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Abstract

Phase II clinical trials are an expensive and risky component of the drug development
process used to study the safety and efficacy of new treatments. Recent studies suggest
that the average cost of a phase II trial ranges from 7.0 to 19.6 million dollars, depending
on therapeutic area, and that about one-third of all phase II trials fail. Failures in phase II
generally occur when a new toxic side effect arises or the observed treatment effect is smaller
than anticipated. To minimize harm to trial participants, drug developers require statistical
methods that can be used to reduce patient exposure to ineffective or harmful treatments.
This thesis focuses on innovations in early phase development aimed at reducing exposure
to ineffective treatments.

Chapters 2 and 3 concern response-adaptive randomization (RAR), which alters the
allocation ratio based on accruing data in favor of the empirically superior treatment. In
contrast to fixed 1:1 allocation, RAR gives participants a greater chance of receiving the
treatment during the trial, which tends to reduce the number of participants assigned to
the inferior arm. Yet, existing RAR approaches are commonly criticized for reducing power
relative to 1:1 allocation, inflating type I error rate when a time-trend is present, and engen-
dering nontrivial probabilities of allocating more participants to the inferior arm. To temper
these problematic behaviors, Chapter 2 proposes a new probability model and randomiza-
tion strategy for implementing Bayesian RAR in a binary outcomes setting. Simulation
studies show that the proposed methods engender smaller average sample sizes with sim-
ilar power, better control over type I error rate, and a negligible chance of a sample size
imbalance in the wrong direction compared to the traditional design. Chapter 3 proposes
a new metric for comparing group sequential designs that measures the expected number
of failures in the fixed group of individuals who are directly impacted by the design choice.

In contrast to within-trial metrics, this approach considers designs with equal type I and
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IT error rates and assesses their impact with respect to relevant, equal-sized populations.
Simulation studies show that various implementations of group sequential Bayesian RAR
offer modest improvements with respect to the proposed metric relative to conventional
group sequential monitoring alone.

Chapter 4 concerns drug repurposing, which is the process of discovering new therapeutic
uses for existing treatments. Drug repurposing involves studying treatments with well-
established safety profiles, which can dramatically shorten the drug development timeline
and reduce the occurrence of toxic side effects in patients. However, existing approaches for
drug repurposing involve complex, computationally-intensive analytical methods that are
not widely used in practice. This chapter proposes a novel Bayesian network meta-analysis
(NMA) framework that can predict the efficacy of an approved treatment in a new indication
and thereby identify candidate treatments for repurposing. We obtain predictions using two
main steps: first, we use standard NMA modeling to estimate average relative effects from
a network comprised of treatments studied in both indications in addition to one treatment
studied in only one indication. Then, we model the correlation between relative effects
using various strategies that differ in how they model treatments across indications and
within the same drug class. Simulation studies find that the model minimizing root mean
squared error of the posterior median for the candidate treatment depends on the amount
of available data, the level of correlation between indications, and whether treatment effects

differ, on average, by drug class.
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Chapter 1

Introduction

Phase II clinical trials are an expensive and risky component of the drug development
process used to study the safety and efficacy of new treatments. Recent studies suggest
that the average cost of a phase II trial ranges from 7.0 to 19.6 million dollars, depending
on therapeutic area, and that about one-third of all phase II trials fail. [1] Failures in phase
IT generally occur when a new toxic side effect arises or the observed treatment effect is
smaller than anticipated. To minimize harm to trial participants, drug developers require
statistical methods that can be used to reduce patient exposure to ineffective treatments.
One such method that has garnered considerable attention in phase II clinical trials is
response-adaptive randomization (RAR), which alters the allocation ratio based on accruing
data in favor of the empirically superior treatment. [2-4] In contrast to 1:1 allocation,
RAR gives participants a greater chance of receiving the treatment during the trial, which
tends to reduce the number of participants assigned to the inferior treatment. Yet, RAR
remains contentious and has seen limited use in practice. It is commonly criticized for
reducing power relative to 1:1 allocation, inflating type I error rate when a time-trend
is present, and engendering nontrivial probabilities of allocating more participants to the

inferior arm. [3},5-10]



Drug repurposing, the process of discovering new therapeutic uses for existing treat-
ments, has also received interest for its potential to minimize in-trial patient harm. This
process occurs when drug developers hypothesize that an additional clinical indication will
respond similarly to a licensed drug due to biological similarities or comparable mechanisms
of action, and can advantageously be used to satisfy unmet clinical needs or maximize a
treatment’s therapeutic ability. It also involves studying treatments with well-established
safety profiles, which can dramatically shorten the drug development timeline and reduce the
occurrence of toxic side effects in patients. [11] However, existing approaches for drug repur-
posing involve complex, computationally-intensive analytical methods and are not widely
used in practice. Instead, repurposing decisions are often based on subjective judgements
and limited empirical evidence, which increases the likelihood of conducting a futile trial,
wastes valuable resources, and exposes many individuals to an ineffective treatment. [12]
This thesis focuses on Bayesian methods for response-adaptive randomization and drug
repurposing in an effort to reduce patient exposure to ineffective treatments during early
phase drug development.

The second chapter of this thesis proposes an alternative probability model and ran-
domization strategy for implementing Bayesian RAR in a binary outcomes setting. This
work was motivated by a recently conducted phase II trial called the Advanced R?Eperfusion
STrategies for Refractory Cardiac Arrest (ARREST) trial (ClinicalTrials.gov, NCT03880565),
which assessed the impact of extracorporeal membrane oxygenation (ECMO) facilitated
resuscitation versus advanced cardiac life support on survival to hospital discharge in
adults who experienced an out-of-hospital cardiac arrest and refractory ventricular fibril-
lation. |13,|14] Bayesian RAR was performed to minimize patient exposure to the inferior
treatment, as the consequences of providing an inferior treatment were grave. To implement
RAR, investigators used independent beta-binomial probability models for the treatment
arm response rates in conjunction with complete randomization, which is the only way in

which RAR has been traditionally applied in two-arm trials with a binary outcome. [13]



Although simple to implement, this conventional design may engender substantial type I
error rate inflation when the underlying response rate deviates from its hypothesized value.
It may also result in arbitrarily large deviations from the target allocation in favor of the
inferior treatment. To temper these problematic behaviors, Chapter 2 proposes the use of
a logistic regression probability model coupled with one of two alternative randomization
methods that limit deviations from the targeted allocation ratio. The relative merits of the
proposed Bayesian RAR design are assessed using simulations.

Chapter 3 proposes a new metric for comparing group sequential designs based on the
cohort most acutely impacted by the choice of the design. Group sequential designs are
often used to facilitate early stopping for efficacy, harm, or futility at pre-specified interim
sample sizes throughout the trial, which protects participants from unnecessary exposure
to ineffective or harmful treatments and allows limited resources to be allocated to other
trials. [15] Response-adaptive randomization may be considered when investigators wish to
maximize in-trial patient benefit, or equivalently minimize in-trial patient harm. To inform
this decision, investigators have traditionally compared Bayesian RAR and classical fre-
quentist group sequential trials using within-trial metrics such as the percentage or number
of patients assigned to the inferior arm or the expected number of trial failures. [16-18]
However, these evaluations are often limited by failures to hold type I and II error rates
constant or to account for the different sample size requirements of the designs under consid-
eration, which arguably leads to unfair comparisons. The metric introduced in this chapter
improves on existing patient benefit metrics by considering a set of feasible group sequential
designs with equal type I and II error rates and measuring the expected number of failures
in the fixed group of individuals who are directly impacted by the design choice. Namely,
those who would participate in the trial if enrollment were open when they become eligible.
This chapter concludes by illustrating how this metric may be applied to select a design in

the motivating ARREST trial context.



The fourth chapter of this thesis develops a novel Bayesian network meta-analysis frame-
work that can assist drug developers in answering the commercial decision of “what to study
next” in the context of drug repurposing. Network meta-analysis (NMA) is a statistical
method that combines data from multiple studies assessing multiple treatments to reduce
bias and improve efficiency. [19-21] Although traditionally applied to data from late-stage
studies for comparative effectiveness research or regulatory submissions, NMA is useful in
different stages of drug development. Mawdsley et al. [22] developed model-based NMA
(MBNMA) by incorporating dose-response models into an NMA framework. Their method
uses plausible physiological dose-response models to predict the effect of multiple treatments
across a range of doses. Pedder et al. [23] expanded MBNMA to model the time-course re-
lationship of multiple treatments using a continuous function. This method can similarly
predict treatment efficacy at unstudied time points and enhance the understanding of phar-
macodynamic profiles of new compounds. Importantly, predictions from both methods can
be used to inform the design of future clinical trials, evaluate the competitive landscape,
and accelerate compound development by mitigating trial failures. [24] Despite these appli-
cations, NMA has not been used to predict the efficacy of an approved treatment in a new
indication and thereby identify repurposable treatments. This chapter develops an NMA
framework that can predict whether a treatment is likely to succeed in a new indication
based on data from other treatments studied in both the new and approved indications,
and concludes by discussing an illustrative example in psoriasis and psoriatic arthritis.

Chapter 5 summarizes the findings in previous chapters and describes future work related

to these topics.



Chapter 2

Alternative Models and Randomization
Techniques for Bayesian
Response-Adaptive Randomization

with Binary Outcomes

2.1 Introduction

Fixed, equal randomization is a well-established approach to obtain unbiased treatment
effect estimates and high power in clinical trials. However, response-adaptive designs con-
tinue to receive interest for phase II clinical trials due in part to their ability to introduce
randomization while considering ethical constraints, contrary to single-arm studies. While
fixed randomization allocates patients among treatments with fixed probabilities through-
out the trial, response-adaptive randomization commonly alters the allocation ratio based
on interim analyses, favoring treatments with higher empirical success rates, which tends

to reduce the number of patients assigned to an inferior treatment. [25]



The proposal to use response-adaptive randomization in binary outcome trials dates
back to at least Thompson [26] and has recently been discussed extensively by Berry et
al. [2] In this paper, we consider Thompson sampling methods where participants are ran-
domized to the treatment arm in proportion to the posterior probability that the treatment
is superior to the control, based on the available data at the time of randomization. [26]
The Advanced R?Eperfusion STrategies for Refractory Cardiac Arrest (ARREST) trial, a
National Heart, Lung, and Blood Institute funded, phase II clinical trial, used a Bayesian
response-adaptive design and is the motivation for this research. [13/14] The ARREST trial
aimed to evaluate the efficacy of extracorporeal membrane oxygenation facilitated resuscita-
tion versus standard advanced cardiac life support resuscitation on adults who experienced
a refractory ventricular fibrillation or pulseless ventricular tachycardia out-of-hospital car-
diac arrest. For logistical reasons, adaptations to the randomization schedule were designed
to occur in a group sequential manner. The primary outcome of the ARREST trial was
survival to hospital discharge. The principal investigators wanted to use response-adaptive
randomization to minimize patient exposure to the inferior treatment, as the consequences
of providing an inferior treatment were grave. [13]

Two-arm Bayesian response-adaptive trials with a binary outcome, such as the ARREST
trial, have been conventionally implemented using independent beta-binomial probability
models for the treatment arm response rates in conjunction with complete randomization,
where every subject is independently randomized among the arms with probabilities that
reflect the current target allocation (i.e. coin flipping). While evaluating designs for the
ARREST trial with this conventional implementation, we noticed sensitivity in the type I
error rate, defined as the probability of claiming either efficacy or harm when the response
rates are equal, to the underlying response probability and prior specification. Because the
control response rate is uncertain when designing any trial, the actual type I error rate of

this design may differ considerably from what was intended.



Type I error inflation for response-adaptive designs may also be exacerbated in the pres-
ence of time trends including patient drift, a well-documented phenomenon characterized
by evolving patient prognoses. [6] To protect against time trends and maintain type I error
at the nominal level, Simon and Simon have developed a general class of randomization
tests and Villar et al. recommend the use of several correction methods. [9,/10] However,
a tailored solution may result in better trade-offs when one is particularly worried about
incorrectly hypothesized response rates in response-adaptive designs. Other limitations also
explain why these designs remain widely unused in clinical practice. [3] Hey and Kimmel-
man, for instance, argue that Bayesian response-adaptive randomization is undesirable in
the two-armed setting because it notably increases trial sample size, [§] while Thall et al.
relatedly contend that it reduces power, defined as the probability of claiming efficacy when
the response rate is higher in the treatment arm, and leads to a nontrivial probability of a
subject imbalance toward the inferior treatment. [5]

We hypothesize that an alternative probability model and randomization method will
temper some of the problematic behaviors engendered by the conventional two-arm Bayesian
response-adaptive design with binary outcomes. Following the work of Ghosh and Gelman
for prior specification in logistic regression modeling, [27,[28] we surmise that using logistic
models with t-distribution priors might engender a design with reduced prior sensitivity
and improved operating characteristics. We further postulate that urn and permuted block
randomization methods, which to our knowledge have yet to be studied in this context,
may reduce the risk of assigning more patients to the inferior arm. Contrary to complete
randomization, these methods restrict deviations from the target allocation throughout the
trial.

In this paper, we report a simulation study evaluating the operating characteristics
of Bayesian group sequential response-adaptive designs using Thompson sampling methods
based on various probability models coupled with various randomization methods, including

an existing mass-weighted urn strategy and a new weighted permuted block strategy. Below,



we outline each model and randomization scheme, report the results of our simulation study,
and recommend using a probability model and randomization technique that ameliorate
previously noted limitations of the conventional Bayesian response-adaptive design for the

motivating ARREST trial context.

2.2 Methods

2.2.1 Probability Models

Continuing in the context of the ARREST trial, let m, reflect the true, but unknown, prob-
ability of survival to hospital discharge in arm z = E or C, where E denotes extracorporeal
membrane oxygenation (treatment) and C denotes standard advanced cardiac life support
(control). The posterior probability that the treatment is superior to the control is then
given by Pp~c = Pr(ng > m¢|y), where y is the currently available outcome data, i.e. the
numbers assigned to each arm and who survived to hospital discharge. [2] We consider two

probability models for calculating Pg~¢c below.

Independent Beta-Binomial Model

The independent beta-binomial model is often the basis for two-arm Bayesian response-
adaptive trials with binary outcomes. Assuming n, subjects are assigned to treatment z

and Y, subjects survive, the independent beta-binomial model assumes:

Y. |, "4 Binomial (ny, m,) and (2.1)

7. " Beta (m*ng, (1 —7")ng), z=E,C



such that the posterior distribution arises as:
m |V, % Beta (t*ng + Yz, (1— 7%)no + ns — Y2) (2.2)

where 7* is the prior mean and ny is the prior effective sample size presented by Morita et
al. [29] Additional details for this model are provided in the Appendix. The non-informative,
uniform Beta(1,1) prior arises with ng = 2 and 7* = 0.50. Because the hypothesized
survival probability for the control was 12%, we also consider using a weakly informative

Beta(0.24,1.76) prior with ng = 2 and 7* = 0.12.

Logistic Regression Model

We next consider a logistic regression model resulting from a logit transformation of :

logit(7,) = log < UE > = Bo+ 51 ({z =E} —0.5) (2.3)

1—m,

Gelman et al. first recommended using Cauchy prior distributions for logistic regression
coefficients. [28] However, because the posterior mean of the regression coefficients may not
exist when assuming Cauchy priors in the presence of complete or quasicomplete separation,
Ghosh et al. later recommended using a lighter tailed t-distribution with between 5 to 7
degrees of freedom. [27] Let ¢, (i, o) denote a generalized t-distribution with v, p, and o
respectively signifying the degrees of freedom, location, and scale parameters. The density
function for this distribution is provided in Section 1 of Appendix A. We consider specifying
independent ¢7(0,2.5) priors for By and B, as well as a t7(log(g32), 2.5) prior distribution
for Bg. The latter location hyperparameter value arises from solving for 8y when 7, = 0.12
and 81 = 0 in equation , and thus reflects the hypothesized survival probability under
the null hypothesis of no treatment effect. The logistic regression model is formally defined

as follows:



(2.4)

Y. |50, B1 ~ Binomial (nz exp(Bo + 1 - ({Z =E} —0.5)) )

I +exp(Bo+B1- ({Z=E} —-0.5))
and fo, f1 * 17(0,2.5), Z=E,C

The resulting posterior distribution for the model in equation (3.4)) is not recognizable,
which makes computation of Pg~¢ slightly more challenging. For posterior calculations, we
use a conditionally conjugate Polya-Gamma Gibbs sampler analogous to Ghosh et al. [27]

Additional details are provided in the Appendix.

2.2.2 Randomization Methods

In a Bayesian group sequential response-adaptive design, the target allocation for each group
is altered based on interim analyses in favor of the treatment that is currently performing
better. Let p,, be the target randomization probability to the treatment arm for group
m=1,..., M of size b. During its conception, the ARREST trial considered group sizes of b
=15, 30 or 50. Due to the high variability of Pg~¢c with small sample sizes, using Thompson
sampling by setting p,, = Pgp>c can reduce power and engender a considerable risk of
allocating more subjects to the interior treatment. [4] Following Thall and Wathen, [25] we
apply the following modifications in an effort to stabilize the randomization probability:
the first group uses equal randomization, i.e. p; = 0.5, and for subsequent groups p,, is
restricted between 0.25 and 0.75 (e.g., if Pp~¢c = 0.82 then p,, = 0.75 for the next group).
The latter may preclude power loss due to extreme allocation to one arm and limit selection
bias that may arise from clinicians determining the randomization scheme.

One complication with response-adaptive randomization is that it may not be possible
to achieve the target allocation within each group. For example, when group size b = 15
and p,, = 0.5, it not possible to allocate bp,, = 7.5 participants to each arm; however,

it is possible to use a randomization method that allocates 7.5 participants to each arm
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in expectation. We consider three randomization methods that achieve this property: the
weighted coin design, the mass-weighted urn design, and a new modified permuted block
design. Other methods would have also been suitable for consideration, including the block
urn design, [30] drop-the-loser urn design, [31] and wide brick tunnel randomization, [32]
among others. [33] To our knowledge, the weighted coin design is the only randomization
method studied for Bayesian response-adaptive trials. While the mass-weighted urn de-
sign may be applied in Bayesian response-adaptive randomization trials, its impact on the
operating characteristics remains unclear. We evaluate and compare these randomization
methods in terms of power, type I error, allocation accuracy, and the risk of a treatment

imbalance in the wrong direction under the target alternative scenario.

Weighted Coin Design

Let pp,; denote the probability that the i*" subject in the m!" group is assigned to the treat-
ment given the prior data. The weighted coin method uses p,,; = py, for each i =1,...,b,
and thus may heuristically be described as repeated flipping of a weighted coin. An impor-
tant aspect of any randomization method is the trade-off between allocation randomness
and treatment balance; although the weighted coin method maximizes randomness, its lack
of imbalance control may result in arbitrarily large deviations from the target allocation.
For example, in the first group with b = 30 and p; = 0.5, the weighted coin approach may
assign 16 and 14, 17 and 13, or even 18 and 12 subjects to the treatment and control respec-
tively, despite a targeted allocation of 15 to each arm. There is also a nontrivial probability

(0.20) of observing allocations as or more extreme than 11 and 19, or 19 and 11.

Mass Weighted Urn Design

Zhao recently developed a randomization method for unequal allocations called the mass
weighted urn design. [34] This method uses an urn randomization scheme with one ball per

arm. The probability of selecting a ball is proportional to its mass, which changes after
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every draw so that any allocation ratio may be targeted exactly. Let n!™, denote the

number of participants allocated to treatment z among the initial (i — 1) participants in
group m. The expression for p,,; arises as:
max[apy, — i g+ (i = 1)pm, 0]

P = g — s+ (= Dpms 0]+ maxia(l — pm) — 1y o 4 = DA —po)i0] =)

The initial mass of the balls corresponding to the treatment and control are ap,, and
a(1—pp), respectively, where a is the total mass of the balls in the urn. [34] If nj | 5 exceeds
the desired allocation of (i — 1)p,, by more than ap,,, the numerator of equation
becomes 0 and the next subject is assigned to the control. Similarly, if ni"y o exceeds
the desired allocation of (i — 1)(1 — p,,) by more than «(1 — p,,), the second term in
the denominator of equation becomes 0 and the next subject is assigned to the
treatment. In this way, a controls how far the realized allocation can deviate from the
targeted allocation. For example, consider the first group of size b = 30 with o = 3. The
mass-weighted urn design ensures allocations of 14:16, 15:15, or 16:14 to the treatment and
control, respectively. While the maximum tolerated imbalance property engendered by the
« parameter is desirable, it limits allocation randomness and thereby may be susceptible to
selection bias. [33] We set av = 3 as this strikes a reasonable trade-off between randomness

and balance.

Modified Permuted Block Design

The permuted block design is a common unequal allocation method used in clinical practice
that provides an effective imbalance control when block sizes are small. However, it cannot
achieve every target allocation that may arise in a response-adaptive trial. While the mass-
weighted urn design has shown promise in improving the precision of unequal allocation, it
sacrifices some control over deviation from the target allocation for greater unpredictability.
We propose a weighted permuted block strategy, herein referred to as the modified permuted
block design, that precisely targets general allocation ratios. For example, with b = 30 and

p1 = 0.5, this strategy guarantees 15:15 allocation.
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The targeted allocation within each block cannot be achieved when bp,,, is not an integer.
However, there often exist two allocations that most closely achieve the target allocation,
[bpr | and |bpy, |, where [-] and |-| denote the ceiling and floor functions, respectively.
Letting E,, denote the number of subjects to be assigned to the treatment in block m, E,,

will be sampled as follows:

[bpm |, fUp=1
En|Un =

lbpm |, if Uy, =0
(2.6)

1, with probability bp,, — |bpm |
where U, =

0, with probability [bp,,] — bpm

We define |bp,,| = bpm, — 1 when bp,, is an integer. If bp,, = 7.5, where b = 15 and
Pm = 0.5, this design will assign either 7 or 8 participants to the treatment with equal prob-
ability. Suppose instead p,,, = 0.68 such that bp,, = 10.2; this design will assign 11 patients
to the treatment with probability 0.2 and 10 with probability 0.8. Letting a; be the block
assignment for subject ¢ and p,, be the probability that U,, = 1, in Section 2 of Appendix A
we show that the expected value of E,,, = bp,, when p, = bpp, — [bpm |, suggesting that the
modified permuted block design targets the group allocation ratio exactly. We also show
that each subject is assigned to the experimental treatment with marginal probability p,,
given their block assignment. This design achieves the allocation ratio preserving property
described by Kuznetsova and Tymofyeyev, which advantageously protects against evalua-
tion, selection, and accidental biases that may arise even in double-blind trials. [35] The

mass-weighted urn design is non-allocation ratio preserving, especially with o < 6. [33]

2.2.3 Simulation Study Design

We used computer simulation to evaluate the relative merits of the probability models

and randomization methods for the ARREST trial. We considered designs with up to
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n = 150 participants and group sizes of b = 15, 30, or 50. The investigators specified a
targeted treatment effect of 25%, where 7o = 12% and mg = 37%, which we define as the
hypothesized alternative scenario. We similarly define the hypothesized null scenario to have
mo = mg = 12%. The type I error rate in each null scenario was defined as the proportion
of simulated trials where either Pp~c or 1-Pgp~¢ exceeded the stopping boundary value
Dstop, and power in the hypothesized alternative scenario was defined as the proportion
of simulated trials where Pr~c exceeded psiop. For each implementation, we simulated
10,000 trials under the hypothesized alternative scenario and a range of null scenarios with
a survival probability between 0.04 and 0.95, and we calibrated py,, so that the type I error
rate under the hypothesized null scenario was 0.05. We computed Pg~c after the primary
outcome was obtained for a new group of subjects, and assessed each trial using a group
sequential test with symmetric pgop stopping boundaries. A trial was terminated early
for efficacy or harm when Pg-c exceeded either boundary. We ran all simulations with
RStudio version 3.5.0 and the software for reproducing our simulation study is available at

https://github.com/prope012/Adaptive-Design-Evaluation.

2.3 Results

Figure depicts the type I error rate curves for each probability model paired with the
weighted coin randomization method at sequential group sizes of 15, 30, and 50. The
corresponding stopping boundary pssp is reported in Table @ Analogous figures for the
mass-weighted urn design and modified permuted block design are provided in Sections 4
and 5 of Appendix A and show similar patterns. The independent beta-binomial model
with 7* = 0.50 performed the worst in terms of type I error rate inflation, while the
independent beta-binomial model with 7* = 0.12 performed the best. Type I error increased
substantially for null response rates above 12% for all 3 group sizes in the former model,
peaking at approximately 0.11. Conversely, the latter model produced type I error rates

below the nominal level of 0.05. This better type I error control came with a substantial
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power loss, however. While power was about 90% when 7* = 0.5, it decreased as low as

80% with 7* = 0.12 (Table [2.2). Figure reveals that the logistic regression model also

improved type I error control with all values below 0.075 when the intercept prior location
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! Refers to the Student-t prior location of the intercept parameter

Figure 2.1: Type I Error at Various Null Response Rates and Sequential Group Sizes by

Probability Model (Weighted Coin Randomization Method)
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Table 2.1: Posterior Probability Stopping Boundary ps., by Sequential Group Size, Probability
Model, and Prior Mean Response Rate (Weighted Coin Randomization Method)

Prior Mean Probability Model

Response Rate Group Size Independent Beta-Binomial Logistic Regression

15 0.9872 0.9925
0.50! 30 0.9860 0.9920
50 0.9842 0.9890
15 0.9972 0.9941
0.12! 30 0.9963 0.9931
50 0.9944 0.9911

! Refers to a Beta(1,1) prior distribution

% Refers to a Beta(0.24,1.76) prior distribution

We also evaluated each model in terms of average sample size and power under the
hypothesized alternative scenario. When b = 30, power notably dropped from 0.90 to 0.82
and sample size increased from 82.6 to 95.3 between the independent beta-binomial models
with 7* = 0.50 versus 0.12 (Table . The logistic regression models also outperformed
the independent beta-binomial model with prior mean 0.12 insofar as they produced higher

power (0.87 when b = 30) and smaller average sample sizes (89 when b = 30).
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Table 2.2: Power (Average Sample Size) under the Alternative Hypothesis by Sequential Group
Size, Probability Model, and Prior Mean Response Rate (Weighted Coin Randomization Method)

Prior Mean Probability Model

Response Rate Group Size Independent Beta-Binomial Model Logistic Regression

15 0.89 (79.1) 0.86 (84.0)
0.50! 30 0.90 (82.6) 0.87 (88.8)
50 0.92 (89.3) 0.90 (92.3)
15 0.80 (89.9) 0.86 (84.0)
0.122 30 0.82 (95.3) 0.87 (88.6)
50 0.86 (98.3) 0.89 (94.2)

! Refers to a Beta(1,1) prior distribution

2 Refers to a Beta(0.24,1.76) prior distribution

The main selling point of response-adaptive trials is they reduce the number assigned
to the inferior treatment. In Figure we plotted the empirical cumulative distribution
functions for the difference in the number of subjects assigned to the treatment and control,
Ng — N¢, under the hypothesized alternative scenario with b = 30. Analogous figures for
b = 15 and b = 50 exhibited similar patterns. Because larger, positive values of Np — N¢
indicate more subjects were assigned to the superior treatment, curves with more mass
shifted to the right indicate better model performance. The independent beta-binomial
model with 7% = 0.5 performed least desirably in this regard, whereas 7* = 0.12 performed

most desirably; the latter provided the worst power, however.
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Figure 2.2: Empirical Cumulative Distribution Functions for the Difference in Treatment
Arm Sample Sizes, Np — N, under the Alternative Hypothesis for each Probability Model
using a Group Size of 30 (Weighted Coin Randomization Method)

Table contains summary measures for the three randomization methods, which per-
formed comparably in terms of power, average sample size, and Ng — N¢ under the hy-
pothesized alternative scenario. Each method also controlled type I error rate in a similar
manner, as depicted by Figure A.1 in Appendix A. To compare these methods for achieving
the targeted allocation across the trial, we calculated the root mean square error between

the realized and intended allocations as follows:

(i) The actual number of people assigned to the treatment, Ag, for each trial £ was

determined.

1 € expected number oI people assigne O € treatment, L), wWas 1ound I1or eac
ii) Th ted number of people assigned to the treatment, Epp, was found for each

sequential group m such that Eg) = Z;”:l bpg-e).
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(iii) Root mean square error was calculated as the square root of the mean squared differ-

ence across all 10,000 trials and formally arises as:

1 n
- > (Ape) — Epw)? (2.7)
=1

To evaluate the tendency to allocate more subjects to the inferior arm under the hypoth-
esized alternative scenario, we also computed the proportion of trials in which Ng < N¢,
i.e. when there was a sample size imbalance in favor of the inferior treatment.

The mass-weighted urn and modified permuted block designs were consistently more
accurate than the weighted coin method, as shown in Table The modified permuted
block design also has lower root mean square error values and appears to be more accurate
than the mass-weighted urn design. The proportion of trials in which Ng < N¢ varies
substantially across methods. While about 18% of trials using the weighted coin design
with b = 50 had more participants assigned to the control than the treatment, this number
decreased to 7.5% for the mass-weighted urn design and even further to 0.4% for the modified
permuted block design. For comparison purposes, the response-adaptive designs evaluated
in Table were repeated using fixed, equal randomization and their analogous summary
measures are provided in Table As expected, this allocation was associated with higher

power and slightly smaller average sample sizes, but more subjects on the control arm.
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Table 2.3: Summary Measures Comparing Three Randomization Methods using Response-
Adaptive Allocation for the Logistic Regression Model with Prior Intercept Location =

log(0.12/0.88)

Summary Group Weighted Mass-Weighted Modified Permuted
Measure Size! Coin Urn Block
15 0.87 (84.0) 0.86 (84.4) 0.86 (84.4)
Power (Average Sample Size)
30 0.87 (88.6) 0.87 (88.3) 0.87 (87.6)
under the Alternative
50 0.89 (94.2) 0.89 (94.3) 0.89 (94.3)
15 5.58 (4.11) 1.77 (1.30) 1.34 (1.04)
Root Mean Square Error
30 5.65 (4.32) 1.28 (0.98) 0.91 (0.68)
under the Null (Alternative)
50 5.71 (4.56) 0.99 (0.81) 0.64 (0.47)
15 30.2 (0.06) 30.8 (0.04) 30.7 (0.03)
Average Np — N¢
30 26.6 (0.10) 26.6 (0.04) 26.3 (0.00)
(Proportion of Ng < N¢)
50 21.0 (0.18) 20.8 (0.08) 20.8 (0.00)

! The block size after which adaptations are made. This number differs from the maximum sample size of

150.
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Table 2.4: Summary Measures Comparing Three Randomization Methods using 1:1 Allocation

for the Logistic Regression Model with Prior Intercept Location = log(0.12/0.88).

Summary Group Weighted Mass-Weighted Modified Permuted
Measure Size! Coin Urn Block
15 0.91 (79.1) 0.91 (77.3) 0.90 (80.5)
Power (Average Sample Size)
30 0.91 (85.1) 0.93 (80.6) 0.92 (81.8)
under the Alternative
50 0.92 (91.9) 0.92 (92.1) 0.92 (92.0)
15  6.04 (4.49) 1.89 (1.38) 1.55 (1.14)
Root Mean Square Error
30 6.05 (4.61) 1.36 (1.00) 0.00 (0.00)
under the Null (Alternative)
50 6.07 (4.83) 1.06 (0.84) 0.00 (0.00)
15 0.21 (0.47) 0.02 (0.41) -0.01 (0.40)
Average Np — N¢
30 0.03 (0.45) -0.04 (0.29) 0.00 (0.00)
(Proportion of Ng < N¢)
50 -0.05 (0.46) -0.01 (0.25) 0.00 (0.00)

! The block size after which adaptations are made. This number differs from the maximum sample size of 150.

2.3.1 Implementation of the Proposed Methodology in Practice

Based on the above simulations, in phase II trials considering a response-adaptive strategy,
we recommend using the logistic regression probability model with either the proposed
permuted block design or the mass-weighted urn design. [34] In general, we suggest using
weakly informative t-distribution priors with an intercept location of log (%), where 7*
reflects the hypothesized response rate in the control arm. The proposed methods are not
robust to patient drift, a well-documented phenomenon characterized by evolving patient
prognoses that can exacerbate type I error rate inflation and introduce bias in response-
adaptive designs, [6] and thus may not be appropriate for definitive phase III trials. However,

when patient drift is of concern, a block-stratified analysis and randomization test could be
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implemented alongside the proposed methods. [6,9,/10] Finally, while we have shown that
these methods reduce type I error rate sensitivity to the underlying response probability,
and thus have practical merit, they may not address this issue in a universal manner.
When designing any trial, the operating characteristics engendered by the chosen design
should be thoroughly evaluated. With these caveats in mind, our proposed methodology
may be used to design and implement a Bayesian response-adaptive phase II clinical trial
using the following step-by-step approach. R code available on the first author’s GitHub
page (https://github.com/prope012/Adaptive-Design-Evaluation) may be leveraged
to complete steps ending with an asterisk ().

Design Phase:
1. Elicit the hypothesized control and treatment arm response rates from the investigator.

2. Determine the sample size required for the two-sample binomial proportion test to
achieve the targeted power of the trial. This number will be used as an initial value in
an iterative procedure to find the sample size of the recommended Bayesian response-

adaptive design.

3. Determine an appropriate sequential group number and size after taking trial feasi-

bility and the sample size estimate from step 2 into consideration.

4. Simulate 10,000 trials under the hypothesized null scenario using the logistic regression
probability model with weakly informative t-distribution priors and the chosen ran-
domization procedure (mass-weighted urn or modified permuted block design). Use

the sample size estimate from step 2 in the first iteration.*

5. Determine the stopping boundary value ps,p that controls type I error rate at 0.05,

i.e. for which 5% of the simulated trials had either Pr~c or 1 — Pgsc exceed pgiop.*

6. Simulate 10,000 trials under the hypothesized alternative scenario using the same

probability model and randomization procedure as in step 4.*
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7. Determine the power, defined as the proportion of simulated trials where Pg~ ¢ exceeds

Dstop determined in step 5.

8. If the targeted power has not been met, repeat steps 4-7 using an updated sample
size estimate. Letting Niyprent and Npe be the current and updated sample sizes,
respectively, and ® be the quantile function of the standard normal distribution, we

recommend using the following identity to update the sample size estimate:

(9(0.975)+®(Targeted Power))?2 >

® Npew = ceiling (Ncu’r‘rent " (®(0.975)+®(Current Power))?2

Implementation Phase:

1. Follow the steps in the Design Phase to determine the sample size of the recommended

Bayesian response-adaptive design required to achieve the targeted power.
2. Set m =1 and p; = 0.5.%

3. Generate a randomization schedule for group m using the chosen randomization pro-

cedure such that the probability of being allocated to the treatment arm is p,,.*

4. After obtaining the primary outcomes of group m, compute Pg~¢c and update p,,+1 =

max{0.25, min{0.75, Pg~c}} (restricted to be between 0.25 and 0.75). Set m = m+1.*

5. Repeat steps 3-4 until the trial has finished.

2.4 Discussion

Bayesian response-adaptive clinical trials using the independent beta-binomial probability
model with a weighted coin randomization method have been criticized for their high type
I error rates, insufficient power, and inability to prevent more patients from being allocated
to the inferior treatment arm by chance. Our simulations demonstrate that the logistic

regression probability model engenders high power while providing better type I error rate
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control, whereas the alternative randomization methods (the proposed modified permuted
block design and the mass-weighted urn design) [34] substantially reduce the risk of a subject
imbalance in the wrong direction. They also more effectively target the evolving allocation
ratio throughout the trial.

This research has several limitations. We focused on a large difference in treatment
efficacy (37% vs. 12%), though these methods may also be considered for phase II trials
targeting smaller effect sizes, in which case the simulation results may indicate larger average
sample sizes and smaller differences in treatment arm sample sizes. It is important to keep
in mind, however, that Bayesian response-adaptive designs exhibit the most benefit for
large treatment differences. [36] We also considered group sizes of 15, 30, and 50. Smaller
group sizes could have been used to, on average, further reduce the number assigned to
the inferior arm. However, smaller group sizes would increase the logistical burden of the
trial, as randomization schedules would need to be modified with greater frequency, and
increase variability early in the trial, potentially exacerbating type I error inflation and the
probability of assigning more participants to the inferior arm.

Further research is needed to evaluate our recommendations in a multi-arm trial set-
ting. As discussed by Trippa et al., another way to improve the performance of multi-arm
response-adaptive design is by incorporating tuning parameters into the randomization al-
gorithm that regulate the exploration versus exploitation trade-off. [37] A possible extension
of our work would be to assess the performance of a multi-arm response-adaptive design
using our recommended probability model and a tuning randomization algorithm. In the
context of multi-arm bandit models, Villar et al. have also demonstrated that non-myopic
randomization procedures may influence the operating characteristics of response-adaptive
designs. [38,[39] Defining our randomization procedure in terms of the patient horizon, or

the total patient population, is another possible direction for future work. [39,/40]
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2.5 Appendix

2.5.1 Additional Details for the Independent Beta-Binomial Probability Model:

Note from equation that g and ¢ follow the same prior distribution. This assump-
tion suggests that the prior treatment difference is null and that posterior evidence for a
difference between mg and 7w will reflect differences in the observed data for each arm. For
a Beta(a., 8,) prior distribution, ng = a, + . where a, and (3, may be interpreted as the
prior number of responders and non-responders, respectively. [41] Because the variance of

the Beta distribution decreases monotonically in «, + 5., larger values of ny characterize

a more informative prior. The hyperparameter 7* similarly equals azo-fﬂz and reflects the
prior expected response rate in each arm. The conjugacy property of the beta-binomial
model also facilitates efficient calculation of Pg~¢ using adaptive quadrature rather than a

Monte Carlo approach.

2.5.2 Additional Details for the Logistic Regression Probability Model:

The logistic regression probability model may be appealing for several reasons. In contrast
with the beta distribution, the t-distribution has three model parameters: location, scale,
and degrees of freedom (df), which can alter the position, spread, and kurtosis of the
distribution, respectively. The ability to control kurtosis, or thickness of the tails, makes
the t-distribution appealing when a weakly informative prior is desirable.

The conditionally conjugate Polya-Gamma Gibbs sampler used to facilitate joint sam-
pling of By and B; from the posterior distribution uses the key fact leveraged by Polson
et al. that the binomial likelihood used in logistic regression can be characterized as a
Gaussian mixture with respect to a Polya-Gamma distribution. [42] The logistic regression
model also notably induces a prior correlation of 0.50 between 7 and 7¢ via the shared
intercept parameter, 5y. Since our prediction for 7z depends on the original assumption for

T, prior correlation between the two probabilities is reasonable. Because response-adaptive
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trials make decisions early in the trial with little information, these prior assumptions may

substantially affect the performance of the design.
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Chapter 3

Alternative Models and Randomization
Techniques for Bayesian
Response-Adaptive Randomization

with Binary Outcomes

3.1 Introduction

Randomized controlled trials (RCTs) are widely regarded as the gold standard for studying
the efficacy of new treatments. Randomly assigning participants to either treatment or
control precludes selection bias and, on average, balances groups with respect to both known
and unknown confounders so that unbiased treatment effect estimates can be obtained. [36,
43] Two-arm RCTs traditionally allocate participants to treatments using 1:1 randomization
throughout the course of the trial to obtain unbiased comparisons and high power. [5}36]
However, physicians and potential participants often find it appealing when a trial allows

for a higher probability of being randomized to the better performing arm as the trial data
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accrue. |44}45] For this reason, response-adaptive randomization (RAR), which alters the
allocation ratio based on accruing data in favor of the empirically superior treatment, has
garnered considerable attention in Phase II clinical trials. [2-4]

A recent example of a trial using a Bayesian RAR design is the Advanced R?Eperfusion
STrategies for Refractory Cardiac Arrest (ARREST) trial (ClinicalTrials.gov, NCT03880565),
which assessed the impact of extracorporeal membrane oxygenation-facilitated resuscitation
versus standard advanced cardiac life support on survival to hospital discharge in adults who
experienced an out-of-hospital cardiac arrest and refractory ventricular fibrillation. [13/14]
Another example is the ACCESS trial (ClinicalTrials.gov, NCT03119571) in adults who
were resuscitated from an out-of-hospital ventricular fibrillation or ventricular tachycardia
cardiac arrest, which evaluated whether being admitted directly to the cardiac catheter-
ization laboratory versus the intensive care unit improved survival to hospital discharge
with no more than moderate disability, including the ability to walk on their own (modified
Rankin scale score < 3). [46]

Bayesian RAR is most easily conceptualized in the context of a two-arm trial with bi-
nary outcomes. Let mgp and wo respectively denote the true, but unknown, probability of
response under the E=treatment and C=control, D,, the available data from n participants,
and Pp~c = Pr(rg > m¢|D,,) the posterior probability that the probability of a response
is greater under the treatment than the control. Thompson [26] first proposed randomizing
the (n + 1)-st participant to the treatment with probability Pg~c and to the control with
probability Pgs g, which is equivalent to 1-Pg~¢ in the two-arm setting. When the treat-
ment is efficacious, this sampling method, in addition to several modifications to Thompson
sampling that have since been proposed, gives participants a greater chance of receiving the
treatment during the trial. [4,25] Yet, Bayesian RAR remains contentious and has seen lim-
ited use in practice. It is commonly criticized for inducing biased treatment effect estimates,
type I error inflation in the presence of trial population drift or effect heterogeneity over

time, reduced power relative to 1:1 allocation, and non-negligible probabilities of allocating
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more participants to the inferior treatment. [5-g]

When planning a Phase II trial, investigators often seek a design with specified type I and
II error rates that is ethically, administratively, and economically feasible. For these reasons,
a group sequential design is frequently used to facilitate early stopping for efficacy, harm,
or futility at pre-specified interim sample sizes throughout the trial, which protects partic-
ipants from unnecessary exposure to ineffective or harmful treatments and allows limited
resources to be allocated to other trials (Jennison and Turnbull, 2000). Response-adaptive
randomization may be considered when investigators wish to maximize in-trial patient bene-
fit, or equivalently minimize in-trial patient harm. Over the last several decades, researchers
have studied the potential patient benefits of combining group sequential and RAR method-
ology to limit exposure to an inferior arm. For example, Yao and Wei [47] extended the
randomized play-the winner (RPW) rule to a multi-stage setting and found that RAR pro-
vides ethical benefits to study participants while maintaining adequate power. Morgan and
Coad [17] investigated other group sequential adaptive sampling rules, including the drop-
the-loser, randomized Polya urn, and sequential maximum likelihood estimation rules, and
observed useful reductions in the number of treatment failures. Coad and Rosenberger [48]
further found that combining the RPW rule and triangular test for clinical trials with bi-
nary responses is an effective way to reduce the expected number of treatment failures and
suggested extending their procedure to a multi-stage adaptive design similar to Yao and
Wei. [47]

In this paper, we propose a metric for comparing group sequential designs based on
the cohort most acutely impacted by the choice of design and illustrate how this metric
may be applied to select a design in the ARREST and ACCESS contexts. RAR designs
are commonly compared using inferential and estimation metrics (e.g., type I error, power,
and bias) rather than measures of patient benefit, which remain under-reported and have
received little attention in the RAR literature. [49] This is in part because existing patient

benefit metrics, including the expected number of trial failures, the proportion of patients
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assigned to the inferior arm, and the probability of a treatment imbalance in the wrong
direction, are often limited by failures to hold type I and II error rates constant or to account
for the different sample size requirements of the designs under consideration. [16{118,49] One
approach to correct for the latter issue is to compare designs with respect to the expected
number of failures within a finite patient horizon. [38,39] However, as far as we are aware,
no specific guidance exists for selecting an appropriate horizon and there is a need, as
suggested by Robertson et al., [49] for patient benefit metrics that clearly quantify the
ethical properties of RAR designs while considering patient benefit both within and outside
of a trial. Our proposed metric improves on existing patient benefit metrics by considering
a set of feasible group sequential designs with equal type I and II error rates and measuring
the expected number of failures in the fixed group of individuals who are directly impacted
by the design choice. Namely, those who would participate in the trial if enrollment were
open when they become eligible.

This paper is organized as follows. In Section 2, we introduce our proposed metric. In
Section 3, we discuss the underpinnings of Bayesian RAR. group sequential designs and the
probability model and randomization scheme used in our particular implementation. We
consider six different variations of Bayesian RAR, including two modifications to Thompson
sampling and Bayesian versions of Neyman allocation, the optimal allocation of Rosenberger
et al., [50] the doubly adaptive biased coin design (DABCD) of Hu and Zhang, [51] and the
efficient randomized adaptive design (ERADE) of Hu et al. [52] In Section 4, we outline our
simulation study and provide results in the context of the ARREST and ACCESS trials.
Although these results are in terms of a two-arm trial with a binary primary outcome
and Bayesian RAR, our metric may be directly applied to contexts comparing multiple
treatments or other RAR procedures. We conclude by discussing how our metric may be

applied to select a design.
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3.2 Design Comparison Metric

Our proposed metric measures the expected number of failures in the cohort that is directly
impacted by the design choice for a set of practically feasible designs with equal type I and
II error rates. We define the size of this cohort as the maximum sample size among all
designs compared and call this group the potential study sample, as this cohort comprises
all the individuals who will participate in the trial if it is open when they become eligible
to enroll.

Let Ty, = (T4, ..., T1) denote a set of designs satisfying budgetary, recruitment, or logis-
tical constraints and achieving a desired significance level, «, and power, 1 — 3, to detect
the hypothesized treatment effect. In Section 4, we will discuss this set in the context of
the ARREST and ACCESS trials. Let n,,4,,; denote the maximum sample size for design
T; that provides the specified error rates. Then, the size of the potential study sample
may be defined as 14, = Maxj—i . 1, Nmaee, . For a particular design 7;, suppose that n
is the sample size of the trial at the time the trial is stopped, and Z,, = (Z1, ..., Z,) and
Y, = (Y1,...,Y,) are the randomization assignments and observed outcomes for trial par-
ticipants @ = 1,...,n, respectively, where Z; € {C, E} and Y; € {0,1}. Conditional on the
observed data Dy = (Yn,Zn), we define the number of failures within the potential study

sample as:

n

m(Da, ez, 70, 7E) = ) (1= Yi) + (mac — 1) - [(1 = 7¢) = dy(Dn)(mp = 7c)]  (3.1)
i=1

where d;(Dy) = I{reject Hp} is an indicator for whether the treatment is declared efficacious
in design 7;. That is, (3.1]) reflects the number of failures in the actual trial plus the expected
number of failures among the remaining individuals in the potential study sample under

the arm the trial recommends. Because the observed data and decision rule depend on the
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design, we define the proposed metric as follows:

my = E[L(m)|T) = E [E[L(n) Dy, 71| T dF (Yo, Za[T)
i o
= [ [ pen) dF0h1Z,) AP ar, B, T2 - AF (Y 20) - R (2T

for some loss function L(m). We focus on L(m) = m; however, other loss functions may be
used to prioritize different objectives. For example, using L(m) = m? (which is analogous
to the traditional L2 loss function) would penalize designs that have a greater chance of
yielding many failures in the potential study sample by squaring them. Alternatively, the
median rather than mean loss could be used to compare designs while limiting the impact
of outliers. The second line in emphasizes that designs under consideration may use
RAR, in which case the assignments are dependent on T and all previous assignments and
outcomes, whereas the outcomes are only dependent on the assignment.

We approximate m; using Monte Carlo integration; that is, we iteratively simulate Z,
and Yy, under design Tj, calculate m(Dy, Ninae, 7o, g) for each realization of the data,
and then take the average. We make the working assumption that participants who would
have enrolled in the trial had it continued will receive the treatment when it is shown to
be superior and the control otherwise. This approach provides a way to reward a design
that stops early to recommend treatment when it is in fact efficacious. Design T}« with [*
= argmin; m; is optimal with respect to the proposed metric among the set of Ty, designs
under consideration that provide the same type I and II error rates.

Our approach to finding the optimal group sequential design is similar to the horizon
problem, which seeks a design that minimizes the expected number of patients receiving
the inferior treatment within the trial and in the future, initially proposed by Anscombe.
[53] Our potential study sample may be viewed as a fixed patient horizon that prioritizes
individuals who are implicitly impacted by the decision to end a trial early or proceed with

a smaller design. Larger patient horizons could have been considered; however, because we
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only consider designs with the same type I and II error rates, the long-run impact of these
designs is similar, with each recommending treatment at the same rates under both the null

and alternative hypotheses.

3.3 Bayesian Response-Adaptive Randomization Group Sequential

Designs

Response-adaptive randomization alters the allocation ratio throughout the trial based on
accumulated data (i.e. past treatment assignments and patient outcomes) in order to achieve
particular design objectives. In this paper, we consider various Bayesian RAR approaches
that aim to maximize efficiency or reduce exposure to an inferior treatment. We implement
each approach in a group sequential context that analyzes data up to j = 1,...,J times
and allows a trial to be stopped early for efficacy or harm. When the trial continues, each
Bayesian RAR approach modifies the randomization ratio for the next group of participants
accordingly. Letting p; denote the target randomization probability to the treatment arm for
group j, we assume p; = 0.5 and thereafter modify p; using data from the preceding interim
analysis until the trial is stopped. We implement the Bayesian RAR designs using one
probability model, four boundary shapes, eight adaptive modifications to the randomization
probability, and one method for generating assignments under the targeted randomization

probability.

3.3.1 Probability Model

Two-arm Bayesian RAR designs with a binary primary outcome have been conventionally
implemented using the independent beta-binomial probability model for 7 and mc. We
instead employ a logistic regression probability model with weakly informative t-distribution
priors. This model has been shown to have increased power and reduced type I error rate

sensitivity to the underlying response probability compared to a Beta-Binomial modeling
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approach due to shrinkage that arises from placing less prior density on extreme values of
the response probabilities. [54] A plot of the prior distributions for the Beta-Binomial and
logistic regression models on the probability and log-odds scales is provided in Section 1
of Appendix B, which indicates that the prior distribution for the Beta-Binomial model is
asymmetric on the log-odds scale and places more mass on very small values of mg. Letting
k = E and C' denote the experimental treatment and control arms, respectively, the logistic

regression probability model arises from a logit transformation of my:

logit(my) = log <17—Tk7rk> =Bo+p1-(I{k = E} —0.5) (3.3)

and is formally defined as follows:

exp(Bo + f1 - (I{k = E} — 0.5))
"1 +exp(fo + fi1- (I{k = E} - 0.5))

and By ~ t7 (log (&) ,2.5) A By~ t7(0,2.5),

Y%|5Bo, 1 ~ Binomial <nk > ,k=FE,C

(3.4)

where t, (1, 0) denotes a generalized t-distribution with v, u, and o representing the de-
grees of freedom, location, and scale parameters, respectively. [54] The v parameter ad-
vantageously allows investigators to induce statistical models that are robust to outliers
by altering the kurtosis, or thickness of the tails, of the prior. [55] It may also be used to
control the influence of prior beliefs on statistical inference. As shown in equation , we
use a prior intercept location of log (7o /(1 — m¢)); this value represents an estimate of the
intercept parameter under the hypothesized null scenario and is easily derived by setting 7y
= m¢ and B; = 0 in equation . Following JGhosh2015, we use a conditionally conjugate

Polya-Gamma Gibbs sampler to jointly sample 8y and 1 from the posterior distribution.
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3.3.2 Adaptive Modifications
Thompson Sampling

The first two adaptive modifications to the randomization probability that we consider are
variations of Thompson sampling. We define Pg~¢ as the proportion of posterior samples
where 81 > 0, which signifies that the treatment arm has greater odds of response than
the control. Although it is intuitively appealing to set pj=Pg~c, the variability of Pr~c
with small sample sizes may reduce power and exacerbate the nontrivial probability of a
treatment imbalance in the wrong direction. 4] We implement two modifications proposed
by Thall and Wathen that stabilize P~ prior to using it as a randomization probability.
[4,25] The first modification randomizes the first group using 1:1 allocation and sets pyg j =
min{0.75, max{0.25, Pe~c}} Vj = 2, ..., J. This restriction limits power loss and selection
bias that may result from extreme allocation to one arm. The second modification adapts

Pr~c as follows:
[Pp=c]

P00 = Pyl + [L = Poscl®

(3.5)

where C is a positive tuning parameter equal to 0 for j =1 and 0.5-(j —1)/(J —1) Vj =
2,...,J. Thall and Wathen [4] originally proposed the use of a positive tuning parameter in
a fully sequential trial; however, our expression in is an adaptation of their proposal
to a group sequential context. This modification is conservative in the beginning of the
trial when it constrains p; near 0.5 (e.g., when j = 1, C; = 0 and hence pyun,1 = 0.5),
but becomes more aggressive later on as C; incrementally approaches 0.5. A plot of the
p;j values arising from these two adaptations for various Pg~c is provided in Section 2 of

Appendix B.

Optimal Allocations

We consider two optimal allocation ratios for two-arm clinical trials with a binary outcome.

The first is Neyman allocation, which maximizes power by minimizing the variance of the
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test statistic. [56] It is important to note that when g + mc > 1, Neyman allocation
undesirably allocates more participants to the arm with the lower response probability to
maximize power. The second is the optimal allocation ratio proposed by Rosenberger et
al. [50] that, for a fixed variance of the test statistic, minimizes the expected number of
non-responders. We herein refer to this procedure as RSIHR allocation. For a fixed number
of trial participants, n = ng + n¢, and assuming the difference in sample proportions is the
test statistic of interest, one may show that the optimality criterion for Neyman allocation

is satisfied by allocating the following proportion of participants to the treatment arm: [56]

np _ (mp)(1 - 7g) (3.6)

n \/(rg)(1 —7E)+/(7c)(1 — 7c)

Pney =

and the expected number of non-responders is minimized using. [50]:

ng _ \TE
W Vst Ve 3.7

Drsinr =

Because the response probabilities are unknown, these optimal allocations must be ap-
proximated using sample data from an adaptive sequential design. Rosenberger et al. [50]
proposed estimators for (3.6) and that replace mg and 7w¢ with the current sample
proportions and achieve the optimal allocations in the limit. They suggest randomizing the
n* participant to the treatment arm using the optimal allocation estimator based on the
data from the first n — 1 participants. Instead, we generalize these optimal allocation ratios

to a Bayesian RAR group sequential setting as described in Section 3.2.4.

Efficient Adaptations

The final two adaptive modifications that we consider desirably lower the variance of the
randomization procedure, which is inversely related to the average power of a randomization
procedure for a given allocation proportion. [57] We first consider the doubly adaptive biased

coin design (DBCD) proposed by Hu and Zhang, [51] which tends to the targeted allocation
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in the limit and has a smaller variance than the RPW rule and the adaptive randomized
design. This procedure uses the following allocation function, g, to precisely target any

desired allocation proportion:

o) = y(y/x)
99 = T T 0 - ) = /0] (38)

where z is the realized allocation proportion, y is the targeted allocation proportion,
9(0,y) =1, g(1,y) = 0, and v > 0 is a constant chosen to control the trade-off between
allocation-randomness and the asymptotic variance of the design. [51] We set v = 2 through-
out our simulation study. Implementing this design in a fully-sequential fashion, Hu and
Zhang [51] suggest randomizing the n!" participant to the treatment arm with probability
Pdbed = 9(Tn—1, P(TEn—1,TCn—1)), Where r,_q is the proportion of participants receiving
the treatment after n — 1 allocations, p(7g, 7¢) is the targeted allocation for the treatment
arm, and 7y ,—1 is an estimate of 7, based on data for the first n — 1 participants.

We next consider the Efficient Randomized Adaptive Design (ERADE) proposed by Hu
et al., ERADE which attains the Cramer-Rao lower bounds on the allocation variances for
any allocation proportions. After using a restricted randomization procedure to allocate an
initial ng participants to treatment or control, ERADE allocates the n'* participant to the

treatment arm with the following probability:

ap(%\E,n—la %C,n—1)7 if r,_1 > p(ﬁE,n—lv %C,n—l)

Perade = f(rnflv b\) = p(%E,n—l, %C,n—l)a if rp—1 = P(%E,n—la %C,n—l) (3'9)
1- a(]- - p(%E,n—la %\C,n—l))y if Tn—1 < p(%E,n—lv %\C,n—l)

where 0 < o < 1 is a constant reflecting the degree of randomization. Per Hu et al., [52]

we use o = 2/3 throughout our simulation study. We generalize both DBCD and ERADE

to a Bayesian RAR group sequential setting and use them to target Neyman and RSIHR

allocation as described in Section 3.2.4.
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Generalizing to a Bayesian RAR Group Sequential Setting

Neyman allocation, RSIHR, allocation, DBCD, and ERADE were originally proposed for a
fully sequential design. Instead, we generalize these adaptive modifications to a Bayesian
RAR group sequential setting. We randomize the first group of participants using p1 = 0.5
and adapt p; Vj = 2, ..., J using posterior mean estimates of the optimal allocations in
and which arise as:

o (mp)(1 — k) .

prevs = [mm —7p) + /(7o) (1 - 70) D“‘”"] )
gl VmE |5

Prsihr,j = E |:\/ﬁ+ \/ﬁ D(]—l)b:| (311)

where b is the sequential group size. These posterior means are estimated using Gibbs

sampling with algorithmic details provided in Section 3 of Appendix B.

3.3.3 Randomization Method

The weighted coin randomization method is generally used to allocate participants among
treatments in Bayesian RAR trials. This method assumes p;; = p; Vj = 1,...,J, where
pji is the conditional probability that the ith participant in the j* group is allocated to
the treatment. We instead use an alternative randomization method proposed by Zhao [34]
called the mass weighted urn design (MWUD). Proper et al. [54] have previously shown that,
in conjunction with the logistic regression probability model, this method substantially
reduces the probability of a treatment imbalance in favor of the inferior arm and more
precisely targets the desired allocation throughout the trial.

The MWUD uses an urn randomization scheme with one ball per treatment in the urn.
The randomization schedule is generated by consecutively drawing one ball from the urn
with replacement, where the probability of selecting a ball is proportional to its mass. The

initial mass of the balls are ap; and a1 — p;) for the treatment and control, respectively.
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After every selection, the chosen ball loses one unit of mass that is redistributed in proportion

to the target allocations. This approach can be implemented using the following equation:

max|[ap; — ng_LE + (i — 1)p;,0]

b= max|ap; — n{_LE + (i — 1)p;, 0] + max[a(1 — p;) — n{_lﬁc + (i —1)(1 = p ),0]
(3.12)
where nf_Lk is the number of participants on treatment k prior to the i*" allocation
in group j, and « is a treatment imbalance parameter that restricts how far the realized
allocation is permitted to deviate from the targeted allocation throughout the trial. |[34] For
example, when the current treatment allocation, ngq, gy exceeds the targeted allocation by

more than ap;, the next participant is assigned to the control with probability 1. Similar

to Proper et al., [54] we use o = 3 throughout our simulation study.

3.3.4 Interim Monitoring Boundaries

We perform interim monitoring as follows. For the two-sided setting, we compute Pr~c
using all available outcome data at each interim analysis. When Pg~c > a; or Pg~c < bj,
the trial is stopped early for efficacy or harm, respectively. For the one-sided setting, the
trial is stopped early for efficacy when Pr~c > a; or futility when Pr~c < b;j. In either
setting, when b; < Pg~c < a; no decision is made and the trial continues. We consider both
a two-sided hypothesis test setting with symmetric boundaries where b; = 1 —a; and a one-
sided hypothesis test setting with asymmetric boundaries where b; = a; and b; # 1 — a;.
Similar to Shi and Yin, [58] we use computer simulation to find the maximum sample sizes
and {a;, bj} Vj = 1,..., J that control the frequentist properties of the Bayesian RAR group
sequential designs (i.e. maintain type I error rate and power at the desired levels). We
consider setting a; = a Vj = 1,...,J to implement flat boundaries throughout the trial
that are similar to Pocock. We also consider setting a; = ® (\/TM : C) , where ® is the

standard normal cumulative distribution function and c is an arbitrary constant. Because
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this quantity becomes smaller with increasing j, these boundaries are similar to O’Brien-
Fleming (OBF) and become more aggressive as the trial proceeds. A description of how to
find the maximum sample sizes and posterior probability stopping boundaries for a given

design is provided in Section 4 of Appendix B.

3.4 Simulation Study

3.4.1 Design Considerations for the ARREST and ACCESS Trials

Motivated by the ARREST and ACCESS trials, we performed a simulation study with
10,000 simulated trials per scenario to find the optimal two-arm group sequential design
with respect to m; in . For each simulated trial, we generated a data set consisting
of two potential outcomes for each individual in the potential study sample: one assuming
they received the treatment and one assuming they received the control. For each trial
participant, we set their observed outcome equal to the potential outcome corresponding to
their randomization assignment. We then computed the expected number of failures among
the group of individuals within the potential study sample but not the trial itself using the
trial conclusion, as in . The same data sets were used to evaluate each design in each
scenario.

To reflect the ARREST trial, we considered a hypothesized null scenario of 7¢ = ng =
12% and a hypothesized alternative scenario of m¢ = 12% and ng = 37%. To reflect
the ACCESS trial, we considered a hypothesized null scenario of 7¢ = 7 = 50% and a
hypothesized alternative scenario of 7o = 50% and g = 65%. For completeness, we also
considered contexts with hypothesized null scenarios of 7¢ = 7 = 5% and 7¢ = 7 = 80%
with corresponding hypothesized alternative scenarios of m¢ = 5% and g = 20% and
7o = 80% and g = 95%, respectively.

For each treatment effect configuration, we considered two design sets, Ts 1, and Ta 1,,
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comprised of 48 different Bayesian RAR group sequential designs using symmetric or asym-

metric posterior probability stopping boundaries, respectively. Each RAR design used:

The logistic regression probability model to estimate Pg~c.

One of eight adaptive modifications in Section 3.2 to obtain randomization probabil-

ities.
e The MWUD to limit deviations from the target allocation.

e J =3,5, or 10 interim analyses.

One of two posterior probability stopping boundaries in Section 3.4.

The eight adaptive modifications were chosen due to their familiarity in the literature or
desirable statistical properties, though designs using other adaptive sampling methods could
have been considered (see, for example, Hu and Rosenberger [59]). More flexible group
sequential procedures, such as the Lan-Demets alpha spending function, are available and
common in practice. [60] However, we implement Pocock and OBF-like stopping boundaries
due to their simplicity and widespread popularity. They also represent the two extremes
typically encountered in practice: investigators tend not to use more aggressive boundaries
than Pocock, or less aggressive boundaries than OBF. Notably, we consider a design with
Pocock-like boundaries and J = 10 interim looks, which reflects intensive monitoring with a
substantial sample size inflation, to attain an upper bound for n,,,, and a standard against
which to assess the performance of more feasible designs.

For symmetric boundaries, designs were calibrated to maintain a two-sided type I error
rate, defined as the proportion of simulated trials where Pg~c > aj or Ppsc < 1 —q;
for some j under the hypothesized null scenario, of & = 0.05 and a power, defined as the
proportion of simulated trials where Pp~c > a; or Pp>c < 1 — a; for some j under the
hypothesized alternative scenario, of 1 — 8 = 0.90. For asymmetric boundaries, designs

were calibrated to maintain a one-sided type I error rate, defined as the proportion of
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simulated trials where Pg~c > a5 for some j = s and Pg~c > b; Vj = 1,...,5 — 1 under the
hypothesized null scenario, of &« = 0.025 and power, defined as the proportion of simulated
trials where Pp~c > as for some j = s and Pg>¢c > b; Vj = 1,...,5s — 1 under the
hypothesized alternative scenario, of 1 — 8 = 0.90.

We compared each Bayesian RAR design to analogous frequentist designs using the
MWUD to target a 1:1 allocation, increasing the size of Tsy, and Ta 1, to 54. For the
frequentist designs, we used the gsDesign R package (v3.1.1) [61] to find the maximum
sample sizes and stopping boundaries required to achieve the desired error rates. The
accrued data at each interim analysis was analyzed using an unconditional exact test via
the uncondExact2x2 function in the exact 2x2 R package (version 1.6.5). [62,/63] Additional
details pertaining to the frequentist designs are provided in Section 5 of Appendix B. We

ran all simulations with R version 4.0.2.

3.4.2 Results

Figure presents the maximum (Npzq,) and average (Naqg) trial sample sizes under the
targeted alternative for designs with J = 5 in Tgy, for the ARREST and ACCESS trials.
The size of the potential study sample was defined by the restricted Thompson sampling
design with J = 10 and Pocock-like stopping boundaries for both ARREST (n.,,., = 179)
and ACCESS (n?,,, = 702). In the ARREST context, the Bayesian RAR designs generally
had larger average sample sizes than the frequentist design and required more participants
to achieve 90% power. Conversely, in the ACCESS context, the Bayesian RAR designs
using prsinr,j of ERADE or DBCD to target this optimal allocation ratio engendered as or

more favorable sample size distributions than the frequentist design.
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Figure 3.1: Maximum (Njzqs) and average (Nayg) sample sizes under the targeted alter-
native for the ARREST and ACCESS trials with J = 5. The terms “Pocock-like” and
“OBF-like” respectively refer to group sequential designs using symmetric Pocock-like and
OBF-like efficacy and harm boundaries. A dashed line is used to denote the sample size
required for a fixed sample design with 1:1 allocation. “Unconditional Exact” denotes the
frequentist group sequential design using 1:1 allocation. This figure appears in color in the

electronic version of this article, and any mention of color refers to that version.

Figure displays the absolute difference between the expected number of trial failures
in the group sequential designs with J = 5 and in a fixed sample design using 1:1 alloca-
tion. The restricted Thompson sampling design engendered the greatest number of trial
failures at the targeted alternative and when the observed treatment response rate was less
than hypothesized. Although the frequentist design was consistently one of the top per-

formers at the targeted alternative, at least one Bayesian RAR design matched or yielded
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fewer trial failures than this design for both ARREST and ACCESS. Differences between
designs became negligible when the observed treatment response rate greatly exceeded the

hypothesized value.
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Figure 3.2: Absolute difference in the average number of trial failures relative to a fixed
sample design with 1:1 allocation for various observed response rates in the treatment arm.
The vertical red lines denote the hypothesized null and alternative response rates for the
ARREST and ACCESS trials. These differences correspond to designs using J = 5 and
symmetric stopping boundaries. “Unconditional Exact” denotes the frequentist group se-
quential design using 1:1 allocation. This figure appears in color in the electronic version of

this article, and any mention of color refers to that version.

Figure [3.3] contains an analogous figure for our proposed design comparison metric,
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1 2

max O Mia. @S appropriate. In contrast to the average number of trial

my, using either n
failures, the frequentist design generally performed the worst with respect to m; whereas
the restricted Thompson sampling design performed the best. For designs implementing
Pocock-like stopping boundaries in the ARREST context, the expected reduction in my
relative to a fixed sample design was 7.9 for the restricted Thompson sampling design and
5.1 for the frequentist design at the targeted alternative, indicating RAR would prevent an
additional 2.8 (35%) failures in the potential study sample on average. When the treatment
response rate was smaller than hypothesized at 27%, the restricted Thompson sampling de-
sign prevented 3.7 (70%) additional failures, on average, relative to 1:1 allocation with group
sequential monitoring. When the treatment response rate was larger than hypothesized at
47%, these expected marginal reductions were smaller at 1.7 (14%) additional failures. The
potential patient benefit of using RAR over fixed 1:1 allocation appears greatest when
the observed treatment effect is slightly smaller than hypothesized and diminishes when
the observed treatment effect is greater than hypothesized. Using our proposed decision-
theoretic framework from Section 2, the restricted Thompson sampling design with J = 10

and Pocock-like stopping boundaries was the optimal design among the set of Tg 1, designs

under consideration for both ARREST and ACCESS.
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Figure 3.3: Absolute difference in expected failures among potential participants (m;) rel-
ative to a fixed sample design with 1:1 allocation for various observed response rates in the
treatment arm. The vertical red lines denote the hypothesized null and alternative response
rates for the ARREST and ACCESS trials. These differences correspond to designs using
J = 5 and symmetric stopping boundaries. “Unconditional Exact” denotes the frequentist
group sequential design using 1:1 allocation. This figure appears in color in the electronic

version of this article, and any mention of color refers to that version.

Although the differences in m; between the Bayesian RAR designs and the frequentist
design are modest, these reductions are on par with those achieved by group sequential
monitoring. This is evidenced in Table which contains the value of m; for each design
in Tg 1, for the ARREST and ACCESS trials. Consider the average number of failures in the
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potential study sample prevented by using the restricted Thompson sampling design with
J = 10 and Pocock-like stopping boundaries over the fixed sample design in the ARREST
context: 130 — 120.2 = 9.8. Because m; = 124.0 for the corresponding frequentist design,
we can infer that 6.0, or 61.2%, of the failures prevented by the Bayesian RAR design were
prevented due to interim monitoring, whereas 3.8, or 38.8%, were prevented due to the

Bayesian RAR procedure itself. Nearly identical percent reductions were observed for the

ACCESS trial.
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Table 3.1: Expected failures among potential participants (m;) under the targeted alterna-
tive for group sequential designs using symmetric stopping boundaries in the ARREST and
ACCESS contexts. “Unconditional Exact” denotes the frequentist group sequential design

using 1:1 allocation. For reference, a fixed sample design would have m; = 130 for ARREST

and m; = 284 for ACCESS.

Method Boundaries J =3 J=5 J=10
ARREST

Pocock-like 123.8 122.7 121.6

RAR DBCD-Neyman  pp e 1944 1239 1232

Pocock-like 123.3 122.2 121.1

RAR DBCD-RSIHR  oppjive 1240 1233 1226

Pocock-like  124.0 1229 121.7

RAR ERADE-Neyman  ppe 1951 1243 123.2

Pocock-like 123.8 1225 121.3

RAR ERADE-RSIHR  yppojae 1944 1235  122.8

Pocock-like 124.2 1232 1220

RAR Neyman OBF-like 1252 124.2 1235

, Pocock-like 1227 121.3  120.2

RAR Restrict OBF-like 1235 1224 1215

Pocock-like 123.8 122.9 121.8

RAR RSIHR OBF-like 124.8 123.8 123.1

Pocock-like 122.8 122.0 121.4

RAR Tune OBF-like 1234 1227 122.3

- Pocock-like 125.0 1242 124.0

Unconditional Exact  opp e 1965 1255  125.0
ACCESS

Pocock-like 273.3 272.0 271.0

RAR DBCD-Neyman iy 9770 2753 2739

Pocock-like 272.4 270.1  269.2

RAR DBCD-RSIHR  oppjive 9747 2732 2718

Pocock-like 274.6 272.7 271.8

RAR ERADE-Neyman  pp e 9788 2750 273.7

Pocock-like 271.4 269.9 269.0

RAR ERADE-RSIHR  yppojae o745 2729 2721

Pocock-like 273.8 272.3 2704

RAR Neyman OBF-like 2769 2745 273.9

. Pocock-like 268.7 265.2  262.9

RAR Restrict OBF-like 270.5 2674  265.6

Pocock-like 272.7 271.2  270.1

RAR RSIHR OBF-like  275.7 2734 271.8

Pocock-like 269.1 267.3  265.6

RAR Tune OBF-like  269.9 2684  267.5

. Pocock-like 273.4 271.8 2709

Unconditional Exact  qpp e 9770 2751 2739




The findings discussed herein generally held across all scenarios considered, however
differences between designs with respect to trial failures and m; were more apparent for
designs targeting low or high null response rates. The restricted Thompson sampling design
with J = 10 and Pocock-like stopping boundaries was found to be the optimal design among

Ts 1 and Tx 1, for each treatment effect configuration.

3.5 Discussion

This paper proposes a design comparison metric that investigators may use to select a group
sequential design that minimizes harm to potential participants, which may be appealing
in trials where the primary outcome is mortality or some other outcome with severe im-
plications to quality of life. This metric is simple to implement, may be applied to any
set of designs and extended to a multi-arm context, and provides a means to reasonably
evaluate the potential patient benefit of response-adaptive randomization against classical
frequentist group sequential designs. Our simulations indicate that the restricted Thompson
sampling Bayesian RAR design tends to perform the best with respect to our metric across
a variety of scenarios, and that Bayesian RAR offers modest reductions in the number of
failures in the potential study sample relative to group sequential monitoring alone. We
also found that Bayesian RAR group sequential designs exhibit greater marginal gains rel-
ative to group sequential designs using 1:1 allocation when the treatment effect is slightly
smaller than hypothesized. Conversely, these gains diminish when the treatment effect is
much larger than hypothesized, likely because both designs will stop very early with high
probability which precludes adaptations to the allocation ratio. Whether these gains are
worthwhile needs to be assessed within the context of each trial based on the severity of
the primary outcome, the plausibility of observing various effect sizes, and the increased
complexity that comes with Bayesian RAR implementation.

This research has several limitations. First, due to the motivating context for this

work, we only focused on two-arm trials with a binary primary outcome and a select set
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of Bayesian RAR procedures. Our conclusions regarding the potential patient gains arising
from RAR with respect to our proposed metric may vary in different design settings or when
alternative RAR procedures are considered. Next, we did not account for the presence
of time trends including patient drift, which has been shown to inflate type I error rate
in response-adaptive designs. [6] We also made the working assumption that individuals
in the potential study sample who did not participate in the trial would have received
the treatment recommended by the trial. While this is a reasonable assumption for the
motivating ACCESS and ARREST trials, this assumption may deviate from practice when
the recommended treatment cannot be readily applied to the entire target population due to
regulatory requirements and time required for dissemination and uptake of trial results. Yet,
this assumption provides a reasonable way to reward a design that stops early to recommend
treatment when it is in fact efficacious and enables our proposed metric to facilitate a fairer
design comparison than existing metrics based on the realized trial sample size which often
fail to 1) compare designs with equal type I and II error rates or 2) assess the impact of the
design with respect to relevant, equal-sized populations. We also did not consider multi-
arm trials in which Bayesian RAR has been shown to increase efficiency relative to balanced
randomization. An interesting area for future work would be to study our metric in the
context of platform trials or multi-arm multi-stage (MAMS) designs (see Lin and Bunn [64]
and Watson and Trippa [65]). Finally, although we declare the optimal group sequential
design to be the one that minimizes the average number of failures in the potential study
sample among the designs considered, we did not fully optimize this criterion. Future work,
including the evaluation of frequentist group sequential designs whose characteristics have
been optimized such that the expected number of failures in the potential study sample is

minimal, is needed to identify the design that fully minimizes the proposed metric.
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Chapter 4

Network Meta Analysis to Predict the
Efficacy of an Approved Treatment in a

New Indication

4.1 Introduction

Drug repurposing (also known as drug repositioning or drug reprofiling) is the process of
evaluating FDA-approved treatments in an additional clinical indication. This process oc-
curs when drug developers hypothesize that another indication will respond similarly to a
licensed drug due to biological similarities or comparable mechanisms of action, and can
advantageously be used to satisfy unmet clinical needs or maximize a treatment’s therapeu-
tic ability. [66,67] It also involves studying treatments with well established safety profiles,
which can dramatically shorten the drug development timeline and get treatments to new
patient populations quicker. [11] Two indications for which drug re-purposing has been suc-
cessful are psoriasis and psoriatic arthritis. These indications are psoriatic diseases arising
from malfunctioning immune responses that lead to inflammation and may be successfully

treated with several of the same treatments (e.g., Stelera and Cosyntyx). [68,(69)
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The decision to pursue supplemental indications is costly, challenging, and complex.
There is a lack of methods that can reliably quantify whether a repurposed molecule is likely
to succeed in a future trial, making it difficult for drug developers, particularly those with
extensive drug pipelines that may have multiple candidate drugs for the same indication,
to determine which compound to prioritize next. To inform this decision, companies may
use existing approaches to drug repurposing including experimental screening, the analysis
of large-scale omics data, and the use of real-world data to identify novel associations
between treatment and disease. [70,71] However, these methods are time-consuming, involve
complex and computationally intensive analytical methods (e.g., artificial intelligence and
deep learning), and are not widely used. Repurposing decisions are instead often based
on human judgement and limited empirical evidence, which can lead to inefficient drug
development, waste valuable resources, and increase the time required for successful drugs
to get to market. [12]

A well-established tool that is often used to facilitate informed decision-making in the
healthcare industry is meta-analysis. Meta-analysis (MA) is a statistical method that com-
bines data from multiple studies to reduce bias, improve efficiency, and identify patterns
and sources of disagreement in treatment effect estimates. By incorporating a larger evi-
dence base, MA increases the statistical power of a treatment comparison and offers more
definitive answers to scientific questions compared to individual trials, which may exhibit
conflicting evidence. [72,/73] Traditional methods for MA are limited to pairwise compar-
isons and may not be applied to contexts where the treatments under evaluation differ across
trials. Network meta-analysis (NMA) was developed to simultaneously compare multiple
treatments and strengthen inference through the incorporation of both direct and indirect
evidence, with the latter facilitating the estimation of relative effects for treatments that
were never compared in a single study. |[19-21] Consider a network comprised of two-arm
trials comparing treatments A vs. B or B vs. C. In contrast to standard MA, NMA yields

an estimate of the population-averaged effect for the unstudied A vs. C comparison through
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the common comparator, B. [74,/75]

Although traditionally applied to data from late-stage studies for comparative effective-
ness research or regulatory submissions, NMA is useful in different stages of drug devel-
opment. Mawdsley et al. [22] developed model-based NMA (MBNMA) by incorporating
dose-response models into an NMA framework. Their method uses plausible physiological
dose-response models to predict the effect of multiple treatments across a range of doses.
Pedder et al. [23] expanded MBNMA to model the time-course relationship of multiple
treatments using a continuous function. This method can similarly predict treatment effi-
cacy at unstudied time points and enhance the understanding of pharmacodynamic profiles
of new compounds. Importantly, predictions from both methods can be used to inform
the design of future clinical trials, evaluate the competitive landscape, and accelerate com-
pound development by mitigating trial failures. [24] Bujkiewicz et al. [76] have also applied
bivariate NMA (bvNMA) to surrogate endpoint evaluation. They use a byNMA model that
allows the association between effects on surrogate endpoints and final outcomes to differ
by treatment and show how this methodology can be used to predict the effect of a new
treatment on a final outcome given its effect on the surrogate endpoint.

Despite these applications, NMA has not been used to predict the efficacy of an approved
treatment in a new indication and thereby identify repurposable treatments. For this reason,
we develop a novel Bayesian NMA framework that can assist drug developers in answering
the commercial decision of “what to study next” in the context of drug repurposing. Our
proposed method predicts whether a treatment is likely to succeed in a new indication based
on data from other treatments studied in both the new and approved indications, and is
applicable to situations where at least 3 drugs (e.g, placebo and two active treatments) have
been studied in two indications that can reasonably be assumed to be related. We obtain
predictions using two main steps: first, we use traditional NMA methods to estimate the
population-averaged relative effects from a network comprised of treatments studied in both

indications in addition to one treatment studied in only one indication. Then, we model
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the correlation between relative effects across indications to predict how a treatment would
perform if studied in the additional indication (i.e. if repurposed). The goal of our work is
somewhat analogous to that of Bujkiewicz et al., [76] however here we consider a treatment
that has yet to be studied in one indication and model the correlation between treatments
across indications.

This paper is organized as follows. In section 2, we discuss the standard Bayesian
random effects NMA model for one indication. In section 3, we introduce our proposed
NMA framework for synthesizing data from two related indications and predicting treatment
efficacy in an unstudied indication. We consider nine different models that differ in how
they model treatments across indications and within the same drug class. In section 4,
we report an extensive simulation study comparing models with respect to their predictive
performance under a variety of scenarios. In section 5, we demonstrate how the proposed
methodology can be applied in practice using a case study in psoriasis and psoriatic arthritis.

We conclude by discussing our findings and directions for future research.

4.2 Bayesian Network Meta-Analysis for One Indication

4.2.1 Background

Our use of the Bayesian paradigm for NMA provides several advantages. First, prior distri-
butions can be used to keep inference plausible in scenarios where there are weakly identified
parameters, such as in NMAs with a limited number of studies. Second, Bayesian hierar-
chical modeling allows us to investigate between-study heterogeneity using the posterior
distribution of the variance components. This assessment is critical in establishing the
validity of an NMA, since between-study differences may engender misleading treatment
comparisons. [19}/74] Finally, the sampling-based framework of Bayesian inference readily
produces the posterior predictive distribution of the treatment effect of interest. This is par-

ticularly important for drug repurposing, where investigators are often interested in learning
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their likelihood of success in a future clinical trial.

The models we introduce use a contrast-based (CB) approach where relative treatment
effects (e.g., log-odds ratios for binary outcomes or log-hazard ratios for time-to-event end-
points) are modeled across studies. Although the conditional OR for binary outcomes is
a non-collapsible effect measure and is not “portable” in meta-analysis, the CB approach
preserves within-trial randomization and generates relatively stable estimates. [77-79] In
contrast, arm-based NMA (AB-NMA) combines absolute effects for treatment-specific arms
(e.g., log odds for binary outcomes or log hazard for time-to-event endpoints). Although
AB-NMA offers several benefits, including robustness to treatment exclusions and the es-
timation of marginal treatment effects (see, for example, Lin et al., [80] Wang et al., [81]
and White et al. [82]), this approach may have some drawbacks as well, including break-
ing within-trial randomization and engendering biased treatment effect estimates when the
assumption of exchangeable treatment arms is inappropriate or there is insufficient infor-
mation to estimate the correlation parameters among treatments within studies. For these
reasons, we proceed with the CB-NMA framework of Lu and Ades [74,/75] described below

in Section 2.2.

4.2.2 The Standard Contrast-Based Model

Suppose we have binary outcome data from J RCTs evaluating the efficacy of a total of K
different treatments in a given clinical indication (e.g., psoriasis). Let T} be the subset of
treatments compared in trial j such that data collected from each trial may be expressed
as Dy = {(rjx,njx), k € Tj,j = 1,..., J}, where rj; and nj; respectively denote the number
of successes and participants in the k' arm of the j¥* trial. Assuming we have a fully
connected network, i.e. every treatment pairing has been evaluated directly or indirectly

through a common comparator, we may analyze these data using the following Bayesian
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random effects NMA (RE-NMA) model: [74}|75]

rik ~ Bin(njk, pjk),
logit(pjk) = pj + dju,k - 1(k # b;), and (4.1)

5jbjk ~ N(dbjkaggjk) for k € Tj andj=1,...,J

where pjj, is the probability of response in arm £ of study j, p; is the log-odds of response
for the baseline treatment b; in study j, d;p,x is the study-specific log-odds ratio comparing
treatment & to b;, and dp, is the pooled log-odds ratio comparing treatment & to b;. Letting
k = 1 denote the network reference treatment, we assume that dy,;, = dix — d1p, Vk € Tj and
j=1,...,J; that is, we assume the pooled log-odds ratios follow the first-order consistency
equations of Lu and Ades [74] which allows us to estimate relative treatment effects for all
possible pairwise comparisons.

Using a fully Bayesian approach, we specify prior distributions for all unknown param-
eters. Let ¢,(u,0) denote a generalized t-distribution with v, p, and o representing the
degrees of freedom, location, and scale parameters, respectively. After constraining di; = 0,
we follow the work of Ghosh et al. [83] and Gelman et al. [84] for prior specification in
logistic regression modeling and specify p; ~ t7(0,2.5) for j = 1,...J and dy ~ t7(0,2.5)
for k = 2,..., K. When estimating p; is of interest, a hierarchical model can be placed on
the baseline effects corresponding to & = 1. |73] Instead, we treat the baseline effects as
nuisance parameters since relative effect estimates can become biased when the baseline
effect model is misspecified. |77]

As shown in the third line of equation , the RE-NMA model assumes that the
study-specific relative effects are exchangeable, i.e. that the dj,;, come from a common
normal distribution with mean dj ) and variance agj - In contrast to a fixed effects model,
this approach considers between-study heterogeneity that may arise due to differences in
patient populations, treatment regimens, eligibility criteria, or other reasons that are less

easy to articulate or measure. [85] We make the simplifying assumption that agj E = o?
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Vk € Tj,5 = 1,...,J, which will increase precision by borrowing strength across treatment
comparisons when data is sparse. [86] It also simplifies incorporating data from multi-
arm studies by ensuring that the correlation between any two study-specific relative effects
arising from the same trial is 0.5. [87] We consider four different prior distributions for o

below.

4.2.3 Prior Distributions for the Between-Study Heterogeneity Parameter

Because posterior inference is sensitive to the choice of prior distribution for variance pa-
rameters in Bayesian hierarchical models, we evaluate 4 different prior distributions for the
between-study standard deviation, o: Uniform(0,5) (U(0,5)), Half-t7(0,2.5) (Ht7(0,2.5)),
standard Half-Normal (HN(0,1)), and Log-Normal(-2.70,1.52) (LN(-2.70,1.52)). [88,/89] The
U(0,5) prior reflects the belief that the true value for o is equally likely to take on any value
between 0 and 5 and places 95% of its probability mass between 0.12 and 4.88. Although
widely used throughout the NMA literature, this prior is arguably inappropriate in a binary
outcomes context where values greater than 1 are considered extremely unlikely. [90] For
example, consider the 95% confidence interval (CI) for dp,r arising from a normal approxi-
mation for the log-odds ratio: dp;x £1.960. When o = 1, the ratio of the upper to lower CI
bounds is exp(3.920) = 50.4. In scenarios where the odds ratio is unlikely to vary by such
an extreme amount, it may be desirable to use a prior that places more mass near 0. [90]
Following the recommendations of Gelman, [88] we consider a weakly informative Ht7 (0, 2.5)

prior distribution. This prior has a 95% credible interval of (0.08,7.11) and is generally
preferable when the number of groups in the hierarchical model is low, in which case
the Uniform distribution tends to overestimate o, particularly when o is small. [88] The
LN(-2.70,1.52) prior is an empirically-derived informative prior distribution from Turner et
al. [85] with a 95% credible interval of (0,1.33). This empirical prior was derived by simulta-
neously modeling data from a large number of binary outcome MAs and deriving predictive

distributions for o based on outcome and intervention comparison type. The LN(-2.70,1.52)
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prior corresponds to subjective outcomes and pharmacological vs. placebo/control compar-
isons, which are commonly encountered in practice. [85] This prior will be most useful for
NMAs conducted with a limited number studies for which it is difficult to precisely esti-
mate the heterogeneity parameter. [89,/91] Finally, the HN(0,1) distribution represents an
intermediate choice between the Ht7(0,2.5) and LN(-2.70,1.52) priors with respect to in-
formativeness; it has a mean of 0.8 and places 95% of its mass between 0.06 and 1.96. A
plot of the 4 considered priors for ¢ in addition to the induced priors for variance (o2) and

precision (1/0?) is provided in Appendix Figure C.1.

4.3 Bayesian Network Meta-Analysis for Two Indications

4.3.1 Background

In this section, we present an NMA framework that can synthesize data from two related
indications. We assume we have data from multiple studies evaluating the same treatments
in both indications as well as data for one treatment that has been approved and studied in
only one indication. Our goal is to leverage the available data to predict whether the treat-
ment approved in one indication is likely to be efficacious relative to a standard reference
treatment (e.g., placebo) in the other indication. Below we present three different models
that use an NMA framework to predict treatment efficacy in the new indication. These
methods are applicable to scenarios where at least 3 treatments, and hence 2 treatment
contrasts, have been studied in both indications which we herein refer to as overlapping
treatments. This requirement allows our proposed models to estimate the correlation be-
tween the basic parameters, dix, in each indication, thus enabling predictions for how a

treatment studied in one indication would perform if studied in the other.
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4.3.2 Notation

Suppose we have binary outcome data from J; studies in indication ¢, ¢ = 1,2, such that
Ji1+J2 = J. Let S; denote the set of treatments studied in indication i such that [S1USs| =
K and |S1 N S2| < K > 3. That is, our data consists of K unique treatments where at least
three of these treatments have been evaluated in both indications (e.g., S1 = {1,2,3,4,5,6}
and S = {1,2,3,4,5}). Although the methods described herein are suitable for any network
where |S1 N Se| < K > 3, we focus on networks with |S1 N Sy| = K — 1 > 3 for simplicity.

Then, we use the standard CB-NMA model from equation (4.1) now assuming:
Sjvyk ~ N(dj 1., 07) Vk € Ty and j = 1,...,.J (4.2)

where 7 € {1,2} is the indication corresponding to trial j. The model parameters in
are interpreted as in apart from d};j » which is the pooled log-odds ratio comparing
treatments £ and b; in indication 4, and 01-2, which is the between-study heterogeneity
parameter for indication i. Note that we treat the random effects d;p,1 as exchangeable
across studies only within the same indication. Similar to before, we constrain di; =
d3, = 0 and follow the first-order consistency equations of Lu and Ades [74] by assuming

éjk = dilk — lib]- for k = 2,..., K and i = 1,2. This assumption allows us to estimate all
possible pairwise comparisons for each indication while only modeling the indication-specific
basic parameters, d’ik.

As opposed to the standard RE-NMA model from section 2, the dilk parameters are
only directly estimable when all treatments of interest are overlapping, i.e |S1 N Sa| = K.
Because we are instead interested in the scenario where |S1 N S3| = K — 1, we do not apply
independent and identically distributed priors to dli ;. in order to avoid obtaining a posterior
for d}, that matches the prior. For example, suppose S1 = {1,2,3,4,5} and Sy = {1,2,3,4}.
In this scenario, assuming d’ik ~ t7(0,2.5) for k = 2,...,5 and i = 1,2 would engender a

meaningless estimate for d35 since there is no available data from which to estimate this
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parameter. To overcome this limitation, we consider various models for each (dj,,d3,) pair
that borrow strength across indications to enable informed predictions for the treatment

that has yet to be studied in the second indication.

4.3.3 Proposed Models
The Bivariate Normal Approach

Our first model uses a bivariate normal distribution to model the correlation between the
basic parameters across indications. This approach directly extends the standard RE-NMA
model of Lu and Ades [74] to a two indication setting by assuming each (di,,d?,) pair are
exchangeable and follow a common bivariate normal distribution as follows:
i ~ Ny #1i(B) 2|, with = oo fork=2,... K andi=1,2
di) 12k (3) priT2 T}
(4.3)

where p is the correlation between d%k and d%k, 72 is the variance of dilk, and i (B) is

i
the mean of dik and a function of regression parameters. We assume 77 ~ HN(0,1) and
p ~ Uniform(0,1), with the latter reflecting the prior belief that treatments are likely
to behave similarly relative to each other across indications, and consider three different
structures for () which we will discuss in section 3.3.4. Notably, this model assumes
Corr(dl,,d%) = p, Corr(di,,d},) = 0, and Corr(d},,d?,) = 0 Vk # 1 € {2,..,K} and
i = 1,2. Namely, that only basic parameters corresponding to the same treatment but
different indications are correlated. Letting K be the treatment that has yet to be studied
in the second indication, we obtain a posterior distribution for d% x by fitting this model

using MCMC methods, which automatically imputes d% x due to the specification of the

bivariate normal prior in (4.3).
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The Multivariate Normal Approach

It may also be argued that the vector of parameters (ds,dis,...,d% ;)T for i = 1,2 are
correlated since they are relative to the same network reference treatment, & = 1, in which
case it would be inappropriate to assume that each (d%k, d%k) pair are exchangeable. Under
this assumption, our second model follows the approach of Bujkiewicz et al. |[76] and first

decomposes the pooled contrast-level effects into their respective arm-level effects as follows:
dip = ap — (4.4)

where oz}:C is the log-odds of response in treatment arm k for indication ¢. Because oz};il_af Yk #
l €{2,..,K},i=1,2. and thus an assumption of exchangeability is now reasonable, we

model each (o}, a?) pair using a common bivariate normal distribution:

ot by
AR N 5| fork =2, K (4.5)

oF bok

where ¢;, is the mean of a}; and X is the covariance matrix from (4.3). Notably, the ozfC
parameters are unidentifiable because we are modeling our data using a contrast-based
approach. However, the advantage of the decomposition in is that it, together with
the joint prior distribution in (4.5)), induces a 2(K — 1) by 2(K — 1) multivariate normal

distribution for dl = (dlz, d137 ceey dlK)T with:

Eldik] = p1k(B), Var(dig) = X for k = 2, ..., K and

T rm (4.6)
Cov(dig,du) = | 2 2 7| forl# k=2 K

where dyg = (d}y,d%)7, pak = (p1k(8), por(8))T, and each basic parameter is correlated,

as desired. Specifically, (4.6]) suggests that Corr(di,,d?,) = p, Corr(di;,dt,) = 1/2, and
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Corr(d},, d?,) = p/2 Vk # 1 € {2,..,K} and i = 1,2. Rather than treating Corr(d},,d%,)
as an additional unknown parameter to be modeled, we use Corr( iu, 21k:) = 1/2 because
both di, and d, are relative to o} and Var(a!) = Var(al) = 77/2. Similar to the bivariate
normal approach, we specify 71,79 ~ HN(0,1), p ~ Uniform(0, 1), and predict the posterior

distribution for d?, using MCMC imputation.

The Mixed Effects Approach

The modeling approaches from Sections 3.3.1 and 3.3.2 directly model the correlation be-
tween basic parameters across indications by specifying a prior distribution for p. In con-
trast, our final approach indirectly models the correlation between each (dik,d%k) pair by

introducing random effects into the linear predictor for d’i i as follows:

diy, = pik(B) + Yk + €xiy
Vi ud N(0, O',2y), and (4.7)
€ki i N(0,02)

for £k = 2,..., K and ¢« = 1,2. This formulation implies that the correlation between d%k

2

2 il 2702 2
and dj, is 07 /(0f + 0F), where o7

is the variance of a treatment-specific random effect,
7, and o2 is the variance of a treatment- and indication-specific random error term, e;.
Notably, as 02 — 0, Corr(d},,d?,) — 1 and as 02 — oo, Corr(di,,d3,) — 0. Therefore, the

indication-specific basic parameters are highly correlated when the random error variance

2

5 and weakly correlated when the random error variance is large,

is small relative to o

2

and it is likely that the predictive performance of each proposed model will improve as o7

approaches 0. Although this model requires Corr(d% k,d%k) > 0 and is thus less flexible than
the previous two approaches that allow the use of any reasonable prior for p, this approach
may be more appealing to those who prefer mixed effects modeling. It also provides an
intuitive framework for inducing correlation between additional basic parameters by adding

random effects to the linear predictor for d’ik. After specifying 0,0, ~ HN(0,1), we use

62



MCMC methods to facilitate posterior sampling and obtain a posterior distribution for d% K

by adding together the MCMC draws for usx (83), Vi, and €.

Incorporating Indication and Drug Class Effects

For each model, we evaluate three different structures for y;;(83) = E[d},] that are functions
of indication and/or drug class. We first allow p;x(3) to vary by indication since treatments
k = 2,..., K may perform systematically better in one indication than the other. We then
consider two expressions for p;;(3) that assume treatments within the same drug class
have a similar effect on the endpoint of interest. This additional assumption may increase
precision though the borrowing of information in networks with a limited number of studies
but many treatments under consideration. [9293] It may also improve predictions for missing
treatments effects by allowing the relationship between indications to differ by class. We

specifically evaluate the following three mean structures:

1) pie(B) = Bo + Bi(i — 1.5),
2) pir(B) = Bo + Bi(i — 1.5) + Ba(c — 1.5), and (4.8)

3) pir(B) = Bo + Pi(i — 1.5) + fa(c — 1.5) + B3{(i — 1)(c — 1) — 0.5}

where ¢ € {1, ...,C} is the drug class corresponding to treatment k. We use contrast coding
to reduce the autocorrelation between posterior samples and assume C' = 2 for simplicity;
however, the expressions in may be straightforwardly modified to accommodate addi-
tional classes. In expression 1), u;x(8) is a function of indication only where ) reflects the
expected difference in d2, and di, for k = 2,..., K. In expression 2), uix(8) is a function
of both indication and drug class where 35 reflects the expected difference in basic param-
eters from the same indication but different drug classes. In expression 3), p;x(3) is still
a function of both indication and drug class, however now the drug class effect differs by
indication. Here, 5o is the drug class effect for indication 1 and (2 4+ (3 is the drug class

effect for indication 2.
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4.4 Simulation Study

4.4.1 Design

We performed a simulation study to assess the ability of each proposed model to predict
d3, under a variety of settings, where k = ¢ is the candidate treatment for drug repurpos-
ing. We generated data according to the network diagram in Figure which consists of
J1 = 40 two-arm studies in indication 1, Jy = 35 studies in indication 2, and K = 9 over-
lapping treatments. Letting & = 1 denote placebo, we generated data from a vector of basic
parameters, d = (d,, dis, ..., d}g, d2,, d25, ..., d34)T by solving for dijk using the consistency
equations of Lu and Ades. [74,75] We then sampled ;1 ~ N(déjk,0.252) and simulated
rjr using the first two lines of equation Vk € T;,5 = 1,...,J. We fixed n;j at 60
and 38 for indications 1 and 2, respectively, which provides 90% power to detect log-odds
ratios of 2 in each indication. Additional details pertaining to data generation, including
how we simulated values for the baseline parameters, p;, are provided in Section C.2 of the
Appendix.

Instead of selecting one d to use in this simulation study, we randomly generated different
values for d using the mixed effects model with p;,(3) = Bo+51(i—1)+ S2(c—1) in order to
compare model performance across a wide range of treatment effects. We considered three
sets of regression coefficients: 31 = B2 = (3.4,1.3,—1.6), 81 = B2 = (3.4,0.325, —0.4), and
B1 = (3.4,1.3,—1.6) but B2 = (3.4,0,—1.6), where 3; = (Po, b1, S2) denotes the regression
coefficients used for indication i. In comparison to set 1, set 2 generates data using smaller
indication and drug class effects and set 3 employs a heterogeneous class effect where treat-
ments in different drug classes differ, on average, in indication 1 but not in indication 2.
For each set of regression coefficients, we examined five different pairs of random effect
variances, (03,062), that keep the total variation constant at 0.50: (0.05,0.45), (0.15,0.35),
(0.25,0.25), (0.35,0.15), and (0.45,0.05). These pairs correspond to Cor(di,,d},) = 0.10,

0.30, 0.50, 0.70, and 0.90, respectively, since the correlation between d%k and d%k in the
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mixed effects model is 0’27 / (O’,QY + 02). We randomly generated 50 d’s under each of these
settings.

Using each d, we generated 200 data sets excluding treatment ¢ from the indication 2
network; that is, prior to generating data, we removed all studies evaluating treatment ¢ in
indication 2 from Figure We considered t = 2,4, 6,9 in order to assess the impact of the
amount of available information on treatment ¢ in indication 1 on the posterior distribution
for d3,. Note that treatment k = 2 was heavily studied in indication 1 (13 times), treat-
ments k = 4 and 6 were moderately studied in indication 1 (7-8 times), and treatment k = 9
was sparsely studied in indication 1 (2 times). For each data set, we predicted d3, using
the bivariate normal, multivariate normal, and mixed effects models with the mean struc-
tures in and o ~ U(0,1),Ht7(0.2,5),HN(0,1), and LN(-2.70,1.52). We implemented
each model using JAGS via the R package rjags (version 4.13), and approximated each
posterior distribution using 2 chains run for 10,000 iterations after a burn-in of 5,000. [94]
Posterior convergence was monitored using the Gelman-Rubin convergence diagnostic with
values less than 1.1 considered adequate. [95] We used the posterior median and 95% equal-
tailed credible intervals as point and interval estimates, respectively, and compared model
performance using root mean squared error (RMSE), average credible interval width, and

coverage probability. We ran all simulations with R version 4.1.0.
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Figure 4.1: Network plots for indications 1 (J; = 40) and 2 (Jy = 35) with 9 overlapping
treatments. Each node represents a treatment and each edge represents a direct comparison
between two treatments. The size of each node is proportional to the number of studies
evaluating that treatment whereas the width of each edge is proportional to the number of
direct comparisons. The network reference treatment is placebo (k = 1) and treatments 2-9
are active agents. Nodes that are green correspond to drug class 1 and nodes that are blue

correspond to drug class 2.

4.4.2 Results

Figure displays the RMSE of the posterior median of d3, arising from d’s simulated
using coefficient set 1. All models were fit using the Ht7(0,2.5) prior for the between-study
heterogeneity parameter and results are presented by treatment and the correlation between
d%  and d% o Cor(d% s d%k). As expected, the predictive performance of each model tended to
improve as the correlation increased; that is, RMSE decreased, on average, as Cor(d%k,d%k)
approached 0.9. For each class of models, RMSE was generally smallest for models incorpo-
rating a homogeneous drug class effect and largest for models incorporating a heterogeneous

drug class effect. This is unsurprising given that d was generated assuming a homogeneous
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drug class effect, and therefore models assuming a similar structure exhibited reductions
in both bias and variance. In contrast, reductions in bias observed for models assuming
a heterogeneous drug class effect were often offset by increases in variance associated with

increasing model complexity.
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Figure 4.2: RMSE of the posterior median of d2, arising from d’s simulated using coefficient
set 1 (i.e. (Bo,f1,52) = (3.4,1.3,—1.6)). All models were fit using the Ht7(0,2.5) prior
for the between-study heterogeneity parameter and results are presented by treatment and

Cor(di,, d2;).
A plot of the ranking distribution for RMSE is shown in Appendix Figure C.2. We
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assigned each model a rank of 1 through 9 for each d vector, with rank 1 indicating the model
with the smallest RMSE. The model with the smallest average rank varied by the amount of
available information for treatment ¢ in indication 1. For example, when Cor(d%k,d%k):().l()
and a substantial amount of information was available for treatment ¢ (¢ = 2), the mixed
effects model with a homogeneous class effect had the smallest average rank. In contrast,
the corresponding multivariate normal model had the smallest average rank when only a
moderate (t = 4 or 6) or small amount (¢t = 9) of information was available for treatment t.
The bivariate normal model tended to perform intermediately.

Figure contains a similar figure to that in Figure but with respect to the average
width of the 95% credible interval for d3,. As the correlation between d}, and d3, increased,
the credible intervals became smaller, on average, and the variability of the distribution
decreased. Within each class of models, predictions were generally most precise when a
homogeneous class effect was incorporated. Within each mean structure, predictions were
generally most precise for the multivariate normal model when the correlation was less
than or equal to 0.5 and the mixed effects model when the correlation was greater than
0.5. For example, consider ¢ = 4; when the correlation was 0.3, the average width of
the 95% credible interval was 3.49, 3.35, and 3.14 for the bivariate normal, mixed effects,
and multivariate normal models with homogeneous class effects, respectively. When the
correlation was 0.9, the average widths were 2.84, 2.44, and 2.61, respectively. A plot of the
average coverage probability of the 95% credible interval is also provided in Appendix Figure
C.3, which ranged between 0.86 and 0.99 with a mean of 0.96 for all scenarios considered.
The average coverage probability tended to increase with Cor(d% k,d%k) and the amount of

available information on treatment ¢.
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Figure 4.3: Average width of the 95% credible interval for d3, arising from d’s simulated
using coefficient set 1 (i.e. (8o, 51,82) = (3.4,1.3,—1.6)). All models were fit using the
Ht7(0,2.5) prior for the between-study heterogeneity parameter and results are presented

by treatment and Cor(d},,d3,).

The RMSE and average width of the 95% credible interval for d?, arising from d’s
simulated using a heterogeneous class effect are presented in panel (A) of Figure Models
incorporating a homogeneous class effect performed notably worse since data were generated
using an interaction between drug class and indication. In contrast, models incorporating

a heterogeneous class effect had the smallest RMSE, on average, when the correlation was
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greater than or equal to 0.5; otherwise, models assuming a null class effect performed the
most favorably. This is likely attributable to the fact that, for the interaction models,
reductions in bias only exceeded increases in variances when correlation was high and hence
random error was low, at which point model parameters can be estimated more precisely.
A plot of the corresponding ranking distribution for RMSE is shown in Appendix Figure
C.4. Average rank was minimized by the multivariate normal model incorporating a null
class effect when the correlation was less than 0.9 but by the mixed effects model with
heterogeneous class effect when the correlation equaled 0.9. Predictions were consistently
most precise when using the multivariate normal model.

Panel (B) of Figure displays the RMSE and average width of the 95% credible
interval for d2, arising from d’s simulated using smaller class and indication effects. In
contrast to coefficient set 1, RMSE was generally smallest for models incorporating a null
drug class effect, particularly when correlation was low. This is likely because improvements
in bias resulting from correctly incorporating a homogeneous drug class effect were smaller
in this scenario, and hence increases in variance ultimately increased RMSE. A plot of the
corresponding ranking distribution for RMSE is shown in Appendix Figure C.6. Average
rank was minimized by the multivariate normal model incorporating a null class effect when
the correlation was less than 0.9 but by the mixed effects model with a homogeneous class
effect when the correlation equaled 0.9. The same was true for precision, where the average
width of the 95% credible interval was minimized by the multivariate normal model when
the correlation was less than 0.9 but by the mixed effects model when the correlation equaled

0.9.
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Figure 4.4: RMSE of the posterior median and average 95% credible interval width of d2,

arising from d’s simulated using a (A) heterogeneous or (B) small homogeneous class effect.

All models were fit using the Ht7(0, 2.5) prior for the between-study heterogeneity parameter

2
and results are presented by Cor(dlk, diL)-

Comparisons between prior distributions for the between-study heterogeneity parameter

are made in Section C.3.4 of the Appendix using the mixed effects model incorporating a

homogeneous class effect. Predictions did not meaningfully differ by prior distribution with

respect to RMSE, average width of the 95% credible interval, or coverage probability.
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4.5 Case Study

To demonstrate the use of our methods in practice, we considered an unpublished data
set comprised of publicly available data from phase II, III, or IV studies in psoriasis, a
chronic inflammatory autoimmune disease characterized by red scaly patches on the skin,
and psoriatic arthritis, a chronic inflammatory autoimmune disease characterized by joint
pain, stiffness, and swelling. [68] The endpoint was a binary outcome indicating a 75% or
greater reduction in Psoriasis Area and Severity Index scores from baseline (PASI75) and
hence excellent disease improvement. PASI75 was reported at 12 weeks for each study in
psoriasis and 24 or 26 weeks for each study in psoriatic arthritis. Prior to analysis, we pruned
the data to focus on overlapping treatments by removing extraneous arms from multi-arm
studies that were either not of interest or required to maintain a fully connected network.
The resulting network diagram is shown in Figure For confidentiality reasons, we use A
to refer to placebo and B through J to refer to active treatments. Notably, treatment E has
only been studied and approved in psoriasis. The goal of this case study was to determine

if treatment FE is also worth pursuing in psoriatic arthritis.
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Figure 4.5: Network plots for psoriasis (J; = 23) and psoriatic Arthritis (Jo = 9) with 9
overlapping treatments. Each node represents a treatment and each edge represents a direct
comparison between two treatments. The size of each node is proportional to the number
of studies evaluating that treatment whereas the width of each edge is proportional to the
number of direct comparisons. The network reference treatment is placebo (kK = A) and
treatments B through J are active agents. Nodes that are green correspond to drug class
1, nodes that are blue correspond to drug class 2, and nodes that are purple correspond to

drug class 3.

We began by fitting the standard RE-NMA model in to each indication separately.
We used the LN(-2.70,1.52) prior for the between-studies heterogeneity parameter given
the limited number of studies in psoriatic arthritis. The posterior medians of each basic
parameter are shown in Appendix Table C.1. The mean difference in posterior medians for
psoriasis and psoriatic arthritis is 1.3 and the average posterior medians for drug classes
1, 2, and 3 are 2.6, 3.0, and 4.5 and 2.2, 2.1, and 2.5 for psoriasis and psoriatic arthritis,
respectively. Moreover, the empirical correlation between the posterior medians of the
overlapping basic parameters is 0.68. Given that treatment efficacy appears to differ by

drug class only for psoriasis and the empirical correlation between indications is moderate,
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we opted to use the multivariate normal model with a null class effect to predict di B

The estimated log-odds ratio (95% credible intervals) for each active treatment rela-
tive to placebo in both indications is shown in Figure Estimates are provided for
both the standard RE-NMA and multivariate normal models. Notably, the point estimates
corresponding to overlapping treatments are very similar between models, and estimates
engendered by the proposed model are also more precise, particularly for treatments that
were sparsely studied (e.g., treatment J in psoriasis and treatment B in psoriatic arthritis).
The predicted log-odds ratio comparing treatment F to A in psoriatic arthritis is 2.52 with
a 95% credible interval of (1.91, 3.24), suggesting treatment E may warrant further study

in this indication.
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Figure 4.6: The estimated log-odds ratios (95% credible intervals) for treatments B through
J relative to placebo in psoriasis and psoriatic arthritis by model type. Note that the log-
odds ratio comparing treatment F to A in psoriatic arthritis could only be estimated by

our proposed multivariate normal model.

74



To determine whether resources should be expended to pursue this treatment in a future
study, we computed a metric known as probability of success (PoS). PoS is broadly defined
as the probability of achieving a "success” in a future trial, where "success” may be defined
as achieving statistical significance, observing a clinically meaningful effect, or attaining
a favorable safety profile for the treatment under study. It is computed by marginalizing
the traditional power function over a prior distribution for the unknown treatment effect,
which is often estimated using observed data from previous trials. [96-98] Since d% is a
population-level effect that fails to account for between-study variability, we instead com-

puted PoS using:

PoS = / / Pr(Success|dj- Ag)p(6;+ap|dh g, 03)p(dap|{D;} /=) déjudd}, (4.9)
Sixap JA2AE

where ;-4 is the study-specific log-odds ratio comparing treatment E vs. A in a future
trial, 7*. We defined ”success” as the probability of having a two-sided p-value less than
0.05 and estimated p(d;= ap|d% ;, 03) and p(d4 z|{D; }3-]:1) from using the multivariate
normal model. We assumed that the future phase II study would enroll 20 participants to
each arm to provide 90% power to detect a significant difference in response rates (with p4 =
0.09 and pp = 0.55) and a two-sided type I error rate of 0.05. Additional computational
details are provided in Appendix Section C.4.1. The resulting PoS was 83%, suggesting

investigators should proceed with the planned design.

4.6 Discussion

This paper presents a novel NMA framework that can predict the effect of an approved
treatment in a new indication by modeling the correlation between average conditional ef-
fects for a subset of treatments that have been studied in both indications. Importantly,
our proposed models impute a posterior distribution for the aforementioned effect that can

be used to identify repurposable treatments during drug development via a data-driven
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approach. When the performance of the approved treatment in a future trial is of inter-
est, our case study also demonstrates that our methods can be seamlessly integrated into
probability of success (PoS) calculations. In contrast to the traditional power function, PoS
advantageously considers the uncertainty associated with the unknown treatment effect and
therefore more accurately reflects the true likelihood of success in a future trial. [96-98] It
can also assist investigators with trial planning: in the event that PoS is lower than an-
ticipated, investigators can use this methodology to modify the planned design until the
desired level of assurance is attained.

Our simulations indicate that the predictive performance of each model improves with
respect to RMSE and precision as the correlation between indications increases. The model
that minimizes RMSE, on average, depends on the following factors: the amount of available
information on the candidate treatment, the level of correlation between indications, the
presence of a homogeneous or heterogeneous class effect, and the magnitude of the class
effect if present. To select an appropriate model in practice, we recommend following a
similar approach to that in our case study. That is, we recommend fitting a standard RE-
NMA model to each indication separately and assessing the resulting posterior medians for
the basic parameters. The absolute mean difference in posterior medians from different
drug classes can be used to assess the nature of the drug class effect, whereas the empirical
correlation between posterior medians from different indications can be used to evaluate
the strength of the between-indication relationship. Then, a model can be selected using
the decision aid provided in Section C.5 of the Appendix. Interestingly, the multivariate
normal model appears to perform most favorably when little information is available. This
is likely because it imposes greater regularization on the basic parameters compared to the
other models, which is particularly beneficial in low information settings where the basic
parameters are highly variable.

This research has several limitations. We considered studies with binary endpoints;
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however, this methodology can be easily extended to other data types by modifying equa-
tion . We focused on networks where all but one treatment have been previously studied
in both indications. When there are multiple candidates for drug repurposing, both the bi-
variate and multivariate normal approaches can simultaneously impute multiple missing ba-
sic parameters via MCMC sampling, whereas the mixed effects approach can simultaneously
estimate multiple missing basic parameters using the linear predictor from equation .
However, the conclusions from our simulation study may no longer hold in this scenario,
and as such it would be interesting to assess model performance when predicting the effect
of multiple treatments in future work. We only considered one information-rich network in
our simulation study. When fewer studies are available for one or both indications, we would
expect both RMSE and the average width of the 95% credible interval to increase for each
proposed model. Finally, our proposed methodology only considers two indications and a
common endpoint. An interesting area for future work would be to expand these methods
to consider multiple indications and endpoints to determine if increasing our evidence base

in this fashion yields more accurate or precise predictions.
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Chapter 5

Conclusion

5.1 Summary of Major Findings

This thesis proposed several methods to reduce patient exposure to ineffective treatments
in early phase drug development pertaining to response-adaptive randomization and drug
repurposing. Chapter 2 introduced a novel probability model and randomization strategy
for implementing Bayesian RAR in a binary outcomes setting. Simulation studies demon-
strated that the proposed logistic regression model has increased power, more favorable
treatment arm sample size distributions, and reduced type I error rate sensitivity to the
underlying response probability compared to the traditional beta-binomial modeling ap-
proach. These improvements in performance are likely due to shrinkage that arises from
placing less prior density on extreme values of the response probabilities. Moreover, our
simulations demonstrated that the proposed modified permuted block design has a negligi-
ble chance of a sample size imbalance in the wrong direction and more effectively targets the
evolving allocation ratio throughout the trial compared to complete randomization. The
modified permuted block design also achieves the allocation ratio preserving property of
Kuznetsova and Tymofyeyev, which advantageously protects against evaluation, selection,

and accidental biases that may arise even in double-blind trials. [35]
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Chapter 3 proposed a new design comparison metric that investigators may use to
select a group sequential design that minimizes harm to potential participants, which may
be appealing in trials where the primary outcome is mortality or some other outcome with
severe implications to quality of life. This metric is simple to implement, may be applied to
any set of designs, and provides a means to reasonably evaluate the potential patient benefit
of RAR against classical frequentist group sequential designs. Our simulations indicated
that the restricted Thompson sampling Bayesian RAR design tends to perform the best
with respect to our metric across a variety of scenarios, and that Bayesian RAR offers
modest reductions in the number of failures in the potential study sample relative to group
sequential monitoring alone. We also found that Bayesian RAR group sequential designs
exhibit greater marginal gains relative to group sequential designs using 1:1 allocation when
the treatment effect is slightly smaller than hypothesized. Conversely, these gains diminish
when the treatment effect is much larger than hypothesized, likely because both designs will
stop very early with high probability which precludes adaptations to the allocation ratio.
Whether these gains are worthwhile needs to be assessed within the context of each trial
based on the severity of the primary outcome, the plausibility of observing various effect
sizes, and the increased complexity that comes with Bayesian RAR implementation.

Finally, Chapter 4 introduced a novel NMA framework that can predict the effect of
an approved treatment in a new indication by modeling the correlation between average
conditional effects for a subset of treatments that have been studied in both indications.
Importantly, the proposed models impute a posterior distribution for the aforementioned
effect that can be used to identify repurposable treatments during drug development via
a data-driven approach. When the performance of the approved treatment in a future
trial is of interest, our case study also demonstrated that these methods can be seamlessly
integrated into probability of success (PoS) calculations. Our simulations indicated that the
predictive performance of each model improves with respect to RMSE and precision as the

correlation between indications increases. The model that minimizes RMSE, on average,
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depends on the following factors: the amount of available information on the candidate
treatment, the level of correlation between indications, the presence of a homogeneous or
heterogeneous class effect, and the magnitude of the class effect if present. To select an
appropriate model in practice, we recommend following a similar approach to that in our
case study. That is, we recommend fitting a standard RE-NMA model to each indication
separately and assessing the resulting posterior medians for the basic parameters. Then, a

model can be selected using the decision aid provided in Figure C.11.

5.2 Future Research

The findings described in the previous sections lead to many opportunities for future work,

which are described briefly below.

5.2.1 Future Work Stemming from Chapter 2:

Recall that this chapter assessed the impact of implementing Bayesian RAR using a logistic
regression probability model and modified permuted block design in the context of the
ARREST trial, which is a recently conducted phase II clinical trial with a binary primary
outcome. The hypothesized treatment effect for this trial was 37% and block sizes of 15,
30, and 50 were considered. An extension of this work would be to assess the operating
characteristics of the proposed design using different block and treatment effect sizes. For
scenarios where the the targeted effect size is smaller than 37%, we would expect simulation
studies to indicate larger average sample sizes and smaller differences in treatment arm
sample sizes. For scenarios with smaller block sizes, we would expect to observe greater
variability early on in the trial, which could exacerbate type I error rate inflation and the
probability of assigning more participants tot he inferior arm.

Further research is also needed to evaluate our recommendations in a multi-arm trial

setting. As discussed by Trippa et al., another way to improve the performance of multi-arm
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response-adaptive design is by incorporating tuning parameters into the randomization al-
gorithm that regulate the exploration versus exploitation trade-off. [37] A possible extension
of our work would be to assess the performance of a multi-arm response-adaptive design
using our recommended probability model and a tuning randomization algorithm. In the
context of multi-arm bandit models, Villar et al. have also demonstrated that non-myopic
randomization procedures may influence the operating characteristics of response-adaptive
designs. [38,[39] Defining our randomization procedure in terms of the patient horizon, or

the total patient population, is another possible direction for future work. [39}/40]

5.2.2 Future Work Stemming from Chapter 3:

Due to the motivating context for this work, we only focused on two-arm trials with a binary
primary outcome and a select set of Bayesian RAR procedures. Our conclusions regarding
the potential patient gains arising from RAR with respect to our proposed metric may vary
in different design settings or when alternative RAR procedures are considered. We also did
not account for the presence of time trends including patient drift, which has been shown
to inflate type I error rate in response-adaptive designs [6]. Therefore, it may be beneficial
to conduct additional simulation studies to assess the potential patient gains arising from
RAR under additional settings.

We did not consider multi-arm trials in which Bayesian RAR has been shown to increase
efficiency relative to balanced randomization. An interesting area for future work would be
to study our metric in the context of platform trials or multi-arm multi-stage (MAMS)
designs (see Lin and Bunn [64] and Watson and Trippa [65]). Finally, although we declare
the optimal group sequential design to be the one that minimizes the average number
of failures in the potential study sample among the designs considered, we did not fully
optimize this criterion. Future work, including the evaluation of frequentist group sequential
designs whose characteristics have been optimized such that the expected number of failures

in the potential study sample is minimal, is needed to identify the design that fully minimizes
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the proposed metric.

5.2.3 Future Work Stemming from Chapter 4:

Chapter 4 focused on networks where all but one treatment have been previously studied in
both indications. When there are multiple candidates for drug repurposing, both the bivari-
ate and multivariate normal approaches can simultaneously impute multiple missing basic
parameters via MCMC sampling, whereas the mixed effects approach can simultaneously
estimate multiple missing basic parameters using the linear predictor from equation .
However, the conclusions from our simulation study may no longer hold in this scenario,
and as such it would be interesting to assess model performance when predicting the effect
of multiple treatments in future work. In addition, we only considered one information-rich
network in our simulation study. When fewer studies are available for one or both indica-
tions, we would expect both RMSE and the average width of the 95% credible interval to
increase for each proposed model, however this should be verified via additional simulation
studies. Finally, our proposed methodology only considers two indications and a common
endpoint. An interesting area for future work would be to expand these methods to con-
sider multiple indications and endpoints to determine if increasing our evidence base in this

fashion yields more accurate or precise predictions.
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Appendix A

Supplementary Materials for
“Alternative Models and
Randomization Techniques for
Bayesian Response-Adaptive

Randomization with Binary Outcomes”

A.1 The Density Function of the Generalized t-distribution

The density function of the generalized t-distribution, where v, 1, and o signify the degrees

of freedom, location, and scale parameters, respectively, arises as:

w1 A
N T
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A.2 Derivation of Equation 6

To see how the probabilities in equation were obtained, note that we want E[E,,],
the expected number of subjects to be randomly assigned to the experimental treatment in
block m, to equal bp,, exactly to facilitate accurate targeting of general allocation ratios.
The following equation was used to determine the probability that U,,=1, denoted p,,, that

ensures E[E,,| = bpp,:

set

E[En] = ([bpm]) - pu + [bpm] - (1 — pu) = bpm

After some rearranging, it is clear that p, = bpy, - |bpm|. Let a; further denote the block

assignment for subject i. We will now show that P(Z; = Fl|a;=m) = p,,, when p, =

bpm — prmJ3

P(Z;=Ela=m) = P(Z =E|U=1)-P({U = 1)+ P(Z = E|U =0) - P(U = 0)

= b (o, — o)+ L2 (11— )
_ [l bpm_ [bpm] - [bpm] | [bPm] - [bpm] _ bPm - [bpm]
b b b b
_ [bpm | - b — bpy - 6D ]
b
_ bpp, - ([bpm—| - I_bpmJ)
b
= Pm

A.3 Type I Error at Various Null Response Rates Across Random-

ization Methods

All plotted values are from the logistic regression probability model with a Student-t prior
intercept location of log(%). The Pg~c stopping boundaries under the key null scenario

were 0.9931, 0.9931, and 0.9930 for the weighted coin, mass-weighted urn, and modified
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permuted block designs, respectively.

0.125-
0.100-
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2

P "&\\ Modified Permuted Block
0.025- |
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000 025 050 075  1.00
Null Response Rate

Figure A.1: Type I Error at Various Null Response Rates by Randomization Method for
the Logistic Regression Model with a Student-t Prior Intercept Location of log(0.12/0.88)

and Sequential Group Size of 30
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A.4 Type I Error Plots: Mass-Weighted Urn Design
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Figure A.2: Type I Error at Various Null Response Rates and Sequential Group Sizes by

Probability Model (Mass-Weighted Urn Design)
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A.5 Type I Error Plots: Modified Permuted Block Design
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Figure A.3: Type I Error at Various Null Response Rates and Sequential Group Sizes by

Probability Model (Modified Permuted Block Design)
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Appendix B

Supplementary Materials for “An
Alternative Metric for Evaluating the
Potential Patient Benefit of
Response-Adaptive Randomization

Procedures”

B.1 Prior Distributions for the Bayesian RAR Probability Models

In this paper, we employ a logistic regression probability model with weakly informa-
tive t-distribution priors on the regression coefficients. Suppose the hypothesized null
response rate that we are interested in is 12%, as in the ARREST trial. The logis-
tic regression probability model assumes the following prior distributions for §y and Si:
Bo ~ tz(log (%) ,2.5) AL 5y

~ t7(0,2.5), whereas the conventional independent-beta binomial probability model would,
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as in Proper et al., [54] assume 7 ~ Beta(0.24,1.76). The induced prior distributions on
mg for both probability models on the probability and log-odds scales are displayed in the
plot below. Note that the prior distribution associated with the IBB model is asymmetric
on the log-odds scale. Also note that the prior distribution associated with the logistic

regression model places less density on extreme values of the response probabilities.

0.15-
20-
15- 0.10-
& 2
® Iz Model
c
i o)
% 10 ° l:‘ Beta-Binomial
0.051 |:| Logistic Regression
5-
0- 0:007 1 1 1 1 1
0.00 025 0.50 075 1.00 60 40 20 O 20
e logit(ng)

Figure B.1: Prior distributions for mg on the probability and log-odds scale for the

independent-beta binomial and logistic regression probability models.

B.2 Variations to Thompson Sampling

The figure below displays the p; values arising from the following two adaptive modifications

for Pr~c:

Drst,j = min{0.75, max{0.25, Pp~c}} (B.1)

[Pp~c]%

Prun,; = [PE>C]Cj + [1 _ PE>C}CJ'

(B.2)

The modification in (B.2) is plotted using j = 1, j = 0.5J and j = J. Note that this

modification is conservative in the beginning of the trial when it constrains p; near 0.5, but

becomes more aggressive later on.
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Figure B.2: Modifications to stabilize Pg~ ¢ prior to randomization. C; and “Restrict” refer

t0 Prun,j and pr j, respectively.

B.3 Gibbs Sampling

The posterior means of pyey and prgp,- are estimated using Gibbs draws and p; is obtained

as follows:

1. Draw T posterior samples for 8y and 1 via Gibbs sampling where T is a sufficiently
large number (e.g., 2000) using the logistic regression probability model and the trial
data up to and including group j — 1.

2. Obtain T' Gibbs draws for g and m¢ using the identity 7;; = expit(Bo,i —i—BNLi (H{k =

E} —0.5)) Vi = 1,...,T, where expit(z) = 1?;‘;(;796 and fo; and f;; are the i** Gibbs

draws for the regression coeflicients.

3. Obtain T Gibbs draws for the optimal allocation ratio of interest, p,sinri Or Dney,i

by plugging in 7g; and 7c; for mg and 7o in the expressions for ppey and prginr
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Vi=1,..T.

4. Randomize the j* group of participants to the treatment arm using:

% Zz‘T:1 Dney,is for Neyman allocation

% Z?:l Drsihris for RIHSR allocation

pj (B.3)

9(rn—1, %30, #f), for DBCD

frn—1, 7 ST 5%), for ERADE

where p; may equal Ppey; OF Drsine,; depending on the targeted allocation.

B.4 Finding the Maximum Sample Sizes and Posterior Probability
Stopping Boundaries of the Bayesian RAR Group Sequential

Designs

Below are instructions for finding the maximum sample size and posterior probability stop-
ping boundaries that control the frequentist properties of a given Bayesian RAR group

sequential design.

1. Determine the sample size required for the two-sample binomial proportion test to

achieve the targeted power of the trial.

2. After determining an appropriate sequential group number and size, simulate 10,000
trials under the hypothesized null scenario using the logistic regression probability
model with weakly informative t-distribution priors, the chosen adaptive modification
to the randomization probability, and the chosen randomization procedure (e.g., the

mass-weighted urn design).

3. When symmetric boundaries are desired, perform steps 3.1-3.4. Otherwise, proceed

to step 4.
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(a) Choose a Pocock-like or OBF-like boundary shape. For Pocock-like boundaries,
set a;j = a Vj = 1,...,J and find the value a for which 5% of simulated trials
had either Pg~c or 1 — Pg~c exceed a. For OBF-like boundaries, define a; by
P <m : c) and find the constant ¢ for which 5% of simulated trials had either
Pg~c or 1 — Pg~c exceed a;.

(b) Simulate 10,000 trials under the hypothesized alternative scenario using the same
design as in step 2.

(c) Determine the proportion of simulated trials where Pgsc exceeds a; (i.e. power)

found in step 3.1.

(d) Proceed to step 5.

4. When asymmetric boundaries are desired, perform the steps below. We only consider

an OBF-like shape for the futility boundary in this paper.

(a) Choose a Pocock-like or OBF-like shape for the upper stopping boundary. For a
Pocock-like upper boundary, set a; = ®(c) Vj =1, ..., J. For an OBF-like upper

boundary, set a; = ® (Mc) Vi=1,..,J.

(b) Set b; = @ (20— \/ﬂc)

(c) Find the constant ¢ for which 2.5% of the simulated trials had Pr~¢ > as for
some j = s and Pg>c >b; Vj=1,...,5s — 1.

(d) Simulate 10,000 trials under the hypothesized alternative scenario using the same

design as in step 2.

(e) Determine the proportion of simulated trials where Pg~c > as for some j = s

and Pgsc > b; Vj=1,...,5s — 1 (i.e. power).

5. If the targeted power has not been met, repeat steps 2-4 using an updated sample
size estimate. We recommend using the following identity to update the sample size

estimate:
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s _ (2(0.975)+®(Targeted Power))?
Npew = ceiling (Ncurrent (©(0.975)+®(Current Power))2

where Neyrrent, Nnew, and @ are the current sample size, updated sample size, and

quantile function of the standard normal distribution, respectively.

B.5 Frequentist Group Sequential Designs

B.5.1 Pocock and O’Brien-Fleming Testing Procedures

Repeated significance testing in group sequential designs renders trials susceptible to sub-
stantial type I error inflation. In this section, we discuss two of the first sequential testing
procedures proposed by Pocock [99] and O’Brien and Fleming [100] to control type I error
at the nominal significance level.

Consider a two-arm trial with a binary primary outcome. Suppose accumulated data is
analyzed after the responses for b new participants have been attained, and that a restricted
randomization procedure is employed to guarantee that, on average, % participants are
allocated to the treatment and control within each group of size b. A group sequential design
generally proceeds as follows. At each interim analysis j, where j = 1,..., J, a standardized
test statistic Z; is computed using the accrued outcome data up to and including group j.
The trial is terminated early for efficacy if Z; > a; or for harm or futility if Z; < b;, where
a; and b; denote upper and lower stopping boundaries, respectively. When b; < Z; < aj,
no decision is made and the trial continues to the next interim analysis. In this paper, we
consider symmetric stopping boundaries (i.e. when a; = —b;) that allow early stopping for
efficacy or harm and asymmetric stopping boundaries (i.e. when a; # —b; and a; = by)
that allow early stopping for efficacy or futility.

Pocock [99] and O’Brien and Fleming [100] proposed setting a; equal to Cp(J, @) and
Cp(J,a)+\/J/j, respectively, where Cp(J,a) and C(J,a) are functions of J that maintain
type I error at the desired significance level, . Pocock boundaries remain unchanged

throughout the trial and engender a final critical value, a;, that exceeds the critical value
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of an a-level two-sided test. OBF boundaries facilitate conservative testing early on that
becomes more aggressive as the trial proceeds through the use of an inflation factor, /.J/j.
At the final interim analysis, v/J/j = 1 and the final critical value, ay, is comparable to

the critical value of an a-level two-sided test.

B.5.2 Tests for Two Independent Binomial Proportions

Numerous tests are available for comparing two independent binomial proportions and no
one test is regarded as universally superior. [101] We evaluate the operating characteristics
of various group sequential designs using an unconditional exact test, Fisher’s exact test, [?]
and the Chi-square test. [?] We focus on the unconditional exact test as it generally induces
the most powerful analysis. Further discussion of Fisher’s exact test and the Chi-square
test is included in Section 1 of the Supporting Information.

Let £ = E and C denote the experimental treatment and control arms, respectively, and
suppose there are y; responders among the nj participants assigned to treatment k. We
are interested in testing Hy: g = 7o, where 7, are the true, but unknown, treatment arm
response rates. An unconditional exact test analyzes 2x2 contingency tables conditioning
only on ng and n¢, as opposed to Fisher’s exact test which assumes the marginal totals of
the table are fixed. There are several variations of the unconditional exact test; however, we
use the version that orders the sample space by the mid p-value from a one-sided Fisher’s
exact test. Letting y denote the set of observed data {yg,yc,ng,nc}, the unconditional

exact test statistic is defined as:

T(y) =F(ye,ne,nc,yc +ye) — 0.5 -f(yg, ne, nc, yo + yE), (B.4)

GG
where f(yg,ng,nc,yc +ye) = nptncy
(yc-i—yE)

and F(+) is the distribution function for the hypergeometric distribution. A two-sided exact

p-value may be obtained using P(y) = min{1,2- Py(y),2- Pr(y}, where Py (y) and Py(y) are
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the one sided p-values for respectively testing Hy : ng < m¢ and Hy : mg > 7o, computed

as follows: [62,63]

Pr(y) = sup Pr.(T(Y) > T(y)) and (B.5)
Py(y)=_sup Pro(T(Y) <T(y))

We implement this test using the uncondExact2x2 function in the exact2x2 R package

(version 1.6.5).
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Appendix C

Supplementary Materials for “Network
Meta Analysis to Predict the Efficacy
of an Approved Treatment in a New

Indication”
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C.1 Prior Distributions for the Between-Studies Standard Deviation
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Figure C.1: The 4 considered prior distributions for the between-studies standard deviation
(SD), o: U(0,5), Ht7(0,2.5), HN(0,1), and LN(-2.70,1.52). The induced prior distributions

for variance (02) and precision (1/02) are also provided.

C.2 Data Generation

For each vector of basic parameters, d = (db,diﬁ,, ...,d%g,d%Q,d%S, ...,d%Q)T, we generated

data according to the network diagram in Figure 1 of the main manuscript as follows.

1. Solve for df)j ;. using the consistency equations of Lu and Ades Vk € 1,5 = 1,..., J;,and i =

1,2.

2. Generate study-specific effects by sampling d;p, 1 ~ N(déjk, 0.252) Vk € T;,j=1,..,J;,and i =
1,2.
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. Assume pj; = 0.05 for indication 1 and p;; = 0.09 for indication 2. Then, use the

relation dijk = log(pjx/(1—pjr)—log(pjs; /(1—pjs,) to solve for pj, Vk € Tj, j = 1,..., J.
. Generate baseline effects by sampling j1; ~ N(log(pjp; /(1—pjp, ), 0.252)) forj =1, ..., J.
. Solve for pj using expit(p; + djp,% - L(k # b;)) Ve € Ty, 5 = 1,..., J.

. Sample 7, ~ Bin(nji,pjx) Yk € Tj,5 = 1,...,J, letting nj, = 60 for studies corre-

sponding to indication 1 and nj; = 38 for studies corresponding to indication 2.
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C.3.2 Heterogeneous Class Effect

prior
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C.3.3 Smaller Indication and Drug Class Effect Sizes

o -
m < O
o T F
e @
o0 58
= n =
17} = o)
B 5
+>
< = wnm
< N ) 8
& O n g g
B eno<oonao ST - = st
: EEEEE — & B ER R
. o 8 g8 5625
[ nna d.s.v 1M s M
1 . < BL
£ | — mm.v S g s
£ — 5 B . HI
| — = F
[ o = 3
— o < g °l
o = m
— o L]
5| I £ % 5 = o,
ol +—
2| B = S
<) o} mmc > p -l
U\ — g © = HF |
—— N = ) S inm
— + i =t [ |
N «— O o L | .
E—— = 1 o
.| E— °© £ 3 -
! . ] M Q = gl
£| — 3 L g 3w
<| I = “ g 3 i
| — = E = HIS
_ | — Ao s -
T w g9 T —
. S = 2 ]
< | — = | om
.| - g2 = @ Z -I
£| —— S & & | o
{| I—— 2 = 0 f o=
3| m— E T O ==
. 2 . E 5| -
= = < <) — —
— S RZ ]
S| —— = o) o
P m = 5| m
£| —— o0 = j| -
¢ | — H
3| — B HE
. e N = B ‘I m
I = B . [
g & 8 g Dmum. 5 5 s & 8 g
uonodoid L] . H N~ uonodoid
3
L9 A& -
o B o~ =
. _ o =
© =2 52
e = s B
s % = O
80w s
~H ¥ T 2o

All models were fit using the

Figure C.7: Average coverage probability of the 95% credible interval for d?, arising from
115

Ht7(0,2.5) prior for the between-study heterogeneity parameter and resu2ts are presented

d’s simulated using smaller class and indication effects.
by Cor( %kvd%k)'



C.3.4 Prior Distributions
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Figure C.8: RMSE of the posterior median and average 95% credible interval width of d2,
arising from d’s simulated using coefficient set 1 by prior distribution for the between-study

heterogeneity parameter. These results correspond to the mixed effects model incorporating

a homogeneous class effect.
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Figure C.9: Ranking distribution of RMSE of the posterior median of d2, arising from d’s
simulated coefficient set 1 by prior distribution for the between-study heterogeneity param-
eter. These results correspond to the mixed effects model incorporating a homogeneous

class effect
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Figure C.10: Average coverage probability of the 95% credible interval for d3, arising from
d’s simulated coefficient set 1 by prior distribution for the between-study heterogeneity pa-
rameter. These results correspond to the mixed effects model incorporating a homogeneous

class effect
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C.4 Case Study

Table C.1: The posterior median of each basic parameter, dj, arising from the standard
RE-NMA model with the LN(-2.70,1.52) prior fitted to each indication separately. Param-
eter dsg could not be estimated for psoriatic arthritis as treatment E has not been studied

in this indication.

Psoriasis Psoriatic Arthritis

Drug Class | dap 2.23 1.95
1 dac 3.03 2.48
dap 3.52 2.16

Drug Class
dag 2.53 1.90
? dag 3.02 2.35
dag 4.53 N/A
Drug Class | dar 3.92 1.80
3 dag 4.51 2.65
dar 5.07 2.92

C.4.1 Probability of Success

We defined “success” as the probability of having a two-sided p-value less than 0.05 and

computed PoS using:
PoS = / / Pr(Success|dj- ap)p(3j+ apldi g, 03)p(d4pl{Dj}]-,) ddjuddys  (C.1)
§jxap Jd2AE

where d;+ 4 is the study-specific log-odds ratio comparing treatment F vs. A in a future
trial, j*. Because the double integral in ((C.1)) is intractable, we approximated PoS using

MCMC simulation as follows:
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1. Obtain B posterior samples for diE and o2 using the proposed mixed effects model

with a heterogeneous class effect, where B is a sufficiently large number (e.g., 10000).
2. Obtain B draws from the posterior predictive distribution by sampling 53(‘2),419 ~

N2, 62®) for b=1, .., B.

3. For b=1,..., B, estimate the probability of response for treatment F, pg, implied by

o (6% o) Pa/(1—Pa)
5(2) using ) = —ZPran s
jAE W8 PE = 60y pal(1-An)

of response for treatment A obtained from external cohort studies or expert opinion.

where p4 is an estimate of the probability

In this paper, we use pq = 0.09.

4. For b =1, ..., B, simulate a trial designed to detect a clinically meaningful treatment
effect with (1 — )% power and a type I error rate of o using ﬁ%) and p4 from step
3. Determine whether the study was successful (i.e. whether the null hypothesis was

rejected).

5. Approximate PoS using PoS = % Zle I{b"" study successful}.

C.5 Decision Aid for Selecting a Model in Practice

To select an appropriate model in practice, we recommend following a similar approach to
that in our case study. That is, we recommend fitting a standard RE-NMA model to each
indication separately and assessing the resulting posterior medians for the basic parameters.
The absolute mean difference in posterior medians from different drug classes can be used
to assess the nature of the drug class effect, whereas the empirical correlation between
posterior medians from different indications can be used to evaluate the strength of the

between-indication relationship. Then, a model can be selected using the decision aid in

Figure below.
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If No

strong?

If No

Is the correlation
between indications

Is a homogeneous drug

If Yes

class effect present?

If Yes

Use the multivariate
normal model with a
null class effect

Use the mixed effects
model with a
heterogeneous class
effect

If No

Is the class effect large?

If Yes

Is the correlation
between indications
strong?

If No

Use the multivariate
normal model with a
null class effect

If Yes

Use the mixed effects
model with a
homogeneous drug
class effect

Has the candidate treatment been
heavily evaluated in previous
studies or is the correlation
between indications strong?

If Yes

If No

Use the mixed effects
model with a
homogeneous class
effect

Use the multivariate
normal model with a
homogeneous class
effect

Figure C.11: Decision aid for selecting an appropriate model in practice.
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