;”’,m, ,
(0500 min o)
0 no overlap (0; = 0).
Hence
b267 v oZ;
0g x,i o —— _
Var(4;) = ff‘)]' Var(B;) = %, Cov(4;,B;) = bCov(log x, (D ,yl(z)),
n; m;
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and the variance and optimal weight are
Var(ﬁgfl? = w?Var(4;) + (1 — w;))?*Var(B)) + 2w;(1 — w;)Cov(4;, B),

. Var(B;) — Cov(4;, B;)
= Var(ay) + Var(B;) — 2Cov(4;, By’

Useful specialisations.

e Fully paired (0; = ngl) = mlgz)):
6D 1 252 2.2
Var(i57) = W[b Ologxi T (1 —w) o]
i

e Partial Overlap:

, 2
Y Zw-(l—w')O' gl
~GD\ 122 i i i L 2 y,l
VaT(My,i) = b 0jog x, (n(l) + EME) ) + (1 — wj m®’
i iy L

e Nooverlap (0; = 0):

w? oy
AGDY _ i 2 L
Var(.uy,i) = bzalzogx,i N + (1 W @

l L

If the cross-stage dependence vanishes Cov(4;, B;) = 0;e. g., 0; = 0), the optimal

weight collapses to the Graybill-Deal (GD) weight

n
szlzogx,i
MO

T+
2
b Slogx,i Sy,i

651’:

From arm estimators to the treatment contrast.

With independent arms,

8 = g8 - ih, SE(A™) = |Var(agy) + Var(agh)
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The rest of the hypothesis testing steps in this scenario will be the same as that in

Sir . S3
Section 3.3.2.1, the only difference in calculation is to substitute /—y =+ 2L py
mpg mr

\/ Var(p$h) + Var(a$h), and to substitute yr, ¥z by 457 and A5%.

3.4 Type I Error Control

3.4.1 Setup and Notation

Let p; and p, be the one-sided p-values from the BI tests at Stage 1 (PK) and
Stage 2 (clinical). Define the corresponding Z-scores
Ty =071 —-p), ke{12},
so that larger T} favours biosimilarity. Stage 1 proceeds to Stage 2 only if
P={zg, <Ty<zg} zg, =P '(A—ay), zp=> 11—}y
Let the familywise error target be a and define the remaining after Stage 1 as
Arem = @ — Eg(m < ay).

From exposition, when p; is (approximately) uniform under H,, Er(p1 <o) =y
0
and Pr(?) =~ ﬁl - .
Hop

Conditional-Error Rule
Under H,, the joint behaviour of (Ty, T;) is well approximated by a bivariate

normal model

()= (L2 4] ~1=e=t,
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where p quantifies the stage-to-stage correlation (e.g., due to data reuse or shared
nuisance estimation). Conditioning on the observed interim value T; = t and on
proceeding, the Stage-2 distribution is
T,|Ty = t ~ N(pt, 1 — p?).

Spending the pre-proceed budget

_ Orem - a—a;
Er(?) Br—ay
0

q

via the moving boundary
e (1) = pTy + 1= pPziq & p, <1-@(pTy +1—pZz_)
(reject at Stage 2 if T, = ¢, (T;)) ensures
Pr(Stage 2 reject,P) = q Pr(P) = ayem
HO HO

and hence overall type I error a. When p = 0, ¢,(T;) = z;_4 (constant threshold).

3.4.2 Estimating p in Practice

3.4.2.1 Design-Based plug-in (when Stage 2 reuses Stage 1)

With
iy = wi(a+blogx @)+ (1 - w7,
b =Tog % —Togx®,  a%° =58 — S,
use

Cov(Aq,ASP
p= ( L2 ) (under Hy),

J Var(A)Var(ASP)

with Var (ﬁf,f,? ) computed from the covariance-aware variance above and

Cov(log x, V) ,}71(2)) chosen by overlap (fully overlap/ partial/ independent).
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3.4.2.2 Pilot-based Monte Carlo

Simulate the planned analysis under H, (target n),m®, 0, w; variances; exact BI

computations and decision rules). For each replicate compute
Ii=07'1-p), To=0"'(1-py)

then set p = Cor(Ty,T,) and use this in ¢, (T;).

3.5 Simulation

In this section, numerical simulation techniques are employed to assess the
performance of the traditional confidence interval approach, which is commonly used in
bioequivalence studies, in comparison to the proposed biosimilarity index (BI) approach
under varying sample size and variance conditions.

The main purpose of the proposed design is to enable early and reliable decisions
on biosimilarity at the end of stage 1, thereby expediting the biosimilar development
process. Accordingly, the main objective of this simulation is to compare the traditional
confidence interval approach with the BI approach, providing insights into the selection
of a reliable and efficient similarity threshold p, for critical decision-making at the
conclusion of stage 1. The simulation results could provide guidance for the selection of
an acceptable boundary p, for assessing biosimilarity between the two products.

All simulations in this section are conducted under the following assumptions:
(i) the means (after log-transformation) of two treatment groups (1:1 randomisation
ratio) are equal, (ii) the overall significance level & = 0.05, and (iii) stage 1 significance

level a; = 0.025.
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3.5.1 Corresponding p, at Different Sample Sizes when Using CI Approach

Firstly, we aim to investigate the value of p; when biosimilarity is concluded
using the CI approach. Here, pg is defined as the mean of the biosimilarity indices (BI)
corresponding to the instances where the CI approach concludes biosimilarity.
Specifically, pg = mean(Bls), where Bls represents the list of BI values associated with
the CI-derived biosimilarity conclusions. For illustration purpose, it is assumed that o =
0.3 and the p; for each sample size is computed using 5000 simulations.

Table 18: Corresponding p, of CI approach.

N o Po
40 0.3 0.0905
50 0.3 0.0925
60 0.3 0.1131
70 03 0.1206
80 0.3 0.1559
100 03 0.2398
150 0.3 0.4357
200 0.3 0.5737
300 0.3 0.7439

Table 18 illustrates that the corresponding pg for concluding biosimilarity using
the confidence interval (CI) approach is very small. The results also indicate that
achieving a high reproducibility probability (pg) with the CI approach necessitates a
sufficiently large sample size. This requirement highlights a critical consideration (trade-

off) in the application of the CI approach: smaller sample sizes may lead to an increased

73



risk of false positives. Specifically, when the sample size is inadequate, the CI approach
may overestimate the likelihood of biosimilarity, thereby elevating the probability of
incorrectly concluding that two products are biosimilar. As ny and ny decrease, the
standard error increases, causing the confidence interval (CI) to widen. This, in turn,
raises the likelihood that the CI will overlap with the biosimilarity margin, even if the
true difference ur — up is outside the margin, ultimately leading to an incorrect
conclusion of biosimilarity and increasing the risk of false positives.

This insight underscores the importance of robust study design and sample size
determination in achieving accurate and reproducible outcomes in biosimilarity

assessments.

3.5.2 Comparing Conclusions on Biosimilarity with Different Approaches

With the same sample size, variance and boundary p,, the conclusions on
biosimilarity using BI approach and confidence interval (CI) approach when p, varies
are compared in Table 19.

Table 19: Biosimilarity concluded from CI and BI approach with varying p,.

BI
Po p value CI
Ur | UT o N Bl result Cl
= Ppp (BI) results
]
1.024e- [0.94,
1 1 0.3 | 300 0.4 0.7928 Yes Yes
04 1.15]
2.823e- [0.94,
1 1 0.3 | 300 0.5 0.7928 Yes Yes
03 1.15]
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3.420e- [0.94,

1 | 1 |03]300]| 06 07928 No Yes
02 1.15]
1.902e- [0.94,

1 | 1 |03]300]| 07 07928 No Yes
01 1.15]
5.272¢- [0.94,

1 | 1 |03]300]| 08 07928 No Yes
01 1.15]

When the sample size and variance are fixed, the biosimilarity index (BI) and
confidence interval (CI) will remain constant, leading to an unchanging conclusion on
biosimilarity based on the CI approach. However, varying p, results in changes to the p-
value of the BI approach, thereby altering the conclusion on biosimilarity according to
the p-value. It is evident that if a higher p, (i.e., higher reproducibility probability) is
expected, the BI approach will conclude that the two drugs are not biosimilar, whereas
the CI approach consistently concludes biosimilarity. Thus, it is reasonable to assert that

the BI approach is more stringent than the CI approach in determining biosimilarity.

3.5.3 Varying Sample Sizes

Simulation in this section is performed with p, = 0.4, 0 = 0.3, and varying
sample sizes. Table 20 summarises the results of BI, the corresponding p-values, the
conclusion on biosimilarity using Bl approach and confidence interval (CI) approach.

Table 20: Simulation results with varying sample sizes.

BI CI
Do p value
Ur | Uere| O N BI result CI result
= Pgg (BI)
] ]
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1 1 103 30 0.5 0 1 No [0.77, 1.49] No
1 1 103 60 0.5 0.0270 | 8.197e-01 | No [0.99, 1.51] No
1 1 103 80 0.5 0.1655 | 9.285e-01 | No [0.89, 1.29] No
1 1 03| 100 0.5 0.2808 | 9.148e-01 | No [0.81,1.13] | Yes
1 1 03] 150 0.5 0.5258 | 3.988e-01 | No [0.90, 1.18] | Yes
1 1 1031 200 0.5 0.6442 | 1.238¢-01 | No [0.92,1.17] | Yes
1 1 10.3] 300 0.5 0.7928 | 2.822e-03 | Yes | [0.94,1.15] | Yes
1 1 10.3] 350 0.5 0.8409 | 8.560e-05 | Yes | [0.95,1.15] | Yes
1 1 ]10.3] 400 0.5 0.9189 | 3.015e-35 | Yes | [0.94,1.12] | Yes

Table 20 demonstrates that, given the same variance, the biosimilarity index (BI)

approach necessitates a larger sample size compared to the traditional confidence

interval (CI) approach to conclude biosimilarity. This finding underscores the

importance of ensuring an adequate sample size in stage 1 of the study to achieve a

reliable conclusion of biosimilarity when employing the BI approach. The requirement

for a larger sample size arises from the more stringent nature of the BI approach, which

aims to enhance the robustness and reproducibility of the biosimilarity assessment.

Consequently, researchers must carefully consider the sample size during the study

design phase to meet the necessary criteria for concluding biosimilarity using the BI

method.
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3.5.4 Determining the Appropriate Sample Size for BI Approach Given p,
The simulations conducted in this section aim to offer guidance on selecting an
appropriate sample size for stage 1 when employing the Biosimilarity Index (BI)
approach, tailored to each value of p, and variance o%, under the condition that u; = g
(i.e., the means of the test and reference groups are equal). The objective is to determine
the sample size needed to achieve statistically significant results with the BI approach
under various conditions. For illustrative purposes, we consider a specific scenario
where the standard deviation o is set to 0.3. By exploring this example, we seek to

demonstrate how different values of p, influence the required sample size, thereby

providing practical insights into the design of studies using the BI approach.

Figure 8: Simulation results when py = 0. 4.
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0.25-

Figure 10: Simulation results when py, = 0. 6.
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100 200 300 400

Figure 12: Simulation results when py = 0.8.

Figures 8 through 12 illustrate the p-values obtained from the Biosimilarity Index
(BI) approach for various values of p, across different sample sizes, with the red dotted

line representing the significance level a; = 0.025. In these figures, the sample size that

79



ensures nearly all p-values fall below the red dotted line indicates the required sample
size for a specific p,, given that o = 0.3.

From the trends observed in these figures and based on theoretical intuition, it is
evident that higher values of the reproducibility probability p, necessitate larger sample
sizes. This relationship underscores the need for more substantial sample sizes to
achieve a stringent assessment of biosimilarity as the expected reproducibility
probability increases.

To address variations in different scenarios, additional simulations can be
conducted with varying values of 62. These simulations would produce a new set of
figures, offering further guidance on selecting the appropriate sample size under
different variance conditions. This approach ensures that the sample size
recommendations are adaptable to a range of statistical and practical contexts in

biosimilarity assessments.

3.5.5 Determining the Appropriate p, for BI Approach Given Sample Size

The simulations presented in this section aim to provide guidance on selecting an
appropriate p, for the Biosimilarity Index (BI) approach, given a specific sample size (for
stage 1) and variance (62), under the condition that y; = g (i.e., the means of the test
and reference groups are equal). The objective is to identify the p, value that best
balances the reproducibility probability and the probability of success of the trial using
the Bl approach. Here, the probability of success is defined as the probability of

concluding biosimilarity based on the BI approach.

80



For illustrative purposes, we consider a scenario where the standard deviation

(0) is set to 0.3, and the probability of success for each p, is computed using 5000

simulations. By examining this example, we aim to demonstrate how different values of

po and sample sizes influence the probability of success of the trial. This analysis

provides practical insights into the design of studies utilizing the BI approach.

Table 21: Probability of success of the trial with varying p, and sample sizes.

Sample size Do Probability of success

150 0.3 0.1762
0.35 0.1242
0.4 0.0700
0.45 0.0126
0.5 0.0020
0.55 0.0004
0.6 0.0002
0.65 0
0.7 0
0.75 0
0.8 0
0.85 0
0.9 0

200 0.3 0.4000
0.35 0.3468
0.4 0.2896
0.45 0.1700
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0.5 0.1072
0.55 0.0476
0.6 0.0142
0.65 0.0034
0.7 0.0002
0.75 0
0.8 0
0.85 0
0.9 0
250 0.3 0.5970
0.35 0.5492
0.4 0.4970
0.45 0.4386
0.5 0.3760
0.55 0.3062
0.6 0.2392
0.65 0.1568
0.7 0.0748
0.75 0.0202
0.8 0.0026
0.85 0
0.9 0
300 0.3 0.7456
0.35 0.7056
0.4 0.6618
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0.45 0.6162
0.5 0.5608
0.55 0.4976
0.6 0.4238
0.65 0.3478
0.7 0.2608
0.75 0.1590
0.8 0.0628
0.85 0.0068
0.9 0
350 0.3 0.8472
0.35 0.8198
0.4 0.7818
0.45 0.7480
0.5 0.7064
0.55 0.6570
0.6 0.5924
0.65 0.5222
0.7 0.4338
0.75 0.3372
0.8 0.2174
0.85 0.0828
0.9 0.0052

Table 21 depicts the probability of successfully concluding biosimilarity using

the Bl approach across varying sample sizes and p, values. This table provides a
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reference for selecting a p, value that reflects the anticipated level of biosimilarity
(reproducibility probability of biosimilarity results) while maintaining an acceptable
probability of passing the biosimilarity test.

The trend observed in this table indicates that setting a higher reproducibility
probability boundary (p,) increases the difficulty for the new drug to pass the
biosimilarity test, thereby reducing the probability of success in establishing
biosimilarity between the biosimilar and the reference (innovator) drug. Additionally, it
is evident that a higher p, necessitates a larger sample size to achieve a higher
probability of success. This method for determining p, thus ensures reliable
biosimilarity conclusions while avoiding excessively stringent criteria, ultimately

facilitating the robust evaluation and approval of biosimilar drugs.

3.6 Discussion and Concluding Remarks

In clinical development, the two-stage seamless adaptive trial design, which
amalgamates two trials that were previously designed and conducted independently
into a single trial, has garnered substantial scholarly interest. A typical instance is the
phase 2/3 seamless adaptive clinical trial. This design may encompass distinct study
objectives, endpoints (potentially of varying data types), and target patient populations
at different stages (Mai and Chow, 2024). In line with this methodology, and under the
Fundamental Biosimilarity Assumption that pharmacokinetic (PK) similarity is
indicative of clinical similarity, we propose a two-stage seamless trial design that
integrates a PK study (for evaluating drug absorption) with a comparative clinical study

(for assessing safety and efficacy) within the context of biosimilar drug development.
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The aim of this proposed method is to streamline the review and approval process of the
biosimilar development.

The utilisation of a biosimilarity index provides an effective solution to the
challenge of quantifying "highly similar" relationships, as it captures the level of
similarity between test products. The biosimilarity index is robust and exhibits
insensitivity to the specific similarity margins used in biosimilar drug development. This
robustness extends across various domains of biosimilarity assessments, including
analytical studies, pharmacokinetic (PK) evaluations, and clinical trials. By offering a
consistent measure of similarity irrespective of the margin thresholds, the biosimilarity
index ensures a more reliable and comprehensive evaluation of biosimilar products,
thereby enhancing the overall assessment process in biosimilar drug development.

One of the primary objectives of our proposed design is to facilitate the reliable
early determination of biosimilarity or not. This objective is accomplished by
establishing a framework that enables accurate and trustworthy conclusions about
biosimilarity at an earlier stage of the development process. By implementing robust
statistical methods and stringent criteria within the design, we aim to provide a solid
foundation for making informed decisions regarding the biosimilarity of products
before the completion of all study stages. This early decision-making capability is critical
for streamlining the biosimilar development process, potentially reducing time and costs
while ensuring that only products meeting stringent biosimilarity standards progress to

subsequent phases.
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The findings in this paper underscore that the Biosimilarity Index (BI) approach
exhibits greater stringency compared to the confidence interval (CI) approach when
concluding biosimilarity between two products. This increased rigor provides a higher
level of assurance in the reproducibility of biosimilarity results in subsequent trials. The
enhanced stringency of the BI approach establishes a more rigorous threshold for
concluding biosimilarity, thereby reducing the likelihood of false positives.
Consequently, this method ensures that only truly biosimilar products are deemed
equivalent, which is crucial for maintaining the integrity and reliability of biosimilarity
assessments.

The simulation provides guidance for selecting the appropriate sample size for
the Biosimilarity Index (BI) approach. By evaluating various sample sizes and their
impact on BI p-values, the simulation identifies the minimum sample size needed to
achieve statistically significant results. This ensures that the sample size meets the Bl
approach's stringent criteria, thereby enhancing the reliability of biosimilarity
conclusions. These insights inform study design, ensuring efficient resource allocation
and adequate study power to detect true biosimilarity.

The simulation in Section 3.4 also offers essential insights for determining the
optimal p, for a given sample size, ensuring a balance between attaining the expected
level of reproducibility in biosimilarity results and maintaining an acceptable
probability of success. This balance is essential in ensuring that the biosimilarity
conclusions drawn from the trial are reliable and statistically robust, while avoiding

overly stringent criteria that could unduly diminish the trial's probability of success.
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This approach to selecting p, helps in designing more efficient and effective
biosimilarity studies, ultimately contributing to the robust evaluation and approval of
biosimilar drugs.

This study operates under the assumption that participants in both stages of the
study are sourced from the same population. However, if the study involves different
populations in the two stages, further adjustments will be required if the trial advances
to the second stage. These adjustments are necessary to account for potential differences
between the populations, which may impact the validity and reliability of the results.
More details on implementing such modifications may be found in Mai and Chow
(2024) as a reference.

Moreover, further investigations may explore whether using an unequal
randomization ratio could reduce the total sample size required. By examining and
optimizing different allocation ratios between treatment and control groups, it may be
possible to design more efficient studies that maintain statistical power and reliability
while requiring fewer participants. This research could significantly enhance the cost-
effectiveness and feasibility of biosimilarity assessments.

Further expansion on the biosimilarity index is also necessary to facilitate its
correct usage when evaluating biosimilarity and, in particular, in determining the
appropriate similarity threshold for such testing. This motivates the methodological
developments in the next chapter, which focus on establishing a rigorous statistical
framework based on the Relative Biosimilarity Index (RBI) for defining thresholds and

decision rules in biosimilar evaluation.
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4. An Innovative Method Based on Relative Biosimilarity Index
for Assessing Biosimilar Drug Products

The two-stage seamless PK—clinical adaptive design presented in Chapter 3
demonstrated how adaptive methods can streamline biosimilar development by
integrating pharmacokinetic and clinical assessments within a unified trial. That design
highlighted the utility of the biosimilarity index (BI) as a robust metric for guiding early
decision-making. However, it also underscored an important methodological challenge:
the need for principled guidance on selecting appropriate decision boundaries in
biosimilarity testing. In particular, the choice of the margin in the hypothesis
Hy: BI(X) < p, directly determines the stringency of the evaluation, influencing both
the probability of declaring biosimilarity and the credibility of the resulting conclusion.

This chapter addresses that gap by extending the biosimilarity index (BI)
framework through the development of the Relative Biosimilarity Index (RBI). The RBI,
defined as the ratio of the BI to the reference-to-reference similarity, explicitly accounts
for variability inherent in the reference product and thereby provides a more stable and
informative basis for inference. For regulatory review and approval, this distinction
matters: Bl implies product specific decision thresholds that move with the variability of
the reference, whereas RBI normalises for that variability and thus allows a single,
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standardised similarity threshold to be prespecified and applied consistently across
products, studies and therapeutic areas. In practice, RBI therefore facilitates more
consistent, transparent and predictable determinations of biosimilarity at the time of
regulatory submission. Building on this foundation, a systematic methodology is
proposed for determining the corresponding similarity threshold §, drawing on
established equivalence margins and incorporating variability adjustments to ensure
both statistical rigor and practical interpretability. Multiple inference procedures,
including Fieller’s method, logit transformation, beta regression, and probability-based
approaches, are evaluated within this unified decision framework. Taken together, these
developments establish an extended methodology that offers structured guidance on
similarity threshold selection, bridging theoretical considerations with practical

implementation in biosimilar evaluation.

4.1 Introduction

In recent years, the development of biosimilar drug products has received much
attention. The purpose is to establish a framework that enhances the biosimilar review
and approval process, thereby potentially enhancing the affordability and expediting the
availability of biosimilar products, while ensuring the safety, efficacy, and quality of the
approved biosimilar products. The framework is to demonstrate biosimilarity between
the proposed biosimilar (test) product and the innovative (reference) product, which
involves comparing the two products across analytical critical quality attribute (CQA),

pharmacokinetic and pharmacodynamic (PK/PD), and clinical endpoints (FDA, 2015).
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However, this process can be time-consuming and resource-intensive, creating a
significant bottleneck for the timely approval of biosimilars.

To streamline biosimilarity evaluation and accelerate decision-making, Chapter 4
proposed a two-stage seamless adaptive design that integrates the PK and clinical
studies into a single trial under the Fundamental Biosimilarity Assumption which
assumes that the PK/PD similarity is predictive of clinical similarity. This innovative
design enables early determination of biosimilarity at the end of stage 1, offering the
potential to reach definitive conclusions on biosimilarity at an earlier phase of
development. By eliminating the need for separate studies, the two-stage seamless
adaptive design reduces redundancy, optimises resource utilization, and enhances the
overall efficiency of the biosimilar development.

Chapter 4 discussed the use of biosimilarity index (BI), a novel metric proposed
to provide a more flexible and comprehensive framework for assessment of
biosimilarity. The biosimilarity index is robust across various domains of biosimilarity
assessments and enables more straightforward interpretation of biosimilarity compared
to conventional bioequivalence testing approaches.

As indicated by Chapter 4, biosimilarity evaluation lies the challenge of
establishing appropriate decision-making thresholds, specifically the selection of the
margin in the hypothesis Hy: BI(X) < po, which determines the level of similarity
required between the biosimilar and its reference product. The choice of p, directly
influences the stringency of the test and the probability of passing, thereby affecting

both clinical decisions and regulatory outcomes. This challenge highlights the need for a
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rigorous, methodological approach to defining this boundary, specifically tailored to the
context of the biosimilarity index. Building upon the biosimilarity index framework, this
paper addresses the issue of similarity threshold selection. We propose a structured
approach for testing biosimilarity, determining decision boundaries, and refining
theoretical considerations for innovative boundary setting by drawing on traditional
boundary-setting strategies. As a result, in this article, we propose a new metric, i.e., the
relative biosimilarity index, which is defined as RBI = BI /Pgp to account for variability
inherent in the reference product. In addition, we propose to evaluate biosimilarity by
testing the null hypothesis that Hy: RBI < §, and propose a systematic methodology for
determining the corresponding decision threshold (6).

Thus, the purpose of this study is threefold. First, we propose a new metric, the
Relative Biosimilarity Index (RBI), which extends the biosimilarity index framework by
normalizing against the variability inherent in the reference product. Second, we discuss
and compare multiple statistical testing procedures for evaluating RBI, including
Fieller’s method, logit transformation, beta regression, and probability-based
approaches, all implemented under a common decision framework. Third, we introduce
a structured methodology for selecting the decision threshold §, grounded in regulatory
equivalence margins and adjusted for between-subject variability. A comprehensive
simulation study is conducted to assess how the choice of §, sample size, and testing
procedure impacts type I error control and statistical power. The overarching goal is to

bridge the gap between theoretical innovation and practical implementation in
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biosimilar drug development, ultimately enhancing the rigor and efficiency of biosimilar

drug development.

4.2 Relative Biosimilarity Index (RBI)

To assess biosimilarity between a proposed biosimilar product and its innovative

(reference) product, we propose the following relative biosimilarity index (RBI):

where BI(X) is the reproducibility probability, which is defined as biosimilarity
index derived from the observed data X. Pgy is the Bl obtained with data X;..5, which the
BI comparing the reference group with itself, and RBI can thereby be obtained. In what

follows, for a given biosimilar study, the derivation of BI will be briefly described.

4.2.1 Biosimilarity Index

As discussed in Chapter 3, to assess biosimilarity between a proposed biosimilar
(test) product and its innovator (reference) product, Chow (2013) introduced the
biosimilarity index (BI), defined as the reproducibility probability within pre-specified
biosimilarity limits (8, 8y). The BI can be expressed as the conditional probability of

rejecting null hypothesis in the future trial given that the data observed is X:

BI(X) = P(reject Hy|X) = J.P(rejeCt Hol8true) P(Struel X) dSerye

For simplicity, a non-informative prior is assumed, and the biosimilarity index

BI(X) is approximated following Chow (2013; see also Shao & Chow, 2002):
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The estimate of BI(X), derived from a specific dataset Xy, is denoted as BI(Xy).
Similarly, estimated Pgg (Prg) is obtained from computing BI(X) using only the

reference group data in X;.

4.2.2 Estimation of Pgpp

To estimate Pgr we leverage data collected from the reference group in the
observed dataset. The process involves the following steps:
*  Step 1: Splitting the Reference Group Data
The reference group data is randomly split into two non-
overlapping subgroups, R; and R,, with sizes n; and n, respectively. The
split ratio should maintain statistical power while minimizing the risk of
bias due to small sample sizes.
*  Step 2: Computing Means and Variances
The sample means (X Ry X R, ) and variances (S ,%1, S }%2) for the two
subgroups are computed. These statistics represent the underlying

variability and central tendency of the reference group data.
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*  Step 3: Calculating the Biosimilarity Index within the Reference Group
Using the calculated means and variances, the BI for R, versus
R,is computed according to the predefined formula for BI. This value,
denoted as Pgp, captures the degree of similarity between the two
subgroups within the reference group.

It is important to note that a potential limitation of this approach arises when the
sample size of the reference group is small, leading to challenges in adequately splitting
the data into two subgroups while retaining statistical power. Strategies to mitigate this
include:

* Increasing the overall reference group size during study design, if
feasible.

* Applying resampling methods such as bootstrapping to improve the
stability and reliability of estimation.

* Incorporating external data for the reference product to supplement the
available information.

Once both BI(X) and Pgp are obtained (estimation and statistical properties of
BI(X) can be found in Chapter 3), the estimate of the RBI (RBI) can be calculated, which

serves as an index that accounts for variability inherent within the reference group.
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4.3 Statistical Testing Methods for Relative Biosimilarity Index (RBI): A
Comparative Framework

In this section, we present six statistical procedures for testing whether the
Relative Biosimilarity Index (RBI) provides sufficient evidence to conclude biosimilarity.
Specifically, we consider the hypothesis framework:

Hy: RBI < § (not biosmilar) vs. Hy;:RBI > § (biosimilar),

where § is a pre-specified decision threshold derived from the proposed function
6 = §(CV), which will be discussed in Section 4.4.

The six methods differ in their inferential foundations and assumptions, such as
how uncertainty in the numerator and denominator of RBI is addressed, whether
distributional assumptions (e.g., normality or beta-distribution) are required, and
whether resampling or regression modelling techniques are utilized. Each method
provides different perspective for inference on RBI test, and the choice of method
should be guided by how well it performs, in terms of type I error control and statistical
power, under the proposed index (RBI) and decision threshold (§). These operating

characteristics will be evaluated through simulation in Section 4.5.

4.3.1 Fieller’s Test

In this study, Fieller's method is considered to test whether the Relative
Biosimilarity Index (RBI) exceeded a pre-specified threshold §. While a standard Z-test
could be applied by approximating the sampling distribution of RBI using the delta
method, this approach assumes that the denominator, Pgy, is fixed or estimated with

negligible uncertainty. However, in our context, both BI(X) and Prp are sample-based
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estimators with non-negligible variability and potential dependence due to shared use of
reference group data.
4.3.1.1 Test Statistic

This method is valid when the sample size is sufficiently large, or when BI(X)
and Pgp exhibit asymptotic joint normality. Fieller's method (Fieller, 1954) provides a

theoretically valid test for such a ratio by evaluating the quadratic form:

. (BICX) — 8Pgz)’
~ Var(BI(X)) — 268 - Cov(BI(X), Prr) + 62 - Var(Pgg)

The variances and covariance can be either computed analytically (using the
delta method) or estimated via nonparametric bootstrap resampling. Under the null
hypothesis, the test statistic T approximately follows a chi-square distribution with 1
degree of freedom. The one-sided p-value can then be calculated as: p = 1 — F,2(T),
where F 2 (*) is the cumulative distribution function of the chi-square distribution with 1
degree of freedom.

The null hypothesis will be rejected (i.e., conclude that the test product is
biosimilar to the reference) if p < @, where «a is the pre-specified significance level. This
approach appropriately accounts for uncertainty in both the numerator and
denominator of the RBI. While Fieller’s method, like the Z-test, relies on asymptotic
normality, it more accurately accounts for uncertainty in both the numerator and
denominator of the RBI. In small to moderate samples, the Z-test may underestimate the
standard error of the ratio by ignoring denominator variability, leading to liberal

inference. In contrast, Fieller's method models the ratio through a second-order
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quadratic form, providing more conservative and reliable inference even when the

normal approximation is only moderately accurate.

4.3.1.2 Variance and Covariance Estimation

4.3.1.2.1 Delta Method Estimation

According to Mai and Chow (2025), the variances of BI(X) and Pry can be
approximated. Under the assumption that B/ (X) and Py are asymptotically normal,
then their variances can be estimated through multivariate delta method. Since BI(X)

and Pgp are functions of ug and oy, then

OBI(X) dPgz 0f OBI(X) 0Ppz o3
Cov(BIC, Prr) = —5 =5 = 0t 55— 35 2ns

4.3.1.2.2  Bootstrap-Based Estimation

To relax the normality assumption underlying Fieller's method and provide a
more robust inference framework, we employed a nonparametric bootstrap procedure
to estimate the variance and covariance components required in the test statistic.

To compute this test statistic, test and reference data will be independently

resampled (with replacement) K times. For each bootstrap sample k, BI(X)® and P;e(k)

o . K
will be computed and generated the set of bootstrap replicates {(BI (X)®, Peg (k))} et

Variances and covariance can then be estimated:

K
Var(BI(X)) = ﬁZ(BT(Y)(") ~BI(®))’
k=1

K

— 1 k) —
Var(Pgg) = K—1 (PRR - PRR)

2

=1

(k)

K
_ 1 I
Cov(BI(X), Pgg) = HZ(BI(X)(“ ~BI) (P — Par)

k=1
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This approach avoids direct reliance on the asymptotic joint normality of (BI(X),
Pgr), and instead uses the empirical distribution of these statistics to estimate their
variability. This bootstrap-enhanced version of Fieller's method provides improved
robustness in small to moderate sample sizes and accommodates potential non-

normality or skewness in the sampling distribution of RBI.

4.3.2 Log Transformation
Since the biosimilarity index is bounded between 0 and 1 and is usually not too

close to 0 or 1, a logit transformation may be considered. First is to apply the logit

transformation to BI(X) and Pgg. Then instead of working with RBI = @ , RBlyogi =

RR
logit (BI(X)) — logit(Pgg) will be computed, and the hypothesis will be changed
accordingly:

Hy:RBlyp g < logit(d)

Hy:RBlyp gt > logit(d)

A normality test (e.g. Shapiro-Wilk test) should be performed before conducting

the test to ensure that the transformed data meets the normality assumption. If the
normality holds, a standard Z-test can be performed with test statistic:

7= RBIypgit — logit(6)

\[Var (logit(BI(X))) + Var(logit(Pgg)) — 2Cov(logit(BI(X)), logit(Pgg))
The estimation of the variances of BI(X) (and also Pry) was discussed by Mai and
Chow (2025), while the estimation of covariance follows the approach outlined earlier.

Consequently, the estimated variances of logit transformed variables are given by:
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2
Var (logit(BI(X))) z( ) Var(BI(X))

BI(X)(1 - BI(X))

2
V/dr(logit(PRR)) z( ) Var(Prg)

Prr(1 = Pre)

— . ) _ 1 1 S
Cov (loglt(BI(X)), loglt(PRR)) ~ (B/I(?)(l — BT(T))) <15};?(1 — @)) Cov(BI(X), Pggr))

The logit transformation offers computational efficiency and, when its
underlying assumptions hold, leverages the power of parametric methods. However, its
applicability is limited when BI(X) is close to 0 or 1 or when the normality assumption

remains violated despite the transformation.

4.3.3 Regression Inference with Bootstrap Sampling

To evaluate whether the observed Relative Biosimilarity Index (RBI) supports a
claim of biosimilarity, we developed a set of inference procedures grounded in
regression modelling. Given that RBI is a continuous quantity bounded within the open
interval (0, 1), beta regression is a natural framework for modelling both the magnitude
and uncertainty of RBI estimates. This approach enables the testing of whether the mean
RBI exceeds a threshold §. The methodological foundation of beta regression is
described by Ferrari and Cribari-Neto (2004), which provides the distributional
assumptions and link functions used in modelling bounded responses. Moreover, the
probability that RBI exceeds a threshold (Pr(RBI > §)) can be assessed using a Bernoulli

or logistic regression model applied to bootstrap replicates of the RBI.
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4.3.3.1 Testing Mean RBI

Again, the test and reference data will be independently resampled (with
replacement) K times. Let RBI® € (0,1) denote the RBI calculated from the k"
bootstrap sample, with k = 1, ..., K. Each RBI®® value is modelled as a draw from the
Beta distribution:

RBI® ~ Beta(u, ¢),
where p € (0,1) is the mean and ¢ > 0 is the precision parameter. A logit link function
can be used to model the mean:
logit(u) = Bo
The hypotheses are formed as:
Hy:p<é6 and Hy:pu>9,

which is equivalent to:

1)
HOZ ,80 < IOg (m)

Then construct a Wald statistic:

By —log(8/(1 - &)
SE (Bo)

)

where f is the estimated intercept and SE (Bo) is the standard error. The one-sided p-
value is then p = 1 — ®(Z), and the null hypothesis can be rejected when p < a, which
indicates that the mean RBI is significantly greater than §, supporting the claim of

biosimilarity.
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4.3.3.2 Testing Pr(RBI >48)>1—«a

To reflect regulatory interpretation of biosimilarity as a high-probability event,
we can also test on whether the probability that RBI exceeds & is at least 1 — a. For each
bootstrap sample, we define:

z® = 1(RBI® > §),
and modelled:

z® ~ Bernoulli(p),

where p = Pr(RBI > §) is the probability of RBI greater than the threshold §.
The hypotheses are formulated as:
Hyp<l—a and Hy:p>1-a.

Then the proportion:

1K
N N
p KZZ

k=1

can be tested using the following two approaches:
(a) One-sample binomial proportion test
Suppose the total bootstrap samples K is sufficiently large, the test statistic

would be:

_p-0-a

‘= J(A = a)a/K’

and the corresponding one-sided p-value can be computed asp = 1 — ®(Z).
Alternatively, the p-value can be computed using an exact one-sided binomial

test. Under the null hypothesis that the probability of RBI exceeding § is at most 1 — «,
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the number of observed exceedances among K replicates follow a Binomial distribution
with parameters K and 1 — a. The p-value is then given by:
p = Pr(Binomial(K,1 — a) = K - p),

which represents the probability of observing as many or more RBI values exceeding §
as in the data, if the true probability of exceedance were only 1 — a. A small p-value
indicates strong evidence that Pr(RBI > §) > 1 — a, thus supporting the claim of
biosimilarity.

(b) Logistic regression (if covariates are included)

In this method, the model would be:

logit(p) = no,
and the hypotheses are:

a l1-a
HO:nOSlog(T) and Hl:n0>log( - )

A Wald statistic can then be calculated as:

;o= 10g((1 ~ 0)/a)
SE o)

The null hypothesis can be rejected when the one-sided p-value is less than pre-specified
significance level @, which means there is strong evidence that Pr(RBI > §) > 1 —«,
therefore supports the claim of biosimilarity.

The p-value from the logistic regression Wald test represents the strength of
evidence against the null hypothesis that the probability of RBI exceeding the threshold
dis at most 1 — a. A small p-value indicates strong support that Pr(RBI > §) > 1 —a,

and thus, that the biosimilarity criterion is met with the desired level of confidence.
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4.3.4 Comparison of Testing Methods

Several methods have been proposed in this study to test the hypothesis
Hy:RBI < §, including Fieller's method, logit-transformed Z-tests, and regression
modelling. While these methods differ in their underlying statistical assumptions and
inference targets, they can all be used with a common decision threshold &, provided

that appropriate scale alignment is maintained.

Table 22: Comparative summary of six statistical methods.

Inferential Key
Method Strengths Limitations
Basis Assumptions
Unstable
Explicitly
when
Approximate accounts for
Ratio-based denominator
joint variability in
confidence (Prg) is small
Fieller’s normality of | both numerator
interval and or highly
Method BI and Pgp; and
quadratic variable;
large sample denominator;
inequality requires large-
size widely used in
sample
bioequivalence
normality
Approximate | Straightforward | Requires RBI
Logit Z-test on ' . . '
normality of | implementation; | components in
. logit-
Transformation ¢ logit(BI) and variance (0,1);
transformed
logit(Pgr); estimable on sensitive to
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RBI moderate transformed skewness;
components | sample size scale may break
down if values
are near
boundaries
Requires
Parametric | RBI € (0,1); Suitable for
bootstrap
regression Beta- bounded,
samples; may
modelling distribution continuous
Beta be sensitive to
of RBI asa | appropriate; outcomes;
Regression boundary
Beta- independent supports direct
values; limited
distributed bootstrap hypothesis on
interpretability
response replicates mean RBI
of coefficients
May lack
Easy to accuracy with
Z-test on Large K
implement; few
proportion (replicates);
Binomial interprets exceedances;
of bootstrap CLT
Approximation RBI > § asa | approximation
RBIs approximation
probabilistic breaks down
exceeding § | for Binomial
event when p is near

Oorl
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None (non-

Exact one- parametric); Distribution- Discrete p-
sided test on requires free; valid values; limited
Binomial Exact
number of binomial under small resolution;
Test
RBI > § modelling of sample may lack
exceedances bootstrap conditions power
exceedances
May suffer
from
Wald test Bernoulli Enables
separation
on intercept | model; logit covariate
when few
from link; no quasi- adjustment;
Logistic RBI > §;
logistic complete interprets
Regression unstable
regression separation; biosimilarity as
estimates with
of RBI > sufficient high probability
rare events;
o) exceedances event

large K

required

Each method provides a different perspective on the testing problem. Fieller’s

method is ratio-based and useful for direct comparison of RBI to §. Logit-based tests

leverage transformation for variance stabilization but require scale transformation of §.

Regression allows modelling of the expected RBI or its exceedance probability, with

greater flexibility for incorporating covariates or modeling heteroscedasticity.
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The decision threshold § is selected a priori based on regulatory equivalence
bounds and prior assumptions about between-subject variability (e.g., CV). This
selection is agnostic to the specific testing procedure and is intended to be broadly
applicable. However, care must be taken to ensure that the test statistic and the
interpretation of § are aligned on the same scale. For instance, when logit-transformation
is applied to RBI, the corresponding threshold must be transformed to logit(5); in
probability-based beta regression, § is treated as a reference for exceedance probability
rather than a direct comparator. While the § value itself is fixed, the way it is used in

each test may differ slightly depending on the structure and scale of the model.

4.4 Method for Selecting 6 in Testing the Relative Biosimilarity Index
(RBI)

The selection of the threshold § in testing the Relative Biosimilarity Index (RBI)
is critical to ensuring both compliance with regulatory standards and clinical relevance.
Regulatory agencies such as the FDA define a biosimilar as a product that is “highly
similar to the reference product notwithstanding minor differences in clinically inactive
components,” and that has “no clinically meaningful differences in terms of safety,
purity, and potency” (FDA, 2015). The threshold § must therefore reflect these
regulatory expectations while incorporating statistical variability inherent in the data.
Below, we propose a structured method for determining § that integrates regulatory

equivalence criteria and variability adjustment.
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4.4.1 Method

To ensure § is consistent with regulatory standards and practical feasibility, the
following steps are proposed:
e  Step 1: Define Key Parameters
The threshold § represents the minimum acceptable RBI value above
which biosimilarity is concluded. Regulatory agencies commonly define
equivalence margins for pharmacokinetic (PK) parameters (e.g., (0.8,1.25)
for the geometric mean ratio). These bounds serve as the basis for
determining §, ensuring it aligns with clinical expectations. The baseline
threshold &, is derived from these equivalence margins and represents the
default RBI threshold without adjustments for variability.
*  Step 2: Translate Regulatory Benchmarks into 6
To convert these equivalence bounds into a baseline RBI threshold, we

use the relation:

5 — 1
14+ M

where M is the maximum allowed deviation (e.g., e.g., M = 0.25 for the
bounds (0.8, 1.25)). This formula ensures that the RBI reflects a lower bound
for acceptable similarity, consistent with regulatory guidelines (see EMA,
2014 and FDA, 2022).

*  Step 3: Incorporate Variability into 6
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To account for variability in the reference product, we introduce an
adjustment based on the coefficient of variation (CV). The adjusted threshold

is defined as:

§=8(CV) = L

1+y-CV

where:

* 4 is the baseline threshold from Step 2,

*  (CVisthe observed coefficient of variation of the reference product,
where s? is the sample variance of the reference data (log-transformed if
using PK).

CV=+ve’ -1

* yisatuning parameter reflecting tolerance for variability.

This adjustment ensures the threshold accounts for the inflation of
variability under biologics and aligns with regulatory standards. The idea of
adjusting statistical thresholds for variability is conceptually similar to
scaled average bioequivalence (SABE) approaches used for highly variable
drugs, where equivalence margins are adapted based on observed
variability in the reference product (FDA, 2001; Chow, 2014; Tothfalusi &
Endrenyi, 2016; Haidar et al., 2008; Davit et al., 2012). In particular, methods
like scaled average bioequivalence (SABE) adjust the margins in proportion
to the reference product’s within-subject variation, ensuring that drugs with

higher inherent variability are not unfairly penalized. In the setting of this
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paper, between-subject variability is the most relevant source of uncertainty,
as a parallel design is used. Therefore, we adjust the RBI threshold § using
the coefficient of variation of the reference group, reflecting population-level
variability in a manner analogous to SABE’s use of intra-subject variability.
*  Step 4: Perform Sensitivity Analysis
To ensure the robustness of the selected threshold §(CV), we
recommend a comprehensive sensitivity analysis:
e Vary CV across plausible ranges (e.g., 0.1,0.15,0.2),
e Vary sample sizes across plausible ranges,
e Explore different values of y (e.g., 0.2,0.3,0.4),
o Evaluate the resulting impact on type I error and power,
This step helps the selection of threshold § so that it balances regulatory
stringency with practical considerations, while ensuring adequate statistical

power (= 80%) and controlled Type I error (< 5%).

4.4.2 Choosing the Tuning Parameter y

The parameter y in the adjustment formula plays a crucial role in determining
how much the baseline threshold J is adjusted based on the variability (CV) of the
reference product.

The selection of y should balance regulatory stringency, statistical rigor, and

teasibility:
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e Regulatory Alignment: Examine precedents in biosimilar product
approvals and relevant guidance to identify implicit tolerance levels for
variability.

o Statistical Considerations: Choose y to maintain type I error control (<
5%) and adequate power (= 80%). Simulation studies (e.g., via Monte
Carlo or bootstrap) can be used to assess the operating characteristics of
different y values.

e Example Ranges:

o ¥ = 0.1 to 0.3: suitable when variability is low and regulatory
stringency is high.

o y = 0.3 to 0.5: appropriate when more flexibility is acceptable,
especially for biologics with higher variability.

This framework should provide a reproducible and flexible method for selecting
the biosimilarity threshold § used in testing the Relative Biosimilarity Index. By
integrating regulatory equivalence criteria, adjustments for variability, and sensitivity
analyses, the approach supports statistically valid and clinically interpretable
biosimilarity claims. It is adaptable to diverse trial settings and promotes consistency in

decision-making across studies.

4.5 Simulation Study

The simulation study was designed to support three key objectives in the
development and application of the Relative Biosimilarity Index (RBI) framework. First,

we conducted simulations to provide guidance on selecting the tuning parameter y in
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the threshold function § = 6(CV) = 6,/(1 + y - CV), which adaptively defines the
similarity threshold based on the coefficient of variation (CV). Second, we evaluated how
sample size and variability jointly influence the operating characteristics of the RBI-
based test, specifically empirical type I error and power, offering practical guidance for
sample size determination under specified design settings (i.e., given CV and §). Third,
we compared the performance of six statistical testing procedures applied to the RBI,
using the decision threshold § derived from the proposed function, to assess their
suitability in terms of error control and inferential robustness.

Datasets were simulated under both the null hypothesis (non-biosimilarity) and
the alternative hypothesis (biosimilarity), across a range of CV values and sample sizes.
The RBI was computed for each dataset and compared to the pre-specified threshold 5,
and empirical type I error and power were estimated based on the proportion of
rejections under H, and H;, respectively. Where applicable, the simulations were
tailored to align with the specific assumptions of each testing method. This simulation
framework should provide practical guidance for calibrating &, selecting appropriate
sample sizes, and choosing robust testing procedures in the context of biosimilarity
assessment in our proposed framework.

Before conducting simulation, the following properties are first considered to
ensure that § function can be deemed valid in the context of biosimilarity testing based
on the Relative Biosimilarity Index (RBI):

(i) Type I Error Control
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A valid é function must ensure that the test controls the familywise Type I error
rate at or below a nominal significance level (typically @ = 0.05) under the null
hypothesis. Specifically, when the test and reference products are not biosimilar, the
probability of incorrectly declaring biosimilarity should satisfy:

Pr(RBI > §|H,) < a.

This property is evaluated empirically in the simulation by generating data
under Hj (e.g., with a log mean difference exceeding the regulatory equivalence margin)
and computing the proportion of simulations in which RBI exceeds the threshold §.

(ii) Power Adequacy

The function § should not be overly conservative. Under the alternative
hypothesis, when the test and reference products are truly biosimilar, the probability of
rejecting Hy (i.e., correctly concluding biosimilarity) should be high, for instance
power = 0.8. Thus, the function must achieve:

Pr(RBI > §|H,) = 0.8.
(iii) Interpretability and Clinical Alignment

The function should produce § values that lie in the interval (0, 1) and remain
interpretable in the context of biosimilarity. Ideally, the function is derived from
regulatory equivalence margins (e.g., 0.8 — 1.25 for PK endpoints) and scaled to reflect
study-specific variability, while retaining a meaningful link to clinically acceptable
similarity levels.

(iv) Monotonicity and Continuity
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To ensure logical and statistical consistency, the function § should be continuous
and monotonic with respect to the coefficient of variation. For instance, a decreasing
function like § (CV) = 6,/(1 + vy - CV) intuitively reflects that achieving a high RBI
becomes more difficult under high variability, and therefore appropriately relaxes the

threshold.

4.5.1 Determination of y

To evaluate the performance of the RBI-based testing procedure under varying
design conditions, we conducted a series of simulations across a range of coefficient of
variation (CV) values and tuning parameters y. The threshold § was determined by the
function §(CV) = 6o/ (1 + y - CV), with §, fixed at 0.8. The resulting empirical power
and type I error were estimated under both the null hypothesis (non-biosimilarity) and
the alternative hypothesis (biosimilarity). Figures 14 illustrate the relationships among
power, type I error, CV, and .

The following figures are based on 10,000 simulation replicates conducted under
the specified parameter settings: (1) the mean difference under the null hypothesis is set
to 0.4; (2) the mean difference under the alternative hypothesis is set to 0.22; (3) sample
size per treatment is 50; and (4) the standard deviation is assumed to be equal to the

coefficient of variation (CV), and the similarity threshold § = §(CV).
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Power vs. CV

Power

ov
Figure 13: Power vs. CV for different y values.

This plot shows the power of the RBI-based biosimilarity test as a function of the
coefficient of variation (CV), stratified by the tuning parameter y used in the threshold
function §(CV) = 6y/(1 +y - CV). As the CV increases, higher y will generate higher
power, indicating that a more aggressive decrease in § helps mitigate the loss in power
caused by increasing variability.

Figure 13 shows how statistical power varies with the coefficient of variation
(CV), stratified by different values of the tuning parameter y. For smaller y values (e.g.,
y = 0.1), power initially declines as CV increases from 0.1 to around 0.2, then gradually
recovers as CV increases further, forming a U-shaped relationship. In contrast, for larger
values of y, power increases more steadily across the full CV range. This pattern reflects
the interaction between the widening of the RBI distribution under higher variability
and the adaptively decreasing threshold §(CV). Atlow CV levels, the RBI distribution is
concentrated above §, leading to high power. As CV increases, the distribution becomes

wider and fewer RBI values exceed the threshold, reducing power. However, at higher
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CVs, the threshold § becomes increasingly lenient due to its dependence on y and CV,
compensating for the wider distribution and leading to a partial or full recovery in
power. This recovery is more prominent for larger y values, due to a more aggressive

reduction of § as CV increases.

Power vs. y
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Figure 14: Power vs. y for different CV levels.

Figure 14 explores the effect of y on power, stratified by CV. Across all levels of
CV, increasing y leads to an increase in power. This is because higher values of y reduce
0 more substantially, making it easier for the RBI to exceed the threshold. Notably,
power is consistently higher for greater CV values across all values of y, suggesting that
the combination of a more lenient threshold and greater spread in the RBI distribution
under high variability increases the chance of detecting biosimilarity. This reinforces

that larger values of y are more effective in compensating for the inflation of variability.
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Type | Error vs. CV
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Figure 15: Type I error vs. CV for different y values.

Figure 15 presents the type I error across CV levels for each value of y. At low CV
(e.g., CV < 0.25), type I error remains well-controlled for all y values. However, as CV
increases beyond this point, type I error begins to rise and eventually exceeds the
nominal 0.05 threshold, particularly when y = 0.32. This indicates that while increasing
Y improves power, it can compromise the validity of the test by allowing null
distributions of RBI to frequently exceed overly lenient § thresholds. The inflation of
type I error is more pronounced under higher CVs, where the relaxation of § is most

substantial.
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Figure 16: Type I error vs. y for different CV levels.

Figure 16 provides a complementary view by illustrating how type I error
increases with y, stratified by CV. For very low CV values (e.g., CV = 0.1), type I error
remains negligible regardless of the y value. However, for high CV values (e.g., CV =

0.4 — 0.5), type I error grows sharply as y increases and generally exceeds the nominal
level across all y values. For moderate CV values (e.g., CV = 0.35), the type I error is
typically greater than 0.05 once y exceeds approximately 0.3. This reinforces the finding
that while a higher y enhances power, it also introduces the risk of elevated false
positive rates, especially in the presence of high variability.

Together, these results offer guidance on how to select the tuning parameter y
when applying the RBI-based biosimilarity test with an adaptively determined threshold
6. Higher y values enhance statistical power, especially under conditions of high
variability, but at the cost of inflated type I error. Conversely, smaller values of y

preserve type I error control but may lead to inadequate power. These findings suggest

117



that moderate values of y, such as those in the range of 0.2 to 0.3, may offer a reasonable
trade-off between sensitivity and specificity, yielding reliable performance across
practical ranges of CV (e.g., 0.1 — 0.35) commonly observed in biosimilarity studies.
These insights support the selection of y and planning of trial designs that appropriately

balance regulatory rigor with statistical efficiency.

4.5.2 Simulation-Based Evaluation of Sample Size and Type I Error Control

To guide the practical implementation of the RBI-based biosimilarity testing
procedure, we conducted a comprehensive simulation study to evaluate its operating
characteristics under various conditions of between-subject variability and sample size.
Specifically, we examined how the choice of threshold § = §(CV), in conjunction with
sample size and coefficient of variation (CV), affects the type I error control and
statistical power of the RBI-based test.
4.5.2.1 Power-Based Sample Size Guidance

The power heatmap (e.g. Figure 17) evaluates the proportion of rejections under
the alternative hypothesis (true biosimilarity), illustrating how both sample size and §
influence the ability to detect biosimilarity when it exists. In addition to the graphical
representations, design tables that summarize the minimum sample size required to
achieve at least 80% power for each threshold §(CV), at a fixed CV, can be constructed
(e.g. Table 23). These tools provide practical guidance for selecting sample sizes that

ensure sufficient statistical power of the RBI-based biosimilarity test.
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Power Heatmap (CV= 0.2)
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Figure 17: Power with different sample sizes and & at CV = 0.2.

Table 23: Empirical minimum sample size for achieving sufficient power (80%) for varying
&, with fixed coefficient of variation (CV = 0.20) and mean difference (meangy;ss = 0.1).

Minimum
1) Sample Size Power
(per group)
0.65 25 0.893
0.675 25 0.854
0.7 25 0.876
0.725 25 0.806
0.75 30 0.82

4.5.2.2 Type I Error Evaluation and Sample Size Validation

Separately, type I error control was evaluated under the null hypothesis (non-

biosimilarity) for each sample size, assuming the expected coefficient of variation (CV)
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for the reference group and the corresponding decision threshold §. Figure 18 shows
how the empirical type I error decreases as the sample size increases, supporting the
selection of appropriate sample sizes to maintain type I error control. The resulting
design table (e.g., Table 24) summarizes the empirical type I error rates across a range of
sample sizes. This evaluation supports the identification of sample size settings that
maintain type I error below the nominal level (e.g., 5%) for the specified threshold.
These simulation results provide additional validation for the sample size
recommendations derived from the power considerations discussed in the previous

section.

Type | Error vs. Sample Size (CV=02,56=08)

Type | Error

0.025

0.000

Sample Size (per g-roup)

Figure 18: Type I error rate as a function of sample size per group for fixed coefficient of
variation (CV = 0.20) and decision threshold (6 = 0. 8).

Table 24: Empirical type I error rates under the null hypothesis for varying sample sizes,
with fixed coefficient of variation (CV = 0.20) and mean difference (0. 4).
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Sample Size
1) Type I Error
(per group)
0.8 10 0.0990
0.8 15 0.0382
0.8 20 0.0104
0.8 25 0.0054
0.8 30 0.0002
0.8 35 0.0004
0.8 40 0.0002
0.8 45 0.0000

Together, the power and type I error analyses provide comprehensive insights
into the selection of appropriate sample sizes after the decision threshold § is
determined, thereby supporting the planning and efficient design of biosimilarity

studies using the proposed RBI-based framework.

4.5.3 Method-Specific Performance Evaluation under Selected Threshold

Sections 4.5.1 and 4.5.2 focused on selecting the threshold function §(CV) and
determining minimum sample sizes needed to achieve desired type I error control and
statistical power, based on direct comparison of the empirical RBI to §. However,
subsequent simulations revealed that the required sample size to attain acceptable
performance may vary substantially depending on the statistical testing method used.
To investigate this observation, we conducted a method-specific performance evaluation
under a fixed decision threshold §(CV'), comparing six inference procedures: Fieller’s

method, logit transformation, beta regression, binomial-Z test, binomial exact test, and
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logistic regression (Wald test). Each method was evaluated using simulations designed
to meet its respective model assumptions, with empirical type I error and power
assessed across a range of sample sizes. This section demonstrates that, although all
methods test the same hypothesis using the RBI and the same threshold, their operating
characteristics, especially under small-to-moderate sample sizes, differ significantly.
These differences underscore the importance of selecting an inference method that is
well-aligned with both the study design and desired performance metrics.

Each method was applied to simulated datasets under both the null hypothesis
(non-biosimilarity) and the alternative hypothesis (biosimilarity), using a fixed threshold
6(CV) determined by the proposed formula. Sample sizes were systematically varied to
evaluate each method’s empirical type I error and statistical power under realistic
conditions.

Figures 19 and 20 present the empirical type I error rates and statistical power
curves, respectively, for each of the six testing methods across a range of sample sizes.
To ensure a fair and valid comparison, the data for each method were simulated to
match the assumptions underlying its inferential framework, for example joint

normality for Fieller’s, beta-distributed RBI values for beta regression.

122



Type | Error and Power vs Sample Size
Fieller, Logit-Z, and Beta Regression Methods

0.75
Method
—— BetaReg
= = Fieller
3050 — LogitZ
2
5]
o Metric
— Power
== Type_l_Error
0.25
0.00 —omacssasssssasssas

20 40 60 80 100
Sample Size (n)

Figure 19: Type I error and power across varying sample size for Fieller’s method, beta
regression and logit transformation tests.
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Figure 20: Type I error and power across varying sample size for probability-based tests.

123



Among all methods, beta regression demonstrated the most robust and balanced
performance, consistently maintaining appropriate type I error control while achieving
desirable statistical power (= 0.8) for sample sizes (per arm) larger than approximately
55. In contrast, Fieller's method and the logit transformation approach exhibited
unacceptably low power, even as sample size increased, suggesting limitations in their
applicability under the given conditions. The three probability-based methods: binomial
approximation, binomial exact test, and logistic regression, achieved acceptable power
for sample size (per arm) larger than 50, but showed slightly inflated and fluctuated
type I error rates.

A possible explanation is that RBI is a ratio of two noisy estimators. Ratio-based
and transformation-based tests rely on large-sample normal approximations that can be
fragile when Pgy is highly variable or when values lie near the boundaries of the
parameter space. In contrast, the regression procedures operate on the natural bounded
(0,1) scale of RBI, model the associated mean—variance relationship, and use bootstrap
replicates to propagate the joint uncertainty in BI and Pgg. This combination reduces
variability of the test statistic and delivers type I error control closer to the nominal level,
which explains the comparatively robust performance observed in our simulations.

Among the regression options, beta regression is the most stable because it
analyses RBI as a continuous outcome on (0,1) with both a mean and a precision
parameter. This preserves information by using the full RBI values rather than
dichotomizing them. Exceedance-based approaches replace each replicate with the

indicator ﬂ(RBI(k) > 6), which discards the distance from 6 and introduces discreteness
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and potential rare-event issues. Consequently, beta regression achieved more stable type
I error control across the scenarios considered.

These results highlight the practical implications of method selection in RBI-
based biosimilarity testing. Although the threshold 6 = §(CV) is defined independently
of the testing procedure, selecting a robust and well-performing method is essential to
ensure valid inference when applying the proposed RBI framework. Our results suggest
that method choice should be guided by its ability to maintain type I error control and

adequate power under the chosen similarity threshold.

4.6 Discussion and Concluding Remarks

In the study discussed in this chapter, we proposed and systematically evaluated
a newly defined metric—the Relative Biosimilarity Index (RBI)—as a flexible and
interpretable framework for biosimilarity assessment. The RBI is constructed as the ratio
between the estimated biosimilarity index comparing the test to the reference product
(BI) and the estimated self-similarity index of the reference product (Pgg). By
incorporating Pgp into the denominator, the RBI directly accounts for the variability
inherent in the reference product, which is a critical factor in biosimilarity evaluation but
often overlooked in conventional fixed-margin approaches.

To test whether the RBI exceeds a pre-specified threshold d, we developed and
examined six statistical inference procedures under the hypothesis framework Hy: RBI <
dversus Hy: RBI > §. These include Fieller’s method, which accounts for the joint
variability of the numerator and denominator; a logit transformation approach, which

linearizes the ratio for inference under approximate normality; a beta regression model
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that leverages the bounded nature of RBI; and three bootstrap-based probability tests,
including the binomial approximation, binomial exact test, and logistic regression (Wald
test). Each method differs in assumptions, inferential strategies, and robustness to data
features.

A systematic threshold selection method was proposed using §(CV) = &,/ (1 +
y - CV), where d, is based on regulatory equivalence bounds, and y is a tuning
parameter reflecting the degree of adjustment for between-subject variability. This
approach provides a principled, interpretable method for adjusting the similarity
threshold to preserve type I error control and maintain statistical power under different
levels of variability.

To support implementation, we generated empirical heatmaps and design tables
for selecting sample size under various levels of CV and § thresholds. These visual and
tabular tools offer a data-driven basis for planning studies with adequate power and
proper type I error control, facilitating the application of the RBI-based framework in
practice.

Simulation studies were also conducted to evaluate the performance of these
testing procedures under the proposed threshold function. The results revealed that
while all methods are theoretically valid under certain conditions, their empirical
performance varies. Beta regression demonstrated strong control of type I error with
robust power, with moderate sample sizes (approximately over 55 per arm). In contrast,
Fieller’s method and logit-based testing displayed limited power, despite assumptions

being satisfied in the simulations. The three probability-based methods exhibited
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moderate to good power, though with mild inflation in type I error rates. These findings
suggest that although the threshold § is defined independently of the testing procedure,
method selection is critical. Robust inference on RBI requires selecting a procedure that
performs well with respect to both type I error control and power, given the practical
constraints of biosimilar trial design.

It is important to note that even when the data are simulated to satisfy all model
assumptions (e.g., normality for Fieller's method, logit link for logistic regression, beta-
distributed RBI for beta regression), some methods still require larger sample sizes to
achieve acceptable performance. This phenomenon stems from the reliance on
asymptotic approximations in methods such as Fieller’s test and Wald-based regression
models, which may not perform adequately in small samples. Additionally, the use of
ratio-based estimators (as in RBI) inherently introduces higher variance, especially in
small samples, further amplifying instability in the test statistics. For boundary-sensitive
metrics like RBI, inference becomes fragile when values cluster near 0 or 1. Even
bootstrap-based methods such as beta regression or binomial tests require stable
resampling distributions that are more reliable with moderate-to-large sample sizes.
These findings suggest that satisfying model assumptions alone is not sufficient for
reliable inference at small sample size, further underscoring the need to complement
threshold selection with careful choice of testing method and appropriate sample size
planning.

While the current approach uses fixed thresholds based on prior assumptions of

variability, future work could incorporate Bayesian extensions. Specifically, variability
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parameters such as CV could be treated as random quantities with prior distributions,
and 6(CV) could be integrated over their posterior distributions to yield an
unconditional threshold. This would allow greater flexibility in accounting for
uncertainty and variability in real-world trial settings. Additionally, extending the RBI
framework to accommodate multivariate endpoints, repeated measures, or longitudinal
outcomes may enhance its applicability to complex biosimilarity evaluations. Validation
using real clinical data and case studies will also be crucial to establish the utility and
regulatory relevance of the proposed methods.

In conclusion, the Relative Biosimilarity Index, along with the proposed
threshold selection strategy and accompanying simulation-based evaluation, provides a
rigorous and adaptable framework for modern biosimilarity testing. While several
inference procedures were explored, the goal is not to offer interchangeable alternatives
but rather to identify the appropriate method that performs reliably in controlling type I
error and maintaining adequate power when used in conjunction with the RBI and its
associated threshold §. The simulation results underscore the importance of method
selection tailored to the characteristics of the biosimilarity study, reinforcing the
practical utility of the proposed framework in guiding both regulatory decisions and

study design.

5. Conclusion and Future Directions

This thesis has focused on advancing the statistical methodology of two stage
seamless adaptive designs and their application to biosimilar drug development.

Motivated by the growing complexity of modern clinical trials and the need for greater
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efficiency in regulatory science, the research addressed important methodological gaps
that arise when designs must adapt to changes in populations, endpoints and decision-
making thresholds. Across three major contributions, analysing two stage seamless
adaptive designs with population and endpoint shifts (Chapter 2), proposing an
innovative PK—clinical two stage design for biosimilar development (Chapter 3), and
developing the Relative Biosimilarity Index with a structured framework for similarity
threshold selection (Chapter 4), the work provides a coherent set of advances that link

statistical theory with pressing practical problems in drug development.

5.1 Integration of Contributions

Although each chapter presents its own methodological focus, the three core
contributions are interconnected and should be understood as parts of a broader
narrative. In Chapter 2, a general methodological framework was developed for
analysing two stage seamless adaptive designs in which study endpoints and patient
populations may differ between stages while the overarching study objective remains
the same. This methodological development is motivated by practical realities. Protocol
amendments and disease progression can lead to shifts in the study population, and in
many trials, it is common to employ a short-term surrogate marker at an early stage and
a long-term primary endpoint at a later stage. The proposed framework provided a
systematic way to link information across stages under these conditions, ensuring type I
error control and statistical power, while also delivering interpretable conclusions on

treatment efficacy in the shifted population.
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Chapter 3 built directly on this foundation by applying adaptive design
principles to the context of biosimilar drug development. Biosimilar programs, unlike
those for novel drugs, must establish similarity rather than superiority, and they must
do so across multiple evidentiary domains, including analytical characterization,
pharmacokinetics, and clinical outcomes. Traditionally, these domains are evaluated in a
sequential stepwise fashion, which can be time-consuming and resource intensive. By
proposing a two-stage seamless PK—clinical adaptive design, Chapter 3 illustrated how
the general principles of adaptive methodology can be tailored to meet the unique needs
of biosimilar development. Under the Fundamental Biosimilarity Assumption that PK
similarity predicts clinical similarity, the design enabled early decision-making at the
conclusion of stage one. This created the possibility of determining biosimilarity more
rapidly when PK evidence was sufficiently strong, thereby reducing the burden of
duplicative studies and shortening the overall development timeline.

Chapter 4 then advanced this line of work by addressing a limitation of the
biosimilarity index framework that underpinned the design in Chapter 3. While the BI
provides a robust and flexible measure for assessing similarity, its application in practice
requires a clear specification of decision thresholds. Without principled guidance for
threshold selection, conclusions may be either overly lenient or overly stringent, with
implications for both statistical validity and practical feasibility. To address this, Chapter
4 introduced the Relative Biosimilarity Index (RBI), which normalises the Bl against
reference-to-reference variability, thereby providing a more stable and interpretable

foundation for inference. In addition, a structured methodology for selecting the
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decision threshold § was proposed, drawing on equivalence margins and adjustments
for variability. Simulation studies showed how threshold choice, sample size, and
inference procedure affect type I error and power, thereby offering practical guidance
for implementation.

Together, these contributions represent a coherent progression. Chapter 2
established general principles for valid inference under complex trial adaptations,
Chapter 3 translated those principles into a concrete application for biosimilar
development, and Chapter 4 refined the inferential framework by formalising threshold
determination. The trajectory of the thesis thus moves from general to specific, and from
methodology to application, demonstrating both the flexibility of two-stage seamless

adaptive designs and the importance of rigorous statistical underpinnings.

5.2 Innovation and Impact

This work delivers three main innovations with practical impact. First, it
provides a general mean-level design framework that links interim surrogate markers to
final clinical endpoints under population shift, allowing different stage-specific
endpoints while preserving a common study objective; the resulting combined
estimators remain unbiased under stated conditions, gain precision in common regimes,
and preserve type I error through correlation-aware spending. Second, it introduces an
innovative Biosimilarity Index (BI) for programmes that aim, where scientifically
justified, to base biosimilarity primarily on pharmacokinetic evidence, offering a
transparent go or stop statistic within a totality-of-evidence paradigm. Third, it proposes

the Relative Biosimilarity Index (RBI), which extends BI by explicitly incorporating
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inherent variability and providing a method to define a similarity threshold
interpretable across products, thereby improving transparency and helping to
standardise review and approval; this aligns with FDA’s BsUFA III regulatory science
focus on streamlining evidentiary packages (FDA, 2024; FDA, 2025).

The broader implications span statistical methodology, clinical trial operations,
and regulatory science. In statistical methodology, the work advances two-stage
seamless adaptive design by addressing the joint challenges of endpoint changes and
population shifts, as developed in Chapter 2, and by proposing RBI with structured
guidance for § selection in Chapter 4; together these contributions strengthen the
inferential foundations of similarity testing and expand the toolkit for adaptive designs,
biosimilar trials, and related settings such as real-world evidence integration. In clinical
trial operations, the Chapter 2 framework offers a principled way to preserve statistical
integrity when populations evolve or when interim and final endpoints differ, which is
common in long and complex trials; this has practical importance in liver disease and
beyond wherever two-stage seamless designs are used. The PK-centred BI (Chapter 3)
further illustrates how unnecessary duplication can be avoided in biosimilar
development, reducing costs and accelerating access to affordable biologics. In
regulatory science, the work responds to calls from agencies such as FDA for more
efficient, scientifically grounded approaches to biosimilar evaluation: BI operationalises
a PK-centred evidence package within a totality-of-evidence approach, while RBI
provides a framework that can support standardised decision-making; although broader

adoption by regulatory agencies will require further validation and consensus-building,
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these methods provide concrete tools that can inform future guidance and review

practice.

5.3 Limitations

As with any methodological work, the contributions presented here are subject
to limitations.

Methodologically, the framework of Chapter 2 relies on the ability to specify
reliable relationships between endpoints and populations. In practice, such relationships
may be difficult to establish, particularly when data are sparse or when the mechanisms
linking short term surrogate markers to long term outcomes are poorly understood. This
may limit the generalisability of the approach to settings where strong prior knowledge
or external validation is lacking. Similarly, the RBI framework introduced in Chapter 4
depends on stable estimation of variability in the reference group. When reference
samples are small, as is often the case in biosimilar trials, this estimation can become
unstable, reducing the reliability of inference unless supplemented with external data or
resampling methods.

From a practical standpoint, the implementation of seamless adaptive designs
requires considerable upfront planning, extensive simulations and sophisticated trial
infrastructure. While these are increasingly feasible in large scale industry sponsored
trials, they may pose challenges in smaller or resource constrained settings. Moreover,
the assumption of consistency across populations between stages, as employed in the
PK-—clinical design, may not always hold in practice, necessitating additional

methodological extensions.
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From a regulatory and clinical perspective, novel indices such as the RBI and
novel trial designs such as the PK—clinical seamless framework require validation before
being broadly adopted. Regulators and clinicians may be cautious in interpreting results
derived from new methodologies until there is sufficient empirical evidence from case
studies. This underscores the importance of future work aimed at demonstrating the

practical performance of these methods in real world contexts.

5.4 Future Directions

The research presented in this thesis opens several avenues for further
development. One direction is the extension of the RBI framework to Bayesian settings.
By incorporating prior information, Bayesian methods could provide posterior
probabilities of biosimilarity, which may offer more flexible and interpretable decision
rules. This would also facilitate borrowing of information from external sources, an
approach that could be particularly valuable in the small sample settings typical of
biosimilar trials.

Another promising direction is the integration of real-world evidence to
supplement data from randomised trials. Because biosimilar studies may have limited
reference arms, the ability to incorporate external or real-world data could stabilise
variance estimation and improve power. Statistical methods for dynamic borrowing and
transportability could be adapted to the RBI framework, allowing for more robust
inference without sacrificing type I error control.

The methodological frameworks developed here can also be extended beyond

two stage designs. As multi-stage, platform and master protocol trials become more
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common in oncology, rare diseases and other therapeutic areas, adapting the endpoint-
population framework and the RBI methodology to these designs would be possible to
increase their relevance and impact.

Future work is also needed to address the increasing complexity of endpoints in
modern trials. These include settings with multiple or composite endpoints, as well as
the challenge of integrating short-term surrogate marker outcomes with long-term
clinical outcomes within a unified inferential framework.

A final direction concerns the determination of decision thresholds. While this
thesis provided a structured methodology for § selection, future work may explore
adaptive or data driven approaches in which the threshold adjusts dynamically to
observed variability. This could help balance the competing demands of type I error
control and statistical power more flexibly. Empirical validation through retrospective
applications to completed trials and prospective collaborations with regulators will be

essential for building confidence in these methods and accelerating their adoption.

5.5 Concluding Remarks

This thesis has developed statistical methodologies that strengthen the rigour
and efficiency of two-stage seamless adaptive clinical trials. By addressing inference
under endpoint differences and population shifts, proposing an integrated PK—clinical
seamless design for biosimilars, and introducing the Relative Biosimilarity Index with
structured guidance for similarity threshold selection, the research makes contributions
both to the theory of two-stage seamless adaptive designs and to their application in

regulatory science.
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The overarching conclusion is that two stage seamless adaptive designs, when
underpinned by principled statistical methods, can bridge the gap between theoretical
innovation and practical implementation. The methods presented here provide a
foundation for future research and offer practical guidance for the design of more
adaptive, efficient and scientifically rigorous trials. Ultimately, this work highlights the
critical role of statistical innovation in modern drug development and its potential to
improve the process through which safe, effective and affordable therapies reach

patients.
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Appendix A — Unbiasedness and Minimum Variance of Combined
Estimator

From Section 2.2.3, with the mean-level model and arm-specific WLS,
0, =91 +d=aJ1 + a5, a1 =1+cy, ap=cy,

where y; and y, are pre- and post-shift sample means (disjoint cohorts), and ¢4, ¢, are the entries

of A=ART(XTWX)"1XTW.

Assumptions:

o E(n1) = up, E(2) = pg and Cov(yy,y,) = 0.

e  The WLS estimator is unbiased: E(ﬁ) = = IE((Z) =d = u, — Up. (This holds under the
correctly specified mean model and standard WLS regularity; W treated as fixed or
estimated from data independent of ¥, y,.)

Define the second-moment quantities

Vi=Var(yy), Vo=Var(y;), Vy=Var(8,;), C=Cov(6;7,).
Given 0, = a,y; + a,y, with Cov(yy,y,) =0,
Vo = aiV, + a3V, C = Cov(0,,¥,) = a,V,.

1) Unbiasedness

Both ingredients estimate the same mean:

E6,) = E(y, +d) = up + E(d) = pp +d = o, E(F) = tta.
Hence for any deterministic w,
Elwy, + (1 — )0,;] = wpq + (1 — @)ptq = Ua-

In particular, with the optimal w = w* (derived below), fi, is unbiased.

Remark. If plugging in sample-based estimates for the variances entering w*, the estimator

remains asymptotically unbiased (exactly unbiased if the plug-ins are independent of ¥y, y5;

otherwise, unbiased up to 0,(1).

2) Minimum Variance
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Consider the class of linear unbiased estimators
Alw) = wy, + (1 —w)b,, weR.
Its variance is
Var(i(w)) = 0V, + (1 — 0)*Vg + 20(1 — w)C
=Wy + Vg —20)w? + (—2Vy + 2C)w + Vy,
where V, + Vg — 2C = Var(y, — 6,) = 0.
This is a strictly convex quadratic provided Var(y, — 6,) > 0 (i.e., y, # 6, almost surely),

so it has a unique minimizer obtained by setting the derivative to zero:

_ Vp—C
SV + Ve —2C

*

w

Substituting Vg = a2V, + a3V, and C = a,V, gives an explicit form:

_ aiVy + (a5 — ay)V;
adVi+ (1 —ad)v,’

*

The corresponding minimum variance is

V,Vg —C* a?v,v,
Vo+Vg—2C a2V, + (1 —ad)V,

Var(ﬁ(a)*)) =

Special Cases
e Independence case (C = 0, equivalently a, = 0):

W' = " Iiev , which is the usual Graybill-Deal weight (weight is proportional to the other
2 2]

estimator’s variance, i.e., to the precision of ¥,).

o Ifa, =1(ie., 8, =y, + a;y, reuses ¥, with unit coefficient), then C =V, and w* = 1:
the optimal estimator is simply ¥,.

o IfV, » 0 (very precise post-shift mean), then w* — 1 and Var(ﬁ(w*)) - 0.

e IfV; — 0 (very precise pre-shift mean), then Var(,&(w*)) - 0 as well via the last

expression.
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Appendix B — Overlap-Specific Variance Derivations (per arm)

Notation alignment (from main text). Let z = logx and y = a + bz + € with E(¢|z) =

Patient-level variances:

o7 =Var(z), of =Var(y) = b*c; + d¢.

Stages means and sizes: Z(1) from n()Stage-1 patients; ¥ from m® Stage-2 patients;
overlap count O (number measured in both). For compactness write n :== n(?,m :== m® in the
appendix.

Define

A=a+bz®, B:=93 p=wA+(1-w)B, 0<w<1.

Assume independence across distinct subjects: (zj, ej) 1 (zy,€x) forj # k.

A.1 Building blocks
1. Variance of stage means

0.2
, Var(B) = Var(53®) ==

22
b%a; y
m

Var(A) = b?Var(zV) =

2. Cross-stage covariance of means (by overlap)
Let J be the Stage-1 index set (|J| = n), K the Stage-2 set (|K| = m),and S =] N K the

overlap set (|S| = 0). Then

1 1
Cov(zM,5@) = %Z z Cov(zjyy) = %z Cov(zsys)

Jj€J kEK SES
0 o .,
=—2~Cov(z,y) = —b“as,
nm nm
because different subjects are independent and

Cov(z,y) = Cov(z,a + bz + €) = bVar(z) = ba?,

The z — € covariance is 0 from E(e|z) = 0. Hence

139



0
Cov(A,B) =b- Cov(z'(l),)_/(z)) = %bzazz_

3. Master identity (fixed w)
Var(h) = w?Var(A) + (1 — w)?*Var(B) + 2w (1 — w)Cov(4, B).
A.2 Fully paired overlap (0 = m = n)

b%o2

_ _(2) _ O___'}Z; . . . .
—, Var(B) =Var(y®) = — into the master identity:

Plug Var(4) =
R R TT 2 2 2 2
Var(i) —H{w b%o; + (1 — w)*oy + 2w(1 — w)b O'Z}

1
= {p?af + (1 — w)?a?},
using 05 = b0} + 0 and w? + 20(1 —w) = 1.
A.3 Partial overlap (0 < 0 < min {n,m})

b%c2

2
Plug Var(4) = —*, Var(B) = Var(y®) = % Cov(A,B) = %bzazz into the master

identity:
. w? 2w(l-w)o o2
Var(,u) = bZO'Z2 <7 + T + (1 - (1))2 %)

This reduces continuously to A.2as 0 > n=mandto A4 as 0 — 0.
A.4 No overlap (0 = 0)

Here Cov(4,B) = 0, so

w?b?c? (1 —w)%o?
Var(p) = + z,

ar(4) - —
With the independence-optimal weight

2

9y

w" = 2 zm 2’

bo; oy

n m
-1

Var, . (1) = [ —— + =
arpmin(L) = — | .

min bZO'ZZ 0'3
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Small-sample note. Under the independence case, if the component variances are

estimated to form @, the classic GD small sample inflation [1 + 4&(1 — ®){(n — 1)~ +

(m — 1)71}] applies.
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Appendix C — Unbiasedness of the PK-Informed Estimator

Claim. I = wA + (1 — w)B is unbiased for u := E(y).
@) Fixed w
E[A] = a + bE(zV) = a + bE(z) = E(y) =
E[B] = E(y®) = u
Hence E[u] = wu + (1 — w)u = u.
(ii) Data-dependent & built from (co)variance estimators.
Under multivariate normal sampling, sample means are independent of (co)variance
estimators; thus @ L (4, B) and
E[i] = E[E(i|®)] = E[@pu + (1 — @)u] = p.
[
When bias can occur. If the weight uses the sample means (not only second moments), or

the link is misspecified, unbiasedness need not hold.
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