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Abstract

Modern oncology clinical trials increasingly face challenges posed by delayed treatment
effects (DTEs), where therapeutic benefits emerge only after an initial delay period.
Conventional methods that assume proportional hazards often underestimate these
effects, leading to underpowered or inefficient studies. This thesis develops a Bayesian
framework that integrates assurance methods, expert elicitation, and adaptive design
principles to improve the planning and evaluation of such trials.

The first part establishes assurance as a Bayesian alternative to traditional power cal-
culations, incorporating parameter uncertainty through prior distributions. Structured
expert elicitation is used to construct these priors, ensuring that clinical knowledge is
captured transparently and quantitatively. The approach is then extended to survival
models representing DTEs, allowing uncertainty in both delay duration and post-delay
treatment effects to propagate through assurance calculations.

Building on this foundation, the thesis introduces adaptive design strategies, partic-
ularly group sequential and predictive approaches, that use elicited priors to inform
interim decision rules. These methods enhance trial efficiency and ethical conduct while
maintaining statistical validity. All methods are implemented in a freely available R
package, DTEAssurance, together with two interactive Shiny applications that enable
practitioners to design and evaluate complex trials in real time.

Finally, anonymised oncology datasets from the Vivli platform are analysed to char-
acterise empirical patterns of DTEs in modern immunotherapy trials. Together, these
developments provide a reproducible and practical framework for integrating expert
knowledge and Bayesian reasoning into adaptive survival trial design, advancing the
methodological foundations of clinical trial planning and bridging innovation with real-
world application.
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Chapter 1

Introduction

Clinical trials are central to evidence generation in drug development, providing un-
biased and regulatory-grade evaluations of safety and efficacy (Sackett et al., 1996;
Friedman, 2015). The credibility of their conclusions depends critically on choosing an
appropriate design and, in particular, ensuring that the planned sample size yields a
meaningful probability of detecting a clinically relevant treatment effect. Traditionally,
this probability is quantified through a frequentist power calculation, which requires
single-point assumptions for quantities such as the effect size, nuisance parameters,
and event rates (Jones et al., 2003). However, these quantities are rarely known with
precision during trial planning, and reliance on fixed inputs can lead to underpowered
or unnecessarily large studies.

Bayesian assurance provides an alternative approach by integrating the power function
over prior distributions for the unknown parameters (O’Hagan, Stevens, et al., 2005).
By accounting for uncertainty explicitly, assurance delivers a more realistic measure of
a trial’s chance of success and has gained traction in both industrial and regulatory
contexts (Dallow et al., 2018). Despite its appeal, the application of assurance to time-
to-event (TTE) trials introduces additional complexities, since both the underlying
hazard functions and their temporal behaviour critically influence information accrual
and statistical power.

TTE trials follow patients until the occurrence of an event or censoring, and are com-
monly analysed using survival models and log-rank based methods (Machin et al.,
2006; Kalbfleisch and Prentice, 2002). A pervasive assumption in their design is that
of proportional hazards (PH), under which the hazard ratio comparing treatment and
control is constant over time. In many therapeutic areas, especially immuno-oncology
(I0), this assumption is frequently violated due to treatment effects that are delayed,
diminish, or vary over time (Mukhopadhyay et al., 2022). Non-proportional hazards
(NPH) can materially distort the relationship between sample size, information, and
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power, particularly in group sequential and adaptive monitoring frameworks (Fleming
and Harrington, 1981; Ristl et al., 2021).

One common form of NPH is the delayed treatment effect (DTE), in which the hazards
for the two arms are similar for an initial period before diverging. Delayed effects
have been documented in numerous IO trials, often driven by biological mechanisms
such as immune activation and tumour microenvironment modulation (Chen, 2013).
Designing trials where a DTE is plausible requires specifying: (i) whether a delay
exists; (ii) the likely duration of the delay; and (iii) the magnitude of the eventual
treatment effect. Misspecifying any of these can substantially bias power calculations,
influence the timing of interim analyses, and compromise the reliability of operating
characteristics (Fine, 2007; Chen, 2013). Yet in practice, early-phase data seldom
provide adequate precision on these quantities.

This motivates the use of expert elicitation to capture relevant clinical and biological
knowledge. Elicitation methodologies offer structured procedures for translating ex-
pert beliefs into statistically coherent prior distributions. While elicitation has been
applied to treatment effects and event rates in other contexts (Dias et al., 2018), there
is currently no established framework for eliciting both delay-related parameters and
post-delay hazard ratios in survival trials. Such priors are essential for obtaining real-
istic assurance calculations when DTEs are anticipated, yet existing methods do not
address this gap.

The design of adaptive clinical trials introduces further complexity. Adaptive designs
allow pre-specified modifications, such as early stopping or sample size re-estimation,
based on accumulating data (Pallmann et al., 2018). Statistical validity requires careful
characterisation of information accrual, interim monitoring boundaries, and Type I
error control (Jennison and Turnbull, 2000; U.S. Food and Drug Administration,
2019). Delays in treatment effect emergence can disrupt these operating characteristics,
misalign information times, and affect predictive probabilities used for interim decision-
making. Despite a growing literature on adaptive designs with survival endpoints, no
existing framework integrates elicited delay-related priors into predictive or assurance-
based evaluation of adaptive strategies.

1.1 Research Question and Objectives

This thesis addresses these methodological gaps by developing an approach that com-
bines expert elicitation, Bayesian assurance, and adaptive design principles for survival
trials with potential delayed treatment effects. The central research question guiding
this work is:
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“How can adaptive time-to-event trials be designed to incorporate elicited
prior information about delayed treatment effects and to quantify probability
of success under these assumptions?”

To answer this question, the thesis pursues five objectives:

1. To develop an elicitation framework tailored to delayed treatment ef-
fects. This includes eliciting expert beliefs about the delay time and post-delay
hazard ratio, and translating these beliefs into coherent prior distributions.

2. To extend assurance methodology to incorporate these elicited priors.
This enables realistic probability-of-success calculations for fixed designs where
delayed effects are plausible.

3. To adapt these methods for use in adaptive trial designs. This involves
computing assurance and predictive probabilities for adaptive strategies, sup-
porting robust interim decision-making.

4. To evaluate the practical implications of delayed treatment effects us-
ing real clinical trial data. This involves analysing completed oncology trials
to assess empirical evidence of delay, compare delayed-effect models with propor-
tional hazards alternatives, examine the impact of delay on interim monitoring
decisions, and quantify the loss of statistical power when delayed effects are ig-
nored at the design stage.

5. To implement the methodology in a publicly available R package. The
software provides practitioners with tools for elicitation, prior construction, assur-
ance computation, simulation, and evaluation of adaptive designs under delayed
effects.

Together, these contributions advance a coherent methodological framework for plan-
ning both fixed and adaptive survival trials in settings where delayed treatment effects
are expected.

1.2 Thesis Roadmap

The remainder of this thesis is organised to develop, justify, and apply a framework for
designing survival trials with delayed treatment effects using elicited priors, Bayesian
assurance, and adaptive decision rules.
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Chapter 2 introduces the theoretical foundations of Bayesian assurance and its role in
clinical trial design. The chapter reviews existing approaches for integrating parame-
ter uncertainty into probability of success calculations and highlights methodological
limitations when applied to time-to-event endpoints. This establishes the motivation
for an extension of assurance, looking at anticipated delayed treatment effects.

Chapter 3 describes expert elicitation techniques, which are central to specifying prior
distributions in assurance calculations. The chapter outlines structured methodologies
for capturing expert beliefs and demonstrates how these can be formally integrated
into Bayesian trial planning.

Chapter 4 extends the assurance framework to settings with delayed treatment ef-
fects (DTEs). It discusses alternative parameterisations for representing delay-time
mechanisms, proposes a framework for eliciting corresponding prior distributions, and
illustrates how these priors can be used to compute assurance for trials without interim
analyses.

Chapter 5 reviews the principles of adaptive clinical trial design, highlighting the statis-
tical and operational advantages of adaptivity as well as the associated methodological
challenges. The chapter establishes the foundations for incorporating adaptive elements
into assurance-based design.

Chapter 6 develops methods for incorporating elicited delay-related priors into adaptive
design evaluation. The chapter presents predictive probabilities, adaptive monitoring
rules, and assurance calculations for group sequential and other adaptive structures.
Simulation studies illustrate how prior uncertainty in delay and treatment effect informs
interim decisions and expected operating characteristics.

Chapter 7 provides an empirical assessment of delayed treatment effects using seven on-
cology trials obtained via the Vivli data-sharing platform. Individual participant data
are used to quantify delay patterns, evaluate survival models, and assess the perfor-
mance of adaptive monitoring procedures under real-world conditions. These analyses
demonstrate the practical relevance of the proposed methodology and highlight the
consequences of ignoring delayed effects at the design stage.

Finally, Chapter 8 synthesises the main findings, revisits the research objectives, and
summarises the methodological contributions of the thesis. It concludes with recom-
mendations for the design and evaluation of survival trials where delayed treatment
effects are plausible and identifies directions for future methodological research.

In summary, the thesis develops an integrated set of tools, elicitation procedures, as-
surance methods, adaptive design extensions, and accompanying software, to support
transparent, data-informed, and biologically grounded planning of clinical trials with
delayed treatment effects.
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1.3 Publications and Software

The research presented in this thesis has resulted in the following publications:

1. Salsbury JA, Oakley JE, Julious SA, Hampson LV. Assurance methods for de-
signing a clinical trial with a delayed treatment effect. Statistics in Medicine.
2024; 43(19): 3595-3612. doi: 10.1002/sim.10136.

2. Salsbury JA, Oakley JE, Julious SA, Hampson LV. Adaptive clinical trial design
with delayed treatment effects using elicited prior distributions. arXiv preprint
2025; arXiv:2509.07602. Available from: https://arxiv.org/abs/2509.07602.
[Under revision at Pharmaceutical Statistics.]

To facilitate implementation and reproducibility of the methodologies developed in this
thesis, an open-source R (R Core Team, 2024) package has been developed and released

on CRAN (Salsbury, 2025):

e Salsbury J (2025). DTEAssurance: Assurance Methods for Clinical Trials with a
Delayed Treatment Effect.
R package version 1.0.1. Available from https://CRAN.R-project.org/package=
DTEAssurance.

The DTEAssurance package provides functions for computing Bayesian assurance in
settings where delayed treatment effects may arise, including both fixed and adaptive
trial designs. It includes tools for prior elicitation and simulation-based evaluation of
design operating characteristics.

In addition, two interactive Shiny (Chang et al., 2025) applications are included to
support practical use and exploration of the proposed methods:

1. DTEAssurance: :assurance_shiny app(): an interactive interface for exploring
the assurance framework described in Chapter 4, allowing users to specify prior
distributions, delay models, and clinical trial parameters, and to visualise the
corresponding operating characteristics associated to such a design: assurance,
average sample size and average duration.

2. DTEAssurance: :assurance_adaptive_shiny_app(): an interactive tool imple-
menting the adaptive group sequential methodologies presented in Chapter 6,
enabling users to assess adaptive decision criteria under information timings and
stopping rules, under delayed effects.


https://arxiv.org/abs/2509.07602
https://CRAN.R-project.org/package=DTEAssurance
https://CRAN.R-project.org/package=DTEAssurance
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Together, these outputs provide an integrated framework for the design, evaluation,
and communication of clinical trials that accounts for delayed treatment effects using
assurance methods.
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Assurance Methods

2.1 Introduction

This chapter introduces the concept of assurance in clinical trial design, a Bayesian
analogue to the traditional notion of statistical power. Classical power calculations
require the specification of fixed values for unknown parameters such as the treatment
effect. In practice, especially during early planning, these quantities are uncertain,
and power calculations based on single-point assumptions can give an overly optimistic
or pessimistic view of a trial’s operating characteristics. Assurance addresses this
limitation by incorporating prior uncertainty about the treatment effect to provide an
unconditional probability that the planned trial will achieve its statistical objective.

The chapter begins by reviewing conventional frequentist power calculations and high-
lighting their sensitivity to misspecification of design parameters. We then introduce
assurance formally, showing how it extends the classical framework by averaging the
power function over a prior distribution for the treatment effect and other relevant
quantities. Illustrative examples are used to demonstrate how assurance and power
can diverge when uncertainty is substantial. Finally, we discuss practical consider-
ations for constructing prior distributions, laying the groundwork for the elicitation
methods developed in the following chapter and for the integration of assurance within
adaptive trial design later in the thesis.
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2.2 Aims of the Chapter

The purpose of this chapter is to establish the theoretical and practical foundation for
using assurance methods in clinical trial design. Assurance offers a Bayesian frame-
work for quantifying the probability of trial success while accounting for uncertainty
in treatment effects. The specific aims of the chapter are to:

1. Review classical power calculations for fixed trial designs and highlight their
limitations.

2. Define and derive assurance for fixed trial designs as a Bayesian generalisation of
power.

3. Compare assurance and traditional power to illustrate their conceptual and prac-
tical differences.

4. Demonstrate the application of assurance through analytical and simulation-
based examples.

5. Discuss approaches to constructing prior distributions that underpin assurance
calculations.

2.3 Background

The primary objective of a two-arm superiority clinical trial—comparing an investi-
gational treatment, which refers to the new intervention being evaluated, to a control
group, which receives either a placebo or the current standard of care—is to test the
null hypothesis of no treatment effect,

H0:5=O,

where 0 denotes the true treatment effect. Depending on the endpoint, 6 may repre-
sent a difference in mean response, a log-hazard ratio, or another clinically interpretable
effect measure. In survival trials, for example, ¢ is typically the log-hazard ratio com-
paring the investigational treatment to control.

The alternative hypothesis is
H,:0> 0,

reflecting the expectation that the experimental treatment provides benefit relative to
control. Hypothesis testing proceeds by evaluating the extremity of the observed test
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statistic under the sampling distribution implied by Hy; if this probability (the p-value)
falls below a pre-specified significance level, Hy is rejected in favour of Hj.

Although many confirmatory trials employ two-sided tests to symmetrically control
Type I error, clinical and regulatory interest in superiority settings typically concerns
only the possibility that the investigational treatment is more effective than control. A
result favouring control does not constitute evidence of efficacy. For this reason, this
thesis adopts one-sided hypothesis tests, typically conducted at the 2.5% significance
level.

Let x denote the data collected from patients randomised between two treatment arms.
At the conclusion of the trial, a test statistic T'(x) is computed and compared with a
pre-specified critical region C', defined such that the Type I error rate is controlled at
level a:

P(T(x) € C| Hy) = .

If T(x) falls within C, the null hypothesis Hj is rejected at the 100a% significance
level.

When determining the required sample size, the alternative hypothesis is typically
specified as
H1 10 = (50,

where 9y > 0 denotes the clinically meaningful effect size. Under this assumption, there
exists a probability 8 of committing a Type II error—i.e., failing to reject Hy when
0o is true. The power of the study, 1 — [, represents the probability of detecting a
statistically significant effect if dy is indeed the true value. The sample size is therefore
chosen to achieve the desired power at the specified g and Type I error rate a:

P(T(z) € C |5 =05)=1-B. (2.1)

However, as several authors have noted (Spiegelhalter, Freedman, and Blackburn, 1986;
Grieve et al., 1991; Parmar et al., 1994; Spiegelhalter, Freedman, and Parmar, 1994;
Berry, 1993), the power calculation in Equation (2.1) is conditional on a single assumed
treatment effect dg. In practice, 6 is unknown at the design stage and subject to
considerable uncertainty. If a prior distribution 7(d) is available to represent current
beliefs about §, a more realistic measure of the probability of trial success can be
obtained by averaging the conditional power over this distribution:

Assurance = /P(T(y) e C|d)m(6)dé. (2.2)
5

This quantity, sometimes referred to as the average power (Spiegelhalter and Freedman,
1986), provides an unconditional probability of achieving statistical significance under
the specified design.
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The terminology surrounding Equation (2.2) has varied across the literature. It has
been described as the average success probability (Chuang-Stein, 2006), assurance
(O’Hagan, Stevens, et al., 2005), ezpected power (Gillett, 1994), Bayesian predictive
power (Harari et al., 2021; Rufibach et al., 2016), and (predictive) probability of success
(PoS) (Gotte et al., 2020; He et al., 2012; Hampson, Bornkamp, et al., 2022; Grieve,
2022; Gasparini et al., 2013; Saint-Hilary et al., 2019).

Although the term probability of success is sometimes used interchangeably with assur-
ance, its interpretation in industry is often broader, encompassing the overall likelihood
of success across an entire development programme (Hampson, Holzhauer, et al., 2022;
Hampson, Bornkamp, et al., 2022). To maintain clarity, this thesis adopts the term
assurance to refer specifically to the probability that a single planned clinical trial will
achieve statistical significance under its prespecified design.

2.4 Normal-Normal Example

To illustrate the analytical formulation of assurance in a tractable setting, we begin with
a case in which both the outcome and the prior distribution of the treatment effect
are normally distributed. This conjugate Normal-Normal model provides a simple
but insightful framework for understanding how assurance extends the classical power
calculation by incorporating prior uncertainty about the treatment effect.

Assume a two-arm study design in which n patients are randomised to each arm (treat-
ment and control), and the primary endpoint is continuous. Let 6 denote the observed
difference in sample means between the treatment and control groups. Under the as-
sumptions of independent observations, a known and common population variance o2,
and equal allocation to arms, the sampling distribution of § is normal with mean &

(the true treatment effect) and variance 202 /n:
- 202
5~ N (5, i) . (2.3)
n
We consider the one-sided hypothesis test
Hy:6=0 wversus H;:6>0.

In practice, the power function is evaluated at a specific clinically relevant effect size,
denoted 9y > 0. This corresponds to computing

Power(n) = @ <Zl_a + \/\gi‘)) : (2.4)

10
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where ®(-) denotes the cumulative distribution function (CDF) of the standard normal
distribution, and Z, is the p-quantile of the standard normal distribution (Cohen,
1988). Equation (2.4) gives the usual one-sided power for comparing two means with
known variance.

Solving Equation (2.4) for the required per-arm sample size n to detect a specified
treatment effect 6y with power 1 — /3 yields (Julious, 2009):

202 (Zia+ Zig)”
- 2 .

This expression forms the basis for conventional frequentist sample size determination.

n (2.5)

To evaluate the assurance, the unconditional probability of trial success accounting for
prior uncertainty in the treatment effect, we now consider the predictive distribution
of ¢, obtained by marginalising over a prior distribution for 4.

Following the approach of Berry, 1996, we assume a conjugate Normal prior on the

treatment effect: 02
o

o~ N (607 _) )
Nno

where Jg is the prior mean, here taken to coincide with the clinically relevant effect size
used in the power calculation. In practice, dp may reflect a point estimate from prior
evidence, the MCID, or a target effect size, and the choice should be made explicit
and justified. The parameter ny represents the effective sample size per arm of the
prior. This parameterisation allows the prior to be interpreted as if it were based on
no hypothetical observations (Spiegelhalter, Abrams, et al., 2004).

Under this prior, the predictive distribution of the observed treatment effect is analyt-

ically tractable:
. 1 1
6~ N (50, 20 (— + —)) : (2.6)
N n

Equation (2.6) captures both prior uncertainty (through ng) and future sampling vari-
ability (through n).

For a one-sided hypothesis test at significance level «, the null hypothesis Hy : 6 = 0
is rejected if the observed effect exceeds the critical value:

NoT
NG

o> Z1_q. (2.7)

Combining Equations (2.6) and (2.7), the assurance, the probability that a future
observed treatment effect exceeds the critical value for rejection, is given by:

Assurance(n) = @ (m <5\0f\2/f + Zl_a>) . (2.8)

11
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This expression defines assurance as a function of the planned sample size n and the
effective prior information ny.

An important property of Equation (2.8) is its asymptotic upper bound. As the sample
size increases (n — o), the assurance converges to:

N
lim Assurance(n) = @(%) , (2.9)
n—oo o

which corresponds to the prior probability that the treatment effect exceeds the decision

threshold.

This upper bound highlights a key distinction between assurance and power. Increasing
the sample size n cannot raise the assurance beyond this limit, because assurance
accounts for total predictive uncertainty—comprising both future sampling variability
and prior uncertainty. While the sampling variance decreases with increasing n, the
prior variance remains constant, imposing a fixed upper bound. In contrast, power is
conditional on a fixed effect size and approaches 1 as n becomes large.

2.4.1 Example

To illustrate, consider a Phase I1I clinical trial to evaluate a new antihypertensive drug.
The study is designed as a two-arm parallel trial with equal allocation. Based on prior
clinical evidence, the anticipated treatment effect is do = 5 and the known standard
deviation is o = 10.

Using Equation (2.5), with a one-sided Type I error rate o = 0.025 and Type II error
rate § = 0.2 (80% power), the required sample size is 62.79 patients per group (rounded
to 63).

To move beyond the fixed-effect assumption, we incorporate prior uncertainty about
the treatment effect. Suppose the prior corresponds to an effective sample size of
ny = 4 patients per arm, implying a prior distribution of N(5,50). Substituting
into Equation (2.8), we obtain an assurance of approximately 58.2%, notably lower
than the nominal power of 80%. The asymptotic upper bound from Equation (2.9)
is approximately 76.0%. Figure 2.1 shows power and assurance curves for different
sample sizes.

12
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Figure 2.1: Power and assurance curves for the example given in Sec-
tion 2.4. The dashed line indicates the upper bound on assurance, showing
that even large increases in sample size yield diminishing returns once prior
uncertainty dominates.

To better interpret the achievable gain in assurance, we can consider the Normalised
Assurance (Muirhead and Soaita, 2012) or scaled assurance (Alhussain and Oakley,
2020), which rescales the assurance relative to its theoretical maximum:

n VN d
oy (50 - 5))

/10 &
@ (5")

Normalised Assurance = (2.10)

For 63 patients per group, the normalised assurance is approximately 76.5%, providing
a useful measure of the marginal benefit of additional sample size.

Throughout this work, comparisons with power are made using assurance rather than
normalised assurance. Since assurance and power both lie on the same probability
scale, this permits direct and intuitive comparison between the two metrics. Nor-
malised assurance is a useful diagnostic for understanding the marginal benefit of ad-
ditional sample size relative to the theoretical maximum, but rescaling removes this
comparability. Furthermore, while the asymptotic upper bound on assurance is avail-
able analytically in the Normal-Normal setting, in more complex trial designs — such
as those involving non-normal outcomes, cluster randomisation, or adaptive structures
— the maximum assurance has no closed form and would itself require estimation via
simulation, making normalised assurance less straightforward to compute in practice.

A further comparison between power and assurance can be made using their predic-
tive distributions. Figure 2.2 shows the predictive distributions for power (Equation

13
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(2.3)) and assurance (Equation (2.6) across a range of sample sizes, alongside the
corresponding critical value (Equation (2.7)). Key observations include:

1. The area under the curve to the right of the critical value corresponds to the
value of power or assurance.

2. As sample size increases, the variance of both distributions decreases. For power,
this variance tends to zero as n — oo. For assurance, it converges to 20?2 /ny,
explaining the upper bound.

3. Assurance may exceed power at small sample sizes because of the incorporation
of prior uncertainty and the resulting differences in critical thresholds.

s A s A
Predictive 6 forn =5 Predictive o for n = 25
T —— Predictive (Power) T —— Predictive (Power)
8 B —— Predictive (Assurance) 8 B —— Predictive (Assurance)
o Critical Value o Critical Value
> Q i > |
= N 4 = N
2 o 2 o
[0} . [ -
Qo] Qo
o =)
8 A 3 ]
< A < A
(<N T T T T T o T T T T T T
-20 -10 0 10 20 30 -20 -10 0 10 20 30
§ 8
. A T A
Predictive 5 for n = 50 Predictive 5 forn =75

— Predictive (Power) — Predictive (Power)
— Predictive (Assurance) —— Predictive (Assurance)
Critical Value Critical Value

Density
0.00 0.10 0.20 0.30

Density
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Figure 2.2: Predictive distributions for power and assurance across vary-
ing sample sizes, demonstrating how the assurance distribution retains non-
zero variance as n grows due to residual prior uncertainty.

This Normal-Normal example clearly demonstrates how assurance generalises classical
power by incorporating prior uncertainty and reveals its characteristic upper bound. In
more realistic trial settings, such as those involving non-normal outcomes or complex
test statistics, analytical expressions like Equation (2.8) are not available. The following
section therefore introduces simulation-based methods for estimating assurance in such

scenarios.

14
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2.5 Simulation-Based Assurance

In Section 2.4, analytical expressions for assurance were obtainable because the Nor-
mal Normal model yields closed-form solutions under conjugacy. In realistic clinical
trial settings, however, such tractability is exceptional. Designs involving non-normal
endpoints, unknown variances, interim adaptations, or complex data structures typi-
cally preclude analytical derivation of either the power function or its prior weighted
analogue. Even modest deviations from the idealised setting, such as non-linear test
statistics, covariate adjustment, or joint uncertainty in multiple nuisance parameters,
render closed-form assurance calculations infeasible.

In these situations, Monte Carlo simulation provides a flexible and widely applicable
framework for estimating power and assurance. By repeatedly generating data un-
der specific parameter values and propagating uncertainty through prior distributions,
simulation methods allow the evaluation of operating characteristics for trials that lie
far outside the scope of analytical theory. They are therefore indispensable for practi-
cal trial design, particularly in the presence of non-standard estimators, time-to-event
endpoints, missing data mechanisms, or adaptive decision rules (Burton et al., 2006;
Arnold et al., 2011; Morris et al., 2019). Simulation-based assurance thus forms the
backbone of the methodology developed in subsequent chapters, enabling probability-
of-success evaluation for models and designs that do not admit closed-form solutions.

Algorithm 1 outlines the standard Monte Carlo procedure for computing power. A
data-generating model is first specified under the assumed true effect size. Repeated
sampling of datasets and evaluation of the test statistic across N iterations yields an
empirical estimate of the probability of rejecting the null hypothesis. As N increases,
the Monte Carlo error diminishes, providing an accurate estimate of the study’s oper-
ating characteristics.

15
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Algorithm 1 Simulation procedure for estimating power. Repeated sampling of data
under a fixed effect size yields the frequentist probability of rejecting Hy at a specified
significance level.

1: Inputs: Number of iterations IN; control and treatment data generation models
with assumed parameter values under Hi; critical value ¢, under Hy

2: fori=1to N do

3 Simulate control and treatment group data under H;

4 Compute test statistic ¢;

5: Set U; = 1(t; > ca) > 1 if Hy rejected, 0 otherwise

6: end for

7. Estimate power, where R denotes the event of rejecting Hy:

Algorithm 2 presents the corresponding simulation framework for assurance. The key
distinction from power simulation lies in the first step: before generating data, param-
eter values are drawn from their prior distributions. This sampling step introduces
epistemic uncertainty, ensuring that the simulation reflects the full predictive distribu-
tion of future trial outcomes. The result is an unconditional estimate of the probability
of trial success, integrating over both parameter and data uncertainty.

Algorithm 2 Simulation procedure for estimating assurance. Sampling parameters
from their prior distributions incorporates epistemic uncertainty, producing an uncon-
ditional probability of trial success.

1: Inputs: Number of iterations V; prior distributions for model parameters; control
and treatment data generation models; critical value ¢, under Hy

2: fort=1to N do

3: Sample parameter values from their prior distributions

4: Simulate control and treatment group data conditional on sampled parameters
5: Compute test statistic ¢;

6: Set U; = 1(t; > ¢q) > 1 if Hy rejected, 0 otherwise
7: end for

8

. Estimate assurance, where R denotes the event of rejecting Hy:
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2.5.1 Example: The Moxonidine Trial

To illustrate simulation-based assurance, we consider an example inspired by a clinical
trial conducted between 2002 and 2006 (Bolliger et al., 2007). Myocardial ischaemia is a
major cause of postoperative morbidity and mortality following coronary artery bypass
surgery (Sprung et al., 2000). In the trial, patients were randomised 1:1 to receive either
moxonidine or a control treatment. Medication was administered from the morning of
surgery until four days postoperatively, with personnel blinded to allocation.

The primary endpoint was the incidence of a clinically significant rise (>2 pg/L) in
cardiac troponin I (¢Tnl) concentration within seven days after surgery. A previous
study reported a 45% incidence in the control group, and investigators hypothesised
that moxonidine would reduce this to 30%.

For each arm, let r; denote the number of patients with an event out of n; participants
(¢ = ¢ for control, i = t for treatment). The observed proportions are 6; = r;/n;, and
the hypothesis test is formulated as:

HO :96290 VS. H1 :06<00.

Assuming a one-sided Type I error rate of @ = 0.025 and target power of 80% (5 = 0.2),
Algorithm 3 is used to determine the required sample size.

Algorithm 3 Power simulation for the Moxonidine trial. Repeated sampling under
fixed rates estimates the probability of rejecting Hy when the true reduction in event
rate is 15%.
1: Inputs: Number of iterations N; per-arm sample size n; event probabilities 6., 6,
under Hi; critical value z,
2: fori=1to N do

3: Sample r¢ ~ Binomial(n, 6.) and ry ~ Binomial(n, 6,)

4: Compute sample proportions f¢ = rc /n and O = ro /n

5: Compute pooled proportion 0p = (r¢ + r7)/(2n)

6: Compute test statistic z; = (§¢ — éT)/\/2ép(1 —0p)/n

7: Set U; = 1(z; > z,) > 1 if Hy rejected, 0 otherwise
8: end for

9: Estimate power, where R denotes the event of rejecting Hy:

This simulation yields an estimated sample size of approximately 162 patients per arm
to achieve 80% power.
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To compute assurance, prior distributions must be specified for both 6. and the treat-
ment effect. The prior mean for 6. is 0.45, with a standard deviation of 0.1. Fitting
this uncertainty to a Beta distribution gives 6. ~ Beta(10.7,13.1), a natural choice for
a probability parameter bounded on [0, 1].

Rather than modelling . directly, it is convenient to model the treatment effect p =
0. — 0., recognising that 6. and 6. are not independent. Based on expert opinion,
clinicians anticipate a mean reduction of 15% in event rate, modelled as:

p~N(0.15,v),
where v quantifies uncertainty in the expected effect.

The full simulation algorithm for assurance is shown in Algorithm 4.

Algorithm 4 Assurance simulation for the Moxonidine trial. Sampling from prior
distributions for 8. and p quantifies epistemic uncertainty and yields the unconditional
probability of rejecting Hy.

1: Inputs: Number of iterations N; per-arm sample size n; prior distributions m(6..)
and m(p); critical value z,

2: forv=1to N do
3: Sample 0.; ~ w(0.) and p; ~ 7(p)
4: Set 9,572' = 0072‘ — pPi
5: Sample r¢ ~ Binomial(n, 6. ;) and rr ~ Binomial(n, 0; ;)
6: Compute sample proportions b = rc /m and O = rr /n
7 Compute pooled proportion 8p = (r¢ + r7)/(2n)
8: Compute test statistic z; = (§o — éT)/\/2ép(1 —0p)/n
9: Set U; = 1(z; > z4) > 1 if Hy rejected, 0 otherwise
10: end for

11: Estimate assurance, where R denotes the event of rejecting Hy:

To investigate the effect of different levels of prior uncertainty, three scenarios are
considered:

e Scenario 1: Highly informative prior centred on a 15% effect, p ~ A (0.15,0.0001).

e Scenario 2: Moderately informative prior with greater uncertainty, p ~ A(0.15,0.01).
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e Scenario 3: Moderately informative prior centred on a smaller effect, p ~

N(0.10,0.01).

Figure 2.3 compares assurance across these scenarios alongside the frequentist power
curve. Under Scenario 1, where prior uncertainty is minimal, assurance is effectively
equivalent to power. In Scenario 2, wider prior uncertainty reduces the assurance
modestly. In Scenario 3, the lower prior mean effect further decreases assurance. These
results demonstrate that both the mean and the precision of prior beliefs strongly
influence the estimated probability of success. This underscores the importance of
careful choice of prior distributions in practical applications of assurance.

1.0

Power/Assurance
0.4

0.2

— Power
-- Assurance: Scenario 1
------ - Assurance: Scenario 2
Assurance: Scenario 3

0.0
I

T T T T T
100 200 300 400 500
Number of Patients (in each group)

o+

Figure 2.3: Power and assurance for the Mozxzonidine trial under different
prior distributions for p. Stronger (more concentrated) priors yield assur-
ance values
closer to nominal power, while weaker or pessimistic priors produce lower assurance,
highlighting the sensitivity of assurance to prior specification.

Overall, simulation-based methods provide a practical and general framework for cal-
culating assurance in settings where analytical solutions are unavailable. They allow
flexible modelling of complex data-generating processes and prior structures, making
them particularly valuable for modern clinical trial designs where uncertainty must be
explicitly quantified and propagated.
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2.6 Development of Assurance Methods

The concept of assurance was introduced by Spiegelhalter and Freedman, 1986 as a
means of integrating uncertainty about treatment effects directly into the process of
trial design. Since then, the framework has undergone substantial development, span-
ning analytic extensions, methodological generalisations, and increasingly sophisticated
applied implementations. This section summarises key advances that have shaped as-
surance into a versatile tool for quantitative decision-making in drug development.

Early methodological work concentrated on settings with normally distributed end-
points. O’Hagan, Stevens, et al., 2005 formalised the term assurance and provided
general expressions for continuous and binary outcomes, establishing a foundational
Bayesian predictive structure. Subsequent refinements addressed more realistic mod-
elling assumptions: for example, Alhussain and Oakley, 2020 derived assurance calcula-
tions allowing for an unknown variance, thereby accommodating designs in which vari-
ability must be estimated rather than treated as fixed. These contributions grounded
assurance firmly within standard continuous-outcome trial planning workflows.

Assurance was then extended to a broader class of data types. Spiegelhalter, Freed-
man, and Parmar, 1994 developed predictive success probabilities for survival outcomes
under proportional hazards assumptions, extending the framework to time-to-event
settings. Building on these ideas, Ren and Oakley, 2014 proposed general methods
applicable to both parametric and non-parametric survival models, enabling imple-
mentation across a wide range of clinical scenarios.

More recently, attention has turned to the dynamical use of predictive success measures
across development programmes. Temple and Robertson, 2021 introduced the concept
of conditional assurance, quantifying how the probability of success evolves as data
accumulate across sequential phases, such as Phase Ila—IIb—III. In parallel, Grieve,
2024 developed assurance calculations tailored to group sequential designs, allowing
predictive probabilities to be updated at interim analyses while preserving Type I error
control. These contributions highlight the increasing alignment between predictive
success metrics and adaptive trial structures.

A substantive strand of recent research has focused on extending assurance to complex
trial architectures that involve multiple sources of uncertainty. For example, Wilson,
2023 developed assurance methodology for cluster-randomised trials, demonstrating
how uncertainty in parameters such as the intracluster correlation coefficient and clus-
ter sizes can be integrated coherently at the design stage. This work illustrates how the
assurance framework can be adapted to settings in which the data-generating struc-
ture itself introduces additional layers of variability. Complementing this, Williamson
et al., 2025 proposed hybrid approaches that combine assurance with classical power
calculations, particularly for cluster-based designs.
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Alongside these methodological developments, the application of assurance in indus-
trial settings has grown substantially. Case studies across multiple therapeutic areas,
such as those reported by Sabin et al., 2014, Walley et al., 2015, Crisp et al., 2018,
Hampson, Holzhauer, et al., 2022, and Hampson, Bornkamp, et al., 2022, demonstrate
its role in informing “go/no-go” decisions, quantifying uncertainty in key assumptions,
and evaluating strategic options under realistic variability. Examples such as Jiang,
2011 and Hong and Shi, 2012 illustrate how assurance has been used to assess robust-
ness to uncertainties in treatment effect, recruitment patterns, and other operational
characteristics. These applied contributions reflect the increasing recognition of assur-
ance as a practical decision-support tool rather than a purely theoretical construct.

In practice, sample size would still typically be determined via a conventional power
calculation, with assurance then evaluated at the resulting n to provide a more realistic
assessment of the probability of trial success under prior uncertainty. Uncertainty in
this evaluation can be communicated by plotting assurance as a function of sample size
across a range of plausible effect sizes, giving the trial designer a transparent picture
of how sensitive the chosen n is to prior assumptions.

Methodological research continues to evolve towards fully flexible, simulation-based
assurance frameworks capable of handling multi-parameter uncertainty and adaptive
decision rules. For instance, Wang, Fu, et al., 2013 explored simulation-based methods
for assurance in adaptive designs, demonstrating how predictive success metrics can be
embedded within designs featuring mid-course decisions. More integrated frameworks,
such as those from Hampson, Holzhauer, et al., 2022 and Hampson, Bornkamp, et al.,
2022, show how assurance can be incorporated across multiple stages of development,
facilitating portfolio-level decision-making.

In summary, the development of assurance methodology reflects a progression from
simple analytic formulations to generalisable, simulation-driven approaches that ac-
commodate complex endpoints, adaptive structures, and multi-layered uncertainty.
This evolution has established assurance as a central tool linking statistical modelling,
decision analysis, and practical considerations in clinical development. Because the
usefulness of assurance depends critically on the specification of prior uncertainty, the
next chapter examines methods for constructing and eliciting such priors in a trans-
parent and rigorous manner.

2.7 Prior Distribution

A central element in the calculation of assurance is the specification of the prior distri-
bution, 7(6), for the unknown treatment effect . This prior encapsulates the current
state of knowledge or belief about the likely magnitude of the treatment effect before
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data from the planned study are observed. The quality and relevance of this prior are
therefore critical, as it directly determines the degree to which epistemic uncertainty
is propagated through the assurance calculation.

Broadly, two approaches exist for defining 7(6): one based on the synthesis of relevant
historical data, and the other grounded in structured expert judgement. The former
provides a data-driven and reproducible mechanism for prior construction, whereas
the latter leverages domain expertise in contexts where empirical evidence is limited
or only partially applicable.

2.7.1 Data-driven priors

A variety of formal methods have been proposed to derive priors from historical or
external data, including the power prior (Ibrahim and Chen, 2000), the commensurate
prior (Hobbs et al., 2011), and the meta-analytic-predictive (MAP) prior (Neuen-
schwander et al., 2010; Schmidli et al., 2014). These approaches were primarily de-
veloped in the context of Bayesian borrowing, where external data are incorporated
into current analyses to improve precision or reduce required sample size. The robust
MAP framework of Schmidli et al., 2014, for example, allows partial borrowing while
safeguarding against potential conflicts between historical and current data. Similarly,
Viele et al., 2014 provide a structured approach for selecting borrowing strategies ac-
cording to the degree of compatibility between the data sources.

In principle, the posterior distribution from a preceding study, such as a Phase II
trial updated from a weakly informative prior, can serve as 7(f) for the assurance
calculation. This approach provides a transparent link between stages of drug devel-
opment and ensures coherence across analyses. However, it also presents limitations.
Differences in design between early and confirmatory trials, including variations in pa-
tient population, endpoint definition, or dosing regimen, can undermine the validity of
such direct extrapolation. Thus, while historical borrowing offers an attractive start-
ing point, it requires careful consideration of the context and quality of the available
evidence.

2.7.2 Expert-elicited priors

When historical data are sparse, heterogeneous, or only partially relevant, expert elici-
tation provides an alternative route for constructing m(#) (Chaloner and Rhame, 2001;
Dolan et al., 1986). In this framework, subject-matter experts, typically clinicians,
statisticians, and researchers familiar with the therapeutic area, quantify their beliefs
about key parameters after reviewing the available evidence. The process is often sup-
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ported by structured protocols that help translate qualitative beliefs into quantitative
prior distributions.

Elicitation is particularly valuable in rare diseases or emerging therapeutic areas, where
the evidence base may comprise a mixture of small trials, observational studies, reg-
istries, or case series. These sources may not lend themselves to formal statistical
synthesis, yet they still inform expert judgement. Structured elicitation thus pro-
vides a principled mechanism for integrating such diverse information into a coherent
prior (Hampson, Whitehead, et al., 2015). Importantly, it enables the explicit rep-
resentation of uncertainty and disagreement among experts, features that are often
obscured in purely data-driven analyses.

Furthermore, expert elicitation serves a crucial role in bridging early- and late-phase
studies. Differences in patient populations, endpoints, or treatment regimens between
Phase II and Phase III trials can limit the direct transferability of empirical find-
ings. In such cases, elicited priors provide a means of adjusting expectations based on
expert understanding of biological plausibility, treatment mechanisms, or contextual
evidence (Holzhauer et al., 2022). By incorporating this judgement transparently, as-
surance calculations can more accurately reflect realistic prior uncertainty about the
treatment’s true effect.

2.7.3 Summary

In summary, both historical-data-based and expert-elicited priors provide valid foun-
dations for assurance, but each carries distinct strengths and limitations. Data-driven
approaches emphasise reproducibility and objectivity, while elicitation allows flexibil-
ity and contextual insight when evidence is limited. In practice, the most defensible
priors often result from combining these approaches, using available data to inform,
calibrate, or constrain expert belief. The next chapter (Chapter 3) explores in detail
the methodology and practical considerations involved in eliciting expert opinions to
construct priors suitable for assurance-based trial design.

2.8 Summary

This chapter introduced assurance methods as a Bayesian alternative to traditional
power calculations for clinical trial design. We began by revisiting the classical fre-
quentist definition of power, highlighting its dependence on a fixed, assumed treat-
ment effect. By integrating prior uncertainty about the true treatment effect through
the concept of assurance, we obtained a more realistic and probabilistically coherent
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measure of a trial’s likelihood of success.

Analytic examples, such as the Normal-Normal model, demonstrated how assurance
can be expressed in closed form when conjugate priors are used. These examples il-
lustrated key properties of assurance, including its asymptotic upper bound and the
interpretation of normalised assurance as a relative efficiency measure. We then ex-
tended the discussion to simulation-based approaches, which are required in more real-
istic settings where closed-form solutions are unavailable. The moxonidine case study
illustrated how Monte Carlo simulation can be used to evaluate assurance under dif-
ferent prior beliefs, emphasising the influence of both the strength and the uncertainty
of those priors on the resulting probability of trial success.

The development of assurance methods was then situated in its historical and applied
context, tracing its evolution from early theoretical foundations (Spiegelhalter and
Freedman, 1986; O’Hagan, Stevens, et al., 2005) to its modern use in complex and
adaptive trial designs (Grieve, 2024; Hampson, Bornkamp, et al., 2022). Particular at-
tention was given to the increasing adoption of assurance within industry, where it now
forms an integral part of quantitative decision-making and risk assessment frameworks.

Finally, we discussed the crucial role of the prior distribution in assurance calculations.
The prior serves as the bridge between existing knowledge and future uncertainty, and
its careful specification determines the credibility and interpretability of the resulting
assurance. We reviewed both data-driven and expert-elicited approaches to construct-
ing priors, highlighting their respective advantages and limitations.

Overall, assurance provides a Bayesian framework for quantifying the probability of
trial success while accounting for prior uncertainty. It extends beyond traditional power
calculations by embedding design evaluation within a predictive, decision-oriented con-
text. The next chapter builds on this foundation by focusing on methods for prior
elicitation, formal techniques for capturing and quantifying expert belief, thereby ad-
dressing one of the most practically important aspects of implementing assurance in
real-world trial design.
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Expert Elicitation

3.1 Introduction

The calculation of assurance in clinical trials requires the specification of a prior distri-
bution for one or more design parameters, most commonly the treatment effect. This
prior formalises existing knowledge and uncertainty before the trial begins, and plays a
central role in probability-of-success evaluation. While empirical evidence from histori-
cal studies, meta-analyses, or mechanistic models can inform such priors, these sources
are often limited, heterogeneous, or of uncertain relevance, particularly for novel thera-
pies, rare diseases, or early-phase development. In these settings, the most transparent
and defensible approach to prior specification is the use of structured expert judgement,
or expert elicitation. When used appropriately, expert elicitation provides a coherent
means of incorporating knowledge that cannot readily be obtained from data alone.
However, poorly designed or uncritical elicitation exercises risk producing overconfident
or misleading priors, underscoring the need for structured protocols and transparency
(Morgan, 2014).

Expert elicitation is a disciplined methodology for capturing the beliefs of domain
specialists about uncertain quantities and expressing those beliefs as probability dis-
tributions. It provides a principled mechanism for incorporating qualitative clinical
insight into formal statistical frameworks, ensuring that the assumptions underpinning
trial design are explicit, reproducible, and open to scrutiny. Within assurance-based
design, elicited priors enable uncertainty about treatment effects and other design pa-
rameters to be represented coherently, supporting probability-of-success calculations
and operating-characteristic evaluation when empirical data are limited or uninforma-
tive.

The practice of expert elicitation draws on decades of development in statistics, deci-
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sion theory, risk analysis, and psychology. Numerous structured frameworks have been
proposed to guide the process, reduce cognitive bias, and improve the validity of ex-
pert judgements. Although the broader literature is extensive, this chapter focuses on
the methods most relevant to constructing priors for clinical trial design and assurance
calculations. Topics include the selection of experts, the formulation of elicitation ques-
tions, the fitting of probability distributions to expert judgements, and considerations
surrounding aggregation, calibration, and communication of uncertainty.

By synthesising methodological principles with practical guidance, this chapter estab-
lishes the foundation for the delay-specific elicitation framework developed in Chap-
ter 4. It highlights that, while the mathematics of assurance is straightforward once
a prior is available, the process of obtaining that prior is a complex and fundamen-
tally human activity requiring structured protocols, careful facilitation, and rigorous
statistical interpretation.

3.2 Aims of the Chapter

The specific objectives of this chapter are as follows:

1. To explain the role and importance of expert knowledge in informing prior distri-
butions, particularly in settings where data are sparse, uncertain, or not directly
applicable to the target population.

2. To describe key methodological frameworks for expert elicitation, including both
structured and semi-structured protocols, and to highlight their theoretical un-
derpinnings.

3. To present practical guidance for conducting elicitation exercises, encompassing
expert selection, question design, facilitation, and approaches to mitigate com-
mon cognitive biases.

4. To discuss the methodological and practical challenges associated with elicitation,
including issues of reproducibility, calibration, and communication of uncertainty.

5. To demonstrate how elicited priors can be integrated into assurance calculations
and Bayesian trial designs, thereby supporting quantitative decision-making in
clinical development.

26



Chapter 3. Expert Elicitation

3.3 Methods for Eliciting Univariate Distributions

The goal of expert elicitation is to obtain a probability distribution that accurately
reflects an expert’s belief about an uncertain parameter, denoted here by  (for example,
a treatment effect or event probability). Most domain experts are not accustomed to
expressing beliefs as probability distributions, and even those with statistical training
often find it challenging to specify a full distribution directly. To address this, several
elicitation methods have been developed to help experts express their uncertainty in
intuitive ways that can then be translated into formal statistical distributions.

This section outlines the most widely used elicitation methods, drawing primarily on
the guidance of O’Hagan, Buck, et al., 2006, alongside more recent critical reviews
of elicitation approaches that highlight the diversity of available methods and their
respective strengths and limitations (Falconer et al., 2022). For clarity, the discussion
begins by considering the elicitation of beliefs from a single expert. In practice, however,
elicitation exercises commonly involve multiple experts, whose individual judgements
must be combined or synthesised; these issues are addressed in Section 3.5.

3.3.1 Quantile-Based Methods

Quantile-based elicitation is one of the simplest and most widely used approaches.
Experts are asked to specify values of 6 corresponding to particular quantiles of their
belief distribution. Common variants used in practice include:

e The quartile method, where the expert provides the 25th percentile, median, and
75th percentile.

e The tertile method, where the 33rd and 66th percentiles are elicited instead.

e Eliciting the 5th, 50th, and 95th percentiles, providing a broader characterisation
of the tails of the expert’s belief distribution.

The elicited quantiles are then used to fit a suitable parametric distribution representing
the expert’s uncertainty (see Section 3.3.4), although non-parametric representations
are also possible. Depending on the nature of the parameter, commonly used families
include the Normal, Log-Normal, Beta, Gamma, and Student-¢ distributions, among
others.

Quantile-based methods are cognitively straightforward and impose minimal burden
on participants. However, some experts may find it difficult to reason about exact
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percentiles, particularly in the tails of the distribution, and the resulting fitted distri-
bution may be sensitive to the chosen parametric form, especially when only a small
number of quantiles are elicited.

3.3.2 Probability-Based Methods

In probability-based methods, experts are asked to assign probabilities to predefined
intervals or threshold values of 8. For example, they may be asked:

e “What is your probability that 6 lies between 10 and 157"

e “What is your probability that 6 is less than 0.47”

This approach is often more intuitive for experts who prefer reasoning in terms of
likelihoods rather than percentiles. However, care must be taken to avoid introducing
anchoring bias through the presentation of fixed thresholds (see Section 3.7). Ran-
domising or rotating the order of threshold questions, or allowing experts to define
their own intervals, can help mitigate this risk. Empirical comparisons of elicitation
formats indicate that probability-based judgements can exhibit greater variability and
monotonicity violations than fixed-quantile approaches (Abbas et al., 2008), under-
scoring the need for careful design of threshold-based questions.

3.3.3 Histogram- or Roulette-Based Elicitation

Histogram-based methods provide a visual and tactile way for experts to express their
uncertainty. The Trial Roulette Method (Gore, 1987; Johnson et al., 2010) is one of
the best-known examples. Experts are asked to distribute a fixed number of “chips”
or tokens across a series of bins representing intervals over a plausible range for 6. The
proportion of chips allocated to each bin represents the subjective probability that 6
lies within that interval.

In practice, the range of ¢ is divided into 812 bins, and the expert is typically given
around 20 chips (each representing 5% probability). This provides a good balance
between precision and cognitive simplicity. Too many chips may exceed an expert’s
capacity to make fine distinctions, while too few may fail to capture the shape of their
uncertainty.

Empirical studies suggest that experts often find this method intuitive and engaging,
as it resembles direct manipulation of probabilities. However, facilitators must remind
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Figure 3.1: Ezample of the ‘Roulette’ method for eliciting beliefs about a
parameter 0. The expert allocates probability mass across predefined bins
using a fixed number of chips.

participants that their distributions need not be symmetrical or visually neat, since
the goal is to express genuine uncertainty rather than aesthetic balance.

Feedback should always be provided after initial elicitation. For example, facilitators
might show the expert implied probabilities from their histogram (e.g., a 25% chance
that 6 > 0.4 and 10% that € < 0.1) to confirm that the representation is consistent
with their beliefs.

3.3.4 Fitting Probability Distributions

Once elicited data (such as quantiles or histogram bins) have been obtained, the next
step is to fit a continuous probability distribution that approximates the expert’s be-
liefs. While the elicited histogram itself could be used, parametric distributions are
usually preferred for analytical convenience and ease of simulation.

Common choices include the Normal, Beta, and Gamma distributions, depending on
the domain and the support of #. Parameters are often estimated via least squares—minimising
the difference between the elicited and fitted quantiles or probabilities.

Figure 3.2 shows an example where a Beta(2.04, 4.89) distribution provides a good fit
to the histogram elicited via the roulette method (Figure 3.1).

Although nonparametric approaches are available (Oakley and O’Hagan, 2007; Gosling
et al., 2007), they are less common in practice due to computational complexity and
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Figure 3.2: Ezample from Figure 3.1. a) The best-fitting Beta distribution
is overlaid (Beta(2.04, 4.89)); b) The elicited quantile points with the fitted
Beta CDF overlaid. The fitted distribution is reviewed with the expert to
confirm adequacy of fit.

challenges in implementation. After fitting, experts should be shown diagnostic plots
or summaries to verify that the fitted distribution accurately represents their beliefs.
Sensitivity analyses may also be performed to assess the robustness of downstream
results to the chosen distributional form.

3.4 Eliciting Multiple Uncertain Quantities

In many practical settings, elicitation involves more than one uncertain parameter.
For example, when designing a clinical trial, experts may need to provide beliefs about
both the control response rate and the treatment effect, or about several correlated
model parameters such as baseline hazard and treatment hazard ratio. In such cases,
it becomes important to consider whether these quantities can be assumed to be sta-
tistically independent, or whether dependencies must be explicitly captured.

Formally, two quantities #; and 6, are independent if knowledge of one does not change
beliefs about the other. If an expert’s belief about #; would be revised upon learning
the value of 05, then these quantities are dependent, and a joint distribution must be
elicited. Dependencies are common in clinical and pharmacological contexts, where
parameters often reflect related biological or mechanistic processes.
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If independence can be reasonably assumed, quantities can be elicited separately using
standard univariate methods described in Section 3.3. However, when dependencies
are expected, additional elicitation is needed to characterise both the direction and
magnitude of correlation. This can be a challenging task: dependencies are inher-
ently abstract, and experts often find it difficult to express beliefs about correlations
numerically or verbally.

A variety of approaches have been proposed for eliciting dependence structures. A
common and pragmatic strategy is to structure the problem by reparameterising quan-
tities in ways that make independence more plausible. For instance, instead of eliciting
the treatment effect and control rate directly, one might elicit the control rate and
the treatment—control difference. If the difference is believed to be unrelated to the
baseline level, independence can then be assumed. This strategy, described by Garth-
waite et al., 2005 and Daneshkhah and Oakley, 2010, can often simplify multivariate
elicitation considerably.

When structuring is not feasible, several modelling approaches are available to represent
expert beliefs about dependency. The use of copulas, particularly Gaussian copulas,
provides a flexible way to model correlation between continuous quantities without
constraining marginal distributions. For proportions that must sum to one, such as
probabilities of mutually exclusive outcomes, Dirichlet distributions can be employed
to represent joint beliefs while preserving logical constraints (Zapata-Vazquez et al.,
2014). Both approaches have been implemented in extensions to the SHELF framework
(Oakley and O’Hagan, 2025), allowing experts to visualise and validate the implied
relationships among quantities.

Direct elicitation of correlations remains difficult, as experts tend to underestimate or
misjudge the strength of relationships between uncertain quantities. To address this,
graphical tools and iterative feedback can be useful. For example, showing implied
scatterplots or probability contours can help experts assess whether the dependence
encoded in a fitted joint distribution matches their intuitive understanding.

For a comprehensive discussion of techniques for eliciting joint distributions and de-
pendence structures, see Werner, Bedford, et al., 2017; Werner, Hanea, et al., 2017,
who provide a taxonomy of approaches for continuous and discrete variables. More
recent applied work by Holzhauer et al., 2022 illustrates how structured elicitation of
correlated parameters can be implemented in pharmaceutical contexts, particularly for
survival and dose-response modelling.

Overall, while multivariate elicitation presents additional complexity, careful problem
structuring, graphical validation, and iterative engagement with experts can yield joint
priors that are both realistic and practically usable within assurance-based trial designs.
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3.5 Combining Judgements from Multiple Experts

Elicitation exercises in clinical trial design often involve more than one expert, par-
ticularly when the parameters of interest span multiple domains of expertise, such
as clinical outcomes, pharmacology, and statistical modelling. Combining judgements
from several experts can improve robustness by integrating diverse perspectives, reduc-
ing individual bias, and broadening the evidence base on which priors are constructed.
However, experts rarely agree perfectly, and synthesising heterogeneous opinions into
a single coherent probability distribution is one of the central challenges of structured
elicitation.

Two main paradigms exist for combining expert judgements: mathematical aggregation
and behavioural aggregation. These represent fundamentally different philosophies.
The first treats expert distributions as statistical inputs to be combined using a formal
rule, while the second treats experts as collaborators engaged in a structured process
of deliberation to reach a shared view. The choice between these paradigms depends
on the study objectives, logistical constraints, and the desired degree of transparency
and interaction.

3.5.1 Mathematical Aggregation

Mathematical aggregation synthesises expert opinions without direct interaction among
participants. Each expert provides an individual probability distribution f;(6), which
are then combined into a single consensus distribution f(6) using a specified pooling
rule. Most pooling rules implicitly assume that expert judgements are conditionally
independent; however, empirical analyses of multi-expert elicitation studies suggest
that between-expert dependence is common and can materially affect the properties of
aggregated distributions (Wilson, 2017).

The most widely used approaches are the linear pool and the logarithmic pool (Clemen
and Winkler, 1999; O’Hagan, Buck, et al., 2006).

The linear pool combines individual expert distributions through a weighted average,
f(@) = szfz(e)v
i=1

where w; denotes the weight assigned to expert ¢ with >, w; = 1. This approach is
intuitive, computationally straightforward, and preserves the full range of uncertainty
expressed by the experts. However, when expert judgements differ substantially, the
resulting distribution can be overly diffuse, reflecting disagreement rather than synthe-
sising it.
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The logarithmic pool instead combines distributions multiplicatively,

£(6) H fi(0).

This method yields a consensus distribution that places greatest mass where expert
opinions overlap. It typically produces a narrower pooled distribution than the linear
pool, reflecting greater consensus among experts, though this comes at the cost of
down-weighting the tails of individual distributions — which may be problematic if
extreme values reflect genuine uncertainty rather than elicitation noise.

Figure 3.3 illustrates these differences for two experts pooled with equal weights. Un-
der the linear pool, the combined distribution retains support across the union of
the experts’ beliefs, resulting in a wider and more diffuse distribution that reflects
between-expert disagreement. Under the logarithmic pool, the combined distribu-
tion concentrates probability mass in regions where expert opinions overlap, yielding
a more concentrated consensus distribution. The choice between pooling methods
should therefore reflect whether the objective is to preserve the full extent of expert
uncertainty or to emphasise areas of agreement across experts.
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Figure 3.3: Comparison of the linear and logarithmic pooling methods ap-
plied to two expert distributions with equal weights. The linear pool retains
the combined support of both experts, whereas the logarithmic pool concen-
trates mass in regions where the experts agree.

A key practical consideration is the assignment of weights w;. Equal weighting is simple
and often used when all experts have similar standing. However, when there is reason to
believe that certain experts are more reliable, weights can be derived from performance-
based metrics. Cooke’s Classical Method (Cooke, 1991) uses calibration questions to
evaluate expert accuracy and informativeness. These scores are then used to generate
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objective weights. Although effective, this approach can be resource-intensive and
depends on the availability of suitable calibration quantities.

More advanced approaches, such as the supra-Bayesian framework (Jacobs, 1995), treat
expert opinions as data, combining them through Bayes’ theorem with a decision-
maker’s prior. This provides a fully Bayesian rationale for aggregation but requires
complex hierarchical modelling and substantial computational effort. In practice, linear
or logarithmic pooling remains the most common strategy in applied work due to its
simplicity and interpretability.

3.5.2 Behavioural Aggregation

Behavioural aggregation combines expert judgements through structured discussion
and deliberation rather than through purely mathematical pooling. Experts interact
directly (either in person or virtually) under the guidance of a trained facilitator. The
aim is to develop a shared understanding of the problem, clarify reasoning, and, where
possible, agree on a collective probability distribution that captures the group’s con-
sensus. The Sheffield Elicitation Framework (SHELF; Section 3.6.1) is a prominent
example of behavioural aggregation. Experts present and justify their beliefs individu-
ally before engaging in facilitated discussion to reach a consensus distribution known as
the Rational Impartial Observer (RIO) prior. This represents the belief that a neutral,
well-informed observer would hold after hearing all arguments. The RIO prior is not
a simple average — it reflects deliberation, justification, and reconciliation of differing
views. Figure 3.4 is a fictional example, illustrating how the RIO prior can balance
divergent individual beliefs to form a coherent group distribution. Behavioural aggre-
gation relies heavily on the skill of the facilitator, the clarity of the elicitation questions,
and the willingness of experts to engage in open discussion. When well-executed, it can
yield distributions that are more coherent, transparent, and psychologically satisfying
to participants than those produced by mathematical pooling.

3.5.3 Hybrid Approaches

Some aggregation frameworks combine elements of both behavioural and mathematical
aggregation, and are therefore more accurately described as hybrid approaches. Rather
than relying solely on open facilitated discussion or purely on statistical pooling, these
methods incorporate structured interaction or iterative feedback to guide experts to-
wards a collective judgement. The Delphi method (Dalkey and Helmer, 1963) maintains
anonymity between experts, using multiple iterative rounds of anonymous feedback and
revision to promote convergence. While this approach limits collaborative reasoning,
it helps avoid dominance or conformity effects that can arise in face-to-face settings,

34



Chapter 3. Expert Elicitation

---- Expert 1
-- Expert2
Expert 3

---- Expert 4
— RIO

0.5
I

Density
03 04

0.2

0.1

Figure 3.4: Ezample of a RIO prior derived from four experts with dif-
fering individual beliefs.

making it particularly useful when power dynamics between experts are a concern. The
IDEA protocol (Hemming et al., 2018) similarly combines structured individual elici-
tation with a subsequent aggregation step, incorporating elements of both anonymous
feedback and mathematical pooling. By separating individual judgement from group
reconciliation, IDEA aims to balance the benefits of independent reasoning with the
coherence gains of structured deliberation.

3.5.4 Comparing and Selecting Aggregation Approaches

The choice between aggregation approaches has substantive implications for the form
and credibility of the elicited prior. Mathematical pooling offers reproducibility, ease
of implementation, and analytical tractability, features that are particularly attractive
when priors are used within formal decision models such as assurance or probability-of-
success analyses. Behavioural aggregation, by contrast, emphasises structured discus-
sion, conditional reasoning, and shared understanding among experts, often producing
consensus distributions that stakeholders regard as more transparent and defensible.

Williams et al., 2021 conducted the first systematic empirical study evaluating the
differences between Cooke’s Classical Method and the SHELF behavioural framework.
Their findings highlight that aggregation choice can meaningfully influence both the
shape and location of the resulting distributions. In particular, performance-weighted
pooling under the Classical Method tends to produce more concentrated distributions
when calibration scores vary substantially across experts, whereas SHELF’s consensus-
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based approach often leads to broader or more conservative priors reflecting the group’s
collective reasoning. The study also underscores practical considerations: the Classical
Method offers objectivity through explicit weighting, while SHELF facilitates richer
qualitative justification and fosters convergence on quantities for which direct prob-
abilistic reasoning is challenging. These contrasts are especially relevant when the
elicited priors feed into downstream decision processes, such as assurance calculations,
where differences in tail behaviour or central tendency may materially affect predicted
trial success.

Selecting an appropriate aggregation strategy requires aligning methodological prop-
erties with the aims of the elicitation. Mathematical pooling may be preferable when
expert independence is well supported or when reproducibility is a key priority. Be-
havioural aggregation is often more suitable for complex scientific judgements involving
interdisciplinary expertise or situations where stakeholder consensus is critical. Hybrid
approaches that combine elements of both can offer a pragmatic compromise. For
example, behavioural elicitation may be used to develop individual distributions, fol-
lowed by mathematical pooling of the post-discussion judgements. The suitability of
such approaches should be assessed on a case-by-case basis.

Ultimately, aggregation is not solely a technical operation but a process of constructing
and justifying a shared representation of uncertainty. A considered choice of approach
enhances both the epistemic integrity and practical utility of the resulting priors, en-
suring that they offer a defensible basis for subsequent decision-making in clinical trial
design.

3.6 Protocols

In expert elicitation, a protocol refers to a structured and systematic process used
to gather, quantify, and document expert judgements in a transparent and repro-
ducible way. The use of formal protocols, often termed structured expert elicitation,
has become standard practice across disciplines such as health technology assessment,
environmental science, and risk analysis. These frameworks aim to reduce bias, im-
prove consistency, and ensure that expert knowledge is incorporated in a defensible
and methodologically sound manner (European Food Safety Authority, 2014).

Several established protocols have been developed to guide elicitation practice, each
differing in their philosophy, structure, and intended application. The most commonly
used in biomedical research include the Sheffield Elicitation Framework (SHELF), the
Delphi method, Cooke’s Classical Method, and the IDEA protocol (Investigate, Dis-
cuss, Estimate, Aggregate). Each offers a different balance between independence and
discussion, between qualitative reasoning and quantitative synthesis. The choice of pro-
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tocol depends on practical constraints such as expert availability, time, and whether a
consensus or individually weighted aggregation is required (Soares et al., 2024). The
following subsections summarise the key features of these major approaches.

3.6.1 Sheffield Elicitation Framework (SHELF)

The Sheffield Elicitation Framework (SHELF) (Oakley and O’Hagan, 2025) is one of the
most widely applied protocols in health and risk modelling. It provides a systematic
structure for eliciting expert beliefs, typically within a facilitated workshop setting.
SHELF is particularly designed for contexts where evidence is limited but transparent
and defensible prior distributions are required, such as in health technology assessments
or clinical trial design.

A defining feature of SHELF is the construction of a consensus distribution repre-
senting the beliefs of a hypothetical Rational Impartial Observer (RIO). This RIO
distribution is not simply an average of individual opinions but rather the judgement
that an impartial observer might make after considering all experts’ reasoning. SHELF
workshops usually involve a facilitator, a recorder, and one or more experts. Individual
judgements are elicited first (for example, using quantile or roulette methods), followed
by group discussion to develop a shared understanding and reach consensus.

SHELF is supported by a dedicated R package (Oakley, 2025), which provides tools
for data entry, visualisation, and fitting of parametric distributions (e.g., Normal, Log-
Normal, or Beta). The software also allows users to compare consensus-based results
with mathematically aggregated alternatives such as linear pooling. Its structured
guidance and accessibility have made SHELF a leading choice for elicitation exercises
in the pharmaceutical industry and academia.

3.6.2 Probabilistic

Delphi Method

The probabilistic Delphi method (Dalkey and Helmer, 1963) is an iterative, questionnaire-
based approach designed to build consensus while preserving expert anonymity. Orig-
inally developed for forecasting in defence research, it is now widely used in policy,
healthcare, and technology evaluation. In a typical Delphi exercise, experts inde-
pendently provide quantitative or qualitative judgements, which are summarised and
anonymised by a facilitator. Each participant then receives feedback showing how
their responses compare with those of others and is invited to revise their judgement
in subsequent rounds.
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This iterative process continues until the responses converge or a pre-specified criterion
is reached. The anonymity of Delphi reduces social pressures such as dominance by
vocal individuals or conformity bias, promoting independent reasoning. However, be-
cause direct discussion is limited, opportunities for clarifying assumptions or building
shared understanding can be constrained. Delphi is most appropriate when experts
cannot meet in person, when maintaining independence is vital, or when consensus
must be achieved systematically and transparently.

3.6.3 Cooke’s Classical Method

Cooke’s Classical Method (Cooke, 1991) is a performance-based framework that weights
expert judgements according to demonstrated accuracy. Experts first answer a series
of calibration questions, quantities from the same domain for which true values are
known. Their performance on these questions, in terms of statistical accuracy and in-
formativeness, is used to calculate weights that are then applied when combining their
opinions about the target quantities. Recent work on the Classical Method has elabo-
rated on the importance of calibration in ensuring that performance weights accurately
reflect an expert’s ability to predict real-world outcomes (Cooke and Solomatine, 1992;
Colson and Cooke, 2018).

This approach produces a mathematically aggregated distribution that reflects both
the expertise and reliability of each participant. The method emphasises independence,
with minimal group interaction to avoid bias, and it is supported by software such as
EXCALIBUR (Cooke and Solomatine, 1992). Cooke’s framework has been applied in
diverse fields including nuclear safety, climate science, and epidemiology. Although
calibration can be demanding to implement, requiring suitable “calibration” questions
and careful design, it remains one of the most rigorous and transparent methods for
aggregating expert opinion.

3.6.4 Investigate, Discuss, Estimate, Aggregate (IDEA)

The IDEA protocol (Hemming et al., 2018) aims to balance the strengths of indepen-
dent judgement with the benefits of structured discussion. Experts first Investigate the
problem individually, formulating their own estimates; they then Discuss their reason-
ing within a facilitated group; subsequently, they Estimate again after considering new
perspectives; and finally, their judgements are Aggregated—typically through equal
weighting.

IDEA was designed to improve the calibration and accuracy of expert estimates by ex-
plicitly incorporating opportunities for reflection and learning. This approach has been
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successfully used in ecology, public health, and cost-effectiveness modelling. Compared
with purely statistical aggregation (as in Cooke’s method), IDEA emphasises dialogue
and understanding, helping experts articulate uncertainty in complex or ambiguous
contexts.

Overall, the choice of elicitation protocol depends on the balance between available
resources, desired level of interaction, and the objectives of the elicitation. In Bayesian
clinical trial design, protocols like SHELF and IDEA are most commonly adopted
because they combine structure, transparency, and flexibility—making them well suited
to developing prior distributions for assurance calculations.

3.7 Challenges of Conducting Prior Elicitation

Although structured elicitation frameworks such as SHELF and IDEA provide detailed
guidance, implementing a successful elicitation exercise in practice remains challeng-
ing. Difficulties arise at every stage of the process, from selecting suitable experts to
interpreting their judgements, and often stem from a combination of technical, logisti-
cal, and psychological factors. Recognising and addressing these challenges is essential
to ensure that elicited priors are credible, reproducible, and useful for decision-making
(European Food Safety Authority, 2014).

3.7.1 Stages of the Elicitation Process

O’Hagan, Buck, et al., 2006 outline a systematic framework for expert elicitation con-
sisting of five stages:

1. Background and preparation — defining the objectives of the elicitation and
identifying the quantities of interest;

2. Selecting experts — identifying individuals with relevant expertise and ensuring
diversity of perspective;

3. Training and motivation — familiarising experts with probabilistic reasoning,
elicitation formats, and common cognitive biases;

4. Structuring and decomposition — defining the model parameters, their rela-
tionships, and how dependence between quantities will be handled;

5. Elicitation and feedback — conducting the sessions, fitting distributions to the
expert inputs, and validating results.
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While this provides a strong procedural foundation, experience has shown that chal-
lenges frequently arise in practice—particularly those related to cognitive bias, com-
munication of uncertainty, and the interpretation of aggregated results.

3.7.2 Cognitive Biases and Heuristics

Perhaps the most pervasive challenges in expert elicitation stem from well-documented
cognitive biases. According to the dual-process theory of cognition proposed by Kah-
neman, 2011, human reasoning operates through two systems:

e System 1, which is fast, intuitive, and automatic; and

e System 2, which is slower, analytical, and deliberate.

Experts, like all decision-makers, frequently rely on System 1 heuristics, which, while
efficient, can produce systematic errors in probabilistic judgement. According to
O’Hagan, Buck, et al., 2006, the most common biases encountered in elicitation are:

1. Anchoring Bias — Experts may anchor their estimates on an initial reference
point (e.g., a published trial result or the facilitator’s example) and adjust insuffi-
ciently. Anchoring can be particularly problematic when experts are shown early
summaries of existing evidence, as these can unduly constrain their responses.

2. Overconfidence — Experts tend to underestimate uncertainty, producing dis-
tributions that are too narrow. This results in priors that overstate precision,
leading to inflated assurance estimates. Encouraging experts to reflect explicitly
on worst-case and best-case scenarios can help counteract this tendency.

3. Availability Bias — Judgements are influenced by how easily relevant examples
come to mind. Salient or recent experiences may disproportionately affect beliefs,
even if they are unrepresentative of the broader evidence base.

4. Group Dynamics — In group settings, social factors such as dominance by
a single expert, conformity pressure, or groupthink can distort the aggregation
of opinions. These effects are particularly relevant in behavioural aggregation
frameworks such as SHELF and IDEA, where facilitated discussion is integral.

Mitigating these biases requires careful design and facilitation. Experts should re-
ceive training on probabilistic thinking and bias awareness before elicitation begins.
Questions should be neutrally worded, and quantitative feedback should be provided
iteratively to allow experts to reflect on the implications of their judgements.
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3.7.3 Training and Facilitation

Training experts prior to elicitation is critical to achieving reliable and interpretable
results. Even experienced clinicians or scientists may lack familiarity with expressing
beliefs in probabilistic terms. As part of the SHELF framework, an online train-
ing course (https://shelf.sites.sheffield.ac.uk/e-learning-course) provides
a structured introduction to concepts such as quantiles, credible intervals, and calibra-
tion. Training also helps align experts’ understanding of uncertainty representation
and reinforces the need for internal consistency in their judgements.

The facilitator plays a pivotal role in guiding the elicitation session. They must ensure
clarity in communication, maintain neutrality, and balance engagement with efficiency.
In behavioural aggregation, this includes moderating discussion to ensure all voices are
heard and preventing overdominance by confident individuals. In mathematical aggre-
gation, it includes managing data quality and ensuring that each expert’s responses
are complete, interpretable, and logically consistent.

3.7.4 Practical and Logistical Challenges

Elicitation exercises can be time-consuming and resource-intensive, especially when
multiple experts or parameters are involved. Practical difficulties often include:
e Scheduling and coordinating experts with limited availability;

e Ensuring that elicitation sessions remain focused and do not drift into unstruc-
tured discussion;

e Communicating complex statistical quantities in intuitive terms;
e Managing uncertainty about model structure or parameterisation when defining

the quantities to be elicited.

Pilot sessions and mock elicitation rounds are often invaluable for refining question
design and ensuring smooth implementation.

3.7.5 Validation and Feedback

Validation is a critical but sometimes neglected component of elicitation. Once a
probability distribution has been fitted to the elicited inputs, it should be reviewed
with the expert to confirm that it accurately reflects their beliefs. This “feedback loop”
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allows inconsistencies or misinterpretations to be corrected before the distribution is
used in formal analysis. Facilitators should present summaries graphically (e.g., as
histograms, density plots, or cumulative distributions) and ask questions such as “Do
you agree that this distribution implies a 20% probability that the effect exceeds 0.57”
to check face validity.

In complex or high-stakes applications, validation may extend to comparing elicited
priors against emerging data, running sensitivity analyses, or conducting post-hoc cal-
ibration assessments to evaluate predictive accuracy over time.

3.7.6 Summary of Common Pitfalls

In summary, the main challenges of prior elicitation arise not from a lack of statistical
methods, but from human and procedural factors. Overconfidence, anchoring, and
poor facilitation can lead to unrealistic priors; lack of training and validation can un-
dermine credibility; and inadequate documentation can limit transparency. Addressing
these challenges requires deliberate effort in the design, conduct, and reporting of elic-
itation exercises. When managed effectively, elicitation can yield priors that are both
statistically coherent and defensible to regulators and decision-makers—enhancing the
reliability of assurance calculations and the quality of Bayesian trial designs.

3.8 Elicitation with Assurance Methods

3.8.1 Motivation and Context

In the pharmaceutical industry, the use of elicited priors for assurance calculations has
gained considerable traction over the past decade (Best et al., 2020). Early applications
were largely confined to academic case studies (Hiance et al., 2009; Kinnersley and
Day, 2013), whereas more recent work has demonstrated their value in real-world drug
development settings (Dallow et al., 2018; Holzhauer et al., 2022). The appeal of this
approach lies in its ability to connect expert clinical understanding of mechanisms of
action, patient heterogeneity, and treatment plausibility to formal statistical decision-
making at the design stage.

Recent evidence also shows considerable methodological heterogeneity in how elici-
tation is implemented across clinical trial settings. A systematic mapping study of
treatment-effect and borrowing-parameter elicitation identified substantial variation
in elicitation targets, protocol choice, aggregation methods, and reporting practice,
particularly in early-phase and rare-disease applications (Morgan et al., 2025). These
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findings reinforce the need for structured, transparent elicitation procedures when pri-
ors are used to inform assurance or probability-of-success calculations.

3.8.2 Practical Implementation

In practice, elicitation-based assurance follows a three-stage workflow:

1. Define the elicitation target. Identify the key model parameters that drive
the trial outcome—typically the treatment effect or treatment—control difference
on the relevant scale (e.g., mean difference, log-odds ratio, or hazard ratio). En-
sure these quantities are expressed in clinically interpretable terms, for example
by providing benchmark values or contextual reference points to aid expert rea-
soning.

2. Conduct the elicitation. Use a structured framework (such as SHELF or
IDEA) to obtain expert beliefs about the plausible range and shape of the target
parameter distribution. Where feasible, multiple experts should contribute to
ensure diverse perspectives and reduce idiosyncratic bias. Individual beliefs can
then be aggregated using either behavioural consensus (e.g., a RIO prior) or
mathematical pooling methods.

3. Compute assurance. The elicited prior distributions are incorporated into the
assurance calculation by integrating over the sampling distribution of the data,
as discussed in Chapter 2. Simulation-based approaches are typically required,
particularly for complex endpoints or adaptive designs.

An important consideration is the alignment of the elicitation framework with the
statistical model used for assurance. For example, in time-to-event studies where as-
surance is based on a log-hazard ratio, experts may find it easier to express beliefs
on more interpretable scales, such as median survival time or absolute risk reduction,
before these are transformed to the modelling scale. Such reparameterisation can sub-
stantially improve the quality and consistency of elicited inputs.

3.8.3 Case Studies and Applications

Several published case studies illustrate how expert elicitation has been successfully
embedded into assurance-based design. Dallow et al., 2018 describe its adoption at
GlaxoSmithKline (GSK), where structured elicitation is routinely used to inform priors
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for Phase III development programs. Similarly, Holzhauer et al., 2022 report applica-
tions at Novartis, where elicitation is used not only for assurance but also to calibrate
prior assumptions in Bayesian decision analyses across multiple program stages.

Earlier examples by Hiance et al., 2009 and Kinnersley and Day, 2013 demonstrate
how elicited priors can be derived from small panels of clinical experts when historical
evidence is limited. More recently, Best et al., 2020 highlight an increasing regulatory
acceptance of elicitation-based priors in assurance and Bayesian design evaluation, par-
ticularly when accompanied by transparent documentation and validation procedures.

A comprehensive review by Azzolina et al., 2021 summarises the broader literature
on elicitation in the design and analysis of clinical trials, noting that while most ap-
plications have focused on early-phase settings, its use in confirmatory and adaptive
designs is rapidly expanding. Recent developments by Cetinyurek Yavuz et al., 2025
further explore the use of expert elicitation for hierarchical and multivariate priors,
enabling richer modelling of treatment-effect uncertainty across multiple endpoints or
populations.

3.8.4 Example

To illustrate how expert responses to elicitation questions are translated into a prior dis-
tribution and subsequently used to compute assurance, we consider a fictional Phase 111
oncology trial comparing a new treatment to standard of care. The primary endpoint
is overall survival, and event times in the control arm are assumed to follow an ex-
ponential distribution with a median of 12 months, corresponding to a hazard rate of
Ae = log(2)/12. The quantity of interest is the hazard ratio (HR) between the treat-
ment and control arms, which is treated as uncertain. The trial is designed with 80%
power to detect a hazard ratio of 0.75 at a one-sided significance level of a = 0.025,
requiring approximately 190 patients per arm.

3.8.4.1 Elicitation
A clinical expert with relevant experience is asked the following question:

Q. “Please provide the hazard ratio you would expect the treatment to
achieve, corresponding to your 25th percentile, median, and 75th percentile
of uncertainty.”

Suppose the expert provides quantiles of {0.65,0.75,0.88} corresponding to the 25th
percentile, median, and 75th percentile of their uncertainty about the hazard ratio.
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These responses reflect the expert’s belief that a hazard ratio of 0.75 is the most
plausible value, with meaningful uncertainty in both directions. To translate these
judgements into a prior distribution, a Gamma distribution is fitted by minimising the
squared differences between the elicited and model-implied quantiles:

3
2
(CL b = arg mln Z FGamma (a,8) Qz) pl} )

where p; € {0.25,0.50,0.75} are the fixed quantile levels and ¢; € {0.65,0.75,0.88} are
the corresponding elicited values. Fitting yields HR ~ Gamma(19.98,26.02), where
the first and second parameters denote the shape and rate respectively.

The fitted distribution is shown in the left-hand panel of Figure 3.5, with the elicited
quantiles and HR = 1 marked for reference — the latter illustrating the probability
mass placed on the treatment being ineffective or harmful. The right-hand panel shows
the CDF of the fitted distribution alongside the elicited quantile pairs, confirming the
goodness of fit. The expert would then be asked to review the fitted distribution and
revise their judgements if it does not adequately reflect their beliefs, following the
iterative feedback approach described in Section 3.6.1.
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Figure 3.5: Left: fitted Gamma(19.98, 26.02) prior for the hazard ra-
tio, based on the elicited quantiles {0.65,0.75,0.88}. Vertical dashed lines
indicate the 25th percentile, median, and 75th percentile of the fitted distri-
bution; the dotted red line marks HR = 1. Right: CDF of the fitted prior
with the elicited quantile pairs overlaid, confirming the goodness of fit.

45



Chapter 3. Expert Elicitation

3.8.4.2 Assurance

To illustrate the full pipeline, we compute the assurance for this trial design by substi-
tuting the elicited prior into the assurance calculation framework described in Chap-
ter 2. At each simulation replicate, a hazard ratio is sampled from the fitted Gamma
prior, event times are generated for both arms under the exponential model, and the
log-rank test is performed. The proportion of replicates in which the null hypothesis
is rejected gives the assurance estimate. This yields an assurance of approximately
65%), notably lower than the nominal power of 80%. This reduction reflects the addi-
tional uncertainty about the true hazard ratio captured by the prior — the expert’s
judgement places meaningful probability on hazard ratios closer to 1, where the trial
would be underpowered. This example demonstrates how elicitation and assurance
together provide a more realistic assessment of the probability of trial success than a
conventional power calculation alone.

3.8.5 Advantages and Considerations

The combination of elicitation and assurance offers several practical advantages:

e [t allows decision-makers to explicitly incorporate expert knowledge about treat-
ment plausibility and clinical relevance.

e [t makes assumptions about treatment effects transparent and subject to scrutiny,
facilitating regulatory discussion.

e [t enables sensitivity analyses that explore how assurance varies under different
prior scenarios, supporting more informed “go/no-go” decisions.

However, the approach also demands careful attention to transparency and documenta-
tion. Each step, from expert selection to prior fitting, should be recorded and justified,
with clear rationale for the chosen elicitation framework and parameterisation. Elicited
priors should be validated with the contributing experts and sensitivity analyses should
be reported to assess the robustness of the assurance results.

3.8.6 Future Directions

Recent methodological work suggests several promising directions for the integration
of elicitation and assurance. Advances in interactive software and visual tools (such as
the SHELF R package) have simplified the elicitation process.
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Moreover, hybrid approaches combining elicited priors with historical or real-world
evidence are becoming increasingly common, offering a more balanced compromise
between expert judgement and data-driven inference. Continued methodological re-
finement, along with empirical evaluation of how elicited priors perform in practice,
will further enhance the credibility and uptake of assurance-based decision frameworks
in industry.

In summary, elicitation provides a coherent and defensible means of specifying priors
for assurance calculations, particularly when data are limited. When properly imple-
mented, it ensures that Bayesian design evaluations reflect both statistical uncertainty
and expert understanding, strengthening the link between quantitative design and clin-
ical realism.

3.9 Summary

This chapter has focused on expert elicitation as a structured and defensible method for
constructing prior distributions, which form a central component of assurance-based
clinical trial design. We introduced the conceptual foundations of elicitation and its role
in complementing empirical data, particularly in situations where evidence is sparse,
uncertain, or heterogeneous.

Several established frameworks, such as SHELF, IDEA, Cooke’s Classical Method,
and the Delphi technique, were reviewed to illustrate how expert beliefs can be sys-
tematically captured, quantified, and aggregated. Methods for eliciting univariate and
multivariate distributions were discussed, with emphasis on practical elicitation for-
mats (such as quantiles and trial roulette), fitting procedures for translating expert
inputs into formal probability distributions, and strategies for combining multiple ex-
pert judgements through mathematical or behavioural aggregation.

We also examined the cognitive and procedural challenges associated with elicitation,
including biases such as anchoring and overconfidence, and highlighted best practices
for expert training, facilitation, and transparency. The final section explored how elic-
itation methods can be directly integrated with assurance calculations, providing a
coherent framework for quantifying trial success while fully accounting for both statis-
tical and epistemic uncertainty.

By translating expert judgement into quantitative priors, elicitation links clinical in-
sight directly to statistical design. Within Bayesian assurance frameworks, this yields
a more realistic assessment of trial success that reflects both empirical evidence and
domain expertise.
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In the next chapter, we extend these ideas by applying assurance methods to more com-
plex design settings, including trials where delayed treatment effects are anticipated.
This builds on the principles established here, demonstrating how elicited priors can
inform robust, transparent, and decision-relevant trial planning across a range of prac-
tical contexts.
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Assurance for Trials VVith1 a
Delayed Treatment Effect

4.1 Introduction

Immuno-oncology (I0) is a rapidly evolving field in anticancer drug development. In
many IO trials, time-to-event outcomes such as overall survival (OS) and progression-
free survival (PFS) exhibit nonproportional hazards (NPH), meaning that the relative
treatment effect changes over time rather than remaining constant. This pattern vio-
lates the standard proportional hazards (PH) assumption that underpins conventional
survival analyses.

A particularly important and clinically relevant form of NPH is a delayed treatment
effect (DTE), where the survival curves for treatment and control remain similar for
an initial period before separating later in follow-up. Such behaviour has been fre-
quently observed in immunotherapy trials, for example, in CheckMate 017 (Brahmer,
Reckamp, et al., 2015) and in several other anti-PD-1/PD-L1 studies summarised by
Mukhopadhyay et al.,; 2022. In that review of 63 confirmatory randomised controlled
trials, 15 exhibited evidence of nonproportional hazards, either through crossing sur-
vival curves or through an initial delay before separation (Rizvi et al., 2020; Herbst,
Giaccone, et al., 2020; Shitara et al., 2020).

Designing trials that anticipate a DTE poses several challenges. The investigator must
make assumptions about:

1. Whether a delay in treatment effect will occur;

!The research presented in this chapter was published in: Salsbury et al., 2024
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2. The duration of the delay before benefit is observed; and

3. The magnitude of the eventual treatment benefit.

Incorrect assumptions about any of these aspects can substantially reduce statistical
power, leading to underpowered studies that fail to detect meaningful treatment effects
(Fine, 2007; Chen, 2013).

To address these challenges, we propose incorporating expert elicitation within the
assurance framework to account for uncertainty in both the occurrence and duration
of delayed effects. By formally integrating clinical knowledge into the design phase,
this approach supports more realistic and transparent estimates of the probability of
trial success.

4.2 Aims of the Chapter

This chapter develops a methodological and practical framework for calculating assur-
ance in the design of survival trials that may exhibit delayed treatment effects. The
specific aims are to:

1. Introduce the concept of delayed treatment effects and describe their implications
for survival analysis in clinical trials;

2. Present parameterisations that appropriately model such effects within a time-
to-event framework;

3. Identify the key parameters for which expert elicitation is required and describe
how prior distributions can be constructed;

4. Demonstrate how assurance can be calculated under these models, explicitly
accounting for uncertainty in the delay and effect size; and

5. Introduce and illustrate the accompanying open-source R package developed to
perform these calculations.

4.3 Delayed Treatment Effects

In a typical survival trial, patients are randomised to receive either the experimental
treatment or control. Let h.(t) and h.(t) denote the hazard functions for the control
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and experimental treatment groups, respectively. Under the proportional hazards (PH)
assumption, the treatment effect is constant over time such that:

he(t) = khe(t),
where k is a constant hazard ratio.

However, in many IO trials this assumption does not hold. Instead, patients in both
groups may experience similar hazards during an initial period, followed by a reduction
in the treatment arm once the immune response is activated. This pattern defines a
delayed treatment effect (DTE).

We represent this behaviour using a piecewise hazard function:

. hc(t)v t<m,
helt) = {h;(t), t>, (4.1)

where 7 denotes the time of onset of treatment benefit and h}(t) < h.(t) thereafter
(Fine, 2007).

An example is shown in Figure 4.1, which presents a reconstructed Kaplan—Meier curve
from the Phase III CheckMate 141 trial (Yen et al., 2020). The survival curves follow
the same trajectory for approximately three months before separating, indicating the
emergence of a treatment effect.

Median OS [95% CI] HR [95% CI]

Nivolumab (n=240) 7.7[5.7,8.8]

;\? Investigator’s choice 51140, 62] 0.68 [0.54, 0.86]
= (n=121) e
©
2 81
2
=}
» LHH_\
= o | Nivolumab (n=240
T < o, ( )
1] ;ﬁ_‘—\_‘_\ﬁ
>
(o]
Q 4 [Investigator’s choice

(n=121)

T T T T T T 1

T
0 3 6 9 12 15 18 21 24 27 30 33 36
No. at Risk Time (months)

Nivolumab 240 169 132 98 78 57 50 42 37 28 15 10 4

Investigator’s 121 88 51 32 23 14 10 8 7 4 1 1 0
choice

Figure 4.1: Reconstructed Kaplan—Meier plot from the Phase III Check-
Mate 141 trial (Yen et al., 2020), demonstrating a delayed treatment effect
(DTE). The control and treatment arms follow similar trajectories for the
first three months before the curves diverge.
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Trials affected by delayed effects raise several design and analytical issues (Bardo et
al., 2024). The primary estimand must remain clinically interpretable, the choice of
hypothesis test must accommodate potential violations of the PH assumption (Inter-
national Council for Harmonisation of Technical Requirements for Pharmaceuticals for
Human Use (ICH), 2019; Jiménez et al., 2018), and the sample size or target event
count must be robust to uncertainty about whether and when a delay will occur.

Various methods have been proposed to address these issues at the analysis stage.
Weighted log-rank tests, for instance, place greater emphasis on later events when a
treatment delay is expected (Fleming and Harrington, 1981). The restricted mean
survival time (RMST) provides an alternative summary measure of treatment effect
that does not rely on the proportional hazards assumption; it represents the expected
survival time up to a pre-specified truncation time, calculated as the area under the
survival curve (Royston and Parmar, 2013).

Despite these analytical advances, assurance-based methods for trial design under de-
layed treatment effects remain unexplored. Incorporating assurance offers a coherent
way to quantify the overall probability of trial success while explicitly integrating un-
certainty about both the delay and the eventual treatment effect. This chapter develops
and illustrates such an approach.

4.4 Parameterisation for Delayed Treatment Effects

To calculate the assurance for a clinical trial with a delayed treatment effect (DTE), we
must first define an appropriate parameterisation of the survival process. In survival
trials, it is common to model event times in both the control and treatment arms
using parametric distributions such as the exponential or Weibull distributions (Collett,
2015). However, when there is a delay in the onset of treatment effect, a more flexible
model is required to capture the change in the hazard function over time.

We adopt a piecewise model, which allows for different hazard functions in differ-
ent time intervals. For modelling purposes, we consider the exponential and Weibull
distributions. Although more complex models, such as the log-normal, gamma, or
log-logistic, could be used, these often add unnecessary complexity without substan-
tially improving the model’s ability to describe the anticipated behaviour of the trial.
The exponential and Weibull distributions therefore offer an effective balance between
flexibility and interpretability.
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4.4.1 Exponential Model

We assume that event times in the control arm follow an exponential distribution with
constant hazard rate A.. The corresponding survival function is given by:

Su(t) = exp(—Ad). (4.2)

For the treatment arm, we model the delayed onset of the treatment effect using a
piecewise exponential survival function. Prior to a fixed delay time 7, patients in the
treatment group are assumed to experience the same hazard as those in the control
group. After time 7, the treatment effect manifests as a change in the hazard rate from
Ae to Ae. The survival function for the treatment group is thus defined as:

exp(—A.t), t<r,
Se(t) - (43)
exp(—AT — At — 7)), t>T.

Under this parameterisation, the hazard ratio (HR) between the treatment and control
arms is time-dependent and given by:

(4.4)

This simple parameterisation allows the hazard to remain constant before the delay,
and then decrease after 7, reflecting the emergence of the treatment benefit.

4.4.2 Weibull Model

To allow greater flexibility in the shape of the hazard function, we can alternatively
assume that survival times in the control arm follow a Weibull distribution with survival
function:

Se(t) = exp{—(Act)"}, (4.5)

where \. > 0 is a scale parameter and v, > 0 is a shape parameter.

Analogous to the exponential case, we model the delayed onset of treatment effect using
a piecewise Weibull function. Prior to the delay time 7, patients in the treatment group
have the same hazard as those in the control group. The treatment group survival
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function is therefore defined as:

5.6 = exp{—(A:t)7}, t <, (46)
exp{—(Ac7) — NJe(tVe —17)}, t> T

Under this parameterisation, the hazard ratio (HR) between the treatment and control
arms is also time-dependent and given by:

L, <,

HR(t) = fye)\'Yet’Ye_l (47)
lefe " 4> g
’Yc)\,cyct’yci1

This piecewise specification provides a flexible and interpretable way to model delayed
treatment effects, forming the basis for constructing priors and calculating assurance
in subsequent sections.

4.5 Constructing the Prior Distributions

From Sections 4.4.1 and 4.4.2, we see that there are three and five unknown parameters,
respectively. In the exponential case, we have A., A., and 7. In the Weibull case, we
have these three parameters, plus 7. and v.. To calculate assurance, prior distributions
are required for each of these parameters. In this section, we propose a practical method
for constructing these priors.

It is important to note that although the questions below define the specific judgements
required for the prior distributions, we would assume that the experts have already
received some preparatory training, as described in Section 3.7.3, and have access to
facilitator support. In addition, they are able to obtain clarification on modelling
assumptions and receive structured feedback during the elicitation process.

4.5.1 Priors for the Control Group

In the exponential model, a single parameter \. governs survival in the control arm.
In the Weibull model, two parameters are required: A, and .. There are two main
ways to obtain prior distributions for these control parameters.
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4.5.1.1 Using historical information

If relevant historical data are available for the control intervention, these data can be
used to inform a prior of the form

7T<0c | whist)7

where 6. represents the control parameters and xy;; denotes the historical evidence.
Section 2.7.1 describes general approaches for constructing such priors. Specifically
for time-to-event data, Bertsche et al., 2019 and Roychoudhury and Neuenschwander,
2020 extend the method of Schmidli et al., 2014 to derive priors for control-arm survival
functions.

One widely used approach is the Meta-Analytic-Predictive (MAP) prior (Neuenschwan-
der et al., 2010; Schmidli et al., 2014). Given H historical studies, the MAP prior
is constructed by modelling study-specific control parameters as exchangeable across
studies and the future trial. In both cases, the MAP prior for the future control pa-
rameters is the posterior predictive distribution obtained by marginalising over the
historical data and hyperparameters. Weakly informative priors are assigned to p and
the variance components, with sensitivity analyses recommended when the number of
historical studies is small.

4.5.1.1.1 Exponential Model
For the exponential model, the log hazard rates are modelled as exchangeable:

log(A1), .. ., log(Am), log(Ac) ~ N (p,w?),

where u represents the overall mean log hazard rate and w captures between-study
variability.

4.5.1.1.2 Weibull Model
For the Weibull model, the log-transformed parameter vectors ¢, = (log(\,),log(v)) "
are modelled jointly as exchangeable:

D1, O, P ~ N(p,X),

where p represents the overall mean vector and ¥ captures between-study variability
in both parameters and their correlation.

4.5.1.2 Using expert elicitation

When historical data are sparse, heterogeneous, or of limited relevance, prior distri-
butions may instead be constructed from elicited expert beliefs. Methods for eliciting
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priors for common survival models have been proposed in the literature; for example,
Ren and Oakley, 2014 provide structured approaches for obtaining expert judgements
for both exponential and Weibull models.

Building on this work, we outline below a specific set of elicitation questions required to
construct priors for the exponential and Weibull survival models used in this thesis. In
the elicitation questions below, the quantile levels are fixed in advance by the facilitator.
Here, we choose to elicit the 25th percentile, median, and 75th percentile, though in
practice the choice of quantiles is at the discretion of the facilitator and should reflect
the needs of the elicitation and the expertise of the participants.

4.5.1.2.1 Model Choice
Before proceeding with model-specific elicitation, it is useful to establish which survival
model is most appropriate for the control arm. To this end, we first ask:

M1. “Do you expect the hazard of the event in the control group to re-
main approximately constant over time, or do you expect it to increase or
decrease?”

If the expert believes the hazard is approximately constant, an exponential model
is appropriate and the elicitation proceeds as described in Section 4.5.1.2.2. If the
expert believes the hazard changes over time — for example, increasing as the disease
progresses or decreasing as early non-responders are removed from the risk set —
a Weibull model is more appropriate, and the elicitation proceeds as described in
Section 4.5.1.2.3. In cases where the expert is uncertain, both models can be considered
and the sensitivity of the assurance to the choice of model explored.

4.5.1.2.2 Exponential Model

For the exponential case, we need to elicit beliefs about A.. We do so by considering
a clinically relevant landmark time ¢; and the corresponding survival probability s; =
S(t1). The quantity s; is modelled using a Beta(a, b) prior distribution. To elicit the
values for the hyperparameters a and b, we ask:

E1. “Consider a clinically relevant landmark time t,. Please provide the
survival probability at time t, corresponding to your 25th percentile, median,
and 75th percentile of uncertainty.”

Let the elicited quantile pairs be denoted by {(p;, ¢:)}3_,, where p; € {0.25,0.50,0.75}
represents the fixed quantile level and ¢; € (0, 1) the corresponding survival probability
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provided in response to E1. The hyperparameters (a,b) of the Beta distribution for
s1 are then obtained by minimising the squared differences between the elicited and
model-implied quantiles:

3

. 2
((l, b) = arg 0%130 - [FBeta(aﬂ) <QZ> - pl} )
1=
where Fpeta(a,5) denotes the cumulative distribution function of a Beta(a, ) distri-
bution. Once a value of s; is sampled from the fitted Beta(a,b) distribution, the

exponential rate parameter for the control group is calculated as

B log(s1) .

Ae =
151

4.5.1.2.3 Weibull Model

For the Weibull case, we need to elicit beliefs about A\, and 7.. We do so by considering
two clinically relevant landmark times, ¢1,%s (with ¢; < ¢2) and the corresponding
survival probabilities s; = S(t1) and se = S(t2).

To identify both parameters, we elicit uncertainty about s; and the decrease in survival
between t; and t5, defined as 6 = s; — so. The quantities s; and d are modelled using
independent Beta priors:

sy ~ Beta(a,b), & ~ Beta(c,d).
To elicit the corresponding hyperparameters, we ask:

W1. “Consider a clinically relevant time point t,. Please provide the
survival probability at time t, corresponding to your 25th percentile, median,
and 75th percentile of uncertainty.”

W2. “Consider a second clinically relevant time point to > t;. Please
provide the decrease in survival between ty and t, corresponding to your
25th percentile, median, and 75th percentile of uncertainty.”

Let the elicited quantile pairs in response to W1 be denoted by {(p;, ¢;) }5_,, where p; €
{0.25,0.50,0.75} represents the fixed quantile level and ¢; € (0,1) the corresponding
survival probability at t;. Let the elicited quantile pairs in response to W2 be denoted
by {(pj,;)}3_,, where p; € {0.25,0.50,0.75} and r; € (0, 1) the corresponding elicited
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decrease in survival between t; and t,. The Beta hyperparameters are obtained by
minimising the squared differences between the elicited and model-implied quantiles:

3 3

. 2 . 2
(a7 b) = arg 0%130 [FBeta(a,,B)(Qi) - pz} ) (Cv d) = arg min [FBeta(a,/a)(T’j) - pj] .
’ i=1 j=1

Once s; and ¢ are sampled from their respective fitted Beta distributions, the Weibull
parameters for the control group are then computed as

log(s1)
[~ log(s1)]" g gt
)\c = ) Ve =

ty log(t1/t2)

4.5.2 Priors for the Treatment Group

We assume that expert beliefs have already been elicited for the parameters governing
the control group, 8. We now turn to beliefs about the treatment-group parameters,
0.

4.5.2.1 Prior for the Length of Delay

We begin by eliciting the delay time, 7. The presence of a delayed treatment effect
(DTE) presupposes that the treatment has some beneficial impact, although experts
may be uncertain about whether such an effect exists. Accordingly, we elicit both (i)
the probability that any treatment effect occurs, and (ii) the distribution of the delay
time 7 conditional on such an effect.

To ensure clarity, we define a treatment effect as any separation between the population-
level survival curves for the treatment and control groups. Let § denote the proposition
that such a separation exists, referring specifically to the underlying survival functions
rather than sample-based Kaplan—Meier estimates. The expert is asked to provide
their probability that S is true, denoted

Ps € [0, 1].
The first elicitation question is therefore:

Q1: “What is your probability that the treatment has any impact on sur-
vival, that is, that the population survival curves for the treatment and
control groups separate at some point in time?”
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Given S, we allow for the possibility that no delay is present. We specify the prior for
T as

0, with probability 1 — Pprg,
Dagelay, with probability Pprg,

where Dgelay ~ Gamma(a,b). Although any non-negative distribution could be used
for Dygelay, the Gamma distribution is assumed to offer sufficient flexibility for plausible
delay times.

To elicit the parameters of this prior, we ask:

Q2: “Suppose that the population survival curves do separate, what is your
probability that there is a delay before they separate?”

Let Pprg € [0, 1] denote the expert’s answer to Q2.

Conditional on a delay being present, we next ask:

Q3: “Suppose the population survival curves separate with a delay. Please
provide the delay time corresponding to your 25th percentile, median, and
75th percentile of uncertainty about the duration of this delay.”

Let the elicited quantile-value pairs be {(p;, ¢;) }2_,, where p; € {0.25,0.50,0.75} is the
fixed quantile level and ¢; > 0 the corresponding delay time.

The hyperparameters (a,b) of the Gamma distribution for Dgesy are obtained by min-
imising the squared deviation between the elicited and model-implied quantiles:

n

2
(a,b) argc%glo 2 [ T(a,3) () Pz} )

where Fr(q,5) denotes the CDF of a Gamma(a, 3) distribution.

4.5.2.2 Priors for the Treatment Effect

Having elicited beliefs about the length of delay, 7, we now turn to eliciting beliefs
about the treatment effect. In the exponential case, the treatment group requires a
prior for A.; in the Weibull case, for A, and .. Rather than eliciting beliefs directly
about these parameters, which are often unintuitive, we elicit beliefs about observable
quantities (Kadane and Wolfson, 1998), such as:
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e Median survival time on the experimental treatment;
e Survival probability at a clinically relevant time ¢;
e The magnitude and timing of the maximum separation between survival curves.

If experts are more comfortable reasoning in terms of hazard ratios, questions may
instead be framed as:

e “What is your best estimate of the hazard ratio at time 77”

e “What is the lowest hazard ratio you would expect, and when might it occur?”

In practice, we focus on eliciting beliefs about the hazard ratio once the treatment
effect begins to act. We term this quantity the post-delay hazard ratio, denoted HR™.

For the Weibull model, two parameters (A, 7.) must be elicited, which can be bur-
densome for experts. To simplify, we assume 7. = 7., a simplification explored in
Section 4.8. Under this assumption, the hazard ratio simplifies to a piecewise-constant
form:

L, t<r,
HR(t) = L\ e (4.9)
- , t>T,
()
and rearranging for A\, gives:
Ae = A\ HRY e, (4.10)

Conditional on \. and 7., we elicit a distribution for the post-delay hazard ratio HR™,
from which a prior for A, can be derived. We assume that the treatment effect, rep-
resented by HR", is conditionally independent of the control group parameters \. and

Ye-
We propose the following prior for the post-delay hazard ratio:
HR* ~ Gamma(c, d), (4.11)

although other non-negative distributions could also be considered.

To elicit the parameters ¢ and d, we ask:

Q4: “Suppose that the population survival curves separate. Please pro-
vide the hazard ratio, once the experimental treatment begins to take effect,
corresponding to your 25th percentile, median, and 75th percentile of un-
certainty.”
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Let the elicited quantile pairs be denoted by {(p;, ¢:)}3_,, where p; € {0.25,0.50,0.75}
represents the fixed quantile level and ¢; > 0 the corresponding value of HR* provided
in response to Q4. The hyperparameters (¢, d) are then estimated by minimising the
squared difference between elicited and model-implied quantiles:

3
. 2
(Cv d) = arg min [FGamma(a,,B) (Qz) - pz} s

a,3>0
B =1

where Famma(a,s) denotes the cumulative distribution function of a Gamma(c, 3) dis-
tribution.

4.5.3 Full Parameterisation

Conditional on the existence of a treatment effect (S) and on any historical information
about the control arm (@), the joint prior distribution for all model parameters can
be written as

(7, HR", 0. | S, @pist) = (Oc | Tnise) 7(7 | S) 7(HR* | S), (4.12)

where 6. = (\.) under the exponential model and 8. = (\.,7.) under the Weibull
model. This factorisation assumes that, given S, the delay time 7 and the post-delay
hazard ratio HR* are conditionally independent of the control-arm parameters.

If no treatment effect exists (i.e. S is false), the treatment and control survival curves
coincide. For computational convenience, we enforce this by fixing

T =0, HR* = 1.

In this setting, the prior for the control-group parameters is unaffected by the assump-
tion about &, and therefore

71-(06 ’ Sawhist) - 7T(ec ‘ whist)-

Throughout, we assume conditional independence between HR* and 7 | §. This sim-
plifying assumption eases elicitation and computation, although dependence could be
introduced if experts believe, for instance, that larger treatment effects tend to oc-
cur after longer delays. Section 3.4 describes how such dependence structures may be
incorporated if required.

The complete elicitation procedure is summarised in Figure 4.2.
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Figure 4.2: The proposed elicitation scheme, as described in Sections 4.5.1
and 4.5.2.

4.6 Calculating Assurance

The elicited prior distributions described in the previous sections are now used to cal-
culate the assurance for a range of possible trial designs. The computational framework
for this calculation is outlined in Algorithm 5.
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Algorithm 5 Assurance calculation under a delayed treatment effect (DTE)

1: Inputs: Per-arm sample sizes n., n.; priors 7(0.), 7(7), 7(HR"); separation prob-
ability Ps; delayed-effect probability Pprg; recruitment model R; censoring model
C; primary analysis A; number of replicates N

2: fori=1,...,N do

3: Sample 0. ; ~ 7(0.)

4: if u ~ Uniform(0,1) > Ps then

5: Set 7, =0 and HR; =1 > No treatment effect
6 else if u ~ Uniform(0,1) < Pprg then

7 Sample 7; ~ 7(7) and HR} ~ m(HR") > Delayed treatment effect
8 else

9: Set 7, = 0 and sample HR} ~ 7(HR") > Immediate treatment effect
10: end if

11: Generate control event times using 0. ;

12: Generate treatment event times using 6., 7;, HR;

13: Apply recruitment model R and censoring model C

14: Perform primary analysis A and set U; = 1 (if analysis successful)

15: end for

16: Estimate assurance, where S denotes the event of a successful analysis:

Several design parameters influence the calculated assurance, including the sample
sizes in the control (n.) and treatment (n.) arms, and the total number of events
E. These can be varied to reflect the operational and logistical constraints associated
with running a clinical trial. Each parameter impacts the assurance differently. For
example, for fixed n. and ne, increasing the target number of events E will almost
always increase assurance, but at the cost of a longer trial duration. It is therefore
important to explore alternative design configurations to identify an optimal balance
between statistical robustness and feasibility.

Censoring arises naturally in survival trials and must be accounted for in the simu-
lation. Administrative censoring occurs when the trial ends before all patients have
experienced the event, and is determined by the recruitment model and the planned
analysis time. Loss to follow-up, whereby patients withdraw or become unreachable
before the trial concludes, can also be incorporated by specifying a dropout model
within the censoring component (C') of the algorithm. The impact of censoring on
assurance is captured implicitly through its effect on the observed number of events,
which in turn determines the power of the log-rank test.
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The general algorithmic framework is flexible and can be adapted to the specific needs
of a proposed clinical trial. Although a log-rank test is the default method of analy-
sis, other options such as a weighted log-rank test or a comparison based on restricted
mean survival time (RMST) can be substituted. This flexibility ensures that the assur-
ance calculation accurately reflects the planned analysis method in the trial protocol.
Similarly, more complex design elements can be incorporated, such as non-uniform
recruitment schedules (e.g., ramp-up or staggered enrolment) and interim analyses
(discussed in detail in Chapter 6). The simulation-based structure of the algorithm
means that such extensions require minimal modification to the core procedure.

Finally, increasing the number of replicates N reduces Monte Carlo variability in the
assurance estimate, producing a more stable result. The Monte Carlo uncertainty in
the estimate can be quantified using the 95% Monte Carlo interval reported alongside
the assurance value.

4.6.1 Calculating Assurance using the DTEAssurance package

Algorithm 5 is implemented to calculate assurance using the DTEAssurance R pack-
age, with the function DTEAssurance: :calc_dte_assurance(). The function requires
several user-specified inputs:

e n_c: Vector of control group sample sizes;

e n_e: Vector of treatment group sample sizes;

e control model: List specifying information about the control arm survival dis-
tribution;

e effect model: List defining beliefs about the treatment effect;

e censoring model: List describing the censoring mechanism;

e recruitment model: List specifying the recruitment process;

e analysis model: List describing the planned statistical test and decision rule;

e n sims: Number of simulation iterations to perform.

The output is a list (of length n_c) containing:

e assurance: Estimated assurance (probability of success under prior uncertainty);
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e CI: 95% Monte Carlo interval for the assurance estimate, reflecting simulation
uncertainty;

e duration: Mean trial duration across simulations;

e sample size: Mean sample size across simulations.

4.7 Illustrative Examples and R Implementation

This section illustrates the proposed methodology through two case studies. The first
example employs an exponential survival model, while the second uses a Weibull model.
Both examples demonstrate how elicited priors can be incorporated into assurance
calculations and how the DTEAssurance R package supports this process.

4.7.1 Exponential Example

We first consider the design of a two-arm Phase III superiority trial evaluating the
efficacy of a novel immuno-oncology (I10) drug compared with the standard of care,
docetaxel, in patients with advanced non-small-cell lung cancer (NSCLC). Given the
mechanism of 10 treatments, a delayed treatment effect (DTE) is anticipated. The
primary efficacy endpoint is overall survival (OS).

We assume uniform patient recruitment over 12 months, with 1:1 randomisation be-
tween arms. The data will be analysed using a one-sided log-rank test of size 2.5%. The
final analysis will be conducted once 80% of the planned sample size has experienced
the event, after which any remaining patients will be censored.

4.7.1.1 Prior for the Control Group

Historical data are available for docetaxel, the control-arm treatment. We use this prior
information to construct a prior distribution for control-group survival (as introduced in
Section 4.5.1.1.1). Following Bertsche et al., 2019, three clinical trials were identified
where docetaxel served as the control arm: INTEREST (Kim, Hirsh, et al., 2008),
ZODIAC (Herbst, Sun, et al., 2010), and REVEL (Garon et al., 2014). Individual
patient data were reconstructed from the published Kaplan—Meier curves of these trials
using the method proposed by Liu et al., 2021.

Figure 4.3 presents the reconstructed survival curves for each trial. We apply the Meta-
Analytic Predictive (MAP) prior framework of Schmidli et al., 2014, as in Bertsche et
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al., 2019, though in our case for OS rather than progression-free survival (see Appendix
A.2 for further details).
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Figure 4.3: Reconstructed Kaplan—Meier curves for the docetazel arm in
three trials: ZODIAC (Herbst, Sun, et al., 2010), REVEL (Garon et al.,
2014), and INTEREST (Kim, Hirsh, et al., 2008). The similarity among
the curves supports the assumption of exchangeability.

Table 4.1 summarises the estimated exponential rates (\j) for each trial, derived from
the reconstructed data. Using these, we generate MCMC samples for the MAP prior
for A\., shown in Figure 4.4a. Figure 4.4b overlays the three historical Kaplan—Meier
curves with the median survival curve (solid black) and 90% credible interval (dashed
black) corresponding to the MAP prior.

Study Number of events (d;) Median OS (months) A,

INTEREST 074 7.81 0.089
ZODIAC 399 10.4 0.067
REVEL 451 9.12 0.076

Table 4.1: Summary statistics for overall survival in the docetaxel arms
of three published trials.

4.7.1.2 Prior for the Treatment Group

We now illustrate the elicitation of prior distributions for the treatment-group param-
eters, following the hierarchical structure shown in Figure 4.2.

For Q1, suppose the expert provides Ps = 0.9, indicating a high degree of belief that
the population survival curves will eventually separate.
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Figure 4.4: MAP prior distribution for A. (left) and corresponding sur-

vival curve implications (right).

For Q2, suppose the expert specifies Pprg = 0.8, reflecting confidence that, if a treat-
ment effect exists, it will manifest only after a delay.

For Q3, suppose the expert provides the quantiles {0.25,0.5,0.75} with corresponding
delay times {3,4, 5} months. Fitting a Gamma distribution to these judgements yields

s 0, with probability 0.2,
T ~
Gamma(7.29, 1.76), with probability 0.8,

with model-implied quartiles 3.03, 3.95, and 5.05 months. These fitted values would
typically be shown to the expert for validation and potential revision.

Figure 4.5 illustrates this fitting procedure as displayed in the Shiny application launched
by DTEAssurance: :assurance_shiny_app().

Finally, for Q4, suppose the expert provides quantiles {0.25,0.5,0.75} with corre-
sponding values for the post-delay hazard ratio {0.55,0.60,0.70}. Fitting a Gamma
distribution to these values gives

HR* ~ Gamma(29.6, 47.8),

with fitted quartiles 0.54, 0.61, and 0.69.

4.7.1.3 Calculating Assurance

The elicited priors are used to calculate assurance via Algorithm 5. Figure 4.6 presents
the resulting assurance curve together with two power curves. Both power curves use
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Assurance: Delayed Treatment Effects
Control Conditional probabilities Eliciting the length of delay Eliciting the post-delay hazard ratio Feedback Recruitment Calculating assurance Help
Length of delay limits Length of delay values Cumulative probabilities

0,12 34,5 0.25,0.5,0.75

Distribution
Gamma A

Gamma(7.29, 1.76)

(.

Figure 4.5: Screenshot from the Shiny application launched by
DTEAssurance: :assurance_shiny_app (), illustrating the quantile-based
elicitation and Gamma fitting of the delay time T.

point estimates for parameters (A. = 0.077, 7 = 4, HR* = 0.6); one assumes no delay
(1 = 0). The corresponding parameter specifications are summarised in Table 4.2.
Recruitment, analysis, and censoring models are held constant across all scenarios.

Method Ac T HR” Ps  Ppre
Assurance MCMC sample Ga(7.29, 1.76) Ga(29.6,47.8) 0.9 0.8
Power 0.077 4 0.6 1 1
Power (no delay) 0.077 0 0.6 1 0

Table 4.2: Parameter specifications for the three scenarios presented in
Figure 4.6.

Both power calculations are notably more optimistic than the assurance estimate,
demonstrating the importance of incorporating uncertainty into trial design. Assur-
ance should not be used solely to set sample size, but as part of a broader decision
framework that considers trial feasibility, expected duration, number of events, and op-
erating characteristics. Exploring alternative designs through assurance curves enables
evidence-based decision-making in the planning phase.

4.7.2 Weibull Example

The second case study concerns a two-arm Phase III superiority trial comparing a
novel 10 therapy with the current standard of care, dacarbazine, in patients with
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Figure 4.6: Power and assurance curves for the exponential example (Sec-
tion 4.7.1). The differences highlight the impact of parameter uncertainty
on trial planning.

advanced melanoma. As before, a DTE is anticipated and the primary endpoint is OS.
Uniform recruitment is assumed over six months, with 2:1 randomisation in favour of
the experimental arm. The primary analysis will be conducted using a log-rank test,
once 70% of participants have experienced the event.

4.7.2.1 Prior for the Control Group

We assume the expert has prior experience with dacarbazine and is familiar with the
relevant literature (Robert, Thomas, et al., 2011; Robert, Long, Brady, Dutriaux,
Maio, et al., 2015; Ribas et al., 2013). The elicitation focuses on two quantities: the
six-month survival probability S;(6) and the survival drop between six and twelve
months,

As introduced in Section 4.5.1.2.3, we assume S;(6) ~ Beta(a,b) and 6 ~ Beta(c, d).

Using W1 and W2, we determine the hyperparameters a, b, ¢ and d. Suppose
the expert initially provides the quantiles {0.25,0.5,0.75} with corresponding values
{0.6,0.7,0.8} for S;(6), and quantiles {0.25,0.5,0.75} with values {0.2,0.3,0.4} for .

Fitting Beta distributions to these judgements yields:

S1(6) ~ Beta(6.64, 2.98), ) ~ Beta(2.98, 6.64).
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The implied prior is visualised in Figure 4.7, which shows the output produced by
the Shiny application launched via DTEAssurance: :assurance shiny app(). A large
number of Weibull survival curves are sampled from the prior and the pointwise me-
dian, 2.5th, and 97.5th percentiles are displayed, providing a visual summary of the
uncertainty in the control arm survival function.

Assurance: Delayed Treatment Effects

nnnnnnnnnnn

hhhhh

Figure 4.7: Implied prior for the control-group survival pa-
rameters, as displayed in the Shiny application launched by
DTEAssurance: :assurance_shiny_app (). The plot shows the me-

dian survival curve (solid blue) with pointwise 2.5th and 97.5th percentiles

(dashed blue).

Suppose the expert considers the resulting pointwise intervals too wide. After reviewing
the feedback provided by the application, they revise their judgements to reflect greater
certainty. They retain the same quantiles but update the corresponding values: for
S1(6), the values remain {0.6, 0.7, 0.8}, while for § they are narrowed to {0.25,0.3,0.35}.

Fitting updated Beta distributions gives:
S1(6) ~ Beta(26.7, 11.6), d ~ Beta(11.6, 26.7),

as shown in Figure 4.8.

4.7.2.2 Prior for the Treatment Group

Following the hierarchical elicitation framework in Figure 4.2, we now elicit the treatment-
effect parameters using the same sequence of questions Q1-Q4 introduced earlier.

Q1: The expert is first asked for their probability that the population survival curves
for the treatment and control groups separate. They respond with Ps = 1, indicating
certainty that a treatment effect exists.
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Assurance: Delayed Treatment Effects
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Figure 4.8: Updated elicited prior for the control-group survival distribu-
tion, obtained after the expert revised their judgements to express reduced
uncertainty. The resulting median survival curve (solid blue) displays cor-
respondingly tighter pointwise 2.5th and 97.5th percentiles

(dashed blue).

Q2: Conditional on S, the expert is asked for their probability that the effect exhibits
a delay before separation occurs. They specify Pprg = 0.5.

Q3: Conditional on a delay being present, the expert provides beliefs about the delay
length. They specify a median of 3 months, with lower and upper quartiles of 1 and 4
months, respectively. Fitting a Gamma distribution to these elicited quantiles gives

Dgelay ~ Gamma(1.14, 0.336),

so that the prior for the delay time is

0, with probability 0.5,
T|S=
Gamma(1.14, 0.336), with probability 0.5.

The model-implied quartiles (1.11, 2.47, 4.70) are then returned to the expert for
confirmation.

Q4: Finally, the expert is asked for their beliefs about the post-delay hazard ratio HR*.
They provide a median of 0.5 and quartiles 0.4 and 0.6. Fitting a Gamma distribution
to these judgements yields

HR" ~ Gamma(11.4, 22.3),

which closely reproduces the elicited quantiles.
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4.7.2.3 Calculating Assurance

Finally, Algorithm 5 is used to compute assurance across a range of sample sizes. The
resulting assurance curve is shown in Figure 4.9.
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Figure 4.9: Assurance curve for the Weibull example (Section 4.7.2).

4.8 Simplified prior distribution: discussion

In this section, we assess the simplification made to the Weibull parameterisation by ex-
amining its impact on fitted survival curves and on design characteristics such as power
and assurance. We also present an alternative, more flexible approach to calculating
assurance, suitable for situations where the simplification may not be appropriate.
During the elicitation, it is worth asking experts whether they believe the hazard ratio
between the treatment and control groups will remain approximately constant after
the treatment begins to take effect. If the expert has concerns, the flexible approach
described in this section may be more suitable.

4.8.1 Robustness of the parameterisation

To make the elicitation process manageable for experts, we simplified the Weibull model
by assuming v, = 7.. This allowed us to focus on eliciting beliefs about the post-delay
hazard ratio rather than requiring direct judgements about both the treatment and
control shape parameters, a task that would have been more difficult and less intuitive.
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To assess the implications of this simplification, we compared two parameterisations,
denoted Method A and Method B. Both share the same control-arm Weibull model
but differ in the treatment-arm formulation.

For the control group,
Se(t) = exp{—(Act)"}.
For the treatment group, Method A (the simplified form) is:

exp{—(At)7}, t <,
N CE e
exp{—(A.7)’ — AJe(te — 77)}, ¢t > T,

and Method B (the full Weibull parameterisation) is:

{exp{—(kct)%}, t=m,

Se(t) =
exp{—(Ac7) = NJe(tVe —77)}, t> T

Hence, Method A includes four parameters (., Ae,7e, 7), while Method B has five
(Acs Aes Yes Ve, T)-

To evaluate robustness, we analysed three trials in which delayed treatment effects were
observed: CheckMate 017 (Brahmer, Reckamp, et al., 2015), CheckMate 141 (Yen et
al., 2020), and the pooled analysis of CheckMate 017 and 057 (Borghaei, Gettinger,
et al., 2021). Figure 4.10 displays the reconstructed Kaplan—Meier curves for these
datasets.
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Figure 4.10: Reconstructed Kaplan—Meier curves for three immuno-
oncology trials exhibiting delayed treatment effects: (a) CheckMate 017
(Brahmer, Reckamp, et al., 2015), (b) CheckMate 141 (Yen et al., 2020),
and (c¢) CheckMate 017 + 057 combined (Borghaei, Gettinger, et al., 2021).

Parameter estimation for each method is summarised in Table 4.3. For both methods,
control-arm parameters (., 7.) were obtained using survreg(dist="weibull"), and
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Method A, Ye T Yoo Ae
A o ] ‘ v.  MLE
B survreg(dist="weibull") Visually MLE MLE

Table 4.3: Parameter estimation under Methods A and B. Method A
fixes ve = ve; Method B estimates ~y. freely. MLE = Mazimum Likelihood
FEstimation.

7 was estimated visually from the Kaplan—-Meier plots. Remaining treatment-arm
parameters were then fitted by maximum likelihood estimation (MLE).

Table 4.4 shows the fitted parameters for the CheckMate 017 trial. The corresponding
parametric survival curves for both methods are plotted in Figure 4.11.

Method A, Ye T Ye Ae

A 1.29  0.097
B 022 129 3 0.678 0.161

Table 4.4: Estimated parameters for CheckMate 017 (Brahmer, Reckamp,
et al., 2015) under both parameterisations.
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Figure 4.11: Reconstructed Kaplan—Meier curves with fitted parametric
survival curves for both methods. Blue lines show the control fits; red lines
show treatment fits from Method A (simplified, solid) and Method B (full,
dashed). Despite Method B’s extra flexibility, both methods approzimate the
data closely.

Although Method B offers a slightly improved fit, unsurprising given its additional
free parameter, the difference is minimal. To quantify this, we calculated the power
for a range of given sample sizes, assuming the data come from the fitted parameters
for each dataset. The resulting power curves are shown in Figure 4.12. We see that
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the two curves (one for each method) are nearly indistinguishable, indicating that, for
these examples, the simplification v, = 7. has negligible influence on trial operating
characteristics.
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Figure 4.12: Power curves for both parameterisations (Method A and
Method B) across the three datasets. The curves are almost identical, sug-
gesting that the simplification v, = 7. has no meaningful impact on design
conclusions in these examples.

4.8.2 A more flexible approach to evaluating assurance

While the simplification appears reasonable for the examples above, it constrains the
shape of the experimental arm survival curve to be parallel to that of the control arm.
Figures 4.13 compares ten individual sampled treatment-arm survival curves and the
corresponding pointwise intervals under the simplified (Algorithm 5) and flexible (Al-
gorithm 6) approaches.To address this limitation, we propose an alternative approach,
Algorithm 6, which allows independent sampling of the treatment arm shape and scale
parameters and thereby enables a wider range of survival curve shapes.
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Figure 4.13: Comparison of sampled treatment-arm survival curves under
the simplified (top) and flexible (bottom) approaches. The left panels show
ten individual sampled curves, illustrating the range of shapes produced by
each method. The right panels show the pointwise 10th and 90th percentiles
from 500 sampled curves. While the flexible approach produces more varied
individual curve shapes, the resulting pointwise intervals are nearly identi-
cal, suggesting that the simplification does not materially affect the overall

uncertainty.
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Algorithm 6 Flexible assurance using prior-predictive survival curves

1: Inputs: Per-arm sample sizes n., n.; priors 7(60.), 7(7), 7(HR"); time grid time =
{0,0.01, ..., tmax}; recruitment model R; censoring model C; primary analysis A;
number of prior predictive samples M; number of simulation replicates N

2: Initialise matrix P € RMx[tine|

Step 1: Prior predictive sampling

3: for j=1,...,M do
4: Sample 6. ; ~ w(0.), 7; ~ m(7), and HR} ~ 7(HR")
5: Compute treatment survival probabilities on time and store in row j of P
6: end for

Step 2: Assurance simulation
7. fort=1,...,N do
8 Sample 6.; ~ 7(6.)

Compute tyax; as the time at which control survival first falls below 0.01

10: Sample s;; from column of P corresponding to time 0.25 ¢ax
11: Sample s5; from column of P corresponding to time 0.6 ¢ax i, ensuring sg; < s1;
12: Sample 7; ~ 7(7)
13: Obtain (.4, Ves) via least squares, fitting to (sq,, S2,)
14: Generate control and treatment event times using 6.,, 7, Aci, Ve,
15: Apply recruitment model R and censoring model C
16: Perform primary analysis A and set U; = 1(analysis successful)
17: end for

18: Estimate assurance, where R denotes the event of a successful analysis:

Since the Weibull survival function is nonlinear in its parameters, the least squares cri-
terion is not guaranteed to be convex, and multiple local minima may exist. Uniqueness
of the solution therefore cannot be guaranteed in general; in practice, sensible starting
values are used to ensure the solution found is reasonable.

Algorithm 6 proceeds in two steps. In Step 1, a prior predictive sample of M treatment
arm survival curves is generated. For each sample j, control parameters 6. ;, a delay
time 7;, and a post-delay hazard ratio HR} are drawn from their respective priors, and
the corresponding treatment survival probabilities are computed on a fine time grid
and stored in a matrix P. This matrix captures the full range of plausible treatment
arm survival trajectories implied by the prior.

In Step 2, the assurance is estimated via simulation. For each replicate i, control
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parameters 6. ; are sampled and used to determine the effective follow-up time ¢ ax i
defined as the time at which the control survival probability first falls below 0.01. Two
survival probabilities, s; ; and sg;, are then sampled from the columns of P correspond-
ing to times 0.25 ¢y and 0.6 tax; respectively, with the constraint that sq; < s1,. A
delay time 7; is drawn from its prior, and Weibull parameters (\.;,7.;) are obtained
by solving for the values that match the sampled survival probabilities at the two land-
mark times. The resulting treatment arm survival curve is then used to simulate event
times, and the primary analysis is performed as in Algorithm 5.

The procedure for generating a single treatment survival curve under this flexible frame-
work is depicted in Figure 4.14. A delay time 7 is drawn from its prior (panel a). Two
survival probabilities, s; and s,, are then sampled at fractions 0.25 ., and 0.6 ., Of
the follow-up time (panels b—). A Weibull distribution is fitted through these points
using least squares (panel d). Adjusting these time fractions would allow more or less
restrictive flexibility, depending on the desired range of plausible shapes.

4 20 40 60 80 100 0 20 40 60 80 100
Time (months) Time (months)

Figure 4.14: Illustration of the flexible assurance process. (a) A delay
time T is drawn from its prior; (b—c) two survival probabilities s1 and so
are sampled at times 0.25tmax and 0.6 tyax respectively; (d) a piecewise
Weibull model is fitted through these points via least squares

to define the treatment-arm survival curve.

The resulting sampled treatment curves can then be used within the same assurance-
calculation framework as before. In practice, the two approaches produce comparable
overall uncertainty ranges, but the flexible version relaxes the constraint that treatment
curves must mirror the shape of the control curve.

Several alternative approaches to fitting the treatment arm parameters are possible.
If survival probabilities were sampled at more than two anchor times, the system
would become overdetermined, and one could instead minimise the integrated squared
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difference between the fitted and target survival curves over [0,¢m.x], or maximise a
likelihood based on simulated event times. These approaches would offer greater global
accuracy at the cost of additional complexity and computational burden. The choice
of two anchor points is deliberate: it matches the number of free parameters (A, Ve.i),
is computationally efficient within the simulation loop, and avoids the need for a more
complex optimisation procedure.

4.9 Summary

This chapter has presented a methodological framework for calculating assurance in
clinical trials where delayed treatment effects (DTEs) are anticipated. Such effects,
increasingly common in immuno-oncology and other therapeutic areas involving time-
varying mechanisms of action, challenge the traditional assumption of proportional
hazards that underpins most survival trial designs. By explicitly modelling the delay
between treatment initiation and onset of therapeutic benefit, the framework devel-
oped here allows for a more realistic and transparent quantification of trial success
probabilities.

We began by describing how survival models can be parameterised to capture DTEs
through a piecewise specification of the hazard function. Both exponential and Weibull
models were considered, balancing flexibility with interpretability. The exponential
model provided a straightforward starting point, while the Weibull model enabled
greater adaptability through its shape parameter. Recognising the practical challenges
involved in eliciting beliefs about multiple shape and scale parameters, we introduced
a simplification that assumed equal shape parameters between arms (v, = 7.). This
allowed experts to express beliefs about observable quantities such as the post-delay
hazard ratio, rather than abstract distributional parameters, thereby facilitating the
elicitation process without introducing undue cognitive burden.

A key contribution of this chapter is demonstrating how expert elicitation can be
integrated directly into assurance-based trial design. By eliciting expert beliefs about
the likelihood of curve separation, the probability and duration of a delay, and the
magnitude of the post-delay hazard ratio, we construct prior distributions that formally
encode uncertainty in each component of the delayed treatment effect. This hierarchical
elicitation approach ensures that uncertainty is coherently propagated through the
assurance calculation within a Bayesian framework. In contrast to conventional power
calculations, which typically condition on fixed parameter values, assurance quantifies
the probability of trial success under genuine uncertainty, a particularly valuable feature
in early or high-risk development programmes.

We further examined the implications of the modelling simplification used in the
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Weibull case. Through empirical investigation across several immuno-oncology trials,
we found that fixing 7. = 7. led to only negligible differences in both fitted survival
curves and resulting power estimates. Nonetheless, we proposed an alternative, more
flexible assurance algorithm that removes this constraint, allowing for the generation
of treatment survival curves under independent Weibull parameterisation. This pro-
vides users with the flexibility to select between computational efficiency and model
expressiveness according to the needs of their application.

Two illustrative examples were provided, one using exponential and one using Weibull
parameterisations, to demonstrate the practical implementation of the proposed frame-
work. These examples showed how elicited priors and historical data can be combined
to calculate assurance under a variety of design assumptions, including sample size,
recruitment period, and event-driven stopping rules. The accompanying open-source
R package, DTEAssurance, offers an accessible and reproducible means of performing
these analyses, integrating elicitation, prior construction, and assurance computation
into a workflow.

Taken together, the methods developed in this chapter contribute to a broader shift to-
wards more evidence-informed and uncertainty-aware trial design. They provide a prac-
tical bridge between statistical methodology and clinical expertise, allowing decision-
makers to account for plausible deviations from proportional hazards and to assess
design robustness under realistic assumptions.

While the present framework focuses on fixed trial designs, many of the principles
extend naturally to adaptive settings, where interim information may be used to update
beliefs or modify the course of the trial. The next chapter introduces adaptive designs
more formally, with Chapter 6 extending the work in this Chapter, exploring how
assurance can be applied to adaptive trial designs that accommodate delayed treatment
effects, thereby further enhancing flexibility and decision-making efficiency in complex
clinical development programmes.
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Adaptive Clinical Trials

5.1 Introduction

Modern biomedical development increasingly involves complex disease mechanisms,
targeted therapies, and heterogeneous patient populations. Within this landscape,
traditional fixed clinical trial designs can be challenging to implement efficiently. Spon-
sors face rising development costs, recruitment difficulties, and extended timelines, all
of which place pressure on trial designs to make more effective use of accumulating
information.

Randomised controlled trials (RCTs) remain the gold standard for generating reliable
evidence, but when implemented with a fixed design structure they provide limited flex-
ibility to modify aspects of the study in response to emerging data. Adaptive RCTs
address this limitation by allowing pre-specified changes, such as early stopping, sam-
ple size re-estimation, or arm dropping, while maintaining the integrity and validity
of the trial (Berry, 2006; Pallmann et al., 2018). In settings where uncertainty is high
or development timelines are constrained, such adaptations may offer efficiency gains
or more informative decision-making compared with strictly fixed designs. System-
atic reviews of published adaptive trials indicate that oncology is the most common
therapeutic area in which adaptive designs have been implemented, reflecting both the
prevalence of time-to-event endpoints and the substantial uncertainty that characterises
late-phase oncology development (Ben-Eltriki et al., 2024).

The development of adaptive trial methodology reflects two complementary historical
strands. Early Bayesian work, such as the response-adaptive allocation proposed by
Thompson, 1933, introduced the idea that accumulating data could be used to modify
trial conduct. In parallel, advances in sequential analysis led to formal procedures
for early stopping based on interim data, culminating in the introduction of group
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sequential designs by Pocock, 1977 and O’Brien and Fleming, 1979. These methods
provided a structured framework for interim analyses while preserving frequentist error
control, and were subsequently extended to time-to-event endpoints (Tsiatis, 1981;
Tsiatis, 1982). Together, these developments established the statistical foundations for
many adaptive designs used in confirmatory clinical trials today.

Adaptive designs (ADs) provide a structured framework for incorporating such pre-
planned modifications into an ongoing randomised trial. Adaptations may include
early stopping for efficacy or futility, sample size re-assessment, or changes to the ran-
domisation ratio, all implemented on the basis of interim data and under prespecified
decision rules. When correctly specified, these designs preserve the integrity of the trial
and the validity of its statistical inference (Mehta and Pocock, 2011; U.S. Food and
Drug Administration, 2019). From a methodological perspective, adaptive designs for
confirmatory trials are supported by a well-developed statistical theory, including group
sequential methods, conditional error approaches, and combination testing frameworks,
which ensures valid inference following adaptation (Bretz et al., 2009). Complementary
regulatory guidance emphasises that adaptive designs, when prospectively planned and
rigorously implemented, represent a principled extension of conventional fixed designs
rather than an ad hoc departure from them (Bhatt and Mehta, 2016).

Adaptive designs do not, however, eliminate uncertainty. Each adaptation rule defines
a set of operating characteristics and can influence power, Type I error, and the inter-
pretation of the final analysis. Regardless of whether a design is adaptive or fixed, it
is therefore essential to quantify the probability that the specified trial will achieve its
objectives under realistic pre-trial uncertainty about the treatment effect. Assurance,
as introduced in Chapter 2, provides a principled framework for this evaluation. It
does not alter the design or its adaptation rules; instead, it quantifies the probabil-
ity of success for the design as specified, averaging over uncertainty in the underlying
parameters.

This chapter introduces the core principles underlying adaptive clinical trials. We
describe the statistical concepts of conditional power and predictive probability that
motivate interim decision-making, and present group sequential designs as one of the
earliest and most widely adopted forms of adaptation in confirmatory research. Adap-
tive design methodology spans a broad spectrum, from dose-finding procedures and
response-adaptive randomisation to fully model-based Bayesian approaches. A com-
prehensive review is beyond the scope of this chapter. Instead, the focus is on condi-
tional power, predictive probability, and group sequential designs, which exemplify the
probabilistic reasoning underlying most adaptations used in late-phase trials. These
approaches are emphasised for three reasons. First, they provide a transparent basis
for interim decisions by linking accumulating data to well-defined operating charac-
teristics. Second, they represent the most established and regulatory-recognised forms
of adaptation in confirmatory settings. Third, they form the methodological foun-
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dation for the following chapter, where prior uncertainty about treatment effects is
incorporated into the evaluation of adaptive designs.

5.2 Aims of the Chapter

The aims of this chapter are to:

e Introduce adaptive designs and explain their role in improving the efficiency and
flexibility of modern clinical trials.

e Present key statistical concepts underlying interim decision-making, including
conditional power and predictive probability.

e Describe group sequential designs as a foundational framework for planned adap-
tations.

e Discuss practical and regulatory considerations in the implementation of adaptive
methods.

5.3 Conditional Power and Predictive Probability

Interim monitoring is an established component of modern clinical trial design, provid-
ing a structured means of evaluating emerging data and determining whether a study
should continue, stop early, or be modified. Two quantities commonly used for this
purpose are Conditional Power (CP) and the Predictive Probability (PP) of eventual
trial success. Both quantify the likelihood that the final analysis will reject the null
hypothesis, but they differ fundamentally in how they treat uncertainty about future
outcomes.

Conditional Power is calculated under a fixed assumed value for the future treatment
effect. Predictive Probability, in contrast, integrates over uncertainty in that effect
using a prior or posterior distribution. Together, CP and PP provide complemen-
tary perspectives for interim decision-making, particularly when assessing futility or
evaluating whether continued recruitment is justified.

The table highlights the parallel structure between design-stage and interim-stage prob-
ability measures.
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Stage Conditioned on Assumed Effect Integrating Over Uncertainty
Design Stage Power Assurance
Interim Stage Conditional Power (CP) Predictive Probability (PP)

Table 5.1: Conceptual relationship between design-stage and interim-stage
probability measures. Power and CP are evaluated under a fized assumed
treatment effect, while assurance and PP integrate over uncertainty using
a prior or posterior distribution.

5.3.1 Conditional Power

Conditional Power (CP) is defined as the probability that a study will reject the null
hypothesis given the data observed so far and an assumption about the future treatment
effect (Jennison and Turnbull, 2000). It is commonly used to assess futility at interim
analyses.

Let B, denote the interim test statistic at information fraction ¢ € (0,1), and let 6
be the assumed true treatment effect for the remainder of the trial. We assume a
one-parameter exponential family model under which the test statistic B, follows a
standard normal distribution with mean 64/t and unit variance, corresponding to the
usual large-sample approximation for Wald-type Z-tests. The information fraction ¢ is
defined as the ratio of the Fisher information accumulated at the interim analysis to
that planned at the final analysis, ¢ = [,/I;. For time-to-event outcomes, information
is typically proportional to the number of observed events, whereas for continuous or
binary endpoints it is proportional to the number of accrued observations.

Then the conditional power is given by:

/., — B, — t
CPy, (t) = Pr(Reject Hy | B,, gf)zl_q)( o« — B ef\/)7

V11—t

where ® is the standard normal cumulative distribution function and Z, is the critical
value for a one-sided test at significance level a.

(5.1)

A typical futility rule is to stop the trial if
Cng(t) < 11— W,

where w represents the target power (often 0.8). Thresholds for futility (e.g. CP below
10-30%) are chosen to balance ethical and operational considerations (Walter et al.,
2020).

Common choices for 6y include:
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e 0; = 0: assumes no future treatment effect (the null hypothesis);

° 0= Or: uses the effect size observed at interim;

o Oy = 05: assumes the effect specified in the original design.

The choice of @ is critical: small differences in its specification can lead to large
differences in CP and, consequently, in interim decisions. As CP conditions on a fixed
future effect, it does not reflect uncertainty in 6. This motivates a Bayesian alternative,
Predictive Probability, which integrates over the posterior uncertainty.

5.3.2 Predictive Probability

Predictive Probability (PP) extends the concept of CP by averaging over uncertainty
in the true treatment effect (Spiegelhalter, Freedman, and Blackburn, 1986; DeMets,
2006). It represents the probability, given the interim data, that the trial will ultimately
demonstrate statistical success.

As with assurance (Section 2.3), the terminology surrounding PP has been inconsistent
across the literature. Related terms include: ‘predictive power’ (Dmitrienko and Wang,
2006; Lan, Hu, et al., 2009), ‘Bayesian predictive power (BPP)’ (Rufibach et al., 2016),
‘predictive probability of statistical significance’ (Saville et al., 2014), ‘probability of
study success’ (Wang, Fu, et al., 2013), and ‘predictive probability of success (PPoS)’
(Kundu et al., 2023). All refer to the same underlying quantity: the posterior predictive
probability that the final analysis will reject the null hypothesis.

For clarity and consistency, throughout this thesis we use the term Predictive Proba-
bility (PP):

PP(t) — / CPo() p(8 | Datay) do, (5.2)

where p(6 | Data;) is the interim posterior distribution of the treatment effect. Con-
ceptually, PP can be viewed as the posterior predictive analogue of assurance—the
probability of success conditional on the data observed so far.

A simple futility rule is:
PP(t) < 1,

where 7 is typically chosen between 0.05 and 0.20.
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Control (n = 63) | Treatment (n = 78)
Not raised c¢Tnl (desirable) 40 (63%) 47 (60%)
Raised ¢Tnl (undesirable) 23 (37%) 31 (40%)

Table 5.2: Interim results from the Mozonidine trial. Raised c¢Tnl indi-
cates higher levels of myocardial ischaemia.

5.3.3 Illustrative Example: The Moxonidine Trial

To illustrate the use of CP and PP, we revisit the Moxonidine trial introduced in
Section 2.5.1. This two-arm study evaluated the effect of Moxonidine on myocardial
ischaemia, measured using elevated c¢Tnl levels. An interim analysis was planned after
approximately one third of the total information had accrued.

5.3.3.1 Interim Data

At the interim analysis, 141 patients had been randomised: 78 to treatment and 63 to
control. The observed results are summarised in Table 5.2.

The interim data suggested a negative treatment effect: 37% of patients in the control
arm had raised ¢Tnl levels compared with 40% in the treatment arm, where higher
rates indicate greater myocardial ischaemia. On this basis, the study was stopped early
for futility.

5.3.3.2 Conditional Power

We retrospectively calculate conditional power at this interim analysis. We do this for
three different assumptions for the future treatment effect, 6;:

e Null effect: ; =0 = CP = 0.26%;

e Observed effect: 6 = 6; = —0.03 = CP = 0.03%;

e Planned effect: 0y = 65 = 0.15 = CP = 17.8%.
The relationship between CP and 6 is shown in Figure 5.1, highlighting how CP varies
with different effect-size assumptions. The uniformly low conditional power values
reflect the unfavourable interim data: the treatment arm performed worse than control,

resulting in a low probability of eventual success even under optimistic assumptions
about the future treatment effect. This pattern illustrates that conditional power
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is primarily driven by the evidence accrued at the interim analysis; when interim
results are poor, the likelihood of ultimately rejecting the null hypothesis remains
small regardless of the assumed effect size.

1.0

0.6

6;=0

Conditional Power
0.4

0.2
!

0.0
!

-0.1 0.0 0.1 0.2 0.3
Ot

Figure 5.1: Conditional power as a function of the assumed future treat-
ment effect (0) for the Moxonidine trial. The curve illustrates how the
probability of eventually rejecting the null hypothesis depends on the as-
sumed difference in incidence rates between treatment and control. Vertical
lines indicate the conditional power under the observed effect (y = —0.03),
null effect (0y = 0) and planned effect (6; = 0.15).

5.3.3.3 Predictive Probability

Rather than retrospectively evaluating the conditional power at the interim analysis,
we can adopt a fully Bayesian perspective and compute the predictive probability of
eventual trial success. The Predictive Probability (PP) quantifies, given the current
data and prior assumptions, the probability that the final analysis will yield a statis-
tically significant result.

Two approaches are available for updating the prior distributions in light of observed
data. In the case of conjugate priors, the posterior distributions can be derived ana-
lytically. In non-conjugate situations, however, posterior sampling typically requires
a Markov Chain Monte Carlo (MCMC) approach. We illustrate both methods below,
beginning with the conjugate case.
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5.3.3.3.1 Conjugate Case

In the first formulation, we assume independent Beta priors for the treatment and
control event rates. This independence implies no prior correlation between arms,
allowing conjugate updating and analytic computation of the predictive probability.

We assume the control and treatment group event rates, . and 6., each follow inde-
pendent Beta prior distributions, as detailed in Section 2.5.1:

6. ~ Beta(10.7,13.1),
6. ~ Beta(6, 14).

Given binomially distributed data, the Beta—Binomial conjugacy allows us to analyti-
cally update these priors. With interim data of z. = 23 events out of n. = 63 for the
control arm, and z. = 31 events out of n, = 78 for the treatment arm, the posterior
distributions are:

0. | © ~ Beta(10.7 + 23, 13.1 + 63 — 23) = Beta(33.7,53.1),
0, | = ~ Beta(6 + 31, 14 + 78 — 31) = Beta(37, 61).

The prior effective sample sizes (ESS) for the Beta distributions may be used to assess
how strongly the interim data influence the posterior. For a Beta(a,b) prior, the ESS
is commonly defined as a 4+ b (Morita et al., 2008). This gives an ESS of 23.8 for the
control arm and 20 for the treatment arm, compared with interim sample sizes of 63 and
78, respectively. Thus, the observed data contribute substantially more information
than the priors, and the posterior distributions are dominated by the interim outcomes.
This behaviour is reflected in Figure 5.2: the posterior densities (dashed lines) shift
away from the prior means (solid lines) towards the data-driven estimates, resulting
in two posterior distributions that are close to each other, consistent with little or no
treatment effect at interim.

Using these posteriors, we can compute the Predictive Probability (PP) of ultimately
rejecting the null hypothesis in the completed trial. This is achieved by integrating
over the joint posterior distributions of 6. and 6. (Equation 5.2), and simulating the
remaining patients’ outcomes to evaluate the probability that the final test statistic
will exceed the critical threshold.

For the present interim data, the resulting PP is approximately 2%, indicating a neg-
ligible probability of ultimate trial success. This result is intuitive, as the posterior
distributions for 6. and 6, are nearly overlapping, implying little evidence of a treat-
ment effect.
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Figure 5.2: Prior and posterior Beta distributions for 0. and 6. under the
conjugate Beta—Binomial model. The prior distributions (solid lines) are
updated with the interim binomial data to yield the posterior distributions

(dashed lines).
5.3.3.4 Non-Conjugate Case

To relax the independence assumption, we reparameterise the model in terms of the
treatment effect p = 6. — 6., which induces dependence between the arm-specific rates.
This specification is often more clinically plausible, but it breaks conjugacy: while 6.
may retain a Beta prior, the implied prior for p does not yield a conjugate form with the
Binomial likelihood. Consequently, closed-form posterior and predictive calculations
are no longer available, and numerical methods such as Markov Chain Monte Carlo
(MCMC) are required to approximate the joint posterior distribution (Brooks et al.,

2011).
We use the same parameterisation as introduced in Section 2.5.1:
6. ~ Beta(10.7,13.1), p~N(u,v),
with three prior scenarios reflecting differing levels of informativeness:

e Scenario 1: Highly informative prior centred on a 15% treatment effect, p ~
N(0.15,0.0001).

e Scenario 2: Moderately informative prior with greater uncertainty, p ~ A(0.15,0.01).

e Scenario 3: Moderately informative prior centred on a smaller effect, p ~

N(0.10,0.01).
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Figure 5.3 displays the three prior distributions for p.

g —— Scenario 1: N(0.15, 0.0001)
Scenario 2: N(0.15, 0.01)
-- Scenario 3: N(0.10, 0.01)
o |
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Figure 5.3: Prior distributions for p.

We update these prior distributions with the interim data to generate posterior distri-
butions, which are shown in Figure 5.4. In the left panel, the first scenario is shown.
The prior is largely unaffected by the interim data, and the posterior remains very sim-
ilar to the prior, reflecting the strength of the prior specification. In the right panel,
the second and third scenarios show the prior distributions being pulled towards zero,
consistent with the interim data suggesting little evidence of a treatment benefit over
control.

In the same manner as in the previous section, we are able to use these distributions
to calculate PP. When we do so, we find that in:

e Scenario 1, PP is: 18.3%

e Scenario 2, PP is: 3.7%

e Scenario 3, PP is: 2.7%
These results illustrate how strongly the predictive probability depends on both the
strength and the centring of the prior on p. In Scenario 1, the highly informative
prior centred on a 15% benefit overwhelms the unfavourable interim data, producing

an inflated PP (= 18%) that is driven largely by prior belief rather than observed
evidence.

By contrast, in Scenarios 2 and 3, the weaker priors permit the posterior for p to
move toward zero, yielding PP values (3.7% and 2.7%) that align closely with both the
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Figure 5.4: Prior and posterior distributions for p for the three scenar-
10s. The first scenario is shown in the left panel and the second and third
scenarios in the right panel.

conjugate-case PP (&~ 2%) and the conditional power results presented earlier. These
scenarios demonstrate that when interim data provide little or no evidence of benefit,
only very strong or overly optimistic priors can materially raise the perceived chance
of eventual success. When priors are calibrated to reflect genuine uncertainty, both CP
and PP lead to the same conclusion: the probability that Moxonidine would ultimately
demonstrate benefit is extremely low.

It is also noteworthy that the PP under Scenario 1 (18.3%) is almost identical to the
conditional power calculated under the planned treatment effect (17.8%). This reflects
the fact that a highly informative prior centred on the design assumption effectively
forces the predictive probability to behave as if the planned effect were true, despite
the contrary interim data.

5.3.4 Summary and Implications

Conditional Power (CP) provides a simple and transparent measure for interim decision-
making and remains widely accepted by regulators (Jennison and Turnbull, 2000;
Lachin, 2009). Its principal limitation is that it conditions on a fixed assumed treatment
effect and therefore does not reflect uncertainty about the true effect size. Predictive
Probability (PP), by contrast, integrates over this uncertainty through a posterior dis-
tribution, yielding a probability of eventual trial success given both the interim data
and prior information (Spiegelhalter, Freedman, and Blackburn, 1986; DeMets, 2006).

PP can be viewed as an “interim assurance”: a predictive assessment of whether contin-
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uation of the trial is justified. However, its dependence on prior specification introduces
sensitivity, especially in confirmatory settings where strong priors may be difficult to
defend. Careful elicitation and transparent justification therefore remain essential.

In practice, CP and PP serve complementary roles. CP offers familiarity, ease of com-
munication, and direct alignment with frequentist operating characteristics. PP pro-
vides a coherent probabilistic framework that unifies interim monitoring with design-
stage reasoning based on assurance. Together, they motivate the need for structured
stopping rules that balance statistical validity, efficiency, and ethical considerations.

This motivation leads naturally to Group Sequential Designs (GSDs), which formalise
interim monitoring through pre-specified boundaries for stopping for efficacy or futil-
ity. The next section introduces GSDs and shows how CP and PP relate to classical
sequential testing frameworks.

5.4 Group Sequential Designs

Section 5.3 introduced Conditional Power and Predictive Probability as tools for eval-
uating emerging evidence at interim. Although these quantities are useful for guiding
decisions, they do not, in general, guarantee control of the Type I error rate when mul-
tiple interim analyses are considered. In contrast, Group Sequential Designs (GSDs)
provide a formal framework for interim analyses that preserves the pre-specified fre-
quentist operating characteristics of a trial.

GSDs allow for early stopping for efficacy or futility at a set of planned interim anal-
yses. To control the overall Type I error rate across repeated looks at the data, more
stringent boundaries are used at earlier analyses. This error control is commonly im-
plemented through spending functions, which allocate portions of the total a level
across the interim and final analyses (Lan and DeMets, 1983; Jennison and Turnbull,
2000). Under this framework, the trial may conclude early only when the accumulated
evidence crosses these boundaries, ensuring that repeated testing does not inflate the
false-positive rate.

The motivation for adopting GSDs is both ethical and practical. Early stopping for
efficacy accelerates the availability of effective treatments, while early stopping for fu-
tility prevents unnecessary exposure to ineffective interventions and reduces trial costs.
At the same time, GSDs maintain the rigorous error control required in confirmatory
research (Jennison and Turnbull, 2000; Proschan et al., 2006).

In practice, GSDs are primarily used to control the Type I error rate when stopping
early for efficacy, reflecting the regulatory importance of avoiding inflated false-positive
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findings. By contrast, predictive approaches such as CP and PP are more commonly
used to guide futility decisions. These decisions are typically viewed as affecting spon-
sor risk rather than regulatory risk, and therefore tolerate greater flexibility in the
probability thresholds employed. As a result, many contemporary adaptive trials com-
bine formal group sequential boundaries for efficacy with predictive or conditional
power—based rules for futility.

5.4.1 Statistical Rationale and Error Control

In a group sequential trial, the interim test statistics are evaluated at a sequence of
increasing information levels. Under standard regularity conditions, these statistics
jointly follow a multivariate normal distribution with correlations determined by the
amount of information accrued at each look (Jennison and Turnbull, 2000). Because
repeated testing increases the chance of crossing a significance threshold purely by
chance, unadjusted interim analyses would inflate the overall Type I error rate (Ar-
mitage et al., 1969; O’Brien and Fleming, 1979; Pocock, 1983).

Group sequential methodology addresses this problem by applying more stringent
boundaries at earlier analyses, ensuring that the cumulative probability of a false-
positive conclusion remains at the pre-specified « level. This framework has been
extended to a wide range of endpoints, including survival outcomes (Slud and Wei,
1982).

5.4.2 Construction and Interpretation of Boundaries

At the j-th interim analysis, a pair of stopping boundaries {l;,u;} is specified. The
trial continues if the interim test statistic Z(¢;) lies within these bounds and stops early
for futility or efficacy otherwise. Boundaries can be defined on several scales, including
standardized Z-statistics, treatment effect estimates, p-values, or Fisher information,
depending on what is most interpretable for the data monitoring committee (Gallo,
Mao, et al., 2014).

Expressing boundaries in terms of information has been advocated for its monotonicity
and ease of interpretation (Whitehead, 1997), whereas effect-size scales may fluctuate
more at early looks (Todd et al., 2001). Analytical relationships exist for translating
between scales when required (Emerson et al., 2007).

In practice, stopping boundaries are typically constructed using an a-spending func-
tion, which allocates the overall Type I error rate across the planned interim analyses.
The boundary constants are obtained by numerically evaluating multivariate normal
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integrals, ensuring that the joint probability of crossing any stopping boundary under
the null hypothesis is controlled at the desired significance level «; standard software
such as the gsDesign package in R (Anderson, 2025) performs these computations
automatically. The next sections introduce three widely used spending approaches:
Pocock, O’'Brien—Fleming, and Wang—Tsiatis.

5.4.2.1 Pocock Boundaries

Pocock (Pocock, 1977) proposed a group sequential procedure in which the stopping
boundary for efficacy remains constant across all interim analyses:

U; = OPocock(ka Oé), ] = 17 .- .,]{?,

where Cpocock (k, @) is a constant determined by the total number of planned interim
analyses k£ and the overall one-sided significance level «, chosen to control the family-
wise Type I error rate at a across all £ looks.

This design allows early stopping when the evidence is moderately strong at any look
and is easy to communicate and implement. Pocock boundaries tend to spend Type I
error more evenly across analyses and therefore allow relatively liberal early stopping
compared with more conservative approaches such as O’Brien—Fleming.

A limitation is that Pocock’s original formulation is most natural when the number and
timing of interim analyses are fixed in advance. Because the same critical value applies
at every look, the boundary is less stringent early and more stringent late, which can
lead to reduced efficiency if most information accrues near the end of the trial.

5.4.2.2 O’Brien—Fleming Boundaries

O’Brien and Fleming, 1979 proposed boundaries that are highly conservative at early
analyses and become progressively less stringent as more information accrues. A com-
mon formulation expresses the efficacy boundary at look j as

. Copr(k, @)
J \/E )

where t; is the information fraction at the j-th interim analysis and Copp(k,a) is
chosen to ensure overall Type I error control.

This structure strongly discourages early stopping when the treatment effect estimate
is based on limited data and subject to high variability, reflecting the view that con-
vincing evidence is required before terminating a trial prematurely. As with Pocock’s
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procedure, the classical O’Brien-Fleming design assumes a prespecified number and
timing of interim looks.

The contrasting behaviour of Pocock and O’Brien—Fleming boundaries is illustrated
in Figure 5.5. Pocock’s boundary remains constant across analyses, whereas the
O’Brien-Fleming boundary starts very high and relaxes as information accumulates,
providing minimal early error-spending and near-nominal testing at the final look.

—e— Pocock
-4~ O'Brien-Fleming

Standardized Z Statistic

T T T T T
0 0.25 05 0.75 1

Information Fraction

Figure 5.5: Comparison of Pocock and O’Brien—Fleming stopping bound-
aries for a one-sided group sequential design with k = 4 analyses and
a = 0.025. Pocock boundaries (horizontal line) require similar evidence at
each look, while O’Brien—Fleming boundaries (decreasing curve) demand
very strong evidence early and gradually relax over time.

5.4.2.3 Wang—Tsiatis Boundaries

Wang and Tsiatis, 1987 introduced a flexible parametric family of group sequential
designs defined by
1
A—=
¢j=Calk,a)t; 2,
where A controls the shape of the stopping boundary and Cx (k, «) is chosen to main-
tain the overall Type I error rate.

This family unifies several classical designs. Setting A = 0 yields the O’Brien—Fleming
boundary, with strong early conservatism, while A = 0.5 approximates Pocock’s con-
stant boundary. Intermediate values (e.g., A = 0.25) create designs that balance the
competing priorities of early stopping flexibility and later-stage power retention.

The Wang—Tsiatis class therefore provides a continuum of options between aggressive
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early stopping and highly conservative early boundaries, allowing investigators to tune
the operating characteristics to the scientific and ethical aims of the trial.

Figure 5.6 illustrates how varying A modulates the trajectory of the stopping bound-
aries across interim looks.

Standardized Z Statistic
»
"
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0 0.25 0.5 0.75 1

Information Fraction

Figure 5.6: Exzamples of Wang—Tsiatis stopping boundaries for different
values of the shape parameter A. Smaller values (e.g., A = 0) produce
conservative early thresholds akin to O’Brien—Fleming, while larger values
(e.g., A = 0.5) yield nearly constant Pocock-like boundaries.

5.4.3 Beta-Spending Functions

The spending functions introduced so far control the Type I error rate («) across
repeated interim analyses and therefore govern early stopping for efficacy. In contrast,
early stopping for futility concerns the Type II error rate (), and classical a-spending
approaches do not provide a formal mechanism for regulating this component of the
design. To address this limitation, Kim and Demets, 1987 proposed the concept of dual
spending functions, in which both o and ( are allocated over the sequence of interim
looks.

In this framework, cumulative error spending up to information fraction ¢; is defined
through two non-decreasing functions, «(t) and §(t), specifying the probabilities of
crossing efficacy or futility boundaries by each analysis. The functions are constructed
to satisfy the global constraints a(ty) = « and S(tx) = S at the final planned look,
ensuring that the design maintains its nominal Type I error rate and power even when
early stopping is permitted.

By allocating (8 across interim analyses, dual spending functions generate futility
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boundaries that preserve the planned power under Hy, providing a principled frequen-
tist alternative to predictive or conditional-power methods. However, this flexibility
comes with practical challenges. As emphasised by Jennison and Turnbull, 2000, naive
choices of analysis timing or spending schedules can lead to designs that deviate sub-
stantially from the intended operating characteristics, requiring careful calibration of
information levels and spending functions to avoid unintended inflation or deflation of
power.

In practice, formal SB-spending is used far less frequently than a-spending. Regula-
tory guidance places primary emphasis on controlling false-positive risk, while futility
stopping is typically viewed as affecting sponsor risk rather than regulatory risk. Con-
sequently, many trials adopt predictive or conditional-power rules for futility, which
provide a more direct quantification of the likelihood of eventual success given the in-
terim data. These predictive approaches form the basis for the methodology developed
in the next chapter, where we compare their behaviour with S-spending futility in the
presence of delayed treatment effects.

5.4.4 The Choice of Stopping Boundaries

Selecting stopping boundaries is a central design decision in a group sequential trial.
Different boundary families allocate error differently, influence the probability of early
stopping, and affect both the maximum and expected sample size (Pocock, 1977;
O’Brien and Fleming, 1979; Jennison and Turnbull, 2000). The choice therefore has
direct implications for statistical efficiency and for how interim results are interpreted
by monitoring committees.

Key considerations when comparing candidate boundary structures include:

flexibility to accommodate changes in the number or timing of interim analyses;

the degree of early conservatism;

)
)
c) expected and maximum sample size under Hy, Hy, and intermediate effects;
) probability of early stopping for efficacy or futility; and

)

alignment with the scientific objectives of the trial (e.g., superiority vs. non-
inferiority).

Because treatment effect estimates can be unstable early in a trial, boundaries that
require strong evidence for early efficacy are generally preferred. Overly permissive
rules risk premature conclusions, whereas excessively stringent rules delay termination
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and expose participants to ineffective treatments. The challenge is to balance these
ethical and statistical considerations.

In practice, a-spending approaches are widely used because they maintain Type I error
control while allowing flexibility in the timing of interim looks (Lan and DeMets, 1983;
Jennison and Turnbull, 2000). Many spending functions allocate small amounts of «
early and increasing amounts later, producing boundaries similar to the O’Brien-Fleming
design. Such boundaries are attractive in confirmatory settings where strong evidence
is desired before recommending early efficacy. Pocock-type boundaries, which remain
constant across looks, simplify interpretation but are less adaptable when the number
or timing of analyses may vary.

Boundary symmetry should also reflect the trial objective. Superiority trials typically
use symmetric rules for efficacy and futility, whereas non-inferiority or equivalence
studies may require stronger evidence to declare non-inferiority than to stop for futility
(Proschan et al., 2006; Jennison and Turnbull, 2000). Asymmetric spending rules allow
this tailoring.

Although no universally optimal boundary exists, consensus principles include main-
taining the planned error rates, achieving adequate power, avoiding excessive early
stopping, and keeping expected sample size low under the null. Designs that optimise
one criterion, such as minimising expected sample size, may perform poorly on others,
particularly in regulatory settings where early stopping must be supported by robust
evidence (Fleming, Sharples, et al., 2008).

Ultimately, the selected boundary structure reflects a trade-off between efficiency, eth-
ical considerations, and operational pragmatism. Once chosen, the stopping rule must
remain fixed throughout the trial to preserve Type I error control and ensure valid final
inference.

5.4.5 Example

Consider a confirmatory two-arm randomised controlled trial with a continuous primary
outcome, where larger values indicate better responses. Let Y. ~ N(u.,0?) denote
outcomes in the control arm and Y, ~ N(u.,0?) denote outcomes under the new
treatment, with 0 = 10. We assume a clinically relevant effect size 0 = p, — . = 5,
corresponding to p. = 120 and p, = 125.

Under a fixed design, a standard Normal-based power calculation shows that 85 patients
per group are required to achieve 90% power to detect 6 = 5 at a one-sided Type I
error rate of a = 0.025.
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To explore the implications of implementing a group sequential design, we compare this
fixed design with three commonly used boundary systems: Pocock, O’Brien—Fleming
(OBF), and Wang-Tsiatis (WT). Each design includes a single interim analysis at 50%
information (after approximately 43 patients per arm). The resulting critical Z-values
are shown in Table 5.3.

Analysis Information Fraction Pocock OBF WT (A =0.25)
Interim (Look 1) 0.5 2178  2.797 2.424
Final (Look 2) 1.0 2178  1.977 2.038

Table 5.3: Critical Z-statistic boundaries for group sequential designs with
one interim look at 50% information.

To illustrate the impact on operating characteristics, Table 5.4 reports the expected
sample size, power, and probability of early stopping for efficacy under both the null
hypothesis (§ = 0) and the alternative (6 = 5). Calculations were obtained using the
gsDesign package in R.

These results highlight the trade-offs inherent in different sequential monitoring strate-
gies. Pocock’s design applies the same boundary at interim and final analyses, placing
a relatively large proportion of the Type I error early. This increases the probability
of early stopping when the treatment is effective, yielding a substantial reduction in
expected sample size (approximately 123 participants under the alternative, compared
with 170 in the fixed design). The cost of this efficiency is a modest reduction in power
(87% versus the planned 90%) and a higher probability of early rejection under the
null, although the overall Type I error remains properly controlled.

The O’Brien—Fleming design is markedly more conservative at the interim look, requir-
ing a large observed effect (Z ~ 2.80) for early stopping. As a result, early termination
is rare under both hypotheses, and the expected sample size is closer to that of the fixed
design. This approach preserves power (approximately 90%) and reduces the chance

True Effect Design P(reject Hy) P(Early Eff.) E[N]
Pocock 0.0264 0.0157 168.6

9 =0 (null) O’Brien-Fleming 0.0262 0.0033 169.7
WT (A =0.25) 0.0265 0.0087 169.2

Pocock 0.8728 0.5470 123.0

d =5 (target) O’Brien-Fleming 0.8990 0.3126 143.1
WT (A = 0.25) 0.8930 04525  131.1

Table 5.4: Operating characteristics of Pocock, O’Brien—Fleming, and
Wang—Tsiatis designs under the null and alternative hypotheses.
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of decisions based on unstable early estimates, reflecting its popularity in confirmatory
research where robust evidence is required for early success claims.

The Wang—Tsiatis boundary with A = 0.25 provides an intermediate option. Its
interim boundary is more permissive than OBF but stricter than Pocock, and the final
boundary lies between the two. Consequently, its expected sample size and power lie
between the corresponding values of the other designs, offering a balanced compromise
between efficiency and statistical robustness.

Overall, this example illustrates how the choice of stopping boundary shapes the oper-
ating characteristics of a group sequential design. Pocock maximises efficiency but at
the cost of reduced power; O’Brien—Fleming preserves power but offers limited oppor-
tunity for early stopping; and Wang—Tsiatis provides a flexible middle ground. The
appropriate choice depends on the priorities of the trial, such as whether minimising
sample size, ensuring high power, or balancing both is the primary aim.

5.4.6 Software

Several commercial and open-source software packages support the design, interim
monitoring, and analysis of group sequential trials. Commercially, Cytel’s Fast (Cytel,
2025) provides both graphical interfaces and a scripting environment for planning group
sequential designs (GSDs), enabling comparisons of stopping probabilities and expected
sample sizes under Hy, H;, and intermediate values.

A number of R packages offer freely accessible functionality:

a) gsDesign: Derives group sequential boundaries, computes power and sample
size, and produces graphical boundary plots (Anderson, 2025).

b) rpact: Implements confirmatory adaptive and group sequential methods, includ-

ing futility rules, sample-size reassessment, and regulatory-compliant reporting
(Wassmer and Pahlke, 2025).

In addition, SAS (SAS Institute Inc., 2014) includes two dedicated procedures:

e PROC SEQRDESIGN: Specifies the group sequential design by defining the number
and timing of interim analyses, the boundary family, and the target Type I
error and power, and derives the corresponding stopping boundaries and required
sample size.
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e PROC SEQTEST: Implements the specified group sequential design at interim and
final analyses, evaluating boundary crossing and providing inference that ac-
counts for sequential monitoring.

Together, these tools allow users to simulate operating characteristics under multiple
hypotheses, visualise boundary evolution across information fractions, and generate
protocol-ready outputs suitable for regulatory submission.

5.4.7 Summary

Group sequential methods are well established in confirmatory research and are widely
accepted by regulators, owing to their rigorous control of Type I error and well-
characterised operating characteristics (Jennison and Turnbull, 2000). When com-
pelling interim evidence emerges, they offer ethical and economic advantages by en-
abling early termination for efficacy or futility. At the same time, when treatment
effects are modest, group sequential trials typically continue to their planned maxi-
mum sample size and may require a larger maximum N than the corresponding fixed
design (Jennison and Turnbull, 2000). Given the generally low success rate of confir-
matory trials and the frequent need for extensions, incorporating futility stopping rules
at the design stage is usually advisable (Dent and Raftery, 2011).

A range of commercial and open-source software packages, particularly within R, pro-
vide support for planning, simulating, and implementing group sequential designs,
making their application straightforward in practice.

Successful implementation nonetheless requires careful preparation. The justification
for early stopping must be transparent and grounded in clinical, ethical, and opera-
tional considerations. Moreover, the feasibility of planned interim analyses depends on
predictable information accrual: delays in data collection or processing can complicate
the timing of interim looks and limit the practical utility of group sequential moni-
toring, making these methods more straightforward for short-term endpoints than for
time-to-event outcomes (Proschan et al., 2006).

5.5 Adaptive Design Considerations

The use of adaptive features in clinical trials introduces methodological and operational
requirements that extend beyond those of fixed designs. Although adaptations can
improve efficiency and reduce patient exposure to ineffective treatments, they also
increase design complexity and must be justified to regulators, sponsors, and data
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monitoring committees (Jennison and Turnbull, 2000; Proschan et al., 2006; U.S. Food
and Drug Administration, 2019).

A central requirement is that all planned adaptations, such as sample-size modification,
response-adaptive randomisation, or early stopping, are prospectively specified and
demonstrated to preserve the trial’s statistical validity. This typically requires extensive
simulation to show control of the Type I error rate, adequate power, and robustness to
plausible deviations from modelling assumptions. Transparent reporting of adaptation
rules and their justification is essential to maintain credibility and interpretability
(European Medicines Agency, 2007; Bothwell et al., 2018).

Operational feasibility is equally important. Interim analyses depend on timely accrual
of high-quality data, reliable estimation of information at each look, and clear separa-
tion between trial conduct and interim decision-making (Quinlan and Krams, 2006).
Poorly timed or inconsistently executed adaptations can introduce operational bias or
compromise the integrity of the study population. Adaptations that alter sample size
or recruitment patterns must also be interpreted carefully, as they may influence the
precision and generalisability of the final treatment effect estimate (Lehmacher and
Wassmer, 1999).

Overall, adaptive designs provide a principled framework for flexible and ethically
responsive trials, but their advantages are not automatic. Their successful implemen-
tation depends on rigorous statistical planning, operational discipline, and explicit
justification of how adaptations support the scientific aims of the study. The following
sections examine specific adaptive tools, beginning with group sequential monitoring,
and illustrate how these considerations shape their design and use.

5.5.1 Estimands and Interim Analyses

A key principle in adaptive trial design is that the estimand targeted at interim analy-
ses should coincide with the estimand specified for the final analysis. The ICH E9(R1)
addendum (International Council for Harmonisation of Technical Requirements for
Pharmaceuticals for Human Use (ICH), 2019) emphasises that the estimand defines
the clinical question of interest by linking the target population, endpoint, summary
measure, and a strategy for handling intercurrent events—that is, post-randomisation
events such as treatment discontinuation or use of rescue medication that could affect
the interpretation of the endpoint. The estimand should remain stable throughout the
study. Recent methodological work, including Collignon et al., 2022, reinforces that in-
consistencies between interim and final estimands can undermine both interpretability
and the operating characteristics of adaptive designs.

If interim decision rules are constructed around an estimand that differs from the one
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used in the final analysis, for example by relying on a short-term surrogate outcome or
by defining the treatment effect prior to accounting for intercurrent events, adaptations
may unintentionally favour or disadvantage the treatment in ways that are not scien-
tifically coherent. Such misalignment can induce biased stopping behaviour, distort
the interpretation of the trial evidence, and conflict with regulatory expectations.

Ensuring a consistent estimand across interim and final analyses therefore helps main-
tain coherence between the scientific question, the adaptation strategy, and the final
inferential framework. When this is not operationally feasible, for instance when a
time-to-event estimand depends on follow-up that is not yet available at interim, ad-
ditional justification is required and the implications for interim decision-making and
interpretability must be made explicit.

5.5.2 Timing of Interim Analyses
5.5.2.1 Delay to Primary Outcome

A key practical limitation of group sequential and other adaptive designs arises from
the lag between patient enrolment and the availability of primary endpoint data. This
delay gives rise to so called pipeline patients, who are enrolled but not yet observed
at the time of an interim analysis (Sully et al., 2014). When accrual is rapid relative
to follow up, as is common in oncology and other survival studies, a large fraction
of participants may lack mature data at interim looks. The resulting reduction in
effective information can distort stopping decisions and reduce the practical benefit of
early analyses (Hampson and Jennison, 2013).

5.5.2.2 Recruitment

The pace of recruitment strongly influences the operational value of interim analyses.
If accrual is rapid, most participants may already be enrolled before interim decisions
can be implemented, limiting the practical impact of adaptation. Conversely, slower or
staggered accrual allows interim results to inform resource allocation, early stopping,
or population enrichment, although often at the cost of longer overall study duration.
When accrual rates interact with delayed outcome information, as commonly occurs in
immuno-oncology, hybrid designs that explicitly account for delayed treatment effects
can yield more reliable operating characteristics (Kairalla et al., 2012).
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5.5.2.3 Scheduling Interim Analyses

The timing of interim analyses must balance statistical precision with practical utility.
Very early looks (below 30% information) are often unstable and increase the risk of
premature stopping (Proschan et al., 2006; Edwards et al., 2023). Simulation studies
suggest that futility analyses between 50% and 75% of total information often provide
the best compromise between efficiency and power (Sully et al., 2014).

Later analyses yield more stable estimates but may delay actionable decisions, par-
ticularly when adaptation rules are complex or regulatory consultation is required.
Alpha-spending functions allow some flexibility in timing while preserving Type I er-
ror control, but data-driven rescheduling must be avoided to prevent inflation of error
rates (Whitehead, 1997; Demets and Lan, 1994). Careful pre-specification of timing,
decision rules, and communication procedures is therefore essential.

5.5.3 Operational and Logistical Considerations

The successful implementation of adaptive and group sequential designs demands sig-
nificant operational infrastructure (Gallo, Chuang-Stein, et al., 2006; Quinlan and
Krams, 2006; Chow and Corey, 2011). Central to this effort are:

a detailed interim analysis plan;

a formal charter for the independent data monitoring committee (IDMC);

validated standard operating procedures (SOPs) for data collection, cleaning, and
locking; and

clear timelines and communication pathways to ensure independence and confi-
dentiality.

Reliable electronic data capture systems and reproducible interim-reporting workflows
are essential (Vandemeulebroecke, 2008; Gaydos et al., 2009). The challenge of pipeline
patients again features prominently: when endpoints are delayed relative to recruit-
ment, many participants contribute partial information at interim analyses (Hampson
and Jennison, 2013; Whitehead, 1997). Statistical approaches exist to incorporate
these contributions formally, but they require careful interpretation to avoid bias.

Equally important is the training of investigators and statisticians. Teams must be
capable of running large-scale simulations to evaluate design operating characteris-
tics, implement interim analyses correctly, and ensure that adaptations comply with
prespecified rules and regulatory guidance (Chow and Corey, 2011).
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5.5.4 Advantages of Adaptive Designs

Adaptive designs offer numerous advantages in clinical research. They improve ef-
ficiency by allowing early stopping for efficacy or futility, reducing expected sample
size and trial duration without compromising error control (Jennison and Turnbull,
2000; Proschan et al., 2006). From an ethical standpoint, they limit patient exposure
to ineffective therapies and speed access to beneficial treatments (Bauer and Kohne,

1994).

Finally, adaptive approaches are increasingly accepted by regulators, provided that all
adaptations and decision criteria are pre-specified and transparently reported (U.S.
Food and Drug Administration, 2019; European Medicines Agency, 2007). This align-
ment with regulatory guidance makes adaptive designs a practical, forward-looking
strategy for complex modern trials.

5.5.5 Limitations of Adaptive Designs

Despite these advantages, adaptive designs bring challenges in design, analysis, and
implementation. They require extensive simulation studies, sophisticated statisti-
cal expertise, and precise documentation, increasing planning time and cost (Gallo,
Chuang-Stein, et al., 2006; Bauer and Kohne, 1994). Operationally, interim adap-
tations based on unblinded data pose risks of bias if confidentiality is not strictly
maintained (Proschan et al., 2006).

Regulatory scrutiny is stringent, and post hoc modification of adaptation rules can
undermine Type I error control and credibility (U.S. Food and Drug Administration,
2019; European Medicines Agency, 2007; Demets and Lan, 1994). Logistically, rapid
data turnaround is essential to support timely interim analyses, necessitating dedicated
infrastructure and personnel (Vandemeulebroecke, 2008). Inference following adapta-
tion may also be biased, requiring conditional or bias-adjusted estimators (Jennison
and Turnbull, 2000).

Overall, adaptive designs demand careful integration of statistical rigour, operational
capability, and regulatory compliance. When these components align, they offer a
uniquely flexible and efficient framework for evidence generation in modern clinical
development.
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5.6 Role of Prior Distributions in Adaptive Trial
Design

Adaptive designs increasingly rely on quantitative representations of prior knowledge,
particularly when uncertainty about control rates, treatment effects, or other design-
critical quantities is substantial. In explicitly Bayesian adaptive trials, such information
is encoded through prior distributions. However, even in frequentist settings, elicited
priors can inform design assumptions, stress-test operating characteristics, and support
interim decision-making. This section outlines how prior distributions, whether derived
from expert elicitation, historical data, or meta-analysis, contribute to the design,
evaluation, and conduct of adaptive clinical trials.

We distinguish three complementary roles for prior distributions in adaptive design:

1. Evaluating a proposed design: Priors enable simulation under plausible
truths, yielding operating characteristics such as assurance, expected sample size,
and probabilities of early stopping.

2. Optimising design choices: Priors guide simulation-based comparison across
alternative adaptive configurations (e.g., interim timing, futility thresholds, sample-
size limits).

3. Informing interim analyses: Priors are updated with interim data to form
posterior and predictive quantities that support real-time decision-making.

Simulation is central to each of these applications, as analytic results rarely exist for
adaptive trials, especially where information accrual is irregular or responses are time-
to-event. Later chapters revisit these ideas in the context of delayed treatment effects
(DTEs).

5.6.1 Evaluation of a Design

Given a fully specified adaptive design, including sample size, interim timing, allocation
ratios, and decision rules, elicited priors allow systematic assessment of performance
under uncertainty. This evaluation is conceptually distinct from conventional oper-
ating characteristic calculations at fixed parameter values. Rather than assuming a
single true treatment effect, the design is assessed with respect to a distribution of
plausible values. The resulting prior predictive operating characteristics are directly
interpretable for stakeholders, as they reflect current knowledge rather than hypothet-
ical fixed scenarios.
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A standard approach is to repeatedly simulate trials by (i) drawing parameters from
the prior, (ii) generating datasets under the induced data-generating mechanism, (iii)
applying the adaptive rules, and (iv) summarising outcomes such as assurance, ex-
pected sample size, expected duration, and probabilities of early stopping for futility
or efficacy. These metrics capture how the design performs across the entire range of
effects considered credible, and therefore provide a more realistic measure of design
adequacy than traditional power calculations.

Regulatory guidance emphasises this type of design evaluation. Both the EMA re-
flection paper on adaptive designs and the FDA draft guidance state that extensive
simulation is required to justify that the trial preserves statistical integrity under a
range of plausible conditions. In practice, prior-predictive design evaluation can re-
veal whether a candidate design is overly conservative, overly aggressive, or sensitive
to sources of uncertainty such as accrual patterns, event rates, or delayed onset of
treatment effect.

5.6.2 Design Optimisation

Whereas evaluation assesses a single candidate design, optimisation searches across the
design space to identify configurations that best meet the trial’s objectives. The opti-
misation problem is naturally framed in terms of a utility function or set of constraints
that reflect stakeholder priorities—for example, maximising assurance, minimising ex-
pected sample size, or balancing the probabilities of early stopping for futility and
efficacy.

Several optimisation strategies are available. Grid search is conceptually simple but
can be inefficient when the design space is high dimensional. More sophisticated ap-
proaches, such as stochastic search, Gaussian process based Bayesian optimisation, or
adaptive regression models, allow efficient exploration of complex spaces in which op-
erating characteristics depend on nonlinear interactions between design elements. In
this context, elicited priors serve as the generative distribution for simulation, ensuring
that optimisation is anchored to plausible clinical scenarios rather than arbitrary fixed
effect sizes.

In confirmatory settings, optimisation must respect constraints required for regula-
tory wvalidity, including control of the Type I error rate, adequate power, and pre-
specification of the optimisation procedure itself. This is particularly important when
treatment effects may evolve over time or when delayed onset is possible. Optimisa-
tion helps identify designs that remain robust across such uncertainties, which cannot
be achieved by relying solely on point assumptions. By integrating prior knowledge
with simulation-based exploration, optimisation provides a transparent and rational
foundation for selecting adaptive design elements.
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5.6.3 Using PP as a Decision Rule

Predictive probability (PP) is a widely used framework for futility monitoring in adap-
tive clinical trials, particularly when early evidence may be inconclusive or when treat-
ment effects are expected to emerge gradually. Across a broad methodological liter-
ature, ranging from early Bayesian continuous-monitoring designs (Thall and Simon,
1994) to predictive frameworks for time to event endpoints (Lee and Liu, 2008; Saville
et al., 2014; Yi et al., 2012; Jiang et al., 2020), a coherent three step workflow has
emerged for operationalising PP based decisions:

1. selecting the timing of the PP analysis,
2. calibrating a futility threshold on the predictive scale,

3. validating the resulting rule through full simulation of operating characteristics.

Unlike conditional power or p-value rules, PP explicitly accounts for uncertainty in both
the model parameters and the unobserved future data, aligning interim monitoring with
the final analysis estimand.

5.6.3.1 Choosing the Timing of the PP Look

The timing of the PP analysis determines the amount of information available to
update the posterior predictive distribution. Very early analyses yield unstable PP
estimates, while late analyses allow limited opportunity for efficiency gains. Early
Bayesian monitoring frameworks (Thall and Simon, 1994) supported frequent looks,
whereas later work emphasised aligning interim timing with the expected emergence
of treatment effects, especially in settings with potential delays (Lee and Liu, 2008; Yi
et al., 2012; Jiang et al., 2020).

In confirmatory trials that combine Bayesian futility with frequentist efficacy monitor-
ing, a single mid-trial futility analysis is commonly preferred. To select an appropriate
timing, we can employ a simulation-based calibration strategy. For a grid of candidate
information fractions (e.g., 0.20-0.80), we simulate interim datasets from the prior pre-
dictive distribution, update the posterior, and compute the PP. An “informativeness”
metric,

P(PP < 0.1 or PP >0.9),

quantifies how often a given timing yields near-decisive evidence. This mirrors the
informativeness criterion in Alhussain and Oakley, 2020. In most settings, informa-
tion fractions around 40-60% strike an effective balance between reliability and early
stopping potential.
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5.6.3.2 Calibrating a Futility Threshold

Given a chosen interim timing, a futility threshold ¢ is required such that the trial
stops if
PP <ec.

Threshold calibration proceeds by simulating interim datasets under clinically relevant
scenarios (null, delayed-effect, immediate-effect). For each candidate ¢, we record how
often futility is declared incorrectly or correctly. Methods in Thall and Simon, 1994,
Lee and Liu, 2008, Saville et al., 2014, and Jiang et al., 2020 generally advocate values
in the range 5-20%, balancing false continuation with preservation of power.

5.6.3.3 Embedding PP Within a Group Sequential Efficacy Framework

In confirmatory settings, PP-based futility rules are typically combined with group
sequential designs (GSDs) for efficacy. The Bayesian component governs early stop-
ping for lack of benefit, while type I error control is maintained through pre-specified
spending functions. Because PP does not account for future efficacy looks within its
predictive distribution, the joint behaviour of futility and efficacy rules must be eval-
uated through forward simulation.

This hybrid Bayesian—frequentist structure is common in oncology (Yi et al., 2012;
Saville et al., 2014; Jiang et al., 2020). It is especially advantageous when treatment
effects may be delayed: the Bayesian component incorporates delayed-effect models into
the predictive distribution, while the frequentist GSD maintains regulatory familiarity.

5.6.4 Summary

Prior distributions provide a principled mechanism for embedding existing knowledge
and uncertainty into adaptive trial design. Whether used to evaluate candidate de-
signs, optimise adaptive configurations, or support interim decision-making, priors en-
able transparent and coherent planning. Their value is greatest when paired with
simulation-based evaluation, allowing realistic assessment across plausible scenarios.

5.7 Discussion

Adaptive designs provide a well-validated framework for improving the efficiency, eth-
ical conduct, and informativeness of clinical trials. By enabling early stopping for
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efficacy or futility, they can reduce expected sample size, limit unnecessary patient ex-
posure, and accelerate decision-making (Jennison and Turnbull, 2000; Proschan et al.,
2006). Their acceptance in regulatory guidance from the FDA and EMA underscores
their transition from innovative methodology to established practice in confirmatory
research (U.S. Food and Drug Administration, 2019; European Medicines Agency,
2007; Bothwell et al., 2018; Dimairo et al., 2015).

These advantages, however, are contingent on careful implementation. Adaptive de-
signs require rigorous pre-specification, extensive simulation studies, and close opera-
tional control (Gallo, Chuang-Stein, et al., 2006; Bauer and Kéhne, 1994). Reliable
real-time data capture, timely data cleaning, and well-trained data monitoring commit-
tees are essential to prevent operational bias and to maintain trial integrity (Quinlan
and Krams, 2006; Vandemeulebroecke, 2008). Practical challenges, such as delayed
outcomes, uneven accrual, and potential biases introduced by adaptation, remain ac-
tive areas of methodological development (Lehmacher and Wassmer, 1999).

Consequently, adaptive designs should be viewed as context-dependent tools rather
than default choices. They tend to deliver the greatest benefit when treatment-effect
uncertainty is substantial, when outcome timing permits meaningful interim analyses,
and when adequate logistical infrastructure is available (Chow, Chang, et al., 2005). In
settings where these conditions do not hold, the additional complexity may outweigh
gains in efficiency.

Overall, adaptive designs broaden the methodological options available for modern
clinical trials. Their responsible use requires balancing statistical rigour, operational
feasibility, and transparent reporting. The next chapter builds on this foundation by
examining how adaptive designs can support decision-making in trials where delayed
treatment effects may arise.
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Adaptive Clinical Trial Design with
1
Delayed Treatment Effects

6.1 Introduction

In Chapter 4, we examined assurance calculations for fixed clinical trial designs in the
presence of a delayed treatment effect (DTE). Chapter 5 introduced adaptive designs
as a framework for improving trial efficiency and ethical conduct through data-driven
modifications. Building on both chapters, the present chapter considers adaptive clin-
ical trial design when prior distributions have been elicited for key time-to-event pa-
rameters, including the control survival distribution, the duration of delay, and the
post-delay treatment effect.

As outlined in Chapter 5, adaptive designs offer clear operational and ethical advan-
tages. However, their application becomes substantially more challenging in settings
where treatment effects emerge only after an initial delay period. A substantial body of
literature shows that interim analyses can be severely biased when conducted too early,
either during periods in which the control and treatment groups have similar outcomes
or when the treatment effect has only just begun to develop. In such cases, interim test
statistics may be attenuated or may even favour the control arm (Li et al., 2021; Ghosh
et al., 2021), leading to violations of proportional hazards assumptions and reduced
power for conventional log rank based monitoring procedures. Empirical studies in
immuno-oncology further demonstrate that standard futility boundaries, particularly
those based on interim hazard ratio estimates evaluated at fixed information times, can
prematurely terminate trials with genuine but late emerging benefits, especially under

!The research presented in this chapter is currently under review at Pharmaceutical Statistics and
is available on arXiv.
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rapid accrual or longer delay periods (Korn and Freidlin, 2018; Wu et al., 2023). Con-
sequently, prevailing methodological guidance cautions against overly aggressive early
stopping in settings characterised by non proportional hazards and delayed separation
of survival curves.

In response to these concerns, several strategies that take the delay into account, have
been developed. A prominent recommendation, due to Korn and Freidlin, 2018, is that
futility analyses should only be undertaken once a substantial proportion of accrued
events arise after the anticipated delay period, and that stopping should be reserved
for clear evidence of underperformance. Their results suggest negligible loss of power
under delayed effects when interim looks are aligned with post-delay information, in
contrast to more aggressive hazard-ratio-based rules. Related methodological work
reinforces this principle: interim information time should reflect the accumulation of
informative (post-delay) events, either by explicitly delaying interim analyses (Wu et
al., 2023; Li et al., 2021) or by employing weighted test statistics that down-weight
early, non-informative failures.

Complementary approaches address non proportional hazards directly through modi-
fied interim and final test statistics. Weighted and combination log rank procedures,
including Fleming—Harrington weights, max combo tests, and maximin efficiency ro-
bust tests, have been shown to preserve power across a broad range of delayed effect
scenarios and have been successfully incorporated into group sequential frameworks
without compromising Type I error control (Prior, 2020; Ghosh et al., 2021). Event
driven monitoring strategies based on post delay events further reduce the risk of false
negative interim conclusions (Wu et al., 2023). Collectively, these developments high-
light the importance of careful specification of interim monitoring rules in settings
with delayed treatment effects, since failure to account explicitly for the delay can
lead to systematically misleading interim conclusions and materially altered operating
characteristics.

Motivated by these findings, we evaluate the futility rule proposed by Korn and Freidlin,
2018, which recommends performing futility assessments only once approximately two-
thirds of observed events have occurred beyond the expected delay time. We investigate
the behaviour of this rule under a range of scenarios to assess its robustness and identify
conditions under which it provides reliable guidance for decision-making.

The remainder of the chapter extends the adaptive methodologies introduced in Chap-
ter 5, specifically predictive probability (PP) and group sequential design (GSD), to
settings involving delayed treatment effects and parameter uncertainty informed by ex-
pert elicitation. We conclude with illustrative examples and demonstrate the software
tools implemented in the DTEAssurance package developed as part of this research.
By integrating elicited priors for delay related parameters directly into both PP and
GSD frameworks, this chapter provides the first formulation of predictive probability
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for adaptive survival designs with delayed treatment effects, enabling interim decision
rules that explicitly account for non proportional hazards.

6.2 Aims of the Chapter

The purpose of this chapter is to investigate how elicited prior distributions on key
time-to-event parameters can be incorporated into adaptive clinical trial design when
delayed treatment effects are anticipated. The specific objectives are:

e To evaluate an existing futility timing rule for interim analyses, examining its op-
erating characteristics under a range of delay scenarios and identifying conditions
under which the rule provides reliable guidance.

e To study Predictive Probability (PP) as a decision-theoretic framework for adap-
tive interim monitoring in the presence of delayed effects, with particular at-
tention to how prior uncertainty about delay duration and post-delay treatment
effect influences predictive assessments.

e To assess assurance for group sequential designs (GSDs) under elicited priors,
providing a pre-trial evaluation of power, early stopping probabilities, and overall
operating characteristics when non-proportional hazards are expected.

e To demonstrate the proposed method using the DTEAssurance R package and as-
sociated Shiny application, illustrating practical implementation and facilitating
reproducibility.

Through these objectives, the chapter aims to provide both methodological insight
and practical tools for adaptive design planning in the presence of delayed treatment
effects.

6.3 Investigation of the Korn-Freidlin Proposed Rule

Futility monitoring in time-to-event trials is particularly challenging when treatment
effects are expected to emerge only after a delay. Standard interim rules, such as the
Wieand rule (Wieand et al., 1994), implicitly assume proportional hazards and there-
fore risk stopping a trial prematurely if early follow-up contains little or no information
about the eventual treatment benefit. Motivated by this concern, Korn and Freidlin,
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2018 proposed a simple modification to the Wieand approach intended to guard against
inappropriate early futility decisions in settings such as immuno-oncology.

Their method introduces an additional information-timing requirement: an interim
analysis is conducted only if at least two-thirds of the observed events have occurred
more than three months after randomisation. The three-month threshold reflects em-
pirical observations that immunotherapy effects often manifest after several months
of treatment, though Korn and Freidlin, 2018 note that this value can be adapted to
reflect the expected delay in other disease and treatment contexts. By ensuring that
interim monitoring is based predominantly on post-delay events, the rule aims to re-
duce the risk of erroneously stopping a study during a period in which the treatment
effect is not yet expected to be detectable.

Despite its conceptual appeal and increasing practical interest, the operating charac-
teristics of this rule have been evaluated only in a narrow set of scenarios. In particular,
its performance under different recruitment patterns, baseline hazard functions, and
degrees of delayed treatment effect remains unclear. Moreover, it is not known whether
the rule is overly conservative in some settings or insufficiently protective in others.

In this section, we extend the investigation of Korn and Freidlin, 2018 by examining the
behaviour of the rule across a broader class of delay structures and design assumptions.
Our goal is to identify the conditions under which the rule provides reliable protection
against premature futility stopping, and to highlight situations where its use may lead
to undesirable operating characteristics or reduced efficiency.

6.3.1 Trial Setup and Monitoring Rules

The example considered by Korn and Freidlin, 2018 is a two-arm randomised superior-
ity trial enrolling 680 patients (340 per arm) uniformly over 34 months. The primary
analysis is based on a one-sided log-rank test at the 2.5% significance level, performed
once 512 events have accrued. Survival in the control arm follows an exponential distri-
bution with median 12 months, corresponding to a hazard rate A\. = log(2)/12. Under
proportional hazards with hazard ratio (HR) = 0.75, this design yields approximately
90% power.

Korn and Freidlin examined how early futility monitoring performs under a range
of survival patterns, reflecting proportional hazards, delayed separation, and cross-
ing hazards. Six generative mechanisms were considered, each evaluated under two
administrative follow-up durations (12 and 34 months), yielding 12 scenarios in total:

1. Proportional hazards: HR = 0.75 (beneficial)
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2. Proportional hazards: HR = 1.00 (null)

3. Proportional hazards: HR = 1.30 (harmful)

4. Delayed benefit: HR = 1.00 for 3 months, then HR = 0.693
5. Delayed benefit: HR = 1.00 for 6 months, then HR = 0.620

6. Crossing hazards: HR = 1.30 for 3 months, then HR = 0.628

Scenarios 4—6 were calibrated so that, despite their non-proportional hazard structures,
the trial maintained approximately 90% power under the assumed design parameters.
This ensures meaningful comparability with the proportional-hazards benchmark and
isolates the impact of delayed or crossing effects on futility monitoring performance.

For each scenario, four monitoring strategies were evaluated:

e No Interim Analysis: The trial proceeds directly to the final analysis at 512
events with no opportunity for early stopping.

e Wieand Rule: At 50% and 75% information (256 and 384 events), the trial
stops for futility if the observed hazard ratio satisfies HR > 1. i.e., if the interim
data indicate worse outcomes on treatment than control.

e O’Brien-Fleming [-spending Rule (Jennison and Turnbull, 2000): Non-
binding futility boundaries are applied at 33% and 67% information, correspond-
ing to Z-thresholds of 0.011 and 0.864 (approximately HR thresholds of 0.998
and 0.913). Crossing these boundaries triggers a futility recommendation.

e Proposed Rule (Korn—Freidlin): Interim analyses are planned at 50% and
75% information, but an analysis is carried out only if at least two-thirds of
the accumulated events have occurred more than 3 months after randomisation.
Once an interim look is triggered, futility is declared if the observed hazard ratio
satisfies HR > 1, mirroring the Wieand criterion but applied only after sufficient
post-delay information has accumulated.

Korn and Freidlin, 2018 found that conventional futility monitoring rules can substan-
tially reduce power in the presence of delayed treatment effects, particularly when ac-
crual is rapid. For the non-delay scenario under which the trial was designed, both the
Wieand rule and their proposed modification had negligible impact on power, whereas
the more aggressive O’'Brien—Fleming approach produced a modest but noticeable re-
duction. In settings where the treatment was ineffective, all futility rules reduced
expected sample size and trial duration as intended. However, under delayed-effect
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scenarios, including 3-month and 6-month delays as well as crossing hazards, the perfor-
mance of the standard monitoring rules deteriorated. With 34-month accrual, the Wie-
and rule produced small but non-trivial losses of power and the O’Brien—Fleming rule
performed poorly, whereas the proposed modification preserved power at essentially the
same level as a design with no interim monitoring. When accrual was compressed to 12
months, these issues became more pronounced: both Wieand and O’Brien—Fleming led
to unacceptable power loss, with O’Brien—Fleming performing especially badly under
crossing hazards. Across all delayed-effect scenarios and accrual patterns, the proposed
rule consistently maintained acceptable power while still enabling early stopping for
clearly ineffective or harmful treatments.

6.3.2 Investigation

We investigated whether the favourable operating characteristics reported by Korn and
Freidlin, 2018 persist more generally, and in particular whether there exist settings
in which the proposed rule behaves suboptimally. By construction, the triggering
condition for an interim analysis depends on the accrual rate, the baseline control
hazard, and the form of the treatment effect. Consequently, the proposed rule can
exhibit one of three behaviours:

1. Wieand: the two-thirds requirement is satisfied before 50% information, so in-
terim analyses occur as originally scheduled and the rule coincides with the stan-
dard Wieand approach;

2. Delayed Wieand: the requirement is met after 50% but before 100% informa-
tion, leading to delayed interim analyses;

3. No Interim Analysis (No IA): the requirement is never satisfied before the
final analysis, so no interim looks are conducted.

These three regimes imply simple bounds on the operating characteristics of the pro-
posed rule. Because it can never trigger an interim earlier than Wieand, and can never
delay an interim beyond a design with no interim monitoring, its performance with
respect to power, trial duration, and expected sample size must satisfy

No IA > Proposed > Wieand.

To illustrate these behaviours, Figure 6.1 displays the proportion of events occurring
more than 3 months after randomisation as a function of the total number of accrued
events under Scenario 1.

In Figure 6.1(a) (recruitment is 34 months), the two-thirds criterion is satisfied at
approximately 200 events, which occurs prior to the planned 50% information point

116



Chapter 6. Adaptive Clinical Trial Design with Delayed Treatment Effects

(256 events). In this setting, the proposed rule therefore coincides with the Wieand
approach, as the first interim analysis is triggered on schedule.

In contrast, in Figure 6.1(b) (recruitment is 12 months), the criterion is not met until
roughly 300 events, i.e., after the 50% information time but before the final analysis.
This configuration produces the “delayed Wieand” behaviour, with the first interim
analysis deferred until the triggering condition is achieved.

The earlier triggering under slower accrual is a direct consequence of follow-up distri-
bution: with extended recruitment, a larger proportion of enrolled participants have
exceeded 3 months of follow-up by the time the event count reaches a given thresh-
old, leading to more rapid accumulation of post-delay events. Under faster accrual,
follow-up is more compressed, and a smaller proportion of events arise after 3 months,
delaying the point at which the two-thirds requirement is satisfied.

Scenario 1, Recruitment: 34 months Scenario 1, Recruitment: 12 months
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Figure 6.1: Proportion of events occurring after 3 months versus total
events accrued under Scenario 1. (a) Recruitment is 34 months, (b) Re-
cruitment is 12 months. Dashed horizontal line indicates the 2/3 threshold.
Vertical lines denote information fractions (50%, 75% and 100%).

6.3.3 Robustness of the Proposed Rule

Korn and Freidlin, 2018 showed that, across the scenarios studied in their paper, the
proposed modification performs well: effective treatments are rarely stopped for futil-
ity, and scenarios with delayed benefit trigger appropriately postponed interim anal-
yses that avoid premature negative decisions. Our aim here is not to criticise their
rule, which behaves robustly in most practical settings, but rather to identify circum-
stances in which it may be suboptimal. Understanding these edge cases supports better
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decision-making for practitioners who may wish to tailor their monitoring strategy to
the expected delay structure and accrual characteristics of their own trial.

Earlier, we observed that the operating characteristics of the proposed rule are always
bounded between those of the Wieand rule and the no-interim-analysis (No IA) design.
This follows directly from the structure of the triggering mechanism: the proposed rule
can never lead to earlier interim analyses than Wieand, nor can it produce analyses later
than omitting interim monitoring entirely. Thus, the rule cannot fail catastrophically.
However, it can behave suboptimally in specific circumstances. We identify three
settings where this occurs:

A: False Stopping: An effective treatment is stopped for futility because early
data are misleading.

B: Excessive Delay: The triggering condition is satisfied only after the planned fi-
nal analysis, so interim futility monitoring never occurs, even when the treatment
is clearly ineffective or harmful.

C: False Continuation: Early favourable trends allow an ultimately ineffective
treatment to pass interim futility checks, leading to continued enrolment when
early stopping would have been desirable.

Although these behaviours arise only in particular regions of the parameter space, there
is no single configuration that uniquely induces them. In fact, many combinations of
delay lengths, hazard ratios, recruitment patterns, and follow-up durations can pro-
duce each of the three behaviours described above. To provide concrete illustrations,
Table 6.1 lists representative parameter sets that reliably generate each phenomenon
in simulation. These examples are not intended to be exhaustive; rather, they demon-
strate the types of conditions under which the proposed rule diverges meaningfully
from both the Wieand rule and the No—TA design.

Table 6.1: Parameters used to generate representative scenarios exhibiting
false stopping, excessive delay, and false continuation under the proposed
monitoring rule.

Scenario Recruitment Ac HR; HR,; Delay
A - Falsely Stopping 0 log(2)/18 1.3 0.65 6
B - Excessive Delay 34 log(2)/6 1.3 1.3 0
C - Falsely Continuing 12 log(2)/15 0.7 1.1 6
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6.3.3.1 Scenario A: Falsely Stopping

Scenario A arises under very rapid recruitment and an initially unfavourable treatment
effect. As shown in Table 6.1, the control hazard is relatively low (median 18 months),
recruitment is extremely fast, and the treatment effect is harmful for the first 6 months
before becoming beneficial thereafter.

Figure 6.2 illustrates why this configuration causes the proposed rule to collapse to the
Wieand rule. Figure 6.2(a) shows that the two-thirds post—three-months requirement
is satisfied at roughly 256 events (the planned 50% information point) so the timing
of interims is identical to Wieand. Figure 6.2(b) shows the underlying survival curves.
The treatment arm is worse than control during the first 6 months, after which it be-
comes beneficial; the curves cross at approximately 10 months. The first interim occurs
near this crossing point. Because all early data favour the control, the interim hazard
ratio is likely to exceed 1, increasing the chance of falsely declaring futility despite the
long-term benefit. Thus, even though the proposed rule is intended to protect against
premature stopping under delayed benefit, in this configuration it provides no such
safeguard.

Scenario A, Recruitment: 0 months
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Figure 6.2: Scenario A: False Stopping. (a) proportion of events
occurring after 8 months versus total accrued events, with the horizontal
dashed line marking the 2/3 threshold and vertical lines indicating planned
information fractions. The threshold is reached near 256 events, causing
the proposed rule to coincide with Wieand. (b) underlying survival curves
showing initial harm followed by delayed benefit. The first interim occurs
near the point at which the curves cross, making false futility stopping likely.
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6.3.3.2 Scenario B: Excessive Delay

Scenario B arises when the baseline hazard is high (median 6 months), meaning that
events accumulate much faster than follow-up time. Because patients experience events
early, only a small fraction of observed events exceed 3 months of follow-up, and the
two-thirds requirement is never met. The treatment arm is set to be consistently worse

than control purely to illustrate the consequences of this delayed triggering.

Figure 6.3 shows that the triggering condition is satisfied only at approximately 650
events, well beyond the 512 events required for the final analysis. Thus no interim
analysis is ever conducted under the proposed rule. Although the treatment is harmful,
the design behaves identically to the No TA case, missing an opportunity for early

stopping that both Wieand and O’Brien—Fleming would have enabled.

Scenario B, Recruitment: 34 months
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Figure 6.3: Scenario B: FExcessive Delay. (a) proportion of
post—three-month events versus total accrued events. The threshold is met
only after approzimately 650 events, far beyond the 100% information target
of 512 events. (b) survival curves showing consistent harm of the treatment.
Vertical lines indicate analysis times; all coincide near 32 months because
no interim is ever triggered.

6.3.3.3 Scenario C: Falsely Continuing

Scenario C arises when the early hazard ratio suggests benefit (HR < 1), but the
treatment effect worsens later and ultimately becomes harmful. Because early data
appear favourable, the interim hazard ratio does not exceed 1 at the first interim,
so the futility boundary is not crossed even though the long-term trend disfavors the

treatment.
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In this configuration, shown in Figure 6.4, the proposed rule coincides with the Wieand
rule; the triggering condition is satisfied before 50% information. The survival curves
show sustained early benefit, followed by degradation that makes the treatment arm
worse thereafter. The interim analysis occurs while the early benefit still dominates,
so the trial continues despite being unlikely to succeed at the final analysis. This
scenario illustrates that futility monitoring cannot protect against misleading early
over-performance.

Scenario C, Recruitment: 12 months
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Figure 6.4: Scenario C: False Continuation. (a) the triggering con-
dition 1is satisfied before 256 events, causing the proposed rule to match
Wieand. (b) survival curves showing early treatment benefit followed by
later harm. The first interim occurs while survival in the treatment arm
remains better than control, allowing an ultimately ineffective treatment to
pass the futility check.

6.3.3.4 Results

Table 6.2: Operating characteristics for failure mode scenarios

No Interim Analysis Wieand Approach O’Brien-Fleming Approach Proposed Approach
Scenario Power Duration SS Power Duration SS Power Duration SS Power Duration SS
A 0.674 42.2 680.0  0.453 27.7 680.0 0.0856 9.9 680.0 0.482 29.2 680.0
B 0 33.0 661.5 0 19.9 398.4 0 15.3 306.5 0 33.0 661.5
C 0.040 36.5 680.0  0.040 32.0 680.0  0.040 28.3 680.0 0.040 32.0 680.0

The numerical results in Table 6.2 highlight how the proposed rule behaves in concrete
terms and clarify the practical implications of the three failure scenarios.

6.3.3.4.1 Scenario A: False Stopping
Here the true treatment effect is beneficial, but early events disproportionately favour
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the control arm. Under the No IA design, power remains reasonably high (0.674), since
the trial runs to completion and long-term benefit is eventually observed.

Under the Wieand rule, power drops sharply to 0.453 because the interim hazard
ratio frequently exceeds 1, leading to premature futility stopping before the delayed
benefit can manifest. The proposed rule also loses power (0.482), but the reduction is
less severe: its triggering mechanism delays interim monitoring until more post-delay
events are available, partially mitigating the misleading early trend.

By contrast, the O’Brien—Fleming (S-spending) rule performs worst (power &~ 0.086)
because its aggressive early futility boundary makes it highly vulnerable when early
data suggest harm.

Interpretation: Scenario A shows that although the proposed rule offers partial protec-
tion against premature futility stopping, it cannot fully counteract strongly misleading
early data. Severe early imbalance will compromise any futility-monitoring strategy
that relies on early event information.

6.3.3.4.2 Scenario B: Excessive Delay

In this scenario, a large proportion of events occur before 3 months, meaning the “two-
thirds post—3-month” requirement is not met until after the planned final analysis.
Consequently, the proposed rule behaves identically to the No IA design, with power
= 0 and expected sample size ~ 662.

In contrast, both the Wieand and O’Brien—Fleming rules detect futility early (expected
sample sizes ~ 398 and 306, respectively), correctly terminating the ineffective trial.

Interpretation: Scenario B highlights the clearest vulnerability of the proposed rule:
when event times are predominantly early, the triggering condition suppresses futility
monitoring entirely, forfeiting the ethical and operational advantages of early stopping.

6.3.3.4.3 Scenario C: False Continuation

Here, early events happen to favour the treatment despite the true effect being null or
slightly harmful. All monitoring strategies exhibit similarly low power (= 0.04), since
the final analysis fails to reject the null. However, trial duration differs:

e O’Brien—Fleming stops earliest on average (28.3 months),
e Wieand and the proposed rule have moderate durations (both around 32 months),

e No IA runs longest (36.5 months).
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Interpretation: Scenario C shows that when early data are falsely optimistic, all rules
risk continuing an ineffective treatment. The expected duration patterns reflect the
aggressiveness of each futility boundary: O’Brien—Fleming stops earliest, while No TA
never terminates early. The proposed rule behaves similarly to Wieand, indicating that
its triggering mechanism does not improve robustness against misleadingly favourable
early data.

6.3.4 Discussion

The scenarios examined above are intentionally extreme and not expected to occur
frequently in practice. Their purpose is diagnostic: they show where the proposed rule
can behave poorly and why. This helps clarify the limits of the approach rather than
undermine its general usefulness.

Of the three cases, Scenario B is the most realistic and also the most concerning. When
event rates are high, many events occur before patients reach 3 months of follow-up, so
the two-thirds condition may never be met. As a result, the proposed rule can fail to
trigger any futility analysis, even when the treatment is clearly ineffective or harmful.
Because the main aim of futility monitoring is to stop such trials early, missing the
opportunity to conduct an interim undermines the purpose of having one.

These results show that the behaviour of the rule depends strongly on accrual rate,
baseline hazards, and the expected delay. Designers should therefore assess in advance
whether the rule behaves like a standard futility rule, produces delayed interim anal-
yses, or suppresses interim analyses altogether. This assessment can be conducted
through routine simulation or by incorporating prior knowledge, for example about
control survival or the expected treatment delay, into elicitation exercises.

Future work could consider alternative thresholds, different time cut-offs, or hybrid
approaches that ensure at least one futility look while still accounting for delayed
effects. Ultimately, the suitability of the proposed rule depends on the trial setting
and the importance placed on avoiding premature futility decisions versus ensuring
timely identification of lack of benefit.

Although the Korn—Freidlin modification offers a pragmatic safeguard against pre-
mature futility stopping, the investigation above shows that its behaviour depends
sensitively on accrual patterns, the baseline event rate, and the shape of the delayed
effect. In most realistic settings the rule behaves as intended, but its performance can
degrade in edge cases where the proportion of post-delay events is difficult to predict
or control. Importantly, the rule treats the timing of the delay as fixed and known, and
therefore cannot adapt dynamically when the observed data suggest that the onset of
benefit may occur earlier or later than anticipated.

123



Chapter 6. Adaptive Clinical Trial Design with Delayed Treatment Effects

These limitations highlight the need for a more flexible approach to interim monitor-
ing—one that can incorporate uncertainty about both the magnitude and timing of the
treatment effect and update its predictions as interim data accrue. Predictive prob-
ability provides exactly this capability. By integrating the elicited prior distributions
for the control hazard, the delay duration, and the post-delay treatment effect with
the observed interim dataset, PP yields a model-based assessment of the probability of
eventual success under the delayed-effect structure. This motivates the transition from
rule-based futility timing to predictive monitoring within an adaptive design frame-
work.

6.4 Predictive Probability with Delayed Treatment
Effects

As introduced in Section 5.3.2, Predictive Probability (PP) provides a model-based
framework for interim decision-making, but its application requires explicit specifica-
tion of the data-generating process for both the observed and future outcomes. In the
presence of delayed treatment effects, this step becomes non-standard: the likelihood
must accommodate a piecewise treatment hazard, and the predictive simulations must
account, for uncertainty in both the magnitude and timing of the delayed effect. This
section develops the extension of PP to delayed-effect survival models.

At an interim analysis, the elicited priors for the control hazard, the post-delay treat-
ment effect, and the delay time are updated using the observed data to obtain the joint
posterior distribution. Posterior draws are then propagated forward to simulate the
unobserved follow-up, construct the hypothetical final analysis, and evaluate the pre-
specified success criterion. Averaging these indicators yields the PP—the probability
of ultimately achieving the primary endpoint conditional on the interim information.

To implement this procedure, we formulate explicit likelihoods for the delayed-effect
models. As in Chapter 4, we consider exponential and Weibull control hazards with a
piecewise treatment hazard to represent the delay. These likelihoods, combined with
the elicited priors, permit posterior computation via MCMC and form the basis of the
predictive probability calculations.

6.4.1 Likelihood

For patient 7, let z; denote the observed follow-up time, y; € {0, 1} the event indicator,
and z; € {0,1} the treatment indicator. Under a delayed treatment effect with delay
duration 7, treated patients contribute either through the pre-delay or post-delay haz-
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ard depending on whether x; < 7 or z; > 7. For censored observations (y; = 0), only
the cumulative hazard contributes.

Define the index sets

C:{iZZiZO}, SST:{iZZizl,xiST}, €>T:{i:zi:1,x¢>7}.

6.4.1.1 Exponential Model

Under the exponential model (Section 4.4.1), the control hazard is h.(t) = A.. After
the delay, the treatment hazard is scaled by a constant hazard ratio,

he(t) = A HR", t>T.

For patients in C U €<, the hazard is A, throughout, giving
L; = Niexp(—Aex;).
For patients in &, the cumulative hazard splits into a A, segment of length 7 and a
post-delay segment of length z; — 7:
Hi(x;) = AT + AHR (2, — 7),
and their likelihood contribution is

L; = (A\HR™)¥ exp[— A — AHR (2; — 7).

Let 6 = (A\., HR*, 7). The full likelihood is

£O D)= ] exp(=Axi) [ [(AHR)Y exp(—Am — AHR" (2; — 7))] .

i€CUE, i€ES+

For computation and optimisation, inference is performed using the log-likelihood,
which converts products into sums and improves numerical stability. This is given in
Appendix A.3.

6.4.1.2 Weibull Model

Under the Weibull specification (Chapter 4), the control-arm hazard, cumulative haz-
ard, and survival functions are

hc(t) = VcAzct%_la Hc(t) = (/\ct)%a Sc<t> = eXp{_(Act)%}'
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We adopt the common-shape assumption v, = 7., so that the post-delay treatment
effect can be expressed as a constant hazard ratio:

he(t) = HR*ho(t),  t>1.

For all i € C U &<, the likelihood contribution is
L= (%/\ZC:L'ZC_I)% exp(—(Aex;) ).
For i € £, the cumulative hazard decomposes into a pre-delay segment plus a post-
delay segment scaled by HR™:
H;(x;) = H.(7) + HR” [HC([Ei) — HC(T)} = (A7) + HR*(()\C:Ei)% — ()\CT)%).
The likelihood contribution is therefore

L = (HR*y A2 )" exp [~ (A7) — HR*((Aei)™ — (Ae7)™)] .

Let 8 = (A, 7., HR", 7) denote the parameter vector. The full likelihood is

£@|D)= JI [Gerrar )" exp(=(a)™)]

iECUgsT

x T [R eAza7 ™) exp(— (Ar) = HRY (Ai)™ = (Ar))) |

i€g>7

As with the exponential model, inference proceeds using the log-likelihood, given in
Appendix A.3.

6.4.2 Posterior Updating Under Delayed Treatment Effects

Given the likelihood expressions defined above, Bayesian updating proceeds by com-
bining the likelihood with prior distributions on all model parameters, including the
delay time 7. Let p(@) and p(@ | D) denote the prior and posterior densities for the
parameter vector €. At the interim analysis, the posterior is

p(0 | Din) o< L(6 | Dint) p(6),
where Dy, denotes the event and censoring times observed up to the interim look.
Under the exponential delayed—effect model, the parameter vector is

0 = (\.,HR", 7).
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Under the Weibull specification, the parameter vector additionally includes the shape

parameter,
0 = (\;, 7., HR", 7).

Posterior inference is obtained by sampling from p(0 | Dy ) using rjags (Plummer,
2025). The full JAGS model specifications for both the exponential and Weibull cases
are provided in Appendix B.

At MCMC iteration m, the draw

9™ — (AL A HR™ 7MY op  (\0M) FRA0M | £0m)

C

(for the Weibull and exponential models, respectively) fully determines the correspond-
ing piecewise hazard and cumulative hazard functions for both treatment arms.

Convergence is assessed using standard diagnostics—trace plots, effective sample sizes,
and the R statistic. The resulting posterior sample,

0™ :m=1,... M},

provides the basis for the predictive probability calculations described in the next
section.

6.4.3 Calculating PP with Delayed Treatment Effects

Following posterior updating at the interim analysis, the goal is to quantify the prob-
ability that the final analysis will reject Hy, accounting for uncertainty in both the
model parameters and all future unobserved outcomes. Let @ denote the full parame-
ter vector and D the unobserved survival and censoring outcomes between the interim
and final analyses.

Unlike standard proportional-hazards settings, computing PP under delayed treatment
effects is non-trivial. At interim, patients belong to distinct risk-set categories, each
governed by different hazard functions depending on treatment assignment and accu-
mulated follow-up relative to the delay time 7:

patients not yet enrolled (both arms);

censored control patients;

censored treated patients in the pre-delay region (x; < 7);

censored treated patients in the post-delay region (z; > 7);
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e patients who have already experienced the event.

This heterogeneity in data-generating mechanisms is what makes predictive calcula-
tions under delayed effects substantially more complex than in models with propor-
tional hazards. Conditional on a posterior draw 8™ future event times are simulated
for all patients at risk — including both those already enrolled and those yet to be
recruited — using the appropriate piecewise hazard structure, with administrative cen-
soring enforced by the trial calendar. Explicit simulation formulae for the exponential
and Weibull cases are given in Appendix A.4. The full computational procedure is
formalised in Algorithm 7.
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Algorithm 7 Predictive probability futility rule simulation under delayed treatment
effects

1: Inputs: Per-arm sample sizes n.,n.; data generating mechanism G; maximum
events FE; information fraction for interim F}; futility threshold PP ;,; efficacy
boundary b; final efficacy boundary bgp.; recruitment model R; censoring model
C; number of posterior draws M; number of replicates N

2: fori=1,...,N do

3: Generate control and treatment event times from G

4: Apply recruitment model R to obtain calendar entry times

5: Determine calendar time Ep; at which | F}E| events have occurred

6: Apply censoring model C at Er; to form interim dataset Diy ;

7: Compute interim test statistic Z;

8: if Z;; > b then

9: Set U; = 1 and continue > Stop for efficacy
10: else

11: form=1,...,M do

12: Draw 0™ ~ p(0 | Diys) via MCMC

13: Simulate future event times D from p(D | 8™), applying treatment-

specific and delay-dependent hazards

14: Form completed dataset Djy; U D™ and perform final analysis A

15: Set 1™ = 1(analysis successful)

16: end for -

17: Compute PP; = & Z%zl I

18: if PP; < PP, then

19: Set U; =0 > Stop for futility
20: else
21: Proceed to final analysis and set U; = 1(Z; final > binal)
22: end if
23: end if
24: end for

25: Estimate probability of success, where R denotes the event of a successful analysis:

R 1 &
P(R):NZU"
=1

This Monte Carlo estimator converges almost surely to the true predictive probability
as M — oo. In practice, M in the range 1,000-10,000 yields adequate numerical
stability for interim decision-making.
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6.5 Group Sequential Designs with Delayed Treat-
ment Effects

As introduced in Section 5.4, group sequential designs provide a framework for in-
terim decision-making based on accumulating event data. However, their standard
formulation assumes proportional hazards, and the operating characteristics of interim
monitoring rules are typically derived analytically or via simulation under this assump-
tion. In the presence of delayed treatment effects, the data-generating mechanism is
more complex and analytical evaluation is no longer tractable. This section develops
the extension of the group sequential simulation framework to delayed-effect survival
models.

A key challenge in applying group sequential methods to delayed-effect settings is the
risk of premature futility stopping. Standard boundaries are calibrated under the
assumption that the treatment effect is present from the outset, so that interim test
statistics carry meaningful information about the eventual treatment benefit. When
the treatment effect is delayed, however, early interim data are dominated by events
from the pre-delay period, during which the treatment and control hazards are equal.
Interim test statistics computed at this stage may be attenuated or may even favour the
control arm (Li et al., 2021; Ghosh et al., 2021), and standard futility boundaries may
therefore recommend stopping a trial that would ultimately be successful if allowed to
continue (Korn and Freidlin, 2018; Wu et al., 2023).

A related complication concerns the interpretation of information fraction. In standard
group sequential designs, information fraction is defined as the ratio of accumulated
events to the planned maximum, and the log-rank statistic is known to follow an asymp-
totic normal distribution with variance proportional to the information fraction. Under
delayed treatment effects, this relationship no longer holds exactly: early events carry
less information about the treatment effect than later events, so equal increments in
the number of events do not correspond to equal increments in statistical information
(Wu et al., 2023; Li et al., 2021). This non-uniform information accrual further compli-
cates the calibration of interim boundaries and reinforces the need for simulation-based
evaluation of operating characteristics.

At each interim analysis, the observed data are used to compute a test statistic based
on the accumulated events to date. This statistic is then compared against pre-specified
efficacy and futility boundaries: if it exceeds the efficacy boundary the trial stops for
success, if it falls below the futility boundary the trial stops for futility, and otherwise
the trial continues to the next look. Under delayed treatment effects, the data generated
between interim looks follow a piecewise hazard structure that depends on treatment
assignment and accumulated follow-up relative to the delay time 7, requiring simulation
to evaluate operating characteristics. The full computational procedure is formalised
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in Algorithm 8.

Algorithm 8 Group sequential design simulation under delayed treatment effects

1: Inputs: Per-arm sample sizes n.., n.; priors 7(0.), 7(7), m(HR"); separation prob-

ability Ps; delayed-effect probability Pprg; maximum events F; information frac-
tions F,..., Fp; futility boundaries aq,...,ar; efficacy boundaries by,...,by; re-
cruitment model R; censoring model C; primary analysis A; number of replicates

2: fori=1,...,N do

3: Sample 6.; ~ 7(6.)

4: if u ~ Uniform(0,1) > Ps then

5: Set 7, =0 and HR; =1 > No treatment effect
6 else if u ~ Uniform(0,1) < Pprg then

7 Sample 7; ~ 7(7) and HR} ~ 7(HR") > Delayed treatment effect
8 else

9: Set 7; = 0 and sample HR] ~ w(HR™) > Immediate treatment effect
10: end if

11: Generate control and treatment event times using 6., 7;, HR;

12: Apply recruitment model R to obtain calendar entry times

13: for j=1,...,L do

14: Determine calendar time E7; at which | F;E| events have occurred

15: Apply censoring model C at Er;

16: Compute interim test statistic Z; ;

17: if Z,; < a; then

18: Set U; = 0 and break > Stop for futility
19: else if Z;; > b; then
20: Set U; = 1 and break > Stop for efficacy
21: end if
22: end for
23: if trial did not stop early then
24: Set U; = 1(Z; 1 > br) > Final analysis
25: end if
26: end for

27: Estimate probability of success, where R denotes the event of a successful analysis:
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6.6 Example

The methods developed in this chapter provide the foundation for constructing adap-
tive designs in settings where treatment effects may emerge only after an initial delay.
To illustrate how these components operate in practice, we now apply the framework
to the exponential example introduced in Section 4.7.1. This worked example demon-
strates how elicited priors feed into the posterior and predictive modelling, how interim
timing and futility thresholds may be calibrated, and how the resulting adaptive design
behaves under both fixed-effect and prior-predictive evaluations.

We consider a two-arm randomised superiority trial with uniform recruitment over a 24-
month accrual period, 1:1 allocation, and overall survival (OS) as the primary endpoint.
The confirmatory analysis is a one-sided log-rank test at the 2.5% significance level.
Under the fixed design, this corresponds to a single final analysis at the planned number
of events. In the adaptive designs explored below, the same inferential threshold is
incorporated into a group-sequential framework, with efficacy boundaries calibrated to
preserve the overall type I error rate across interim and final analyses.

For completeness, we restate the elicited prior distributions introduced in Section 4.7.1.
The control-arm hazard rate . is modelled via a meta-analytic predictive prior, ap-
proximated by a Gamma(14.2, 181) distribution. The prior probability of the survival
curves separating is Ps = 0.9, and the prior probability that a delayed effect exists is
Ppre = 0.8. Conditional on a delay, the onset time follows

7 ~ Gamma(7.29, 1.76),
and the post-delay hazard ratio is assigned

HR* ~ Gamma(29.6, 47.8).

These priors induce uncertainty not only about the magnitude of the treatment effect
but also about its timing, and therefore play a central role in shaping the posterior dis-
tribution at interim and the predictive probability of ultimate success. In the following
subsections, we show how these elicited components are integrated into (i) posterior
updating at the interim analysis, (ii) simulation-based calibration of the PP futility
threshold, and (iii) full forward simulation to evaluate the design’s operating charac-
teristics.

6.6.1 No Interim Analysis

We begin by examining the fixed design with no interim monitoring. This serves
as a baseline against which the impact of introducing adaptive decision rules can be
assessed.
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Under the assumed recruitment schedule and event dynamics, a total of 400 patients
per arm are enrolled, and the final log-rank analysis is conducted once 650 events
have accrued. Evaluated under the prior predictive distribution, the probability of
ultimately rejecting the null hypothesis is approximately 80% (up to Monte Carlo
error). Because no interim analyses are performed, the sample size remains fixed at
800 patients and the mean trial duration is approximately 42 months.

These operating characteristics provide a reference point for interpreting the adaptive
designs that follow, allowing direct comparison of how interim futility monitoring affects
power, expected sample size, and trial duration.

6.6.2 Adaptive Design Using Predictive Probability

Having established the baseline fixed design, we now consider an adaptive alternative
in which a single interim futility analysis is based on the predictive probability (PP)
of eventual success. Control of the one-sided Type I error rate at 2.5% is maintained
through a group sequential efficacy boundary, yielding a hybrid Bayesian—frequentist
monitoring strategy.

Construction of this adaptive design follows the three-step workflow described in Sec-
tion 5.6.3:

1. Selecting the timing of the PP interim analysis, ensuring sufficient infor-
mation to produce a stable predictive probability while retaining the potential
for meaningful efficiency gains;

2. Calibrating a PP-based futility threshold that balances early stopping for
unpromising scenarios against preservation of power when treatment effects are
plausible; and

3. Evaluating the complete design, embedding both the PP futility rule and
group sequential efficacy monitoring, across a range of clinically relevant data-
generating mechanisms.

This framework ensures that futility decisions incorporate uncertainty about delayed
treatment effects, while efficacy decisions retain the familiar frequentist error control
required in confirmatory settings.

133



Chapter 6. Adaptive Clinical Trial Design with Delayed Treatment Effects

6.6.2.1 Step 1: Choosing the Timing of the PP Look

Candidate information fractions between 0.20 and 0.80 (in increments of 0.10) were
evaluated following the procedure in Section 5.6.3.1. For each candidate timing, interim
datasets were generated from the prior predictive distribution under the delayed—effect
model, the posterior was updated, and the predictive probability (PP) of ultimate
success was computed.

Figure 6.5 shows histograms of the PP values at selected information fractions. Early
analyses (e.g. [F = 0.20) yield PP distributions concentrated near 0.5, reflecting the
limited information available when few events have accrued. Mid-trial analyses (IF
= 0.40-0.60) exhibit more U-shaped distributions with increasing mass near 0 and
1, indicating meaningful discriminatory ability. Very late looks (IF = 0.70-0.80) are
highly informative but occur after most recruitment has completed, reducing their
operational value.

PP Distribution at IF = 0.2 PP Distribution at IF = 0.4

r T T T T 1 r T
0.0 02 04 06 08 1.0 0.0 02 04 06 08 10

Predictive Probability Predictive Probability

PP Distribution at IF = 0.6 PP Distribution at IF = 0.8
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20
20

s
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Predictive Probability Predictive Probability

Figure 6.5: Histograms of the predictive probability (PP) at selected in-
formation fractions (IF = 0.20, 0.40, 0.60, 0.80). Early looks provide weak
discrimination, whereas mid-trial looks yield substantially more informative
PP distributions.

To quantify informativeness, we computed
P(PP < 0.10 or PP > 0.90),
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the probability that the interim analysis yields a near-certain futility or success decision.
Table 6.3 summarises this metric and the corresponding expected calendar times.

Table 6.3: Informativeness of the predictive probability (PP) at candidate
information fractions. Informativeness increases sharply between IF = 0.30
and 0.60, after which gains are marginal and operational value decreases.

Information Fraction (IF) 0.20 0.30 0.40 0.50 0.60 0.70 0.80

Informativeness 0.36 0.50 0.61 0.69 0.73 0.82 0.88
Interim Time (months) 12.2 155 18.6 21.3 242 27.2 309

Taken together, the results indicate that information fractions in the range 0.40-0.60
offer the best compromise between statistical discrimination and the opportunity for
meaningful early stopping. We therefore select a single PP futility look at IF = 0.50.

6.6.2.2 Step 2: Calibration of the PP Futility Threshold

With the interim timing fixed at IF = 0.50, we calibrated the futility threshold c
following the procedure in Section 5.6.3.2. To characterise the behaviour of the predic-
tive probability (PP) under different treatment-effect assumptions, we simulated 2,000
interim datasets under three scenarios:

1. Null scenario: no treatment effect.
2. Fixed-delay alternative: 4-month delay, then post-delay HR = 0.6.

3. Immediate-effect alternative: proportional hazards with HR = 0.6.

For each dataset, posterior updating was performed and the PP of success at the final
analysis was computed. Figure 6.6 displays the resulting PP distributions. Under the
null, PP values are concentrated near zero; under both alternative scenarios, PP values
cluster strongly near one, with the fixed-delay case exhibiting a slightly longer lower
tail due to the attenuated early effect.

To inform threshold selection, Table 6.4 reports Pr(PP < ¢) for a range of candidate
cutoffs. Under the null scenario, the probability of crossing a futility threshold rises
sharply with ¢ (e.g. 56% at ¢ = 0.05, 78% at ¢ = 0.20, 85% at ¢ = 0.30). In contrast,
both alternative scenarios show extremely low probabilities of incorrectly crossing the
futility boundary: below 0.3% for the fixed-delay case and effectively zero for the
immediate-effect case for ¢ < 0.25.
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Figure 6.6: Predictive probability (PP) at the interim analysis (IF =
0.50) under the null, fived-delay, and immediate-effect scenarios. The null
scenario yields PP values near zero, while both alternatives are concentrated
near one, showing clear separation across clinically relevant settings.

These results indicate that thresholds in the range ¢ € [0.15,0.25] effectively discrim-

inate between null and alternative scenarios. We selected ¢ = 0.20 as a conservative

yet efficient choice: it stops approximately 78% of null trials while maintaining a false-
futility rate below 0.3% for the fixed-delay alternative and 0% for the immediate-effect
scenario.

Overall, the strong separation of PP distributions across scenarios highlights the suit-
ability of predictive probability as a futility criterion, even when the treatment effect
may be delayed.

6.6.2.3 Step 3: Evaluation of the Full Adaptive Design

With the interim timing fixed at IF = 0.50 and the futility threshold set to ¢ = 0.20,
we evaluated the full adaptive design under four data-generating scenarios:

1. S1 (Null): no treatment effect.

2. S2 (Immediate alternative): proportional hazards with HR = 0.6.

3. S3 (Delayed alternative): 4-month delay followed by HR = 0.6.
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Table 6.4: Estimated Pr(PP < ¢) at the interim analysis (IF = 0.50)
under each scenario, based on 2,000 simulations.

Threshold ¢ Null Fixed-delay No-delay

0.05 0.5615 0.0005 0.0000
0.10 0.6665 0.0015 0.0000
0.15 0.7450 0.0025 0.0000
0.20 0.7780 0.0025 0.0000
0.25 0.8225 0.0045 0.0000
0.30 0.8495 0.0055 0.0000
0.35 0.8770 0.0085 0.0000
0.40 0.8860 0.0110 0.0005
0.45 0.9070 0.0155 0.0010
0.50 0.9235 0.0180 0.0010

4. S4 (Prior predictive mixture): uncertainty integrated over the elicited prior
distributions.

These scenarios span both fixed effect assumptions (S1-S3) and the uncertainty struc-
ture implied by the elicitation (S4). In practice, a comprehensive design exercise would
explore a broader range of hazard ratios, delay distributions, and recruitment patterns;
however, the four scenarios considered here capture the principal operating regimes rel-
evant to delayed-onset survival studies. We compared four monitoring strategies:

e D1: Fixed design with no interim monitoring.

e D2: Group sequential design (GSD) with a single efficacy look at I[F = 0.75.
A one-sided a = 0.025 spending function allocates 0.0125 at the interim look and
0.025 at the final analysis, giving efficacy boundaries

Z > 2241 (interim), Z >2.047 (final).

e D3: Hybrid PP-GSD design. Uses the same efficacy boundaries as D2,
supplemented with the predictive-probability futility rule

stop for futility at IF = 0.50 if PP < 0.20.

e D4: o- and (-spending GSD. The a-spending matches D2. A S-spending
function allocates 0.05 at IF = 0.50 and 0.10 at the final analysis, implying a
non-binding futility boundary

Z < 0.757 (interim).
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The operating characteristics of each design were evaluated via Monte Carlo simulation
using Algorithms 5, 8, and 7 for D1, D2/D4, and D3 respectively. For scenarios S1—
S3, the prior sampling steps in each algorithm are replaced by fixed parameter values
corresponding to the assumed data-generating mechanism.

For each design—scenario combination, we simulated 100,000 Monte Carlo replications
to estimate:

P(reject Hy), which corresponds to type I error (under S1), power (under S2-S3)
or assurance (under S4),

probabilities of early stopping for efficacy and futility,

expected sample size, and

expected trial duration.

Table 6.5 summarises the resulting operating characteristics.

6.6.2.4 Results

The operating characteristics for all design—scenario combinations are presented in
Table 6.5. Several clear patterns emerge.

6.6.2.4.1 Scenario S1

Both adaptive designs with futility monitoring (D3 and D4) deliver substantial effi-
ciency gains relative to designs without futility (D1 and D2). Design D3 stops 84%
of trials at the interim look and reduces the expected sample size to 686 participants,
whereas D4 stops 79% with an expected sample size of 694. These reductions trans-
late into markedly shorter expected durations (22-23 months). The small differences
between D3 and D4 reflect the differing calibration principles: D3’s PP-based rule is
tuned to minimise false-futility under plausible alternatives, while D4’s S-spending rule
targets overall Type II error. The type I error remains close to nominal for all designs.

6.6.2.4.2 Scenario S2

Under a clinically meaningful delayed benefit, D1 and D2 achieve the highest power
(0.991 and 0.988 respectively), with D2 also enabling early efficacy stopping in 81.6% of
trials, substantially reducing expected duration from 40.6 to 30.3 months. D3 maintains
high power (0.969) with a very low false-futility probability of 0.023, confirming that
the predictive probability rule is appropriately conservative when the treatment effect
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Table 6.5: Operating characteristics of the four monitoring strategies (D1:
no interim analysis; D2: GSD efficacy-only; D3: GSD with predictive prob-
ability futility; D4: GSD with B-spending futility) under the four data-
generating scenarios S1-S4. Estimates are based on 100,000 simulated tri-
als. P(Early Fut.) is not applicable for D2 as it does not include a futility
stopping rule. ESS denotes expected sample size; duration is reported in

months.

Scenario Design P(Reject Hy) P(Early Fut.) P(Early Eff.) ESS Duration

S1: Null D1 0.025 — — 800.0 35.5
D2 0.025 — 0.012 800.0 35.4
D3 0.021 0.837 0.012 686.4 22.3
D4 0.023 0.786 0.012 693.5 23.1

S2: 4-month delay, then HR = 0.6 D1 0.991 — — 800.0 40.6
D2 0.988 — 0.816 800.0 30.3
D3 0.969 0.023 0.813 797.6 29.9
D4 0.914 0.083 0.801 7914 28.8

S3: HR = 0.6 D1 1.000 — — 800.0 42.1
D2 1.000 1.000 800.0 29.2
D3 1.000 0.000 1.000 800.0 29.2
D4 1.000 0.000 1.000 800.0 29.2

S4: Elicited Priors D1 0.801 800.0 42.0
D2 0.793 — 0.652 799.3 32.7
D3 0.750 0.196 0.646 772.0 29.5
D4 0.740 0.205 0.645 773.6 29.2

is present but delayed. By contrast, D4 is considerably more prone to false futility
(0.083), reducing power to 0.914 despite similar early efficacy stopping behaviour. This
highlights a key vulnerability of [-spending futility in delayed-effect settings: when
early interim data do not yet reflect the true treatment benefit, the nominal Type II
error allocation can be overly aggressive, leading to premature trial termination.

6.6.2.4.3 Scenario S3

When the treatment effect is strong and present from time zero, all designs achieve
essentially full power. Designs D2-D4 produce nearly identical early stopping patterns
and operational metrics, reflecting the fact that the signal is sufficiently pronounced for
both predictive and spending-based futility rules to permit continuation. Unsurpris-
ingly, efficiency gains relative to D1 arise entirely from early efficacy stopping rather
than futility.

6.6.2.4.4 Scenario S4
When performance is averaged over the elicited uncertainty, both futility rules reduce

the prior predictive probability of success relative to designs without futility monitor-
ing (0.750 for D3 and 0.740 for D4, compared with 0.801 for D1 and 0.793 for D2).
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This behaviour is expected: the prior assigns non-negligible mass to weak or moder-
ately delayed effects, under which the predictive probability or S-spending rules may
recommend stopping for futility. D3 yields an expected sample size of 772 and ex-
pected duration of 29.5 months, while D4 yields similar values of 774 and 29.2 months
respectively.

A limitation of reporting only the prior predictive probability of success is that it does
not distinguish between trials that correctly reject Hy when the treatment is genuinely
effective and those that incorrectly reject Hy when it is not. To address this, we define
a minimum clinically important difference (MCID) as a threshold on the post-delay
hazard ratio HR*: a trial outcome is classified as a correct decision if the trial rejects H
when the sampled HR* < MCID (true positive) or fails to reject Hy when the sampled
HR* > MCID (true negative). Since the true data-generating mechanism is known
at each simulation replicate under S4, this classification is well-defined. Table 6.6

reports the proportion of correct decisions across a range of clinically plausible MCID
thresholds.

Table 6.6: Proportion of correct decisions under Scenario Sj (elicited
priors) for each monitoring strategy across a range of MCID thresholds. A
correct decision is defined as rejecting Hy when the sampled HR* < MCID
and failing to reject Hy when HR* > MCID.

MCID D1 D2 D3 D4

0.70 0.842 0.843 0.827 0.816
0.75 0.898 0.895 0.866 0.854
0.80 0.915 0.909 0.872 0.860
0.85 0.913 0.906 0.865 0.854
0.90 0.905 0.897 0.855 0.844

All designs achieve their highest correct decision rates at MCID values between 0.80
and 0.85, slightly above the designed hazard ratio of 0.75. Designs D1 and D2 perform
similarly throughout, achieving a peak of approximately 91%, while D3 and D4 are
somewhat lower, peaking at around 87% and 86% respectively. The reduction in correct
decisions for D3 and D4 relative to D1 and D2 reflects the additional risk of false futility
stopping when the true treatment effect is present but modest or delayed. Notably, D3
consistently outperforms D4 across all MCID thresholds, suggesting that the predictive
probability futility rule makes marginally better decisions than the [S-spending rule
when evaluated against the elicited prior.

6.6.2.4.5 Summary
The simulation results confirm that the decisions made in Steps 1-2—namely, selecting
IF = 0.50 for the futility look and calibrating the PP threshold to ¢ = 0.20—produce
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the intended operating characteristics: (i) substantial efficiency gains under the null,
(ii) strong preservation of power under both delayed and immediate alternatives, and
(iii) behaviour under the prior predictive mixture that faithfully reflects the distribution
of plausible treatment effects. The comparison with D4 also underscores the advantage
of a model-based PP rule in delayed-effect settings, where calendar-time spending rules
may misrepresent the evidential content of the interim data.

6.6.3 Summary of the Example

This example illustrates how the three development steps of timing selection, threshold
calibration, and evaluation across multiple scenarios combine to yield a coherent and
operationally attractive adaptive monitoring strategy. Several broader themes emerge
that help explain the practical value of predictive probability futility rules in time to
event settings with possible non proportional hazards.

A central finding is the substantial efficiency gain under the null. Because the predictive
distribution for success rapidly concentrates near zero when no treatment effect is
present, most null trials terminate early, substantially reducing expected sample size
and duration. These gains arise without compromising type I error control at the final
analysis, reflecting the deliberate calibration of the PP threshold: conservative enough
to avoid spurious futility stopping under modest early fluctuations, yet sufficiently
aggressive to curtail unproductive trials when posterior evidence consistently disfavors
benefit.

Equally important is the behaviour under delayed treatment effects. The design rarely
stops effective treatments prematurely, even when early survival curves exhibit little
separation. This robustness stems from the structure of the predictive calculation,
which integrates uncertainty about both the magnitude and timing of the treatment
effect and projects forward the anticipated accumulation of future events. As a result,
the PP naturally accommodates delayed-onset benefit in a way that interim criteria
based on proportional-hazards extrapolation cannot.

The comparison with the g-spending rule highlights the practical implications of these
modelling differences. Although both approaches improve efficiency under the null,
the conditional-power framework underlying the S-spending rule tends to overreact to
early underperformance when effects are delayed, leading to avoidable loss of power. By
implicitly assuming immediate proportional hazards, the §-spending criterion is vul-
nerable to early misestimation of the hazard ratio. The PP rule, in contrast, treats the
onset of benefit as uncertain and therefore maintains power in delayed-effect scenarios.

Performance under model uncertainty, represented here through the elicited prior mix-
ture, reinforces this conclusion. Both futility rules reduce the overall probability of
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success relative to a non-adaptive design, as expected when prior mass is placed on
weak or negligible effects. However, the PP-based design more faithfully reflects the
prior beliefs regarding plausible benefit and delay patterns, yielding slightly higher
prior predictive success. This alignment between the decision rule and the elicited
distribution is conceptually attractive and practically meaningful, especially in early
development programmes where decision-making under uncertainty is explicit.

Finally, the example demonstrates that Bayesian interim monitoring can be successfully
embedded within a frequentist group-sequential framework while retaining the infer-
ential guarantees required for regulatory review. Type I error is preserved through
the GSD efficacy boundaries; the PP futility rule is transparent and model-based; and
the joint behaviour of the hybrid design can be comprehensively quantified through
simulation. Although only four representative scenarios are presented here, a full de-
sign exercise would typically examine a richer scenario grid, including alternative delay
durations, attenuated post-delay effects, and key operational sensitivities, to ensure
robustness across plausible clinical settings.

Taken together, these results show that PP-based futility monitoring can substantially
enhance efficiency without compromising performance in complex time-to-event set-
tings, making it a pragmatic and principled tool for modern oncology trial design.

6.6.4 Software Implementation

All computational procedures described in this chapter were implemented using the
DTEAssurance R package developed as part of this research. The package provides a
workflow that mirrors the three-step construction of the adaptive design:

e Timing calibration.
The function calibrate PP_timing() automates prior-predictive simulation of
interim datasets across candidate information fractions. For each candidate tim-
ing, it updates the posterior under the delayed-effect model, evaluates the pre-
dictive probability (PP), and summarises the discriminatory behaviour of the
PP distribution. This supports principled selection of an information fraction at
which the futility analysis is both informative and operationally meaningful.

e Threshold calibration.
The function calibrate PP_threshold() evaluates the empirical distribution
of the PP at the chosen interim time under multiple data-generating scenar-
ios, including the null, fixed-delay alternatives, and immediate-effects models.
These distributions guide selection of a futility threshold that balances protec-
tion against false-negative stopping with efficiency under unpromising scenarios.
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e Evaluation of the full adaptive design.
The function calc_dte_assurance adaptive() implements the complete hybrid
monitoring strategy, combining the calibrated PP futility rule with the specified
group-sequential efficacy boundaries. It simulates full trial trajectories, applies
the interim and final decision rules, and returns design-level operating character-
istics including power, type I error, early stopping probabilities, expected sample
size, and expected trial duration.

The package is accompanied by an interactive Shiny application, which exposes the
same computational workflow through a graphical interface. The app enables users
to specify elicited priors, explore different delay structures, examine PP timing and
threshold behaviour, and visualise operating characteristics for both fixed and adaptive
designs. This facilitates communication with clinicians and trial statisticians, and
provides a reproducible, accessible platform for practical design exploration.

6.7 Discussion

This chapter has brought together elicited prior distributions, delayed—effect survival
models, and adaptive monitoring strategies into a framework for designing time-to-
event trials when treatment effects may emerge only after an initial delay. Building on
the assurance methodology of Chapters 2 and 4 and the adaptive tools of Chapter 5, the
work here demonstrates how predictive probability and group sequential methods can
be jointly deployed to address the inferential and operational challenges that delayed
treatment effects introduce.

A first contribution is the diagnostic assessment of the Korn—Freidlin timing rule for
futility monitoring. While attractive for its pragmatic attempt to avoid premature
stopping in the presence of delays, our exploration shows that its behaviour can de-
pend sensitively on accrual patterns, baseline hazards, and the assumed onset time of
treatment benefit. Although the rule works well in many settings, it can underperform
or fail to trigger when early events dominate, indicating that timing restrictions alone
are insufficient when uncertainty about delay is substantial. This motivates the need
for more flexible, model-based interim criteria.

The second contribution is the development of a predictive-probability futility rule that
explicitly incorporates elicited uncertainty regarding control survival, delay duration,
and post-delay treatment effect. By updating the posterior at the interim and sim-
ulating forward the unobserved event process, the PP criterion directly targets the
probability of ultimate trial success—even when most accumulated information lies in
the pre-delay region. When coupled with group sequential efficacy monitoring, this hy-
brid Bayesian—frequentist framework preserves strict type I error control while enabling
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early stopping decisions that remain coherent under delayed or evolving treatment ef-
fects.

A third contribution of the chapter is the software implementation accompanying the
methodology. The DTEAssurance R package encapsulates the full workflow, including
predictive probability timing calibration, threshold selection, and evaluation of hybrid
adaptive designs, and provides a reproducible platform for design exploration. The
associated Shiny application enables practitioners to visualise delay structures, inter-
rogate predictive behaviour, and communicate design choices to clinical collaborators.
Together, these tools translate the methodological developments into a form suitable
for practical trial design and regulatory discussion, thereby lowering the barrier to
adoption in applied settings.

The worked example illustrates how these components interact in practice, showing
how predictive probability timing influences discriminative power, how the threshold
balances efficiency under the null with protection against false negative stopping, and
how Bayesian and frequentist decision rules jointly determine the operating characteris-
tics of the overall design. Although the illustration is limited to a small set of scenarios
for clarity, the workflow is intended to support broader scenario assessment, including
alternative delay models, weaker post delay effects, and operational uncertainties, to
ensure robustness in realistic settings.

Taken together, the methodological and software contributions of this chapter provide
a coherent, extensible, and practically implementable framework for adaptive trial
design in the presence of delayed treatment effects. The next chapter applies these
tools to seven real oncology trials exhibiting non-proportional hazards, demonstrating
how the framework can be used both retrospectively to understand trial performance
and prospectively to guide future designs.
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Chapter 7

Case Studies — Delayed Treatment
Effects

This chapter is based on research using data from data contributors Roche and Bristol
Muyers Squibb that has been made available through Vivli, Inc. Vivli has not contributed
to or approved, and is not in any way responsible for, the contents of this publication.

7.1 Introduction

The preceding chapters have developed a methodology for designing, monitoring, and
analysing survival trials in the presence of delayed treatment effects (DTEs). This
chapter complements that development by examining empirical evidence from com-
pleted clinical trials to assess how the proposed concepts operate in practice. The aims
are twofold: (i) to illustrate how delayed effects manifest in observed survival data,
and (ii) to explore the potential implications of neglecting such effects when designing
and conducting interim monitoring for confirmatory oncology trials.

Anonymised individual participant data (IPD) were obtained for seven completed
phase III survival trials through the Vivli data-sharing platform (Vivli Project ID:
00009422; full details in Appendix C). These trials were selected based on published
Kaplan—Meier curves exhibiting visual patterns consistent with delayed separation be-
tween treatment arms; as such, the sample is intentionally enriched for settings in
which DTEs may arise.

Access to the Vivli datasets occurred late in the research programme. The data-use
agreement was signed on 19 September 2024, with the first dataset (Roche) uploaded
on 15 October 2024. Three Bristol Myers Squibb (BMS) studies became available on 7
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January 2025, followed by four additional BMS studies on 30 March 2025 after follow-
up correspondence. Documentation for the BMS datasets varied in completeness across
studies. Because these materials arrived after the methodological development and all
simulation work had been completed, the analyses in this chapter are descriptive and
exploratory. Their purpose is to illustrate empirically that delayed treatment effects:

e arise in multiple contemporary oncology trials;
e can produce notable departures from the proportional hazards assumption;

e may increase the risk of premature or erroneous futility decisions at interim anal-
yses; and

e can meaningfully reduce statistical power if unaccounted for at the design stage.

Individual participant data on overall survival (OS) were available for all seven trials,
while progression free survival (PFS) data were available for five. A consistent ana-
lytical workflow was applied to each available endpoint, comprising visual diagnostics
such as Kaplan—Meier inspection and Schoenfeld residual patterns, flexible estimation
of time varying effects, and simulation based evaluation of operating characteristics.

One trial (denoted Trial G) is presented in detail to demonstrate the complete process
from diagnostic assessment through to evaluation of operating characteristics under
the proposed decision framework. This study exhibits a prototypical delayed effect
pattern, with initial overlap between treatment groups followed by gradual divergence
favouring the experimental arm. The remaining trials are summarised collectively to
explore the extent to which similar behaviour arises across studies, with supplementary
plots and outputs provided in Appendix C.

Taken together, these case studies offer empirical illustrations that support the method-
ological developments introduced in this thesis and emphasise the importance of ac-
counting for potential delays in treatment effect when designing and monitoring survival
trials.

7.2 Aims of the Chapter

This chapter applies a consistent analytical workflow to data from seven completed
phase III survival trials. The analyses are designed to examine four key questions that
align with the overarching objectives of this thesis:

1. Is there empirical evidence of a delayed treatment effect? We assess
this using Kaplan—Meier curves, complementary log—log plots, and time-varying
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hazard ratio estimates. These diagnostics are used to evaluate whether hazards
are approximately proportional or whether a delay period precedes the emergence
of treatment benefit.

2. Do delayed-effect parametric models provide a superior description of
the data compared with proportional hazards alternatives? Model fit
is evaluated using exponential and Weibull models, both with and without an
explicit delay-time parameter. Adequacy is judged based on graphical agreement
and information criteria.

3. How might interim monitoring decisions be influenced by a delayed ef-
fect? Retrospective group-sequential analyses are conducted to explore whether
conventional futility monitoring rules could have led to premature termination in
trials where benefit emerges only after a delay.

4. What loss of statistical power arises if delayed effects are ignored at
the design stage?” We quantify the discrepancy between proportional-hazards
design assumptions and the realised survival behaviour, estimating the reduction
in power attributable to non-proportional hazards.

Taken together, these four questions evaluate the robustness of conventional trial design
and analysis methods in the presence of delayed treatment effects and assess whether
explicit modelling or adaptive planning is required to mitigate associated operational
and inferential risks.

7.3 Overview of Included Clinical Trials

Individual participant data (IPD) were obtained for seven completed phase III oncology
trials through the Vivli data-sharing platform. A full record of associated scientific
publications, protocols, and ethical approvals is provided in Appendix C. Each study
evaluated an innovative systemic therapy against standard treatment, with time-to-
event endpoints including overall survival (OS), progression-free survival (PFS), or
both. Table 7.1 summarises the key characteristics of the included studies and the
observed delay patterns.

All datasets were de-identified prior to release using the PhUSE date-shifting algorithm
PHUSE, 2020. This procedure applies a participant-specific temporal offset, derived
from each individual’s earliest recorded timestamp, thereby preserving the relative or-
dering of assessments and events while removing absolute calendar time. Consequently:

e cvent-based analyses (e.g., survival curve estimation or hazard modeling) remain
fully reproducible;
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Table 7.1: Key characteristics of the included studies and observed de-
lay patterns. Delays are approrimate based on visual assessment of Ka-
plan—Meier curves.

Identifier Number Endpoint(s) N Events (OS, PFS) OS Delay PFS Delay

A NCT02409342 0S 554 426, — 6.0 -
B NCT01668784 OS, PFS 821 673, 745 0.0 15.0
C NCTO01721772 OS, PFS 418 295, 341 3.0 0.0
a 629 390, — 3.0 -
D NCT01844505 (ON] 631 12, - 3.0 B
E NCT01642004 OS, PFS 272 256, 219 0.0 2.5
F NCT02477826 Excluded — event information unavailable
G NCT02105636 OS, PFS 361 339, 307 3.5 5.0
H NCT01673867 0OS, PFS 582 540, 506 7.0 8.0

2Trial D included two treatment regimens sharing a common control group.
These are analysed as separate pairwise comparisons (D1 and D2).

e accrual over calendar time, patterns of dropout, and the timing of original interim
looks cannot be reconstructed;

e the information fraction must therefore be defined solely by the cumulative num-
ber of observed events.

These constraints limit the ability to reproduce the original monitoring schedule but
remain compatible with the aims of this chapter, which concern the characterisation of
delayed treatment effects and their implications for design and interim decision-making.

Visual inspection of the Kaplan-Meier curves confirms that several studies display
features consistent with non-proportional hazards, including delayed separation of sur-
vival curves, curve crossing, and time-varying hazard ratios (full graphical outputs in
Appendix C). In summary:

e delays in OS were observed in Trials A, C, D, G, and H;

e delays in PFS were evident in Trials B, E, G, and H.

The magnitude of delay varied considerably across trials, from negligible to more than
six months, reflecting heterogeneity in disease mechanisms, treatment dynamics, and
mechanisms of early non-responsiveness.

To illustrate the full analytical workflow in depth, Trial G is now examined as a repre-
sentative case study before turning to the aggregate findings across all included trials.
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7.4 Trial G

Trial G was selected to illustrate the complete analytical workflow because it demon-
strates features commonly associated with delayed treatment effects, including early
overlap of survival curves followed by progressive long-term separation. The trial en-
rolled 361 participants in a 2:1 allocation and evaluated overall survival (OS) and
progression-free survival (PFS) as key time-to-event endpoints. Median follow-up in
the anonymised dataset was 78 months, with 339 OS events and 307 PFS events ob-
served.

7.4.1 Question 1: Evidence of a Delayed Treatment Effect

To determine whether a delayed onset of benefit was present in OS, four complementary
diagnostics were applied:

(a) visual inspection of Kaplan—-Meier (KM) curves;

(b) departing behaviour on the complementary log—log (clog—log) scale;

(c) time-varying hazard ratio trajectories over the event count; and

(d) a formal statistical test of the proportional hazards assumption.

7.4.1.1 Kaplan—Meier survival curves

Figure 7.1 shows the KM estimates for OS. The survival curves remain closely aligned
for approximately the first 3-4 months before diverging in favour of the experimental
arm. This early equivalence followed by subsequent improvement is characteristic of
delayed treatment response.

7.4.1.2 Complementary log—log transformation

The clog-log plot in Figure 7.2 demonstrates a visible crossing of the transformed
survival curves at approximately 4 months. Under proportional hazards, such curves
would be approximately parallel. The observed crossing suggests non-proportionality
and indicates different relative hazards in early and late phases of follow-up.
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Figure 7.1: Kaplan—Meier curves for overall survival in Trial G, illustrat-
ing delayed separation of treatment arms at approximately four months.
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Figure 7.2: Complementary log—log plot for overall survival in Trial G.
The crossing of curves at approximately four months indicates non-
proportional hazards.

7.4.1.3 Time-varying hazard ratio

Figure 7.3 displays the instantaneous hazard ratio at each event time plotted against
the cumulative number of events. The hazard ratio exceeds one during the early pe-
riod, indicating worse short-term outcomes for the experimental arm, before decreasing
below one at around 120 events (approximately one-third of total information). The
subsequent monotonic decline reinforces evidence of a treatment benefit emerging only
after a delay phase.
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Figure 7.3: Estimated hazard ratio plotted against cumulative number of
overall survival events in Trial G. Initially, the hazard ratio is larger than
one, and then crosses one at approximately 120 events, consistent with a
delayed treatment effect.

7.4.1.4 Proportional hazards test

To supplement graphical checks, the proportional hazards (PH) assumption was for-
mally assessed using the global Grambsch—Therneau test based on Schoenfeld residuals.
This test evaluates whether residuals show a systematic trend with time; under PH they
should be time-independent. A small p-value indicates evidence against proportional
hazards.

Table 7.2 reports the PH test results for Trial G:

Table 7.2: Global Grambsch—Therneau test for proportional hazards in

Trial G.
Endpoint Test statistic p-value
OS Schoenfeld residual trend 0.062
PFS Schoenfeld residual trend 0.24

For OS, the p-value is borderline, consistent with the graphical evidence of a delayed
effect but reflecting limited power during the early follow-up period where hazards
appear similar. The PFS test does not indicate strong departure from proportional
hazards at the global level; however, graphical diagnostics (Appendix C) reveal late
separation suggestive of local non-proportionality. The Schoenfeld residual plot did not
exhibit a constant trend over time, supporting the presence of mild non-proportionality
in OS; a full diagnostic figure is provided in Appendix C.
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7.4.1.5 Interpretation

All diagnostic tools indicate non-proportional hazards in OS for Trial G, with a mean-
ingful delay period prior to treatment benefit. The PH test supports this conclusion
but with reduced sensitivity due to early hazard equivalence. PFS shows a similar
overall pattern, though with a longer delay phase (see Appendix C).

Taken together, these results motivate the use of modelling approaches that allow for
delayed onset of effect and justify using Trial G as a representative case study for
evaluating the design and monitoring implications of delayed treatment effects.

7.4.2 Question 2: Model Fit

To evaluate whether a piecewise specification (as in Chapter 4) provides an appropriate
representation of the observed data, we fitted four parametric survival models:

exponential proportional hazards;

Weibull proportional hazards;
e piecewise exponential with piecewise-constant hazard ratio;

e piecewise Weibull with piecewise-constant hazard ratio.

All models were estimated by maximum likelihood using flexsurv (Jackson, 2016) in
R.

7.4.2.1 Delay-time estimation

The delay parameter, 7, was estimated by a grid search that minimised the Akaike In-
formation Criterion (AIC). Candidate values ranged from 2 to 10 months in 0.1-month
increments. As shown in Figure 7.4, the AIC achieves its minimum at approximately
7 = 3.3 months for both piecewise distributions, in agreement with the graphical diag-
nostics in Section 7.4.1.

This estimate was therefore carried forward into all subsequent modelling and simula-
tion analyses.
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Figure 7.4: Akaike Information Criterion (AIC) values across candi-
date delay durations for piecewise exponential and piecewise Weibull models
(grid from 2 to 10 months in 0.1-month increments). Both models achieve
the minimum AIC at approximately T = 3.3 months, confirming this as the
best-supported estimate of the delay time and justifying its use in subse-
quent analyses.

7.4.2.2 Model comparisons

Table 7.3 summarises parameter estimates and fit statistics. Both piecewise models
provide improved fit relative to their PH counterparts, with the piecewise exponential
model achieving the lowest AIC.

Table 7.3: Parameter estimates and model fit for overall survival in
Trial G. T is the estimated delay time (months); \. and ~. are the con-
trol scale and shape parameters; HR* is the post-delay hazard ratio.

Trial Model T Ac Ye HR*  AIC
Exponential PH - 0.1234 - 0.605 2273.7
a Weibull PH — 0.1280 0.908 0.634 2270.2

Piecewise exponential 3.3 0.1182 - 0.539 2260.2
Piecewise Weibull 3.3 0.1187 1.019 0.522 2262.1

Figures 7.5a and 7.5b overlay the fitted piecewise and proportional hazards models
against the Kaplan—Meier curves. The delayed separation is clearly better captured
by the piecewise model, with the proportional hazards model failing to adequately
describe the early period of no treatment effect.
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(a) Piecewise exponential fit. (b) Piecewise Weibull fit.

Figure 7.5: Observed Kaplan—Meier curves for overall survival in Trial G
with fitted parametric models. The left panel shows the piecewise exponen-
tial fit and the right panel shows the piecewise Weibull fit, both allowing for
a delay in treatment effect. In each panel, the corresponding proportional
hazards model is also shown for comparison

7.4.2.3 Interpretation

The estimated post-delay hazard ratio, HR* &~ 0.54, indicates a meaningful long-term
survival advantage once benefit emerges. In contrast, proportional hazards models
average over the early and late phases, leading to weaker estimate magnitudes and
inferior fit.

Overall, Trial G demonstrates that piecewise models can markedly improve inference
when hazards are non-proportional and treatment benefit is delayed.

7.4.3 Question 3: Interim Decision Analysis

We next investigate how a delayed onset of treatment benefit might have influenced in-
terim monitoring decisions under a standard group-sequential design. Because anonymi-
sation prevents recovery of the original calendar-time looks, the monitoring process is
indexed by the cumulative number of observed OS events. The information fraction
is therefore defined as the proportion of the 339 events available in the de-identified
dataset.

At each event time, we computed the one-sided log-rank Z-statistic based on all data
accrued up to that point. To evaluate how the observed Z-trajectory aligns with typical
group-sequential behaviour, we generated a set of hypothetical stopping boundaries
under several plausible designs. These boundaries are not intended to reproduce the
trial’s actual monitoring plan; instead, they provide reference thresholds against which
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the observed test statistic can be compared.

Specifically, we considered:

e a one-sided O’Brien—Fleming alpha-spending function (o = 0.025) for a design
with one interim and one final efficacy look; and

e Kim—DeMets beta-spending functions (5 = 0.10) for futility, using three values
of v € {0.75,2.5,6}, to span increasingly conservative rules.

Each spending function yields a distinct stopping boundary. All resulting efficacy
and futility curves were plotted together and compared with the observed Z-process
evaluated at every event time. This allows us to determine whether the trial would
have crossed any of these reference boundaries under the corresponding hypothetical
designs.

Table 7.4 reports the earliest boundary crossings (futility treated as non-binding).
Figure 7.6 shows the observed Z-trajectory with the full set of hypothetical boundaries
overlaid.

—— Observed Z-Value
Efficacy Boundary
- KD:y=0.75
.. KD:y=25
— — KD:y=6

Z-Value
0
1

Information Fraction (339 Events)

Figure 7.6: O’Brien—Fleming alpha- (efficacy, green dashed) and Kim—
DeMets beta- (futility, red dashed) spending boundaries evaluated at each
information fraction, plotted against the cumulative number of events. The
observed one-sided log-rank Z from Trial G (solid black) is overlaid. The
Z-curve lies close to the futility region at low information and exceeds the
efficacy boundary at 196 events (57.8%), while an aggressive futility rule
(v = 0.75) would have triggered stopping at 59 events (17.4%), illustrating
the risk of premature futility stopping under delayed effects.
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Table 7.4: Interim stopping behaviour for Trial G under one-sided
O’Brien—Fleming (o = 0.025) efficacy spending and Kim—-DeMets (5 =
0.10) futility spending. First crossing reported for each rule; futility treated
as non-binding in this diagnostic analysis.

Trial Futility spending Futility crossed Efficacy crossed Interpretation
v =0.75 59 (17.4%) 196 (57.8%) Premature futility stop (benefit later emerged)
G ~v=25 - 196 (57.8%) Efficacy stop consistent with final outcome
vy==6 196 (57.8%) Efficacy stop consistent with final outcome

7.4.3.1 Results and interpretation

Under aggressive futility spending (v = 0.75), the futility boundary is crossed at
59 events (17.4% information), well before treatment benefit becomes apparent. This
represents a premature futility stop—the trial would likely have been terminated early
despite later evidence of benefit.

Under more conservative futility spending (v = 2.5 or 6), no futility boundary is
crossed. The observed Z later exceeds the efficacy boundary at 196 events (57.8%
information), corresponding to an efficacy stop consistent with the final outcome.

These findings highlight a key operational risk in the presence of a delay period: early
data are dominated by the pre-benefit phase, leading to inflated risk of falsely conclud-
ing lack of efficacy. When delayed effects are plausible, futility rules must be calibrated
to avoid overweighting early hazard information.

7.4.4 Question 4: Power Loss

Finally, we investigated how the delayed treatment effect observed in Trial G impacted
the empirical power of the study under its original design assumptions. The trial was
designed to achieve 90% power (one-sided o = 0.025) using a log-rank test under a
proportional hazards assumption with a target hazard ratio of 0.67 (Ferris et al., 2016).
The design specified a final analysis at 281 OS events with uniform recruitment over a
14-month period.

To quantify the effect of mis-specification, we evaluated three scenarios:

i) the proportional hazards design assumption (hazard ratio 0.67; no delay);

ii) the best-fitting delayed-effect model estimated from the observed data (7 =
3.3months; HR* ~ 0.54);
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iii) the assumed design hazard ratio (0.67) combined with the observed delay-time
(1 = 3.3months).

All simulations used: 10,000 repetitions; 2:1 randomisation; uniform accrual over
14.2 months; and event-driven analysis at 281 OS events, consistent with the origi-
nal design.

The resulting empirical power estimates are presented in Table 7.5.

Table 7.5: Estimated power for Trial G under three scenarios: (i) the orig-
inal design assumptions (no delay, HR=0.67), (ii) the best-fitting delayed-
effect model from observed data (delay 3.3 months, HR*=0.54), and (iii)
the design HR with the observed delay applied. A total of 281 OS events
were required for the planned final analysis. All operating characteristics
were estimated using N = 10,000 simulation replicates.

Design Parameters Operating Characteristics
Trial Scenario Delay A. <. HR® Recruit. Power (%) Duration
(i) 0.0 0.1155 — 0.67 14.2 90 25
G (ii) 3.3 01182 -~ 0.54 14.2 84 26
(111) 3.3 01155 - 0.67 14.2 49 24

7.4.4.1 Results and Interpretation

Under the proportional hazards (PH) assumptions used in the original design, the
empirical power was approximately 90%, consistent with the planned operating char-
acteristics.

When the observed delay-time and post-delay hazard ratio incorporated but the true
post-delay hazard ratio was used, the power reduced modestly to around 84%.

In contrast, when the observed delay and assumed treatment effect was used, the power
dropped sharply to approximately 49%.

The third scenario provides the clearest illustration of the consequences of PH mis-
specification: had the assumed effect size been correct but delayed, the design would
have achieved only about half of its nominal power under a standard log-rank analysis.
This highlights the sensitivity of conventional designs to the onset timing of treatment
benefit, even when the ultimate magnitude of effect is unchanged.

These findings underscore two main points:
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(a) Delay-time primarily affects the information timing. A substantial pro-
portion of the planned events occur during the pre-benefit period, when the
treatment and control hazards are similar. This early accumulation of events
dilutes the overall test statistic and reduces effective information for detecting
treatment benefit.

(b) Trial G retained acceptable power because the realised post-delay ben-
efit was stronger than assumed. The favourable value of HR* compensated
for the inefficiency introduced by the delay, partially restoring power to near its
target level.

From a design perspective, reliance on proportional hazards assumptions obscures un-
certainty in the timing of treatment benefit, leading to overoptimistic expectations of
statistical efficiency. This case demonstrates that unrecognised delays can markedly
degrade power and threaten confirmatory success unless the design explicitly accom-
modates potential delays—either through increased sample size, delayed analyses, or
piecewise modelling approaches.

7.5 Summary Across All Trials

The analytical workflow applied to Trial G was repeated for all studies listed in Ta-
ble 7.1. The following subsections summarise the evidence obtained for each of the
four key questions introduced in Section 2, with supporting figures and full numerical
outputs reported in Appendix C.

7.5.1 Question 1: Evidence of Delayed Treatment Effects

Evidence for delayed separation of survival curves was evaluated using the same graph-
ical and time-varying hazard techniques applied in Section 7.4.1. Visual inspection
combined with non-proportional hazards indicators confirms that delayed effects are
present in the majority of trials.

e Clear evidence in OS: Trials A, C, D1, D2, G, and H
e Clear evidence in PFS: Trials B, E, G, and H

Delay durations ranged from approximately 2 to 8 months depending on endpoint
and disease context. Where no delay was detected, survival curves either separated
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immediately or showed minimal divergence over follow-up. Global Grambsch-Therneau
tests (Table 7.6) were consistent with these findings, providing further indication of
hazard non-proportionality in several settings.

Table 7.6: Global Grambsch—Therneau tests for proportional hazards by
trial and endpoint (OS/PFS). A dash () indicates that the endpoint was
not evaluated in that trial.

Trial Endpoint p-value

A (ON 0.68

A PFS -

B OS 0.25
PFS 0.00033

C (ON 0.52
PFS 0.044

D1 OS 0.0010

D1 PFS -

D2 OS 0.066

D2 PFS -

B (ON 0.76
PFS 0.0018

G (ON 0.062
PFS 0.24

H OS 0.00020
PFS 2.96 x 107°

7.5.2 Question 2: Model Fit

Piecewise exponential and Weibull models incorporating a delay parameter were com-
pared against proportional hazards models in all trials. Table 7.7 summarises the
results for OS; the corresponding PFS fits are provided in Table C.2.

Across the dataset:

e Weibull models provided the best fit in six of the eight trials, indicating the
presence of time-varying baseline hazard shapes.

e Models including a delay-time parameter were preferred whenever a delayed
effect was visually apparent.
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Table 7.7: Parameter estimates for overall survival (OS) across all trials
under exponential and Weibull modelling frameworks. T denotes the esti-
mated delay time (months); A\. and v, are the scale and shape parameters
for the control arm; HR* is the post-delay hazard ratio from the best-fitting
model. The lowest Akaike Information Criterion (AIC) within each trial is
shown in bold.

Trial Model T Ae Ye HR* AIC
Exponential - 0.0418 - 0.833  3559.5
A Weibull - 0.0422 0.892 0.843 3553.6
Piecewise exponential 5.3  0.0428 - 0.735 3553.8
Piecewise Weibull 5.3 0.0420 0.923 0.794 3552.3
Exponential - 0.0303 - 0.743 6128.5
B Weibull - 0.0350 0.961 0.747 6128.9
Piecewise exponential 0.0 0.0303 - 0.743 6128.5
Piecewise Weibull 0.0 0.0305 0.961 0.747 6128.9
Exponential - 0.0400 - 0.434 2651.2
C Weibull - 0.0419 0.784 0475 2626.1
Piecewise exponential 2.0 0.0399 - 0.402 2642.2
Piecewise Weibull 0.0 0.0419 0.784 0.475 2626.1
Exponential - 0.0257 - 0.464 3797.5
D1 Weibull 0.0257 0.768 0.495 3760.6

Piecewise exponential 12.3 0.0257 - 0.276  3736.6
Piecewise Weibull 12.3 0.0248 0.895 0.314 3732.1

Exponential - 0.0259 - 0.580 3954.7
D2 Weibull — 0.0258 0.806 0.605 3929.2
Piecewise exponential 8.2 0.0263 - 0.448 3927.4
Piecewise Weibull 8.2 0.0252 0.887 0.507 3921.3
Exponential - 0.0928 - 0.535 1846.7
B Weibull - 0.0994 0.866 0.572 1839.1
Piecewise exponential 0.0  0.0928 - 0.535 1846.7
Piecewise Weibull 0.0 0.0994 0.866 0.572 1839.1
Exponential - 0.1234 - 0.605 2273.7
G Weibull - 0.1280 0.908 0.634 2270.2
Piecewise exponential 3.3 0.1182 - 0.539 2260.2
Piecewise Weibull 3.3 0.1187 1.019 0.522 2262.1
Exponential - 0.0684 - 0.618 4139.7
H Weibull - 0.0709 0.905 0.645 4132.7
Piecewise exponential 6.6 0.0683 - 0.483 4109.3
Piecewise Weibull 6.6 0.0683 1.005 0.480 4111.3
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e Proportional hazards models were adequate only when no delay was present.

These findings reinforce the Trial G conclusion that explicitly modelling delayed onset
improves descriptive accuracy and prevents attenuation of the estimated late treatment
benefit.

7.5.3 Question 3: Interim Decision Analysis

Table 7.8: Interim stopping behaviour for overall survival (OS) across all
trials under one-sided O’Brien—Fleming (o = 0.025) efficacy spending and
Kim—DeMets (B = 0.10) futility spending. The first boundary crossing is
reported for each rule, with futility treated as non-binding in this diagnostic
assessment. Percentages indicate the proportion of total observed events at
crossing. Interpretations follow the terminology introduced in Section 7.4.35.

Trial Futility spending Futility crossed Efficacy crossed Interpretation
v =0.75 26 (6.1%) 298 (70.0%) Futility stop consistent with final outcome
A =25 388 (91.1%) 298 (70.0%) Premature efficacy stop (no benefit)
7=6 399 (93.7%) 298 (70.0%) Premature efficacy stop (no benefit)
v =0.75 - 170 (25.3%) Efficacy stop consistent with final outcome
B =25 170 (25.3%) Efficacy stop consistent with final outcome
vy=06 - 170 (25.3%) Efficacy stop consistent with final outcome
~=0.75 - 108 (36.6%) Efficacy stop consistent with final outcome
C =25 108 (36.6%) Efficacy stop consistent with final outcome
v=6 - 108 (36.6%) Efficacy stop consistent with final outcome
~v=0.75 - 209 (53.6%) Efficacy stop consistent with final outcome
DI ~=25 209 (53.6%) Efficacy stop consistent with final outcome
v = - 209 (53.6%) Efficacy stop consistent with final outcome
~=0.75 - 250 (60.7%) Efficacy stop consistent with final outcome
D2 ~v=25 - 250 (60.7%) Efficacy stop consistent with final outcome
v = - 250 (60.7%) Efficacy stop consistent with final outcome
~v=0.75 - 145 (56.6%) Efficacy stop consistent with final outcome
E v=25 - 145 (56.6%) Efficacy stop consistent with final outcome
7=6 - 145 (56.6%) Efficacy stop consistent with final outcome
v =0.75 59 (17.4%) 196 (57.8%) Premature futility stop (benefit later emerged)
G ~v=25 - 196 (57.8%) Efficacy stop consistent with final outcome
vy=26 - 196 (57.8%) Efficacy stop consistent with final outcome
v=0.75 38 (7.0%) 373 (69.1%) Premature futility stop (benefit later emerged)
H ~=25 98 (18.1%) 373 (69.1%) Premature futility stop (benefit later emerged)
v=06 - 373 (69.1%) Efficacy stop consistent with final outcome

The risk of premature futility stopping under delayed effects was evaluated using ret-
rospective group-sequential analyses. Results in Table 7.8 (OS) and Table C.3 (PFS)
show that:
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e Trials with larger delays (A, G, H) showed materially increased rates of premature
futility stop, especially under aggressive spending rules.

e Conservative futility boundaries substantially reduced this risk while still en-
abling appropriate efficacy decisions.

e Trials without significant delay exhibited monitoring behaviour consistent with
design expectations.

Methodologically, these results demonstrate that monitoring strategies assuming pro-
portional hazards may incorrectly interpret early data as evidence of futility when the
true treatment benefit emerges only after a delay.

7.5.4 Question 4: Power Loss

Delayed effects had a substantial impact on empirical log-rank power relative to design-
stage expectations. When the proportional hazards (PH) assumption was retained but
the observed delay imposed, several trials (A, D1, D2, G, H) exhibited power reductions
exceeding 25-35 percentage points (Table 7.9). These losses reflect the accumulation
of early, uninformative events during the pre-benefit period, which attenuate the treat-
ment signal in standard time-to-event analyses.

In contrast, for trials where the observed delay coincided with a stronger-than-anticipated
post-delay hazard reduction (e.g., Trials C and E), empirical power was maintained or
even increased relative to the original design. Two consistent features characterised
these instances:

1. Lower baseline event rates, implying slower accumulation of information and
reduced sensitivity to the timing of treatment effect onset; and

2. A treatment effect that exceeded the value assumed in the design.

Together, these factors counteracted the dilution of treatment information caused by
the delay, resulting in apparent gains in operating characteristics.

Overall, these results highlight that the impact of delayed effects on power is highly
context dependent. Designs assuming proportional hazards may perform adequately
when delays are short, baseline hazards are low, or post-delay effects are strong, but
can suffer severe efficiency loss otherwise. From a design perspective, these findings re-
inforce that delay-induced mis-specification can jeopardise confirmatory success unless
mitigated through larger sample sizes, delayed primary analyses, or explicit piecewise
statistical modelling.
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7.6 Discussion

This chapter has demonstrated the application of the delayed-treatment-effect (DTE)
framework developed earlier in the thesis to seven completed oncology trials. Access
to individual participant data enabled a consistent evaluation of survival behaviour,
parametric model performance, interim monitoring implications, and design-stage op-
erating characteristics in real clinical settings.

Across multiple studies, delayed separation of survival curves was both empirically
evident and clinically plausible. In trials where treatment benefit emerged only after
a delay period, proportional hazards (PH) modelling did not capture the evolving
hazard structure. Piecewise parametric models provided superior descriptive accuracy
and yielded more realistic estimates of treatment benefit, particularly at later follow-
up times. These observations reinforce the methodological conclusions of Chapters 4
and 5: non-proportional hazards should be regarded as a common and expected feature
of contemporary immuno-oncology trials rather than an exception.

An important advantage of analysing real clinical trial data is that it incorporates the
complexities of patient flow and site activation that stylised simulations cannot fully
reflect. Recruitment is influenced by centre opening schedules, referral pathways, and
temporal shifts in patient characteristics. As a result, early and late enrolees may
differ systematically in ways that affect event timing and hazard evolution. Real-world
datasets therefore provide a richer and more realistic basis for evaluating the practical
implications of delayed effects than hypothetical scenarios alone.

The behaviour of early estimates is also consistent with findings from Edwards et al.,
2023, who examined the stability of treatment effect estimates for continuous and
binary outcomes and observed approximate stabilisation once two-thirds of the total
information had accrued. In the present context, stabilisation occurs even later due to
the presence of a delay: early events largely reflect the pre-benefit period, causing the
observed hazard ratio to fluctuate markedly until well into follow-up. This has direct
operational consequences—an interim futility assessment conducted during this phase
is more likely to underestimate the eventual treatment effect.

The case studies further showed that delayed effects can materially distort interim
monitoring decisions. When early data are dominated by the pre benefit period, con-
ventional proportional hazards based futility boundaries may lead to premature termi-
nation of a trial that would ultimately demonstrate efficacy. Such patterns were evident
in several studies. Approaches that reduce the influence of early, non informative haz-
ards, such as more conservative futility spending, deferral of interim analyses, or the
use of predictive probability monitoring as developed in Chapter 5, offer improved
alignment between interim decisions and long term outcomes.
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The efficiency of event-driven designs is similarly sensitive to the timing of treatment
effect emergence. PH-based design calculations treat all events as equally informa-
tive, but when a delay is present, a substantial proportion of events occur before the
treatment effect manifests. This dilutes the test statistic and reduces the probability
of detecting a true effect at the planned analysis. Empirical power losses of 25-35
percentage points were observed in several trials when the delay-time was ignored.
These findings highlight a vulnerability of PH-based planning: nominal power and as-
surance may be substantially overstated unless assumptions about the length of delay
are incorporated explicitly.

Several limitations of the analyses should be acknowledged. Owing to anonymisa-
tion procedures, absolute calendar times were unavailable, precluding reconstruction
of accrual dynamics, dropout profiles, or the original interim analysis timings. The case
studies were intentionally selected based on evidence of delayed separation, introducing
the potential for publication or selection bias when considering the broader prevalence
of delayed effects in oncology. Moreover, the analyses were exploratory rather than
confirmatory; clinical interpretation and contextualisation remain the responsibility of
the original trial investigators.

Despite these limitations, the case studies provide strong empirical support for the
methodological developments presented in this thesis. Designing trials solely under
PH assumptions risks inefficiency, premature termination, and incorrect inference when
treatment effects emerge gradually. Explicitly recognising and planning for a poten-
tial delay period is therefore essential when clinical benefit may depend on biological
activation, immune priming, or prolonged disease stabilisation.

The final chapter integrates insights from both the theoretical developments and the
empirical case studies to formulate practical recommendations for the design, mon-
itoring, and analysis of future survival trials in which delayed treatment effects are
anticipated.
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Table 7.9: Estimated power across all trials under three design scenarios.
For trials where a nonzero delay was identified, three rows are shown: (i) the
original proportional hazards (PH) design assumption; (ii) the best-fitting
delayed-effect model estimated from data; and (iii) the original PH design
assumptions with the observed delay applied. For trials with no estimated
delay, only two rows are reported since scenarios (i) and (iii) are equivalent.

Design Parameters Operating Characteristics
Trial Scenario Delay A, Y. HR* Recruit. Power (%) Duration
(i) 0.0 0.0495 - 0.75 31.5 69 35
A (ii) 53 00420 0923 0.794 315 21 36
(iii) 5.3 0.0495 - 0.75 31.5 20 34
B (z) or (m) 0.0 0.0468 — 0.76 17.4 90 38
(i1) 0.0 0.0303 - 0.743 17.4 95 54
c (i)or (iii) 0.0 00693 - 069  13.2 90 32
(i1) 0.0 0.0419 0.784 0.475 13.2 100 70
(i) 0.0 0.0856 - 0.72 8.1 94 38
D1 (n) 12.3 0.0248 0.895 0.314 8.1 100 104
(iii) 12.3  0.0856 - 0.72 8.1 29 35
(i) 0.0 0.0856 - 0.72 8.1 94 38
D2 (i1) 8.2 0.0252 0.887 0.507 8.1 100 85
(iii) 8.2 0.0856 - 0.72 8.1 50 36
B (i) or (iii) 0.0 0.0488 - 0.61 14.2 92 24
(i1) 0.0 0.0994 0.866 0.572 14.2 96 26
(i) 0.0 0.1155 - 0.67 14.2 90 25
7 ) ) - ) .
G (i1) 3.3 0.1182 0.54 14.2 84 26
(iii) 3.3 0.1155 - 0.67 14.2 49 24
(i) 0.0 0.0866 - 0.72 13.1 90 24
H (i1) 6.6 0.0683 - 0.483 13.1 93 29
(7ii) 6.6 0.0866 - 0.72 13.1 56 23
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Chapter 8

Conclusion

8.1 Introduction and Motivation

This thesis has addressed a methodological gap in the design of time-to-event clin-
ical trials in which therapeutic benefit is not immediate but emerges only after a
delay period. Such delayed treatment effects (DTEs) are increasingly observed in
immuno-oncology and other areas where complex biological mechanisms give rise to
non-proportional hazards (NPH) (Mukhopadhyay et al., 2022). Although these pat-
terns are well documented, prevailing approaches to trial design and interim monitoring
continue to rely on proportional hazards assumptions and fixed, instantaneous effect
sizes. As a result, standard design tools can yield misleading operating characteris-
tics—both overstating power at the planning stage and encouraging premature futility
stopping during trial execution.

Traditional power calculations require investigators to specify a single assumed treat-
ment effect, an approach that is particularly fragile when uncertainty surrounds both
the magnitude and timing of benefit (Jones et al., 2003). Bayesian assurance offers a
principled alternative by integrating over a prior distribution for unknown parameters
and yielding a probability of trial success that explicitly acknowledges design uncer-
tainty (O’Hagan, Stevens, et al., 2005). When empirical evidence is sparse, structured
expert elicitation provides a rigorous means of quantifying uncertainty in clinically
meaningful terms (Garthwaite et al., 2005). The increasing prominence of adaptive
designs further motivates investigation into how assurance, augmented with elicited
priors, can guide interim analyses in the presence of delayed effects, thereby reduc-
ing the risk of discarding effective therapies on the basis of uninformative early data
(Pallmann et al., 2018).

Together, these considerations motivated the development of a coherent methodological
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framework for incorporating delayed effects into trial design, interim monitoring, and
decision-making—culminating in the central research question of this thesis.

8.2 Research Question Revisited

This thesis was guided by the overarching question:

“How can adaptive time-to-event trials be designed to incorporate elicited
prior information about delayed treatment effects and to quantify probability
of success under these assumptions?”

The results demonstrate that addressing this question requires more than incremen-
tal modification of existing design components. Instead, it necessitates an integrated
framework that links expert elicitation, coherent prior construction, assurance-based
design evaluation, and adaptive interim monitoring. The thesis develops such a frame-
work and demonstrates its practical relevance through empirical analyses and a fully
implemented software platform.

8.3 Addressing the Research Objectives

The five research objectives set out in Section 1.1 are revisited here, summarising how
each has been addressed in the thesis.

8.3.1 Objective 1: Develop an elicitation framework tailored
to delayed treatment effects

The thesis introduced a structured elicitation framework for capturing expert beliefs
about key parameters governing delayed treatment effect trials, including the control-
group hazard, the delay duration, and the post-delay hazard ratio. The elicitation
protocol specifies the questions posed to experts and formalises how these responses
map to the parameters of interest in the underlying survival model.
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8.3.2 Objective 2: Extend assurance methodology to incorpo-
rate elicited priors

The assurance framework was extended beyond point-effect assumptions to settings in
which treatment benefit emerges over time. By integrating elicited priors into analytic
and simulation-based evaluations, the thesis developed probability-of-success measures
that reflect uncertainty in both the magnitude and timing of treatment effects. This
enables feasibility assessments and design justifications that are more realistic than
those based on fixed, optimistic assumptions.

8.3.3 Objective 3: Adapt assurance for adaptive time-to-event
designs

The methods were extended to group-sequential and other adaptive designs, yielding
delay-aware predictive probabilities and interim decision rules. These developments
address the susceptibility of interim analyses to misleading early data when treatment
effects are delayed. Within this framework, assurance is used to evaluate and optimise
adaptive design choices based on their resulting operating characteristics.

8.3.4 Objective 4: Evaluate the practical implications using
real clinical trial data

Analyses of anonymised oncology trials provided empirical evidence of delayed treat-
ment effects across multiple indications. Piecewise hazard models frequently outper-
formed proportional hazards specifications, with estimated delay times consistent with
plausible biological mechanisms. Interim monitoring evaluations showed that ignoring
delay can lead to substantial power loss and premature futility stopping, reinforcing
the need for design methods that explicitly account for delayed effects.

8.3.5 Objective 5: Implement the methodology in an open-
source software package

The DTEAssurance R package and accompanying Shiny applications operationalise the
proposed methodology, supporting elicitation, prior construction, assurance calcula-
tion, adaptive design simulation, and visualisation of operating characteristics. This
implementation promotes reproducibility, facilitates adoption, and enables applied tri-
alists to incorporate delayed-effect considerations into routine design practice.
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8.4 Impact and Broader Context

8.4.1 Methodological and Scientific Impact

This thesis contributes to a methodological shift in clinical trial design: from fixed,
deterministic assumptions to explicit representation of uncertainty. By extending
assurance to survival trials with delayed treatment effects, the work demonstrates
how Bayesian reasoning can be embedded in design justification and decision-making.
Rather than evaluating power at a single assumed effect size, the assurance-based ap-
proach evaluates the likelihood of trial success given current knowledge—an inherently
more realistic and defensible perspective.

The elicitation component advances the role of expert judgement in trial design. In
areas where empirical data are sparse, the ability to translate qualitative clinical in-
sight into quantitative prior distributions promotes a more transparent and accountable
design process. This aligns with evolving regulatory expectations emphasising trace-
ability of assumptions and reproducibility of design rationale (U.S. Food and Drug
Administration, 2019).

The work also contributes to adaptive design methodology. Interim monitoring is highly
sensitive to delayed effects, and early data can underestimate true benefit. By incor-
porating delay uncertainty into predictive probabilities and stopping rules, the thesis
supports more reliable interim decision-making and reduces the risk of prematurely
discarding effective therapies. This adds to ongoing conversations in the adaptive de-
sign literature on balancing flexibility with statistical rigour (Pallmann et al., 2018;
Berry, 2006).

8.4.2 Practical Impact and Software Implementation

The DTEAssurance R package provides an accessible platform for applying the methods
developed in this thesis. Through interactive visualisation and streamlined workflows,
the software brings elicitation, assurance computation, and adaptive design within
reach of practitioners who may not have extensive Bayesian training. By lowering
these technical barriers, the methodology becomes feasible for use in early engagement
discussions, design justification documents, and regulatory submissions.
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8.4.3 Implications for Clinical Research

Neglecting delayed effects can have substantial consequences for trial efficiency, inter-
pretation, and ethical conduct. The empirical analyses demonstrated that delays of 2-8
months were common across the case studies, with clear consequences: power losses
of 25-65 percentage points when delays were ignored in design assumptions, and pre-
mature futility stopping at 7-18% information under aggressive monitoring schemes.
These findings highlight the importance of designing trials that reflect the complexity
of treatment response dynamics and ensure that patients, resources, and time are used
responsibly.

8.5 Limitations and Future Directions

While this thesis offers methodological, practical, and software contributions, several
limitations remain and point toward promising directions for future research.

8.5.1 Expert Elicitation

The assurance framework relies on elicited priors, and although structured protocols
such as SHELF provide rigour, expert judgements inevitably carry subjectivity and
potential bias. Eliciting joint beliefs about delay, effect size, and event rates can be
cognitively demanding, and this work did not evaluate elicited priors against realised
trial outcomes or address how to reconcile divergent expert opinions.

Future research should examine the empirical calibration of expert judgements by com-
paring elicited priors with observed outcomes across multiple trials. As external ev-
idence accumulates, elicited priors can be updated formally using Bayes’ theorem,
yielding posteriors that combine expert judgement with observed data.

8.5.2 Model Parameterisation and General Non-Proportional
Hazards

The modelling framework adopts a single change point with a transition to a post-
delay hazard ratio. Although this suffices to illustrate core ideas, real treatment ef-
fects may emerge gradually, diminish over time, or follow more complex hazard dy-
namics. Extending the framework to include smooth transitions or multiple change
points—drawing on flexible survival models such as Royston-Parmar or spline-based
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hazards—may improve realism but raises challenges for elicitation and assurance com-
putation.

More broadly, delayed benefit is only one form of non-proportional hazards. Patterns
such as waning effects, early harm, or crossing hazards also warrant more complex
design strategies. A future programme of research could develop a taxonomy of NPH
scenarios with corresponding elicitation templates and design tools, examining the
trade-offs between model flexibility, elicitation feasibility, and computational tractabil-

ity.

8.5.3 Empirical Validation

The empirical evaluation focused on a selected sample of trials exhibiting visually
apparent delayed separation, which introduces selection bias and precludes inference
about the broader prevalence of DTEs. Analyses were retrospective and constrained by
de-identified data, preventing reconstruction of true accrual profiles or original interim
monitoring schedules.

Unbiased estimation of DTE prevalence would require a systematic review of com-
pleted trials selected without reference to hazard-pattern appearance. Prospective val-
idation—applying these design tools in ongoing trials—will be essential for assessing
operational feasibility, regulatory acceptability, and the practical utility of elicitation-
informed assurance. Engagement with trial sponsors and regulators will be crucial to
understanding expectations around elicitation documentation and assurance thresh-

olds.

8.5.4 Software Development and Translation to Practice

The DTEAssurance package supports the key methodological components of this the-
sis, but continued development is needed to incorporate more flexible hazard models,
improve computational efficiency, and expand visualisation tools for communicating
assurance and interim-monitoring implications. Case studies documenting prospec-
tive, real-world use of the package would help bridge the gap between methodological
development and routine practice.
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8.6 Concluding Remarks

This thesis has addressed the challenge of designing adaptive time-to-event trials in
settings where treatment benefits emerge only after a delay. By integrating Bayesian
assurance, structured expert elicitation, and adaptive monitoring within a framework,
it contributes to an evolving shift in trial design toward explicit modelling of uncertainty
and realistic representation of treatment dynamics.

The methodological developments establish how assurance can provide a coherent basis
for evaluating trial success when key parameters—particularly the timing and magni-
tude of treatment benefit—are uncertain. The elicitation framework allows expert
beliefs about delayed effects to be translated into joint prior distributions, offering a
principled alternative to ad hoc assumptions when empirical evidence is limited. Ex-
tending these ideas to adaptive designs demonstrates how delay-informed predictive
probabilities can reduce the risk of premature futility stopping—an issue of practical
importance in trials where early data may not yet reflect true treatment benefit.

Empirical analyses of seven completed oncology trials reinforce the practical relevance
of these methodological concerns. Delayed effects were common, and ignoring them in
design assumptions led to substantial power loss and increased risk of inappropriate
early termination. These findings underscore that delayed treatment effects are not
isolated anomalies but recurring features of modern therapeutic settings that require
dedicated design strategies.

The accompanying DTEAssurance package ensures that the methodological contribu-
tions are accessible to practitioners. By providing tools for elicitation, assurance com-
putation, and visualisation, the software supports uncertainty-aware design without
requiring deep familiarity with Bayesian computation. This practical implementation
bridges the gap between methodological development and real-world application.

Looking ahead, this work points toward a design paradigm that treats uncertainty as
an inherent feature of clinical trials to be characterised rather than minimised. For sur-
vival endpoints with delayed or time-varying effects, this entails adopting models that
reflect biological complexity, designing studies that are robust to plausible departures
from idealised assumptions, and ensuring that design assumptions are transparent and
justifiable. Further progress will require extensions to more flexible hazard structures,
prospective validation in ongoing trials, and continued engagement with regulators to
support the use of elicitation- and assurance-based design approaches.

The methodological framework, empirical analyses, and software tools presented here
provide a foundation for such developments. If these contributions support more re-
liable detection of treatment benefit in settings where effects emerge gradually, they
will have met their intended aims.
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Appendix A

Derivations

A.1 Derivation of the Critical Value for the Hy-
pothesis Test

Consider a two-arm clinical trial comparing a treatment group to a control group, where
the primary endpoint is continuous. Let 0 denote the observed difference in sample
means between the treatment and control arms, and assume the following model:

where ¢ is the true treatment effect, o2 is the common population variance, and n is
the number of patients allocated to each arm (equal allocation assumed).

The goal is to test the one-sided hypothesis:
Hy:0=0 versus H;:0 >0,
at a significance level a.

Under the null hypothesis Hy, the distribution of 5 is

The standardised test statistic is then
g 0-0 9
V202 /n \/20%/n
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For a one-sided test at level «, the null hypothesis is rejected if the test statistic exceeds
the (1 — a)-quantile of the standard normal distribution:

Z > Zi_g.

Rearranging the inequality for ) , we have

~

) . 202
S Z = 2 =
/202 /n n vn

A.2 MAP Prior for Historical Control Data - Ex-
ponential

In this section, we describe how historical control data can be incorporated into the de-
sign of a future survival trial using a Bayesian hierarchical framework. Specifically, we
employ the Meta-Analytic-Predictive (MAP) prior approach, originally introduced by
Neuenschwander et al., 2010; Schmidli et al., 2014 and later extended to time-to-event
data by Bertsche et al., 2019. This method enables the combination of information
from H historical control datasets to form a single predictive distribution for the control
group hazard rate in the upcoming trial.

For each historical study h = 1,..., H, we observe n;, event or censoring times t;,,
among which dj, are observed events and n, — dj, are censored observations. Assuming
that event times follow an exponential distribution,

Tin ~ Exp(Ap),

and considering a Type II censoring scheme, the sum of observed survival times

dp,
Tip = Z Lin
i=1
follows a Gamma distribution,

Ty ~ Gamma(dp, \p). (A1)

We assume the same distributional form holds for the future control group, denoted
C, yielding
T c ~ Gamma(dg, A\¢).
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To capture between-study heterogeneity, we model the log hazard rates of the historical
studies and the future control group as exchangeable and normally distributed:

log(A1), ..., log(Ag),log(Ac) ~ N (u, 7). (A.2)

Here, 1 represents the overall mean log hazard rate, and 7 captures the between-study
variability.

Using the historical data, the MAP prior for the future control group hazard rate \¢
is defined as the posterior predictive distribution

7'{'()\0 | T+17 s 7T+H7 K, T) = 7T()\0). (AS)

A full Bayesian model requires specifying priors for the hyperparameters p and 7.
Following Schmidli et al., 2014, we assign a weakly informative normal prior to u,
with mean g = 0 and variance 02 = 1000, and a half-normal prior on the standard
deviation 7. Given the critical role of 7 in governing borrowing strength, sensitivity
analyses are recommended, particularly when the number of historical studies is small.

This hierarchical modelling approach allows us to formally quantify uncertainty and
heterogeneity across historical datasets, improving the robustness and informativeness
of the prior for the control group hazard in the future trial.

A.3 Log-likelihood expressions for delayed treat-
ment effect models

In this appendix we provide the log-likelihood expressions for the exponential and
Weibull delayed treatment effect models used in Section 6.4. Recall the index sets

C={i:z =0}, Ter={i:z=1, z; <T}, Tor={i:z=1, ; > T},

and let D denote the full set of observed times and event indicators {(x;,y;)}-

A.3.1 Exponential Model

For the exponential model, the parameter vector is O = (., HR*,T"). The individual
likelihood contributions are

. Aiexp(—Ax;), i € CUT<r,
" L OGHRYY exp{—\T — \HR (z; — T)}, i€ Tor,
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and the log-likelihood is

lp(0g | D) =log L(6g | D)
= > [wlogh.—Aewi] + Y [yi(log Ac + log HR™) — AT — A HR"(z; — T)].

i€eCUT<r €T~

(A4)

A.3.2 Weibull Model

For the Weibull model, the parameter vector is 8y = (A, V., HR*,T'). The control-arm
survival is S.(t) = exp{—(A:t)?}, with cumulative hazard He(t) = (A.t)" and hazard
hc(t) = ’yc)\zct%_l.

The individual likelihood contributions can be written as

(’yc)\zeaz%_l)yi exp(—(Aewi)¥), 1eCUT<p,

i

(AR A2z )" exp{—(AT)% — HR*((Aew:)™ — (\T)*) }, i € Tor.

The corresponding log-likelihood is
tw (8w | D) =log L(6w | D)
= Z [yz{log Ve + Ve 1Og /\c + (’70 - 1) IOg xz} - ()‘cxi)%}

1€eCUT<r

+ Z [yz{log HR" + lOg Ye T Ve log Ac + (f}/c - 1) IOg .1'1}

i€T>T

— (T — HR* (A)* = (AT))]. (A5)

A.4 Simulation Formulae for Predictive Probabil-
ity Under Delayed Treatment Effects

This appendix provides explicit simulation formulae for each risk-set category described
in Section 6.4.3, for both the exponential and Weibull delayed-effect models. In all
cases, administrative censoring is enforced by the trial calendar: simulated event times
that exceed the calendar time of the final analysis are censored at that point. Let z;
denote the accumulated follow-up time at the interim analysis for patient z, and let
0m = (/\((;m), HR*™ (™)) (exponential) or 8™ = ()\gm),vém), HR*™ 7(m)) (Weibull)
denote the posterior draw at iteration m.
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A.4.1 Exponential Model

Under the exponential model, A, = A. - HR".

e Patients not yet enrolled — control arm: event times are simulated from
the full exponential model:

t; ~ EXp()‘c) :

e Patients not yet enrolled — treatment arm: event times are simulated
using inverse CDF sampling from the piecewise hazard. Let u ~ Uniform(0, 1)
and C; = exp(—A.7) denote the survival probability at the delay time. Then:

_ log(u)

- A
t; = 1

X (AeT —log(u) — A.T)  otherwise.

if u>C;,

e Censored control patients: using the memoryless property of the exponential
distribution, the residual event time is simulated as:

t; ~ x; + Bxp(A.).

e Censored treated patients in the pre-delay region (z; < 7): let u ~
Uniform(0,1) and p = 1 — exp(—A.(7 — z;)) denote the probability of the event
occurring before 7 conditional on survival to x;. Then:

—log(1l — wu -
i+ Og(A u-p) if u < p,
t; = c
(A _1 _ _ .
T+ 0g(u) /\/\C(T %) otherwise.

e Censored treated patients in the post-delay region (z; > 7): using the
memoryless property, the residual event time is simulated as:

t; ~ x; + Exp(\e).

e Patients who have already experienced the event: no further simulation
is required.
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A.4.2 Weibull Model

Under the Weibull model, the shape parameter 7, is assumed equal across both arms
after the delay, and A\, = \.-HR*/?. Let H(t) = (A\.t)* denote the cumulative hazard
under the control arm.

Patients not yet enrolled — control arm: let u ~ Uniform(0,1). Event
times are simulated using inverse CDF sampling:

;_ (Slogw)
1T AC .

Patients not yet enrolled — treatment arm: let u ~ Uniform(0,1) and
C; = exp{—(A.7)?}. Then:

(—logu)/e
i = Ae
L (—logu— (1—HR*)(AC¢)%)1/% 1

iE X otherwise.

ifu>C;,

Censored control patients: let v ~ Uniform(0,1). The residual event time is
simulated using conditional inverse CDF sampling:

- (H(z:) —logv)/ ™

t; = 3 .

Censored treated patients in the pre-delay region (z; < 7): let H, =
(A7), Hy, = (Ae)e, Sy, = exp(—H,,), and S; = exp(—H;). The probability
of the event occurring before 7 conditional on survival to z; is:

p=1—exp(—(H; — Hz,)).
Let u ~ Uniform(0, 1). Then:

— Farly branch (u < p): the event occurs before 7. Let v ~ Uniform(0, 1):

7 (—log(Ss, —v(Ss, — Sr)))l/%‘

i )\c

— Late branch (u > p): the event occurs after 7. Let v ~ Uniform(0, 1):

HT B log,l: 1/76
 _ HR

i )\c

202



Chapter A. Derivations

e Censored treated patients in the post-delay region (z; > 7): let v ~
Uniform(0,1) and H. = (Acz;). The residual event time is simulated as:

- (HL — logv)l/%
— )\e .

~+
.

e Patients who have already experienced the event: no further simulation
is required.
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Appendix B

JAGS Model Specifications

This appendix provides the JAGS model code used for Bayesian posterior inference
at interim analyses, as described in Section 6.4.2. Separate models are given for the
exponential and Weibull specifications. In both cases, the Poisson zeros trick is used
to specify a custom likelihood (Ntzoufras, 2011): each observation contributes a term
l; to the log-likelihood, and the zeros trick encodes this as a Poisson observation with
mean C' — [;, where C' = 10,000 is a large constant ensuring non-negative means.

The data are ordered so that control patients occupy indices 1,...,n and treatment
patients occupy indices n+1,...,m. The categorical variable Z governs the treatment
effect structure:

e 7 = 1: no treatment effect (HR = 1, no delay);

e 7 = 2: immediate treatment effect (HR = HR*, no delay);

e 7 = 3: delayed treatment effect (HR = HR*, delay = 7).
The prior probabilities for Z are specified as m = (1 — Ps, Ps(1 — Pprg), Ps - Porg),

corresponding to the elicited probabilities of no separation, immediate separation, and
delayed separation respectively.

B.1 Exponential Model

data {
for (j in 1:m) {
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}

zeros[j] <- 0

3

model {

C <= 10000
# Control arm likelihood (indices 1 to n)
for (i in 1:n) {
zeros[i] ~ dpois(zeros.mean[i])
zeros.mean[i] <- -1[i] + C
1[i] <- ifelse(data_event[i] == 1,
log(lambda_c) - (lambda_c * data_time[i]),
-(lambda_c * data_time[i]))
}
# Treatment arm likelihood (indices n+1 to m)
for (i in (n+1):m) {
zeros[i] ~ dpois(zeros.mean[i])
zeros.mean[i] <- -1[i] + C
1[i] <- ifelse(data_event[i] == 1,
ifelse(data_time[i] < delay_time,
log(lambda_c) - (lambda_c * data_timel[i]),
log(lambda_e) - lambda_e * (data_time[i] - delay_time)
- (delay_time * lambda_c)),
ifelse(data_time[i] < delay_time,
-(lambda_c * data_time[i]),
-(lambda_c * delay_time)
- lambda_e * (data_time[i] - delay_time)))
}
# Treatment effect structure
Z ~ dcat(pill)
HR_slab ~ dgamma(c, d) # prior for HR* (example)
delay_slab ~ dgamma(a, b) # prior for delay time (example)
HR <- equals(Z, 1) * 1
+ (1 - equals(Z, 1)) * HR_slab
delay_time <- equals(Z, 3) * delay_slab
# Control hazard prior (example: exponential model)
lambda_c <- -log(sl) / t1 # derived from elicited si
# Treatment hazard
lambda_e <- lambda_c * HR
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B.2 Weibull Model

data {
for (j in 1:m) {
zeros[j] <- 0
}
}
model {
C <= 10000
# Control arm likelihood (indices 1 to n)
for (i in 1:n) {
zeros[i] ~ dpois(zeros.mean[i])
zeros.mean[i] <- -1[i] + C
1[i] <- ifelse(data_event[i] == 1,
log(gamma_c) + gamma_c * log(lambda_c * data_timel[i])
- (lambda_c * data_time[i]) gamma_c - log(data_time[i]),
-(lambda_c * data_time[i]) “gamma_c)
}
# Treatment arm likelihood (indices n+1 to m)
for (i in (n+1):m)
zeros[i] ~ dpois(zeros.mean[i])
zeros.mean[i] <- -1[i] + C
1[i] <- ifelse(data_event[i] == 1,
ifelse(data_time[i] < delay_time,
log(gamma_c) + gamma_c * log(lambda_c * data_time[i])
- (lambda_c * data_time[i]) “gamma_c - log(data_time[i]),
log(gamma_c) + gamma_c * log(lambda_e)
+ (gamma_c - 1) * log(data_timel[i])
- lambda_e“gamma_c * (data_time[i] “gamma_c
- delay_time~gamma_c)
- (delay_time * lambda_c) “gamma_c),
ifelse(data_time[i] < delay_time,
-(lambda_c * data_time[i]) “gamma_c,
-(lambda_c * delay_time) “gamma_c
- lambda_e“gamma_c * (data_time[i] “gamma_c
- delay_time“gamma_c)))
}
# Treatment effect structure
Z ~ dcat(pill)
HR_slab ~ dgamma(c, d) # prior for HRx (example)
delay_slab ~ dgamma(a, b) # prior for delay time (example)
HR <- equals(Z, 1) * 1
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+ (1 - equals(Z, 1)) * HR_slab
delay_time <- equals(Z, 3) * delay_slab
# Control parameters (example: Weibull model)
s1 ~ dbeta(a_sl, b_s1) # elicited prior for S(t1)
delta ~ dbeta(a_delta, b_delta) # elicited prior for S(tl) - S(t2)
gamma_c <- log(log(sl) / log(sl - delta)) / log(tl / t2)
lambda_c <- pow(-log(sl), 1 / gamma_c) / t1
# Treatment hazard
lambda_e <- lambda_c * pow(HR, 1 / gamma_c)
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Vivli Work - Case Studies

C.1 Publications

Table C.1: Publications associated with each data set.

Trial (NCT ID) Main Publication Updated / Interim Publication(s)
Trial A (NCT02409342) Herbst, Giaccone, et al., 2020 Spigel et al., 2019, Jassem et al., 2021
Trial B (NCT01668784) Motzer, Escudier, McDermott, et al., 2015 Motzer, Escudier, George, et al., 2020
Trial C (NCTO01721772) Robert, Long, Brady, Dutriaux, Maio, et al., 2015 Robert, Long, Brady, Dutriaux, Di Giacomo, et al., 2020
Trial D (NCT01844505)  Wolchok, Chiarion-Sileni, Gonzalez, et al., 2017 Wolchok, Chiarion-Sileni, Rutkowski, et al., 2024
Trial E (NCT01642004) Brahmer, Reckamp, et al., 2015 Borghaei, Gettinger, et al., 2021
Trial F (NCT02477826) Hellmann et al., 2019 Brahmer, Lee, et al., 2023
Trial G (NCT02105636) Ferris et al., 2016 Yen et al., 2020
Trial H (NCT01673867) Borghaei, Paz-Ares, et al., 2015

C.2 Vivli Data Request

A formal data request was submitted to the Vivli clinical trial data sharing platform
for the project: “Developing methodology for a delayed treatment effect present in a
survival trial” found here.

The application outlined the research objectives, proposed analyses, and justification
for accessing individual participant data from seven completed survival trials. The
complete six-page application is held on file with the author and is available upon
request.

This research was reviewed and approved by the Departmental Ethics Administrator
under reference number 065011. The study was classified as secondary analysis of
anonymised clinical trial data and therefore posed no risk to participants. A copy of
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the formal approval notice is shown in Figure C.1 for reference.

The
University

5 Of
“ Sheffield.

Downloaded: 2010/2025
Approved: 15/11/2024

James Salsbury

Registration number: 210138548

School of Mathematical and Physical Sciences
Programme: PhD Statistics

Dear James

PROJECT TITLE: Assurance Methods for Adaptive Clinical Trials

APPLICATION: Reference Number 065011

This letter confirms that you have signed a University Research Ethics Committee-approved self-declaration to confirm that your research will
involve only existing research, clinical or other data that has been robustly anonymised. You have judged it to be unlikely that this project
would cause offence to those who eriginally provided the data, should they become aware of it.

As such, on behalf of the University Research Ethics Committee, | can confirm that your project can go ahead on the basis of this self-
declaration.

If during the course of the project you need to deviate significantly from the above-approved documentation please inform me since full ethical

review may be required.

Yours sincerely

Robin Stephenson
Departmental Ethics Administrator

Figure C.1: Departmental ethical approval form for the Vivli case studies.

C.3 Supplementary Figures for All Trials
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C.4 Supplementary Tables for All Trials

Table C.2: Parameter estimates for progression-free survival (PFS) across
trials under exponential and Weibull frameworks. T denotes the estimated
delay time (months); Ao and vo are the scale and shape parameters for the
control arm; HR* is the post-delay hazard ratio from the best-fitting model.
The lowest AIC within each trial is shown in bold.

Trial Model 7 (mo) Ao Yo HR" AIC
Exponential - 0.1149 - 0.8379 4751.2
B Weibull - 0.1199 0.881 0.8645 4731.9
Piecewise exponential 11.6 0.1232 - 0.2894 4650.5
Piecewise Weibull 11.6  0.1233 0.994 0.2922 4652.5
Exponential - 0.1910 - 0.2153  2207.9
o Weibull - 0.2279 0.710 0.3014 2131.3
Piecewise exponential 5.2 0.1668 - 0.0819 2048.5
Piecewise Weibull 5.2 0.1680 0.924 0.0959 2046.7
Exponential - 0.2061 - 0.5722  1229.3
B Weibull - 0.2073 0.959 0.5881 1230.6
Piecewise exponential 2.3 0.2149 - 0.3276 1193.3
Piecewise Weibull 2.3 0.2173 1.177 0.2475 1186.7
Exponential - 0.2134 - 0.8169 1618.2
G Weibull - 0.2196 0.867 0.8664 1607.5
Piecewise exponential 5.0 0.2536 - 0.2014 1521.6
Piecewise Weibull 5.0 0.2512 1.130 0.1546 1516.3
Exponential - 0.1555 - 0.7788  2966.9
I Weibull - 0.1601 0.863 0.8334 2948.9
Piecewise exponential 6.5 0.1757 0.2209 2844.6

Piecewise Weibull 6.5 0.1747 1.047 0.2029 2845.1
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Trial D2 — Overall Survival (OS)
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Trial E — Progression-Free Survival (PFS)
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Trial G — Progression-Free Survival (PFS)
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Overall Survival
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Trial H — Progression-Free Survival (PFS)
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Table C.3: Interim stopping behaviour for PFS for the trials under one-
sided O’Brien—Fleming (o = 0.025) efficacy spending and Kim-DeMets
(B = 0.10) futility spending. First crossing reported for each rule; futility
treated as non-binding in this diagnostic analysis.

Trial Futility rule Futility crossed? Efficacy crossed? Comment

~=0.75 132 (17.8%) -
B N =25 167 (22.4%) -
v =6 290 (38.9%) -
v =0.75 - 107 (31.4%)

C v =25 - 107 (31.4%)
v =6 - 107 (31.4%)
v =0.75 25 (11.4%) 204 (93.2%)

E N =25 58 (26.5%) 204 (93.2%)
v=6 107 (48.9%) 204 (93.2%)
v =0.75 82 (26.7%) -

G =25 98 (31.9%) -
=6 152 (49.5%) -
~=0.75 16 (3.2%) -

H N =25 51 (10.1%) -

v =6 123 (24.3%) -
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