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In certain rare disease settings, traditional randomized controlled trials face ethical and feasibility
challenges that can exclude their use. Adequate participant recruitment can be prohibitively
difficult, and a large placebo control arm could unethically expose vulnerable participants to risk.
Development of new therapeutics for these diseases still require regulatory grade evidence of a
treatment effect, and researchers must seek alternative but robust trial designs to meet these
demands. Historically controlled trials are one potentially statistically efficient approach that can
reduce needed sample sizes, and their applicability can be well demonstrated in cystic fibrosis (CF)
research. Statistical methods for historically controlled trials include, among others, inverse
probability weighting (Rosenbaum 1983), propensity score-based power priors (Lin 2017), and
hierarchical Bayesian modeling with commensurate priors (Hobbs 2012). Additionally, an
adaptive study design method for incorporating historical controls was proposed by Psioda in
2018. We assessed these four approaches in a large simulation study to quantify bias, coverage,

precision, and power. All approaches performed well in terms of type | error and power even when



there were different covariate distributions between the simulated historical and active ftrials.
However, notable strengths and weaknesses of each were observed. We then reanalyzed two
sequentially completed CF trials of treatments for pulmonary exacerbations to test whether the
later trial could have been historically controlled with data from the prior trial using these methods.
Specifically, we assessed whether the earlier trial data could be used to reduce the size of the
concurrent control group in the later trial. This hypothetical historically controlled trial achieved
similar results to the real trial results, establishing proof of concept for the validity of these methods
in CF. We conclude that the later trial could have been conducted with a smaller concurrent control
group without sacrificing precision and that historically controlled trials have great potential for

use in future CF clinical trials.
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Chapter 1. BACKGROUND AND MOTIVATION

1.1 RARE DISEASES, THE FDA, AND MODERN APPROACHES TO CLINICAL TRIALS

The FDA defines a rare disease as one that affects fewer than 200,000 people in the United
States (U.S.), and examples include Huntington disease, Duchenne muscular dystrophy, and
cystic fibrosis. There are approximately 7,000 rare diseases that affect over 25 million
Americans, and 94% still lack an approved treatment!2. Genetic disorders account for 80% of
rare diseases and often manifest from birth. Therefore, about half of rare diseases are also
classified as pediatric rare diseases' and affect a vulnerable population, further intensifying the
need for quality research. The FDA acknowledges that “developing safe and effective products
to treat rare diseases can be very challenging,” noting that there are often subpopulations within
the rare disease of smaller sizes and different clinical manifestations®. These characteristics lead

to challenging research environments with relatively few clinical trials and fewer investigators.

Between January 2010 and December 2012, Rees et al.® identified 659 rare disease trials
registered at ClinicalTrials.gov that enrolled a total 70,305 patients. The authors found 199
(30.2%) were discontinued and 142 (31.5%) remaining unpublished four years after trial
completion, stifling research progress. These percentages were similar between pediatric (79
trials) and adult (580 trials) studies. When a reason was provided, 62 of the 199 discontinued
trials reported patient accrual as the cause. The authors conclude that innovations are needed to

improve patient participation and trial quality to advance scientific research in these settings.

Cognizant of research struggles in rare diseases and lack of treatments, the FDA has increasingly
approved new drugs and treatments without a traditional randomized controlled trial. Downing et
al. 2014* report that between 2005 and 2012, the FDA approved 188 novel therapeutic agents, 31
(16.5%) in orphan diseases and 22 (11.7%) using an accelerate approval pathway (likely rare
diseases). An orphan disease is defined as a rare disease for which treatments are often not
considered profitable due to their cost to develop and limited patient population. A total of 448
pivotal efficacy trials were identified with 143 (31.9%) approved with only an active comparator

and 58 (12.9%) approved without any comparator arm. Furthermore, in the trials of orphan



9

diseases, 50% had no comparator arms and 15% had only an active comparator, and these
percentages were 55% and 21% respectively trials on the accelerated approval pathway*.
Alternative trial designs have become increasingly acceptable to regulators to meet the modern

needs of patients with rare diseases and limited or no treatment options.

In 2016, the United States congress passed the 21 Century Cures Act® to improve research
pipelines, especially for rare diseases. In section C, (3021-3024), congress instructed the FDA to
provide guidance to assist sponsors “in incorporating complex adaptive and other novel trial
designs into proposed clinical protocols and applications for new drugs.”® One such novel trial
design in a rare disease setting is an externally controlled trial, which is the focus of the research
in this dissertation. Externally controlled trials use historical control data taken from other
sources such as previously conducted randomized controlled trials (RCTs). Historical controls
can also be taken observational studies (notably prospective and retrospective cohort studies) and
other transactional data sources such as information from registries, electronic health records,

and transactional insurance claims. This kind of data is called real-world data (RWD).’

In response to the act, the FDA drafted and certified a new guidance on the design and conduct
of externally controlled trials®. The central consideration is the potential treat to validity
introduced by bias associated with differences between the external control group and active trial
participants. These differences could include time periods, geographic regions, diagnosis criteria,
treatment definitions, outcome definitions, and others.® These concerns are the same whether the
external data is derived from a high quality completed RCT or from possibly lesser quality
RWD. Therefore, the FDA guidance for externally controlled trials is intertwined with concepts

regarding the utilization of RWD, meaning literature related to RWD is useful to review.

An additional mandate in the 21 Century Cures act was to create a program called the Real-
World Evidence program, including a document describing its framework®. The mandate
acknowledges that trials that utilize external RWD data can create robust, regulatory grade
evidence, termed real-world evidence (RWE), for drugs and biologics but not devices®°. The
Real-World Evidence program seeks to provide guidelines and standards to encourage

researchers “to modernize clinical trial designs, including the use of real-world evidence, and
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clinical outcome assessments, which will speed the development and review of novel medical
products™ as one of its key goals. Almost all the literature and guidance regarding RWE is
applicable to externally controlled trials that use previous RCT data. Conversely, the methods

assessed in this work also may be applicable to RWE settings in future research.

Primary investigators funded by the FDA through the RWE initiative, Franklin and Schneeweiss,
have published articles with recommendations on real world data analyses”!! that are relevant to
best practices when conducting externally controlled trials. They are directing a research project
called RCT duplicate!? that seeks to duplicate important randomized controlled trials using
prospective longitudinal insurance claims data. The authors have identified “four key use cases
in which RWE could support regulatory decision making,”** and by extension externally
controlled trials in general. The first case is the primary approval of a therapeutic and includes
using historically controlled trials and synthetic comparison groups!®. Historically controlled
trials are the focus of this dissertation, however the techniques and approaches evaluated may be
applicable to the remaining use cases. The second case is indication expansion, i.e., approval for
new populations (pediatrics, more extreme disease severity stages, or additional genotypes). The
third case is an adaptive approval pathway or when “an initial conditional marketing
authorization was made for a limited population with high unmet medical need on the basis of
biomarker data or small clinical trials” and the full approval occurs using data gathered from a
registry or other RWD source after the initial approval. The fourth and final case is post-market

safety surveillance, which can include “rapid regulatory response to a safety signal.”’

There are many scenarios in which externally controlled trials and the RWE framework are

preferred to traditional randomized controlled trials:
“When studying a highly promising treatment for a disease with no other available
treatments, ethical consideration may preclude randomizing patients to placebo, particularly
if the disease is likely to result in severely compromised quality of life or mortality. In these
cases, RWE can support product regulation by providing evidence on the safety and
effectiveness of the therapy against the typical disease progression observed in the absence of
treatment.” (pg. 925-916)’
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Franklin and Schneeweiss specify that the goal in primary approvals is “to quantify the typical
disease trajectory in the absence of the new medication to provide a counterfactual to the disease
trajectory observed on the experimental treatment.”'! The emphasis of their work is that trials
that use real world data must be conducted rigorously to avoid many common pitfalls and biases,
and they provide a structured process for implementation of RWD analyses for regulatory
decision making. Even when using previously completed randomized controlled trial data, the
same important questions apply: 1) Is the completed trial data a quality fit in terms of protocol
and definitions? 2) Is this data’s use as an external comparator arm feasible? 3) Can this data be

used in a way that is responsive to additional analyses requested by regulators (Figure 1)?

Data sharing through submission of data, data lake, or analytics platform; Audit trails of
all analyses conducted with dates
Regulator checks and re-analyses

Plan for Regulatory
additional and HTA
analyses €— consideration
( Sponsor implements analysis | ']‘
Is setting
adequate hice? Is data Yes Statistical Feasibility Yes Register =3 Structured

for RWD quality fit for analysis plan  analysis* protocol | ANAIYSIS reporting

is? purpose?
\‘ analysis? " i i

N\ N N

RCT RCT RCT

Figure 1. A structured process for implementation of RWD analyses from Schneeweiss 2019°.
Reprinted from “Evaluating the Use of Nonrandomized Real-world Data Analysis for Regulatory
Decision Making,” by J. M. Franklin, R. J. Glyn, D. Martin, and S. Schneeweiss'!, 2019, Clinical
Pharmacology & Therapeutics, p. 872. © 2019 The Authors Clinical Pharmacology &
Therapeutics © 2019 American Society for Clinical Pharmacology and Therapeutics.

“*Feasibility analysis can include checking covariate balance after applying the chosen
confounding adjustment strategy, checking statistical power, evaluating positive or negative
control outcomes, and other analyses without evaluating the study outcomes in the two treatment
groups.” DOI: 10.1002/cpt.1351. Reprinted with permission.

In a situation where high-quality research data derived from completed studies can be reused,
there is an opportunity to design modern clinical trials that are efficient and timely. This
approach can expedite the development of new therapeutics. The following chapters will

examine analytic and study design approaches in historically controlled trials. These approaches,
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when conducted in an appropriate manner, can rigorously meet modern challenges in certain rare

disease settings.

Another important note on the importance of externally (historically) controlled trials is how
they compare to active comparator trials, which are trials that compare an experimental treatment
to another treatment that is typically the standard of care. In the case where there is an available
treatment (as in certain cases in CF research), comparing a new treatment to this standard of care
treatment can avoid ethical issues of having participants on placebo arms. However, in exchange
for this benefit, the active comparator trial must be designed with high assay sensitivity, defined
as the ability to distinguish between two treatment effects.®® This contrasts with comparing to no
treatment effect. The trial must have high enough assay sensitivity to detect efficacy in the form
of non-inferiority or superiority. In the case of non-inferiority, statistical margins can be small to
account for important trial design aspects and this conservatism can lead to large required sample
sizes. Even in the case of a superiority trial, “the expected difference between two drugs is
always smaller than the expected difference between [a] test drug and placebo, again leading to
large sample sizes.”*® A central goal of historically controlled trials is a reduction in sample size,
i.e. a gain in statistical efficiency, and these trials are one approach a researcher might choose

over an active comparator trial.
1.2 CYSTIC FIBROSIS AND THE NEED FOR MODERN CLINICAL TRIAL DESIGNS

Cystic fibrosis (CF) is a rare, monogenic, autosomal recessive genetic disorder that affects about
70,000 individuals worldwide and 30,000 in the United States'*. The disorder disrupts the CF
transmembrane conductance regulator (CFTR) protein, which is used in many organ systems®®.
In the lungs, the most seriously affected organ, cell tissue slowly breaks down and scar tissue can
develop due to lack of clearance of mucus'®. Additionally, individuals with CF have a greatly
increased risk of lung infection for a variety of pathogens but notably Pseudomonas aeruginosa
(Pa)'*15-18 which has been associated with an increased risk of pulmonary exacerbations (PEX)
requiring antibiotics. CF patients frequently experience PExs and even with modern treatment

they still occur with regularity. Prior to 2012, the median life expectancy for individuals with CF
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was in their early thirties!*, and therapeutics were focused on symptom management.

Fortunately, in 2012, the first ever disease-modifying therapy (termed a CFTR modulator) was
developed called ivacaftor (brand name: Kalydeco®®). This agent is a small molecule which
corrects one class of cellular deficits in the CFTR protein associated with mutations in the CF
gene present in less than 10% of the CF population. In subsequent years, three additional
combination CFTR modulators?®-?? have been developed and approved, providing effective
primary therapies for up to 94% of individuals with CF with modulator responsive mutations.
The median life expectancy for Americans with CF improved to around 50 years of age. The
most recent modulator (elexacaftor, tezacaftor, ivacaftor, or brand name Trikafta??) improves
lung function so well that hospitalization time due to PExs decrease on average by 86% from 27
days to 4 days.?® The benefits can also be seen in improved BMI and self-reported outcomes.?*
This adoption of CFTR modulators into standard of care is a major milestone for the majority of
individuals with CF.

The discovery and approval of CFTR modulators has empowered researchers to continue to
develop new therapies for CF but has also created new challenges. For example, trials of new
treatments for the remaining ~6% of CF patients ineligible for modulators are targeting an
extremely small study population of approximately 2,000 people across the US. Feasibility
(participant accrual, consent, and retention) presents a great challenge in the development of new
therapeutics for these sub populations and makes traditional, large, randomized controlled trials
impractical for regulatory approvals. For novel therapies, including nucleic acid-based therapies
focusing on the ~6% of individuals with CF with genetic mutations currently not eligible for
modulator therapy, the small population size is the greatest challenge to demonstrating safety and
efficacy for FDA approval. However, externally controlled trials that leverage historical data can

address these new challenges and are encouraged in these situations.

In addition to sample size considerations for new drugs targeting CF sub-populations,
development of new primary and secondary therapies in patients currently benefiting from an
approved modulator treatment are facing a new challenge. Lengthy placebo-controlled

randomized clinical trials may no longer be appropriate. In the US, CFTR modulators have
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become the standard of care for many individuals with CF with eligible mutations because they
have been shown to greatly improve clinical outcomes. Depending on the length of a potential
trial for a new CF therapy, it may not be ethical for participants to be assigned to a placebo study
arm that would require withdrawal of standard of care modulator therapy. In fact, a feasibility
study surveyed CF treating physicians and found only 62% would consider withdrawal of the
standard of care CFTR modulator for up to 4 weeks for a trial of a new CFTR modulator or other
CF therapeutic. The survey found CF patients and their caregivers were less willing to interrupt
treatment (50%), and willingness was even lower for longer duration trials, falling below 20% as
reported by both patients and physicians?.

Increasing CFTR modulator access is expected to reduce the rates of lung function decline and
exacerbation risk as well as increasing quality of life. However, these substantial improvements
do not fully restore health and additional treatments may still be beneficial. Ancillary treatment
research, including treatments targeting mucociliary clearance, inflammation, infection, and
nutrition, has been based on evidence derived from a CF population not yet on modulators?®.
Therefore, it is unclear if chronic secondary treatments, such as hypertonic saline and dornase
alfa, are still beneficial for a population on modulators; and investigators are currently studying
that question?’?8, Research on these types of therapies must be repeated and aligned such that
they are relevant to populations on modulators. The new standard of care will most likely result
in statistically small treatment effect sizes on clinical outcomes in modern clinical trials,
requiring even larger sample sizes to detect. However, it is plausible that these treatments may
offer incremental benefits on top of modulators and therefore will remain clinically meaningful.
Demonstrative evidence of benefit is difficult to obtain but needed. Therefore, alternative trial
designs that allow for smaller sample sizes, such as historically controlled trials, are again useful
for reassessing current secondary treatments and continuing development of new ones to be used

in tandem with modulators.

The development of new primary treatments is also an essential long term goal of many global
CF clinical trial networks, including the CF therapeutics development network (CF TDN),
European CF Society Clinical Trials Network (ECFS-CTN), and others?®. These primary

treatments include novel nucleic acid-based therapies, such as nonsense-mediated decay
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inhibitors (NMD), antisense oligonucleotides (ASOs), and mMRNA therapies?, as well as new
CFTR modulators. These new primary therapies are essential to impact individuals with rare CF
causing mutations unresponsive to currently available modulators many of whom are from racial
minority groups. A recent cross-sectional study found that individuals with CF from racial
minority groups were less likely to be eligible for CFTR modulators®®. New primary therapies
may also decrease costs and increase accessibility when considering patients who live in regions
without approvals for currently developed drugs and for those with financial barriers to access

treatment. Timely development of new modulators could improve equity of health outcomes.

Meeting required efficacy and safety standards for new CF therapeutics will require new
approaches to address challenges such as ethical comparator arms (reduced length trials or
historical controls) and smaller expected effect sizes. A group of core advisors from multiple
international regions and clinical trial networks have suggested that a study design package
consisting of multiple components may be most appropriate for approval of new primary and
symptomatic CF therapies by regulatory agencies. The combination allows investigators to
generate all the required evidence in a logistically feasible and ethical way, avoiding many of the
problems already discussed. These components include short term placebo-controlled trials,
open-label prescription-reliant active comparator trials, open-label active arm safety studies, and
historically controlled trialst. Each type of study design can provide different desirable
characteristics and can collectively comprise robust evidence of efficacy and safety (see
Hamblett et al. for details on the other components). Historically controlled trials, the focus of
this proposal, take advantage of available data from past clinical trials to create an external
control group to replace or augment an active placebo-controlled arm. This component can look
at long term clinical efficacy as well as certain key clinical outcomes, notably pulmonary

exacerbations.

The CF research community in the United States is well prepared to conduct historically
controlled trials because of its centralized CF trial network. The CF therapeutics development
network (CF TDN) is a clinical trials network consisting of about 90 clinical research centers
across the country that coordinate their efforts in recruiting patients and conducting clinical

trials. An extensive archive of completed clinical trial data is maintained through the CF TDN
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coordinating center, a central hub that directs the network. The TDN coordinating center stores
and analyzes the trial data on a variety of key outcomes and therapeutics. The trial protocols,
data dictionaries, case reporting forms, and raw data are all available, and the hope is that this
data can be leveraged in the development of new CF therapies in the ways described above.
Additionally, the Cystic Fibrosis Foundation maintains the CF patient registry, which includes
encounter-based and annual clinical data collection on almost all individuals with CF in the U.S.
This real-world registry data is made available to researchers and has already been used in many
studies. These characteristics have enabled great scientific advancements in the treatment of
individuals with CF, and hopefully will continue to support creative new trial designs.

Historically controlled trials are becoming accepted and recommended in these situations, but
current publications focus on the statistical theory of the approaches with a small application in
real data. These papers provide a solid statistical foundation, but further research and
preparations are required to implement them in CF and other rare disease research. Both
Bayesian and frequentist methods have been proposed to incorporate historical controls into trial
designs®, but there are few studies that have directly compared these new methods and apply
them with CF trial data. We seek to assess these methods in the context of CF because these
types of clinical trials are desirable to meet the evolving demands of CF patients, industry
sponsors of CF therapeutics, and regulatory agencies®®. We will expand upon the literature

regarding the proper methods to conduct historically controlled trials in CF.

1.3 RESEARCH OVERVIEW

This dissertation seeks to innovate in clinical trial design by comparing analytic methodologies
and adaptive trial designs that reduce the need for a placebo-controlled arm by using external
data in the form of historical control arm trial participants. The broad goal is to produce disease
and context specific recommendations to facilitate the first use of historically controlled clinical
trials in CF313334 with a level of rigor acceptable by the FDA; however, other disease contexts
could also implement these recommendations. This dissertation is separated into three parts, the
first two of which are conducted in a simulation study and the final implemented in real trial data
(Figure 2).
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Clinical trial designs that utilize historical controls
/ Simulation Study v
1 1
1 1
(0 Aim 1: !
) Fixed Trial Designs -
' Analytic Methods
] i ) Aim 3:
: i 2 Application using real CF
] Aim 2: trials’ participant data
] Adaptive Trial Designs
: (Interim Analysis)

Figure 2. Components of the current study. Aim 1 and 2 are situated within a simulation
study, evaluating the selected analytic methods and adaptive study design. Aim 3 will use
the results of the previous aims and apply the techniques in real CF trial data.

The simulation study will assess fixed trial designs that use statistical, analytic methods to
incorporate the historical control data and an adaptive trial design that uses a planned interim
analysis to determine whether the inclusion of the external data is appropriate and improves
study power. One specific goal is to consider both situations in which the historical trial data and
current trial data are similar and are different in terms of covariate prevalence. Both cases are
possible and unknown to investigators in the planning stages of a trial. A set of 64 possible
combinations of parameters will be used for the data-generating mechanisms as described in the
next section. These sets represent a wide range of scenarios in which the historical trial data may
be similar or substantially different from the active trial. Examining performance measures in
these scenarios can help determine which factors are most influential on these approaches,
thereby providing useful insights for the planning of future trials. Finally, the results are
extended to an application in real CF trial data to connect the key results of the simulation study

back to disease specific and more complex data.

1.4  SIMULATION DATA GENERATING MECHANISMS, PERFORMANCE MEASURES,

AND PROCEDURES

We followed the best practices for evaluating statistical methods using simulation studies
described by Morris et al.>® We generated data sets according to prespecified parametric models,

containing a historical control indicator, a treatment arm indicator, two dichotomous covariates,
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and a time-to-first event outcome with right censoring. The parameters for the parametric models

were either prespecified or dependent on the specific simulation scenario. A total of 64 scenarios

were simulated which differed on six specific input parameters: (1) treatment effect size (2) the

covariate prevalence in the active trial, (3) agreement between the historical and active trial

participant covariate prevalence, (4) the covariance between the two covariates (assumed to be

the same for both the active and historical trial), (5) the strength of association between the

covariates and the outcomes (i.e. the covariates’ 8 values), and (6) the relative number of

historical controls available. Additional details of the scenarios, parametric models, and data

generation parameter values are described below:

Table 1.1 Simulation specifications and data-generating mechanisms.

imulation . S
cr?araltj:titriostic Variable(s) Distribution(s) Notes and parameter value(s)
Calculated as if traditional
randomized controlled trial with
Number of active trial . Constant 80% power and 5% type | error
participants active Analytic methods consider a
concurrent control group that is
half the size of the treatment arm
Historical control Only historical controls have a
indicator H; Hie (0. value of 1
Historical controls have value 0
Active trial treatment assignment is
£ € (01) Bernoulli random variabl
Treatment indicator E; Bern(0.5), ifH;=0 a bernoufli random variable.
E; ~ 0 if Hy=1 Therefore, active trial treatment
’ : and control arms may not always
be perfectly balanced
Binary covariate, . X1~ probit(W;) A probit model produces binary
X, L1 x;1 € (0,1) variable with prevalence: p = p,,
Binary covariate, . X,~ probit(W,) A probit model produces binary
X, L2 x;2 € (0,1) variable with prevalence: p = u,,
X 1 c>
Latent, normal variable w; P (e, 1) |1
used to build X5, w; w. d (. |H 1
Wl 1 i1 W = {erWZ} 2 ( X | )
W~N( %) x> Uy, are the desired
prevalence for the covariates
Latent, normal variable # = (b, b } Hx; Hx, depend on whether a
se;d 1o build X ‘ participant is part of the
u w. ul 2 Wiz historical or active trial, see
2 details below in (2) and (3)
Y is defined in (4)
ti ~exp(Bo +xI B+ ET0) )
Outcome : Lt : t; follows an exponential
Yi=(Tuy) T; ~ min (t;, D) L P

(Time; event)

yi ~ 1 < D)

distribution and g is varied in (5)
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e [, isconstant so that cumulative
study event rate is 50% when X; =
0and X, =0.

e D =1, study duration for right
censoring

e Noeffect, HR =1

64 x 3600 = 230,400

(1) Treatment Effect 0 Constant e Beneficial, HR = 0.50
(2) X1, X, prevalence in _ e u; =1(0.750.2)
the active trial M= #(1) Constant e 1, =1(0.85,0.1)
(3) Agreement between Constant added to historical trial us to
the historical and active _ vary agreement with active trial
controls’ covariate A =#0) Constant e Strong, 6 = (0,0)
prevalence o  Weak, § = (—0.4,+0.2)
Defined by covariance matrices:
. cop= { 1 0.2}
) 02 1
co(rlrlt)elgt:tti)c\:ra\1 rzg;]i)zta\/?/gen C=#() Constant *oore {0-6 0i6}
covariates covariance/correlation structure e  Note that because the variances
(diagonals) are 1, then these
matrices are both covariance and
correlation matrices.
Log(HR)’s between covariates and
(5) Strength of outcome:
association (B) between _ _ _ 1.10
covariates and outcome $=#E) Constant * B =log(HR) = log {1_30}
1.20
(v) e B =1log(HR) = log {0 65}
e h =1, the number of available
(6) Number of historical historical controls is the same size
controls relative to as the active trial’s treatment arm
= Constant -
expected treatment arm HC = #(h) e h =2, the number of available
size historical controls is twice the size
of the active trial’s treatment arm
e 2 treatment effects (1)
e 2 covariate prevalence levels (2)
e 2 levels of agreement (3)
- MxAxCxS=HCx#(0) e 2 covariate covariances (4)
# of scenarios SCs .
2%2%2%2%2%2 = 64 e 2 levels of association between the
covariates and outcome (5)
e 2 relative values for the number of
available historical controls (6)
# of simulations Nyins SCs * Ngims o ngms = 3600 required to control

Monte Carlo error, see text below.

#() is the counting function

In the active trial, treatment arm assignment was determined as a random Bernoulli variable and

was zero for all the historical controls. The size of the active trial, n,.¢,, Was calculated using

Lachin’s formula detailed in Fundamentals of Clinical Trials by Friedman et al.¢. The formula

used a target power of 80%, a controlled type 1 error of 5% and a treatment effect size

corresponding to a hazard ratio (HR) of 0.5 or 0.7. The effect size in the formula varied by

scenario. In scenarios simulating a beneficial treatment effect (a true HR of 0.5), we used an
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effect size corresponding to this hazard ratio of 0.5, but, for scenarios where no treatment effect
was simulated (a true HR of 1), an effect size corresponding to a hazard ratio of 0.7 was used.
This allowed the results in these scenarios to be interpreted as a trial of a possible treatment with
modest but meaningful effect that in truth had no effect. After a fully powered active trial was
simulated, half of the control arm was discarded. The focus of the simulation was on reducing
the number of needed controls by augmenting them with historical controls (termed the
augmenting approach discussed in more detail later). The number of historical controls was set to

be either equal to or double the expected number of treatment arm participants.

The parametric models for the two, dichotomous covariates, X;,X,, were determined so the level
of binary agreement could be controlled with a single parameter, X. Specifically, two latent
normal variables, (W;,W,), were generated with a variance of one, scenario-specific means and
correlations, and a covariance matrix, Z, that is also the correlation matrix because both
covariates have a variance of one. These latent variables were transformed into the binary trial
covariates, (X;,X,), by a probit model®’. For example, if the latent, normal variables were greater
than zero, then the covariate value would be one and zero otherwise. The latent variables’ means
were selected such that they produced the desired marginal prevalence in the historical and active
trials for each scenario. We allowed for the historical controls to differ in prevalence for these
covariates from the active controls and treatment arm for some scenarios as detailed earlier
(Table 1.1). It should be noted that the strength of agreement between binary variables is
restricted by their marginal distributions. To see an illustration of the covariate data generating

mechanism and for further discussion, see Appendix A.

For the outcome variable, we sought to make the simulation conditions align as closely as
possible to pulmonary exacerbations in preparation for the implementation of the methods in real
trial data. We used an exponential distribution for the time to event variable, thereby implying a
constant hazard rate (1) dependent on the covariates and treatment arm®, A constant hazard rate
has been observed in preliminary work with real trial data®® and is described in more detail in
section 4.1. Modeling time to event with an exponential variable creates a Poisson process where
events occur continuously and independently at a constant rate. The outcome’s rate can then be

modeled with a generalized linear model (GLM) with a Poisson likelihood function and a natural
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log link function®, essentially a Poisson regression. The mean model assumption of GLMs is
supported by real trial data in planning the outcome’s data generating mechanism (see chapter
4.1), but the variance may be underestimated due to the lack of true count data (the time-to-event
data only contains the first observed event per participant rather than counting all events in a
time span). However, variance estimates can be corrected used the Huber-White sandwich
estimator®” that is able to estimate the true variance even when model assumptions are not
perfectly met. We also chose this model for the outcome because the historical control analytic
methods we selected were designed using the GLM framework and work well for time-to-event
data with a constant hazard ratio.

The simulation’s critical estimand was the treatment effect, measured as a hazard ratio and
denoted 6. All methods estimated both a point and interval estimate of the treatment effect. The
target of the simulation is to evaluate the effect of the six varying characteristics that comprise
the 64 parameter combination scenarios and to compare the selected methods. Examining
estimates from each of these scenarios can help determine which elements of the scenarios most
impact the methods. Based on the results, we crafted recommendations for future trials that wish

to use these methods.

When utilizing historically controlled trials, a natural question is whether to fully replace the
control arm in the active trial, to retain a small set of active control participants augmented with
historical controls, or to recruit a full active control arm that is pooled with the historical controls
for the analysis. These questions were considered in our earlier work®®, but the focus of the
current study will be the second case. We used the sample size needed for a traditional
randomized trial but then halved the number of active controls. For all the methods, there was: a)
a small active control arm — half the size of what the control arm would be in a fully powered
traditional trial — b) a set of historical control data of two possible sizes discussed below, and c) a
full-size treatment arm. This situation is most applicable to the development of future trials as it
provides benefit over traditional designs by reducing total size. It is assumed that participants are
randomized using a 2:1 strategy in the active trial to reflect a control arm half the size of what it

would be in a fully powered traditional randomized controlled trial.



22

In each scenario, we assessed model convergence, bias, percent bias, empirical standard error,
mean squared error (a combination of accuracy and precision), coverage, average
confidence/credible interval length, power (when 8 = 0.5) or type | error (when 6 = 1), and the

Monte Carlo introduced errors, which can be controlled through the number of iterations.

Model convergence is defined as whether or not the statistical method produces estimates.
Sometimes certain methods use numerical computation that will fail to converge to a final

estimate and the frequency of this failure defines model convergence.

Bias and percent bias are measures of accuracy, meaning how far an estimate is from the true,
known data generation mechanism’s parameter calculated as a difference. Empirical standard
error is a measure of precision and is the variance of the statistical method’s estimate (which may
be biased or unbiased). If a method produces roughly the same estimate on many generated
datasets of the same size (even if there is some bias), then it is considered precise. Mean squared
error (MSE) is like empirical standard error but instead of being variance it is the mean squared
difference between the estimate and the true parameter. MSE is inflated both by bias and by lack

of precision by the method.

Coverage is the frequency that a method’s interval estimate contains the true known value, and a
high percentage is desirable. Average confidence/credible interval length is descriptive of the
performance of the interval estimates of the methods and is self-explanatory. Power and type 1
error are rejection probabilities (under the null and alternative hypothesis) that the null
hypothesis is rejected. Power is when the null hypothesis is rejected when the alternative
hypothesis is true and is normally targeted to be 80%. Type 1 error is when the null hypothesis is

rejected when it is true and is normally controlled to be less than 5%.

Finally, Monte Carlo errors are statistical errors introduced by aggregating across simulated

datasets. Statistical methods produce estimates using data generated by known mechanisms in
the simulation, and then these estimates are aggregated across the simulation. These estimates
may be biased or unbiased but either way some random error is introduced when aggregating

across the simulation. Note that this is not the variance of the estimator caused by the statistical
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method, i.e. the empirical standard error which is method specific and estimated in the
simulation. This is error introduced only in the aggregation process of combining estimates from
the large number of simulated datasets. Monte Carlo error approaches zero as the number of

simulations go up, and therefore can be controlled by the researcher.

To control errors introduced by the simulation process, we will require the following Monte
Carlo standard errors to be as follows: For bias, we required that two standard errors be less than
0.01 on the generalized linear model’s link function’s scale, represented in the inequality (1.3.1)
below. For coverage, type 1 error, and power, we required that two standard errors be less than
1.3%, represented in inequality (1.3.2) and (1.3.3). Note that two standard errors for a normally
distributed random variable are associated with the critical value 1.96. This criterion allows the
calculation of the minimum number of required simulations with formulas available in Morris et
al.® Assuming the standard deviation of 8 on the link scale is less than or equal to 0.2 (or

variance less than or equal to 0.04), we can solve this system of linear inequalities.

Var(8) 0.04

= 1.96 =

sims Ngims

’0.95 * 0.05
1.96 * Monte Carlo SE(Coverage and Type I error) = 1.96 * o <0.013 (1.3.2)
sims
0.8%0.2
1.96 x Monte Carlo SE(Power) = 1.96 * — < 0.013 (1.3.3)
sims

When considering inequalities (1.3.1), (1.3.2), and (1.3.3), any value of ng;,,,s that meets (1.3.3)

1.96 x Monte Carlo SE(Bias) = 1.96 *

< 0.01 (1.3.1)

will meet (1.3.1) and (1.3.2). Therefore, solving for ng;,,, in (1.3.3) derives the needed number
minimum of simulations:
Ngims = 3637 (1.3.4)

However, for the sake of simplicity, we determined that 3,600 was acceptable, yielding two

Monte Carlo SEs (error introduced when aggregating simulation wide estimates) for power at
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about 1.307%. 3,600 simulations control the Monte Carlo error such that two standard errors
equal to 0.7% for Coverage/Type 1, 1.3% for power, and 0.0066 for bias. For percent bias, this is
roughly 0.7% in the case that & = 1 and roughly 1% in the case when 8 = 0.5. Two standard
Monte Carlo errors ensure that the aggregated simulation value of the performance measures
(bias, empirical standard error, etc.) are likely within these amounts of the value that would be

obtained with we used an infinite number of simulations.

The simulation was run in R version 4.0.2 (2020-06-22)*°, using a set of packages: broom
0.7.2%, extraDistr 1.9.1%2, ggplot2 3.3.2%%, HDInterval 0.2.2*, lubridate 1.7.9%, magrittr 1.5%,
MASS 7.3-53*, mvtnorm 1.1-1%84° parallel 4.0.3%°, Optmatch 0.9-17°° (Note: this older version
was needed to run on AWS servers), R2jags 0.7-1%1, remotes 2.4.0%2, Rltools 0.3-1°*%, rjags 4-
10%5, rstream 1.3.6°¢, sandwich 3.0-1°-%%, and tidyverse 1.3.0%. The parallel program utilized
socketed clusters in base R’s parallel package. For reproducibility, please ensure these versions

are used when the code is run. All code that may be shared is available at Github (Appendix B).

When parallel programming is used, it is important to carefully manage the random number
generation. As discussed in Morris et al.%, streams of random numbers generated in each of the
processing cores can overlap and cause undesired correlation between simulated data sets and
unwanted behavior in statistical procedures that need random numbers (such as Bayesian
Markov Chain Monte Carlo methods). For the current study, the random number generation
method was set to use the method of L’Ecuyer®®? rather than R’s default, the Mersenne
twister®. This random generation mechanism has a seed vector of 6 (signed) integers and a
period of around 2191 ~ 3.1 x 1057, Each ‘stream’ is a subsequence of the period of length
2127 ~ 1.7 x 1038 which is in turn divided into ‘sub streams’ of length 27¢ ~ 7.6 x 1022,
These streams of random numbers are all statistically independent but reproducible, making
them perfect for parallel programming. The simulation can be replicated using one primary seed

and unique random sub streams for each core, ensuring the simulation avoids this possible issue.

In addition to random number generation, the simulation was split into computation jobs and run
on two Amazon Web Services virtual instances (c5.18xlarge, each with 72 virtual CPUs).

Specifically, the simulation was separated by parameter set and then broken down into four
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computation jobs of 900 simulations (which combine into 3600 total simulations). Then, 50
simulations were run and timed for each parameter set to estimate the computation time required
for each job. Once calculated, linear programming was used to determine an optimal job
assignment to the processing cores to balance computation load and minimize the time required
to complete the full simulation. The linear programming optimization was done in the Rglpk
package® in R.

15 A REVIEW OF RELATED LITERATURE

To select the statistical and study design methods for historically controlled trials used in this
dissertation, we conducted a non-systematic, snowballing literature review. The theoretical
literature is still developing, and new techniques are still being published. During the planning
stages of this dissertation, we discovered many candidates for the simulation but screened them
out for a variety of reasons. The final selected methods are discussed in detail in section 1.6.
However, it is valuable to review some of the related literature, including methods which we did
not select but may hold promise for further investigation in the future. The following discussion

is a brief discussion of a subset of relevant literature.

Perhaps the first biostatistician to consider historically controlled trials seriously was Stewart
Pocock. He developed a set of criteria in his 1976 article®, which determines if candidate
historical controls are high enough quality to be used as an external comparator arm in a clinical
trial. In fact, his criteria are applied and discussed in Chapter 4 when real trial data from
completed pulmonary exacerbation trials are examined. In that same article, he suggested a
simplified Bayesian statistics approach (applying Bayes’ theorem discussed in section 2.2) with
the historical data being treated as a conjugate normal prior that suggests a closed form posterior
distribution in terms of the mean and variances of the historical and active trials. He goes on to
describe how one might extend the ideas to binary and exponentially distributed data (such as
our time to event outcome) and applies these ideas to real trial data. Since the publication of this
article, more advanced technigques have been developed, but it is good to acknowledge his

foundational work.
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Power priors were one of the first Bayesian techniques proposed for historically controlled trials.
They were first proposed and developed by lbrahim et al.%® and also use the Bayesian paradigm
(see section 2.2) to incorporate the historical trial information. All the historical trial’s

information is summarized in a prior distribution. The power prior, w(8|D,, ay), is defined:

(0|Dy, ay) < L(O|Dy)%my(0) (1.3.5)

Where L(6|D,) is the likelihood of the parameter of interest given the historical data, Dy, @, is a

scalar that controls the informational weight of the historical data’s likelihood, and () is an

ag = 0 do = 025

ao = 0.75 ao = 1.0

Figure 3. Power prior’s @, parameter’s influence visualized. Shown in black is an example
of a historical data’s likelihood scaled to be a probability density. Shown in orange is the
same likelihood raised to the power parameter, a,, and scaled to be a probability density.
In this example, when a, = 0, the historical data likelihood is discounted to a non-
informative, uniform distribution that has no effect on the analysis. As a, goes to 1, the
historical data’s likelihood gains information weight until it is valued as heavily as the
active trial data.

initial prior, typically a non-informative one. Note that & means “proportional to,” and is used to
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avoid explicitly writing the Bayesian normalizing constant that ensures the posterior is a

probability distribution. An example of the influence of « is shown in Figure 3.

The formulation of the power prior is almost like conducting a Bayesian analysis on the
historical data with a non-informative prior, generating a posterior, and then using that posterior
as the prior for the new clinical trial. There is one important deviation from this description and
that is that the historical likelihood function is raised to the power of «,, a value between 0 and
1. This exponentiation causes the contributions of the historical data’s likelihood function to
range from contributing almost nothing (when a=0) to being treated as equal in informational
value to the new trial (@=1). This can be expressed mathematically. Let D represent the active

trial’s data. Then the posterior distribution, q(8), of the parameter of interest, 8, is as follows:

q(8|D, Dy, ay) < L(B|D)L(6|Dy) %1, (6) (1.3.6)

Note that the components of expression 1.3.5 are contained in 1.3.6. The important concept is
that the a, parameter can control the informational weight of the historical data. In fact, there are
even methods for estimating the information weight that the historical power prior represents
relative to the active trial (akin to comparing sample sizes to determine levels of informational

precision) based on selected values or ranges of values of a,. See Morita et al. for details.®’

The ingenuity of this formulation is that it allows researchers to discount historical trial
information in cases where there is concern that the historical trial and active trial differ in key
aspects that could bias the primary analysis. In the case where the historical data quality is
excellent (meets Pocock’s criteria, gathered under the same protocol, etc.), then researchers can
set a, equal to 1. However, in cases of concern, researchers can discount the historical data to an

appropriate amount where it can still be valuable but not bias the primary analysis results.

Power priors leave room for criticism in that specification of the value of a, can appear
subjective and leave room for investigator introduced bias. lbrahim et al.%® have gone on to

propose using a hierarchical model that assigns a hyperprior to a to avoid this criticism, and
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there are other ways to avoid this problem. Propensity score-based power priors are further
developments of power priors, discussed in section 1.6.

1.6 METHODS CONSIDERED BUT NOT IMPLEMENTED

Another Bayesian technique to incorporate data from historical trials that has been implemented
in trial data®® is the Meta Analytic Predictive prior or MAP. The Meta-Analytic-Predictive Prior
follows a very similar idea to the random effects meta-analysis. It assumes there is a grand hyper
model parameter that is the true population parameter of interest, indicated by . Like in the
random effects meta-analysis, the trial specific parameters, 6, are assumed to be normally
distributed around this true parameter with a between trial variance of z. This is the assumed
hierarchical model on which the MAP prior is built and what is presented in a paper by
Neuenschwander®. The model has interesting connections with the normal random effects meta-
analysis model. The meta-analytic-predictive prior (MAP) can be used for many types of
outcomes, including normally distributed outcomes, binary outcomes, and Poisson outcomes. It
should be noted that this approach shares many similarities with the commensurate prior

approach we selected.

The MAP prior estimates the components of this hierarchical model, (¥, t), using a fully
Bayesian approach and the historical trial parameters, 6. It requires a specified outcome model
that produces 6 in the trials and a prior for 7, the between trial variance. From the historical
study trials, it estimates the posterior distribution of W. Then, the posterior predictive distribution
of ¥, an extension of the posterior that models the probability of observing a specific trial
parameter, 8, rather than the probability of W, is calculated. This is also where the name derives.
The posterior predictive distribution represents our beliefs about the active trial’s control group’s
outcome. Bayesian updating is used to estimate the control group’s and experimental group’s
posteriors, and then a convolution of these distributions to describe the treatment effect is
derived from which inferences are drawn. Additionally, the MAP technique was further refined
by Schmidili through a robustification process’. What this process entails is to take the MAP

prior and produce a mixture prior of a non-informative prior and the MAP prior. This lessens the
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informational weight of the prior to an appropriate amount, thereby making it robust (in a sense)

by heavily relying on the active trial.

The biggest restriction, which led us to screen out this technique, was the inability to adjust
directly for covariate data. The MAP prior also works best with multiple historical trials and was
developed under a meta-analytic framework. We want to focus on methods that work well even
with a single historical trial. However, this framework has potential to be expanded upon.

The idea of a synthetic control group was alluded to by Franklin and Schneeweiss in their paper
on real world evidence and by extension externally controlled trials. Therefore, we investigated
proposals for creating synthetic control groups. Originally, a synthetic control method was
developed by Abadie et al. in the context of economic research™. In their work, they used state-
level data to create a synthetic state: a counterfactual version of California that did not enact a
particular social policy. This synthetic comparator comprised of weighted averages of other
states such that its demographics and key characteristics aligned with California’s values for as
many years prior to the enactment of the social policy as possible. The beauty of this work is that
the authors offer strong theoretical justification and argue convincingly that the analysis can

constitute casual inference.

Synthetic control/comparator groups are often statistically created in casual inference to estimate
various counterfactual effects. Casual inference techniques are discussed in detail in the book
What If, by Miguel Hernan and James Robins’2. Although, the method of Abadie could likely be
adapted to our goal with guidance from casual inference literature, we decided it was too
complex a task and did not necessarily take advantage of the high-quality data gathered in

previous trials to warrant further investigation.

In addition to analytic techniques, trial designs were also considered, and one approach made the
final cut and is discussed in Chapter 3. However, there were other study design level approaches
we considered. One such technique was a Bayesian Adaptive design proposed by Williamson et
al.”%. This trial design used a randomized, response-adaptive design that seeks to maximize the

total number of patient successes in the trial while ensuring a minimum number of patients are
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recruited to each treatment arm. The modeling approach uses Bayesian inference procedure and
is closely related to what is known as a finite-horizon Bayesian Bernoulli two-armed bandit
problem. Like the other Bayesian methods, historical information can be incorporated into the
procedure using priors in the planning stages. Then, the adaptive trial design can be conducted,
randomizing participants are they are recruited and obtaining optimal operating characteristics.
This design was intriguing but had requirements that could not be met in our setting. The worst
violation was the requirement that the outcome of treatment had to be known before study arm
assignment (treatment or control arm) of the next participant. For pulmonary exacerbations, this

can never be met in a regular trial.

The final method to review is one proposed by Chen et al. called the propensity score-integrated
composite likelihood approach for augmenting the control arm of RCTs by incorporating real-
world data’®. First, a propensity score of being in the active trial is estimated, and the participants
(both from previous trials and active participants) are stratified by this metric. In each stratum, a
composite likelihood function is specified and used to appropriately weight the participant data
derived from previous trials. Interestingly, this directly models the possible differences between
the active and historical trials in a single step and allows for frequentist-like inferences to be
made in these scenarios. Ultimately, we decided not to pursue this method due to its complexity
and lack of available scripts or software to adapt to our purposes. However, this technique may

be one to investigate in future research.
1.7 DISSERTATION STRUCTURE

In this dissertation, the primary goal is to review the selected techniques, evaluate them in the CF
research setting, and prepare for a future therapeutic trial that features historical controls. These
robust and practical statistical analysis methods and study designs are described and assessed in
Chapter 2 and Chapter 3. In Chapter 4, the appropriateness and quality of existing randomized
controlled trial data used for a historically controlled trial in pulmonary exacerbations in CF will
be presented. We will demonstrate that a high quality historically controlled trial could have
been conducted for the assessment of the effect of azithromycin in reducing pulmonary
exacerbations among children with newly acquired Pseudomonas aeruginosa (Pa). Finally, we

will conclude with future research directions and limitations in Chapter 5.
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Chapter 2. ANALYTIC METHODS FOR CLINICAL TRIALS THAT UTILIZE

HISTORICAL CONTROLS

2.1  INVERSE PROBABILITY WEIGHTING

Randomized controlled trials (RCTs) are the gold standard in casual inference for estimating
treatment effects because of crucial factors: 1) treatment arm assignment is determined through a
random mechanism, providing a strong case for exchangeability of the treatment and comparison
arms. 2) Strict protocols ensure that the observed treatment effect is consistent, meaning
exposure (treatment) is specific and well-defined and ensuring the casual path of interest is being
examined 3) All levels of covariates can be observed in both groups due to strict inclusion and
exclusion criteria. When focusing on exchangeability in a two-arm RCT, a participant’s
probability of being assigned to the treatment arm is typically 50%. By controlling this
probability and with a large enough sample size, the two arms will be balanced in terms of
observed covariates, unobserved covariates, and expected risk of the outcome in the absence of a
treatment effect. When the causal treatment is estimated comparing the trial arms, randomization
removes any potential associations between the exposure (treatment of interest) and risk factors

for the outcome (potential confounders).

Observational studies lack the control of randomized controlled trials; however, in the words of
Cochran (1965), “the objective [of observational studies] is to elucidate cause-and-effect
relationships...[when] it is not feasible to use controlled experimentation, in the sense of being
able to impose the procedures or treatments whose effects it is desired to discover, or to assign
subjects at random to different procedures.”’* It is crucial to identify statistical techniques to
mimic scientifically rigorous properties of the randomized controlled trial in observational data.
In 1983, Rosenbaum and Rubin, published a seminal paper titled, The central role of the
propensity score in observational studies for causal effects’, that established a statistical
framework to remove bias due to observed covariates from casual effect estimates in

observational studies. The work was better summarized in Rosenbaum’s book, the design of
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observational studies’®. A propensity score is an example of a balancing score. Balancing scores

are the first key concept in Rosenbaum’s work and have the following theoretical definition:

x I z|e(x) (2.1.1)

Where x are the observed covariates, z is the treatment assignment, and e(x) is the balancing
(i.e. propensity) score, typically estimated with logistic regression. Recall that the nomenclature
was developed for use in observational studies, and in practice it is not always possible to
estimate an acceptable balancing score. However, 2.1.1 is a testable assumption. In the case of
historically controlled trials, the “treatment assignment” is an indicator of whether the data are
obtained from the historical (z = 0) or the active (z = 1) trial, but the theory is just as
applicable. The propensity score is the coarsest balancing score because it is a single value. In
contrast, adjusting for all observed covariates is the finest balancing score because it could

consist of many variables on which to balance (which has disadvantages).

The second key concept is that of “strongly ignorable treatment assignment given covariates, X.”
Strongly ignorable treatment assignment means that all of these are independent of the treatment
assignment: a) the observed treatment response, b) the unobserved treatment response, and c)
unobserved covariates. It is a strong assumption because it is almost never true in practice.
However, that does not mean the assumption is not useful as will be explained below. Strongly

ignorable treatment assignment is explicitly defined as follows:

Z UL (rp,7,u) | x, (2.1.2)

where Z is treatment assignment, (1, 7;.) is the response (outcome) under treatment and under
control, and u is the unobserved covariates. It should be noted that only one of (r,7.) can be
observed. Therefore, strongly ignorable treatment assignment is an untestable assumption about
unobserved aspects of trial participants. Additionally, if 2.1.2 holds, then Rosenbaum et al.

showed that the following also holds for the propensity score:

Z I (rp,r,u) | e(x) (2.1.3)
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Under strongly ignorable treatment assignment, at any value of the balancing score, an unbiased
estimate of the casual treatment can be obtained with traditional statistical techniques.

Rosenbaum further explains that strongly ignorable treatment assignment is almost never true in
observational studies (nor in historically controlled trials). However, it is still useful because it
separates the scientific inquiry into two parts. The first is creating two treatment groups that are
comparable on all observed covariates. The second is scrupulously and scientifically addressing
the concern of violations of strong ignorability of treatment assignment. The second task can be
controversial and requires assessment of evidence outside of the statistical model. In the case of
historically controls, the second task of assuring that violations of strong ignorability are small
and inconsequential largely depends on the quality of the historical data as assessed by Pocock’s

criteria (see section 1.5) and is investigated with sensitivity analyses.

The strengths of propensity score analyses’’ include the control of confounding through
balancing while retaining the option of using a simple outcome model. The propensity score
model can be as complex (over-parameterized) as desired even if the outcome model for the
primary analysis is simple. Knowledge of the form of associations between the outcome and
confounders is not required to balance them, which starkly contrasts with direct adjustment in the
regression model (analogous to using the ‘finest” balancing score). Also, the outcome is not used
in the propensity score model, meaning that investigators do not accidentally induce bias when
they use these methods. Some also consider these methods as a dimension reduction technique
for the primary model”’. Rosenbaum and Rubin?® showed that the results from both full variable
adjustment and using the propensity score should lead to the same conclusions. Other authors
have noted that this smaller model may allow the investigator to perform diagnostic checks on

the fit of the model more reliably than if there were many covariates included in the model.”®

There are many limitations of propensity scores; therefore, crucial caveats will be summarized
into a few ideas’’. The greatest of these is that propensity score analyses only balance on the
measured covariates. They may also balance on unmeasured covariates, but this is only directly
attempted in randomized trials through the randomization process. Next, like most statistical

techniques, large samples improve performance while missing data and small samples can lead
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to a poor propensity score model. In the casual inference framework, matching on observed
covariates may open backdoor paths of association between unrelated covariates and cause bias
(see Hernan and Robins’2, pg. 89, for more details). Therefore, in the planning stages of a study,
the form of the outcome model must be determined with consideration for causal pathways,
typically with the use of directed acyclic graphs.

The propensity score can be used in many ways, and Austin (2011) describes how four methods
can be utilitized”. Propensity score matching creates matched sets of the treatment groups or
other binary groups. After the matched sample is formed, the primary outcome analysis can be
conducted without concern for bias from the observed covariates. Stratification on the propensity
score is another method, dividing participants into equal size strata defined by the propensity
score. Although residual confounding may still exist, Rosenbaum and Rubin showed that this
technique can eliminate 90% of the bias due to confounding in observed covariates®’. The
propensity score can also simply be used as a covariate that is adjusted for in the regression
analysis. This approach also controls bias but requires specification of a model relating the
propensity score to the outcome. The final technique, inverse probability weighting using the
propensity score, creates “a synthetic sample in which the distribution of measured baseline

covariates is independent of treatment assignment’®” that is used in the outcome analysis.

Inverse probability weighting is a commonly used propensity score method for historically
controlled trials. The propensity score for membership in the active trial can be estimated using
logistic regression or other predictive modeling approach like machine learning. Then, the
primary analysis can be estimated with weighted maximum likelihood estimation using inverse

probability weights, described by Austin® and defined as below.

z  1-7Z (2.1.4)
e(x) 1—e(x) o
Recall that z = 0 for a historical trial participant and z = 1 for an active trial participant.
Therefore, the expression in 2.1.4 takes the value of e(ix) for active trial participants and 1_: =

for historical trial participants. Using weighted maximum likelihood, the primary analysis is



35

conducted as if two synthetic samples were used for the trial arms. The control arm would be
treated as a sample from a synthetic historical population with a specific covariate distribution
derived from the active trial. Then, the treatment arm would be treated as a sample from a
synthetic active trial with that same specific covariate distribution (which is approximately the
same as the actual active trial’s covariate distribution). In essence, participants are upweighted or
down weighted so that the two trial arms have roughly the same distribution in expectation on all

observed covariates.

An important consideration when using inverse probability weighting is that variables with weak
associations with the outcome but strong associations with trial membership can decrease
accuracy in inverse probability weighting.8? Care must be taken when determining the propensity
model and such variables sometimes must be excluded. We discuss this in more detail in section
4.2 in the application to real trial data. For the simulation, the covariates are equally associated

with trial membership and the outcome and the forementioned decrease in accuracy is avoided.

In the simulation, analytic datasets were generated that contained an experimental arm, a
concurrent control arm half the size of what it would be in a traditional trial, and set of historical
controls per scenario described in section 1.4. A treatment indicator, E;, historical control
indicator, H;, two binary covariates, X;,X,, and the outcome summarized as a time to event or
study end variable and event or right-censored indicator as defined in section 1.4. The propensity
score was estimated using logistic regression adjusting for covariates X;,X, and modeling
active/historical trial membership as the outcome. All data, including simulated active trial and

historical trial participants, was used when fitting this propensity model:

Study; ~ Bernoulli(p;) (2.1.6)
logit(p)) ~ w +y1 X1, +v2X2 (2.1.5)

Where w (the intercept), y,, and y, are parameters on the logit scale, modeling the probability,
p;, of being in the active trial (Study;=1) vs. the historical trial (Study;=0). Using the notation
in chapter 1.4, note that Study; = 1 — H; . These symbols were used to distinguish the

propensity score model from the outcome model. The likelihood function is derived from the
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Bernoulli distribution. Inverse probability weights were calculated using the expression in 2.1.4.
Then, a weighted generalized linear model using the Poisson likelihood was used to estimate the
treatment effect. The following outcome model was used with a log link function:

Y; ~ Poisson(u;) (2.1.7)
log(p) ~a + BgE; + B1 X1 + B2Xz; + log(t;) (2.1.8)

Where Y; € (0,1) indicates if the first pulmonary observation was observed in the study. E; is the
treatment indicator variable, and X;,X, are the covariates. y; is the mean of a generalized linear
model with Poisson likelihood, corresponding to the event rate (sometimes written as 1). The
variable t; is the minimum of time to event or time to the end of the study (right censoring). The
parameters a, B¢, 51, and B, are parameters in the linear model on the scale of the log-link
function to be estimated.

By the simulation’s design, the mean model in 2.1.8 is correctly specified because it perfectly
aligns with the data generating mechanism. There is also strong evidence that the model
presented in 2.1.7 and 2.1.8 suitably fits the real trial data that inspired the simulation. Model fit
and appropriateness in the real trial data is examined in Chapter 4. Therefore, the treatment
effect (Bz) and covariate (8;, 5,) parameters can be estimated correctly. However, the standard
errors of these statistics may not be correctly estimated because the outcome is assumed to be
distributed as a Poisson random variable, placing assumptions on the form of the variance that
may be incorrect. The event is either observed, Y; = 1, or not, ¥; = 0, during the study period,
and Y; is not a standard count of events. To solve this problem and accurately estimate the
standard errors, the Huber-White sandwich estimator was used. This estimator of the variance is
unbiased even when the variance model is misspecified or when there is heteroskedasticity of

unknown form®. We estimated traditional point estimates and confidence intervals.

Recall that the target estimand is Sz, and the inverse probability weight’s performance under six
characteristics was assessed. Only percent bias, power, and type | error are presented in this
chapter. See Github (Appendix B) for additional figures examining the other performance

measures of the methods.
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In Figure 4 and Figure 5 below, percent bias of the treatment effect was measured and plotted.
The two figure-level columns represent the case where there is no treatment effect (6=1) vs. one
when there is a treatment effect (6=0.5). The figure-level rows represent the simulation
parameters we wish to assess, which were numbered and discussed in section 1.4. These include
(2) the covariate prevalence in the active trial, (3) the agreement between the historical and
active trial participant covariate prevalence, (4) the covariance between the two covariates, (5)
the strength of association between the covariates and the outcomes (i.e. the covariates’

values), and (6) the relative number of historical controls available.

The goal was to evaluate the effect of the treatment effect and of these 5 parameters (2-6) on the
performance measures for inverse probability weighting. In each of figure 5 and 6’s panels,
labeled A-J, one simulation parameter is isolated and examined at each of its two possible
values. Recall that in total, there were 26 = 64 possible combinations of (1) the treatment effect
and (2-6) the simulation parameter. Therefore, when the treatment effect is held constant (as is
done in the columns), there are 32 remaining combinations of the simulation parameters. When a
single parameter is examined, this set is further divided into 2 groups of 16 scenario
combinations which correspond to all scenarios with the specified value of the simulation

parameter.

For example, in Figure 4 panel A, the treatment effect HR is set at & = 1 and the simulation
parameter that is being isolated and examined is (2), covariate prevalence in the active trial. The
two possible values of this parameter are (u4, 1,) = (0.75,0.20) shown in blue and (uq, u,) =
(0.85,0.10) shown in red. Each of these groups include the 16 combinations of the other
simulation-level parameters for which the prevalence of the covariates in the active trial is held

at one of the two values.

By varying one simulation parameter, the distribution of the performance measure over all the
other parameters can be examined. The 16 scenarios are both directly plotted in the upper portion
of each panel in a line plot and the distribution of the group is estimated with kernel density

estimation techniques. It is possible to identify patterns by examining these figures to see if the
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selected simulation parameter was influential on the analytic method’s performance.

When looking at kernel density estimation, we identified potential patterns that could indicate
that inverse probability weighting (IPW) does not work well in certain circumstances. Panels
where there appears to be separation between the densities could provide insight into which
characteristics affect the performance of IPW. For example, in panel F, the distribution of the red
group seems to be slightly less biased because more of the density is closer to 0 as compared to
the blue group. Bimodality (or sometimes multi-modality) occurs when a simulation parameter
other than the one being examined is exerting influence. For example, in panel B, the bimodality
observed in the red group is likely due to the influence (4) covariance/correlation between
covariates. The line plots in the upper part of each panel directly compare the specific values for
each of the 16 scenarios, when only the specified parameter is changed. Through careful
examination of all the panels, influential and less important simulation parameters can be

identified, allowing us to focus on essential parameters only.
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Figure 4. Inverse probability weighting (IPW), percent bias by simulation characteristic
In the figures below, the panel columns represent the two simulated (1) treatment effects (null versus alternative
hypothesis). The panel rows represent the simulation characteristics (2)-(6) that were assessed, outlined in Table
1.1. The red and blue represent the two considered values of the selected characteristic. The upper part of the figure
is a line graph, which compares each of the 16 subsets of scenarios where the (1) treatment effect and one of the

characteristics (2)-(6) are held constant. Within each line, scenarios are arranged from 1 to 16 based on a specific

ordering with details given in Appendix B. The lower part is a kernel estimated density®* of the 16 scenarios to
identify patterns. Dotted lines show percent bias within +0.5% or 0% & -2.5% for their respective columns.
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As seen in Figure 4, when the treatment had no effect (68 = 1), inverse probability weighting
(IPW) produced unbiased estimates of 8 within 0.5% of the true value (panels A, C, E, G, 1).
Recall from section 1.4 that the estimate for percent bias in each individual scenario when 8 = 1
can vary up to 0.7% or two Monte Carlo standard errors just because of estimation due to
repeated simulation (rather than the method itself). All the percent bias estimates were tightly
clustered around 0 and certainly within 0.5%. Even adding on the possibility of up to 0.7% from
the Monte Carlo error, this easily puts the bias of IPW within 1% of the true value. No obvious
additional patterns emerged in this set of panels, indicating that when no treatment effect was
present, IPW’s performance was consistent across a wide range of outcome frequencies and

associations with covariates.

When there was a substantial treatment effect (8 = 0.5), there was a small but systematic bias of
2% below the true value in all scenarios (panels B, D, F, H, J). However, the percent bias
estimates always fell between -4% and 0%. Two Monte Carlo standard errors when 6 = 0.5
amounted to about 1% for these estimates. Therefore, 2% systematic bias is likely attributable to

IPW in this simulation rather than to simulation induced variation, but the magnitude is small.

There appeared to be slightly less bias when the covariance () of X;, X, was larger, indicating

stronger agreement as seen in panel F. This also appeared to be the case when the covariate 8

1.20

values were more extreme, as seen in the red group for g = log(HR) = log {0 p

}in panel H. There is

bimodality seen in the density estimates in panel B’s red group, when (u, u,) = (0.85,0.10),
and panel J’s blue group, when the number of the historical controls is the same as the treatment
arm size. The cause is likely when high levels of binary agreement are seen in the covariates,

X1, X,. As discussed in detail in Appendix A, certain combinations of § and Cov,_ ,,, lead to the

strong or weak levels (large or small Cramer’s ¢b) of overall association between the binary
covariates, X;,X,, and likely leads to the two observed modes. The 8 values magnify these
strong or weak associations. A scientific interpretation is that the propensity score can be better
fit in these situations. A stronger association reduces the proportion of random errors without

changing any systematic error. It should be noted that in these panels with bimodality, the
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difference between the two modes lies within 1%, or 2 Monte Carlo standard errors, therefore we
cannot be sure this observation is not just an artifact of the simulation.

When examining power and type I error below in Figure 5, the structure of the figures and
guidelines for interpretation are the same as for Figure 4. However, there are a few important
differences to keep in mind when examining the panels. In the left panel column (when 6 = 1)
the type I error is the performance measure being plotted. In the right panel column (when 6 =
0.5), the power is plotted. Together these are called the rejection percentages. The simulation
was powered for 0.5% type | error and 80% power and the method should perform at least at
these levels or better. To assist in interpretation, dotted lines are plotted at 0% and 5% for type |
error and 80% and 100% for power, indicating target regions for the respective rejection

percentages.

All scenarios when the treatment had no effect (6 = 1) achieved a type 1 error of around 5% that
was always within about 0.7% of this value, which corresponds to two Monte Carlo standard

errors for each scenario. When there was no treatment effect, type 1 error was well controlled.

However, a clear trend was identified with regards to power (when the treatment effect HR, 6 =
0.5). Power suffered slightly (77%) when there were differences between the historical and
active controls as seen in panel D, and the power to detect a treatment effect was higher (92%)
when the trial covariate prevalence was the same. This phenomenon leads to the bimodality seen
in panels B, F, H, and J. Another key observation was that having more available historical
controls improved power in both situations where the trials’ prevalence were the same and

different as seen in panel J.

In summary, IPW produced an unbiased estimate and had power much greater than the
requirement of 80% when the trials were similar in terms of covariate prevalence. However,
when the trials differed in terms of covariate prevalence, the method’s estimate became slightly
biased away from the null and power suffered slightly, dipping below 80%. A more predictive

propensity score may improve this method as suggested by theory and hinted at by
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Figure 4’s panels F and H. IPW could be recommended in situations where there is good
evidence of agreement between the historical and active trial when examining descriptive
statistics before the propensity score is even estimated. It appears that the more similar the trials
(same target populations, approximately the same time, similar inclusion/exclusion criteria), the

better IPW will perform.

Figure 5. Inverse probability weighting (IPW), rejection percentage (type 1 error for HR=1

and power for HR=0.5) by simulation characteristic

In the figures below, the panel columns represent the two simulated (1) treatment effects (null versus alternative
hypothesis). The panel rows represent the additional simulation characteristics (2)-(6) that were assessed. Red and
blue represent the two considered values of the selected characteristic. The upper part of the figure is a line graph,
which compares each of the 16 subsets of scenarios where the (1) treatment effect and one of the characteristics (2)-
(6) are held constant. Within each line, scenarios are arranged from 1 to 16 based on a specific ordering with details
given in Appendix B. The lower part is a kernel estimated density® of the 16 scenarios to identify patterns. Dotted
lines are plotted at 0% and 5% for type | error and 80% and 100% for power.
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2.2 PROPENSITY SCORE-BASED POWER PRIORS

Bayesian methods are abundant in the literature on historically controlled trials. A strength they
possess over the traditional, frequentist philosophy-based statistics is that they offer a
mathematically formal way of incorporating external, scientific information. Frequentist methods
typically rely only on the data at hand and make minimal scientific assumptions, but Bayesian
philosophy-based statistics can use expert opinion and beliefs to improve statistical models. The
ability to systematically incorporate known, external information is useful in cases where using
historical information could improve trials as discussed in previous chapters. Some authors have
even called Bayesian statistics “the statistics of small data®®,” because when data are scarce or
difficult to obtain this statistical paradigm can compensate by incorporating information external
to the sample. However, critics can argue that this paradigm’s subjective nature can cause
researchers to unwittingly introduce bias by poor prior specification or selection. Therefore, all
modeling choices for these methods must be scientifically justified and defensible to

appropriately take advantage of their strength in small data situations.

The statistical framework of Bayesian statistics is mathematically consistent and coherent,
though it has strengths and weaknesses when compared with frequentist statistics®®. In his book,

A Comparison of the Bayesian and Frequentist Approaches to Estimation®’, Samaniego

concludes that “neither the Bayesian nor the frequentist approach... is universally superior and
the context of the statistical problem at hand should therefore guide one’s decision about the

approach that promises to give better performance.”

The fundamental theorem in Bayesian statistics is Bayes’ theorem derived from Bayes’ rule,
named after the reverend Thomas Bayes who started the theoretical development of this

statistical philosophy in the 1700s®8. Bayes’ rule is a probability identity defined as follows:

P(ANB) _P(B|A) * P(A)

PGB) P(B) (2.2.1)

P(A|B) =

The probability of A given B is equal to the probability of B given A times the probability of A
and divided by the probability of B. The rule allows P(A|B) to be rewritten in terms of some
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event B and a general knowledge of the probability of A. This can be extended further into

Bayes’ theorem, which provides the basis for all of Bayesian statistics and inferences:

P(B|A;) = P(4))

P AlB =
lB) = 5o b (Bla) - P(a))

(2.2.2)

The theorem says that when a sample space is partitioned into n disjoint events, 4;, then the

probability of one event, A;, given event B, can be calculated by 2.2.2. This theorem is powerful
and useful because of how it can be applied to a statistical model’s parameter space given data:

p(X10) xp(8)  p(X|6) p(6)
pX) [ ,p(X16) *p(6) do

p(61X) = (2.2.3)

Where 6 is the statistical model’s parameter space and X is the observed data. Note that the
integral is analogous to the summation in 2.2.2 except for continuous events rather than discrete
ones. This formulation provides probabilities about the statistical model’s parameters, described
in a probability distribution, and derived from the data’s probability, p(X), and an initial

probability distribution, p(6), of the model parameter space (known as a “prior”).

The prior is the reason Bayesian methods are useful for incorporating historical information or
any other sort of external information. Researchers construct priors in specific ways to
mathematically represent external information such as historical data, expert opinion, or other
scientifically justified beliefs about the model parameters. In fact, there are many possible prior
distributions that can be used in a single analysis and careful selection of an appropriate one is a

critical duty of the researcher.

The data’s probability is derived from the statistical model averaged over all possible parameters
as seen in the integral, f@ p(X|0) = p(0) dO . Finally, a posterior distribution, p(6]X), is
calculated from which inferences about the model parameters are made given the observed data.
From the posterior distribution, we can derive point estimates and interval estimates for model

parameters. The point estimate we used in this simulation was the posterior mode, or the



47

parameter value with the largest probability density. For interval estimates, we used the highest
density credible interval. This interval is defined as the narrowest interval in the posterior
distribution that contains 95% of the probability. This contrasts with frequentist confidence
intervals in that credible intervals do not need to be symmetric and are interpreted markedly
differently. However, we will compare them and their corresponding precision as one of the
factors when contrasting the statistical methods. For details on comparing Bayesian and
Frequentist methods, please see Samaniego’s book®’ for a discussion of point estimation as well

as the article by Neath and Langenfeld®® for a discussion on interval estimation.

The likelihood function is a grand product of the probability of each data point under the
statistical model for an input set of parameters. Bayesian statistics uses the likelihood function to
serve as the basis for the probability of the data by normalizing it so that it is a probability

distribution and averaging it over all the entire parameter space.

Propensity score-based power priors fall under this framework, which requires a statistical model
and the associated likelihood function. The prior in the Bayesian statistical analysis takes the

form of a power prior, which was discussed in section 1.5, and can be summarized:

(6|Dy, @) < L(8]|Dg)%my(6) (2.2.4)

Where 6 are the model parameters (maybe be a vector of multiple parameters), (0|D,, ;) is
the power prior, L(6|D,) is the likelihood function, D, is the historical trial data, «, is the power
parameter, and 7, (0) is typically a non-informative, initial prior for the model parameters, 6.

Then, the posterior is derived using the Bayesian procedure described mathematically in 2.2.3.

q(6|D, Dy, ay) o L(B|D)L(6]Do)*°mo(6), (2.2.5)

where q(6|D, D,, a,) is the posterior distribution from which we can make all model parameter
inferences and D is the active trial’s data. The parallels between 2.2.5 and 2.2.3 are not obvious
at first, but each component in one has an analogous component in the other. First,

q(0|D, Dy, ay) is analogous to p(8|X). L(6|D), the likelihood of the data given a set of model



48

parameters, is analogous to p(X10), the probability of the data, if it is properly normalized to be
a probability distribution. This normalization factor is analogous to p(x) and its presence is
indicated with the “proportional to” symbol, . Finally, the prior m(8|D,, a,) from 2.2.4 is seen
as L(0|Dy)%my(0) in 2.2.5 and is analogous to p(8) in 2.2.3, completing the Bayesian statistical

procedure.

Lin et al.*® further develop the power prior by prespecifying the power parameter, a,, as a
derivative of a propensity score. Specifically, a propensity score is estimated using logistic
regression with covariates X;,X, as defined in section 1.4. In fact, we used the same propensity
score as used in the inverse probability weighting method of section 2.1. Then, the propensity

score-based power prior (abbreviated ‘psbpp’), 7,sppp (61D, @), is defined as follows:

Tstp (0100, @) < 0(0) | | (01D (2.2.6)

J€Dg

Where L(6|d;)% is the likelihood function applied to a single historical participant’s data raised
to that participant’s propensity score. The grand product of all the historical data multiplied by a

non-informative, initial prior, ,(8), creates the prior used in the final Bayesian analysis:
Q(QlD: DO, aO) X L(elD) *n-ps‘bpp(elDOla) (227)

In their article, the authors choose to keep the Bayesian model simple, letting the outcome’s
statistical model be a generalized linear model with two parameters as seen in 2.2.8 and 2.2.9.

For the Bayesian procedure, this means that there must be a prior for both model parameters.

Y; ~ Bernoulli(Py,) (2.2.8)
logit(Pz,) = by + b1 Z; (2.2.9)

The parameters of interest are b, and b;; Z; is the treatment indicator; and the likelihood function

is specified as the Bernoulli likelihood. With this formulation, priors must be specified for b, and
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b;. For by, a non-informative prior is used that has little to no effect on the analysis (a normal
distribution with variance equal to 1000). For the b, prior, 2.2.6 can be applied using the

historical data except b, replaces 6:

T psopp (Bo | Do» @) 1o (o) 1_[ L(bold)% (2.2.10)

J€Dg

Note that the historical data does not offer any information on the treatment effect, b,, only the
intercept term, b,. The historical data’s likelihood informational weight in estimating the base
event rate (the intercept) is larger for high propensity scores and smaller for low propensity
scores by the nature of the power prior shown in Figure 3. A more complex version of 2.2.7 is
used to create posterior distributions for the base event rate (intercept) and the treatment effect. It
is more complex because it is a two-parameter posterior with a two parameter, joint likelihood
and the non-informative prior for b, is included. For inferences, the marginal posterior

distribution of b, is examined.

Given only an indicator for treatment, this simple, two parameter model does not allow
adjustment for covariates. The authors avoid this issue by using matching on covariates using the
propensity score. Matching is one technique which the author’s argue create exchangeable trial
arms in terms of all observable covariates.® In this context, exchangeability means that the risk
of the event without treatment would be the same in both trial arms such that the only
meaningful difference in risk of the event is the treatment itself. At least in terms of the
observable covariates, both arms should have the same risk of outcome in the absence of
treatment. The authors use the optmatch®® to form pair-matches (1:1) or set-matches (1:2),
minimizing the average distance between propensity scores of the matched individuals (active

vs. historical trial participants).

In this simulation, we sought to follow Lin et al.’s example as accurately as possible. However,
the matching step created an issue, the historical pool to match from had to be larger to allow for
the creation of a well-matched set. This would mean that this method would have to have access

to more simulated data than the inverse probability weighting or the commensurate prior
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methods. We determined that the best way to address this issue was to generate a large historical
control pool to be used in the matching, but the final number of historical controls used in the
Bayesian model would be either the same size as the expected treatment arm or double it — the
same as the other methods. Hypothetically, this might give Lin et al.’s method a small edge in
that it could select a comparison group that was even closer in terms of covariates. However,
fortunately, there are only two covariates, X;,X,. Even in the presence of this hypothetical small
edge, the gains would be inconsequential. Also, for the Bayesian step, the analysis would be on a
fair playing field as the other methods with the same number of participants.

For this simulation, we allowed the propensity score-based power prior method access to a
historical pool that was four times larger than the expected size of the treatment arm. Recall, the
active control arm is half the size of a traditional trial’s control arm. We restricted the matched
sets to be either the same size or double the size of the expected treatment arm. After pair-

matching a selection of controls, the Bayesian analysis was conducted as written.

Another important note to address is the outcome model’s specification as a Bernoulli random
variable in Lin et al.’s method. The method requires a simple, parametric model. Poisson
regression has been used throughout and was found acceptable as an alternative to survival
analysis with a Cox proportional hazard model. Therefore, modeling the cumulative hazard rate
ratio (as done in 2.2.8) is similar to using a simple Poisson regression. This is because the
simulated hazard rate (and likely the hazard rate in the real trial data described in Chapter 4) is
constant. A constant hazard rate implies that a ratio of the cumulative hazards at the end of the

study period (the relative risk) will be equal to the hazard ratio:

t D
Htr(t) _ fo htr(u)du _ fo Uprdt _ D * Uy, _ Uy _ htr(t)

He®)  [Thdu [U.dt D*Uc Ue  he(t)

(2.2.11)

Cumulative hazard is defined as the integral of the hazard rate over the study period. If the

treatment arm’s hazard rate, h,,-(t), is a constant, U,,., and the control arm’s hazard rate, h.(t), is

, IS equivalent to the hazard ratio, };"—((g

Hyr (1)
He(t)

constant, U,, then the cumulative hazard risk ratio,
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Therefore, a generalized linear model with a Bernoulli likelihood function and logit link function
can produce estimates of the cumulative hazard rates at study end for the two comparison groups.
Then, aratio of the estimated cumulative hazard rates is analogous to the desired hazard ratio.

Specifically, after estimation of b, and b, in the statistical model 2.2.8 and 2.2.9, the statistical
software calculates the probability of having the event in the study period for both the treatment
arm (P,) and the control arm (P,) that includes both active and historical controls. In the survival
analysis nomenclature, these values equal F(D) = P(T < D), the cumulative distribution
function of the time to event random variable at the study end, D. These values can be converted

into the cumulative hazards rates at the study end, H (D), with the following known formula®:
H(D) =—-1In(1-F(D)) (2.2.12)

Then the ratio shown in 2.2.11 that corresponds to the hazard ratio can be directly calculated. For
easy comparison with the other methods, the log is also taken of the estimated hazard ratio such

that it is put on the same scale as the estimate produced by the other methods.

Using the method proposed by Lin et al. has a significant limitation in that the effect on
performance measures of the matching step versus the Bayesian analysis cannot be separated.

Further investigation should be conducted to address this limitation in future research.

Note that the target estimand is the treatment effect, the log hazard ratio, and propensity score-
based power priors’ performance under six characteristics was assessed. Only percent bias,
power, and type | error are presented in this chapter. See Appendix B for additional tables
examining the other performance measures of the methods. Figure 6 is interpreted in the same
manner as was done for Figure 4, and the same goes for and Figure 5 and Figure 7. Please pgs.

35-36 for guidance.
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Figure 6. Propensity score-based power priors, percent bias by simulation characteristic

In the figures below, the panel columns represent the two simulated (1) treatment effects (null versus alternative
hypothesis). The panel rows represent the simulation characteristics (2)-(6) that were assessed, outlined in Table
1.1. The red and blue represent the two considered values of the selected characteristic. The upper part of the figure
is a line graph, which compares each of the 16 subsets of scenarios where the (1) treatment effect and one of the
characteristics (2)-(6) are held constant. Within each line, scenarios are arranged from 1 to 16 based on a specific
ordering with details given in Appendix B. The lower part is a kernel estimated density®* of the 16 scenarios to
identify patterns. Dotted lines show percent bias within +£0.5% or 0% & —2.1% for their respective columns.
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In contrast to the inverse probability weighting method, much greater variability was seen in the
percent bias estimates in all the figure panels. The estimates ranged from ~ -4% to 4%, which is
much larger than two Monte Carlo standard errors which were 0.7% and 2.1% for 6 = 1 and 6 =
0.5, respectively. Closer examination revealed that this was likely caused by scenarios in which
the trial covariates were distributed identically. Looking at Figure 6’s panels C and D, when the
trial covariate prevalence were different, a tighter range of percent bias estimates were observed.
However, when they were the same, much more variability was introduced. This spread is
reflected in all the panels likely due to this simulation characteristic. A similar observation was
seen in panel F where having a higher covariance/correlation between covariates seemed to lead
to less variability versus when the covariance/correlation was lower. It is also seen in panels |

and J, where having more historical controls seemed to help reduce the variability.

Additional differences can be seen. When examining Figure 6’s panels G and H, the more
extreme [ values seemed to create slightly different distributions of the percent bias. As
discussed with inverse probability weighting and in Appendix B, certain combinations of § and
Covy, «,, lead to the strong or weak levels (large or small Cramer’s ¢) of overall association
between the binary covariates, X;,X,. A better fit propensity score may improve the percent bias

estimates in these cases.
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Figure 7. Propensity score-based power priors, rejection percentage (type 1 error for HR=1

and power for HR=0.5) by simulation characteristic
In the figures below, the panel columns represent the two simulated (1) treatment effects (null versus alternative
hypothesis). The panel rows represent the simulation characteristics (2)-(6) that were assessed, outlined in Table 1.1.
The red and blue represent the two considered values of the selected characteristic. The upper part of the figure is a
line graph, which compares each of the 16 subsets of scenarios where the (1) treatment effect and one of the
characteristics (2)-(6) are held constant. Within each line, scenarios are arranged from 1 to 16 based on a specific
ordering with details given in Appendix B. The lower part is a kernel estimated density® of the 16 scenarios to identify
atterns. Dotted lines are plotted at 0% and 5% for type | error and 80% and 100% for power.
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The target power for the computed sample size was 80% and was 5% for type | error. In the case
when the treatment had no effect (6 = 1), all scenarios had a type | error < 5%, hovering around
3.75%. In the case where there was a treatment effect (6 = 0.5), all scenarios had power greater
than 80%, hovering around 87%. Having more historical controls clearly improved the power of
this method, increasing it from roughly 85% to 92% as seen in Figure 7’s panel J. No other

simulation characteristics significantly affected type 1 error or power.



58

2.3 COMMENSURATE PRIORS

In 2011, Brian Hobbs, Bradley Carlin, Sumithra Mandrekar, and Daniel Sargent proposed a
Bayesian clinical trial design that incorporates historical information based on a measure of
commensurability.®? Their original approach used a hierarchical Bayesian model adapted from
the traditional power prior approach introduced by Ibrahim and Chen® discussed earlier. The
authors introduce the location commensurate power prior (LCPP). In a 2012 paper, the authors
changed the model formulation and dropped the power prior component and provided an easier
framework extendable to generalized linear models®. The result is the version of commensurate
priors implemented in the current study. We will briefly review the LCPP model without going
into extensive detail to understand the evolution of the concept of trial ‘commensurability’ and
then closely examine the 2012 methodology used in the current study. A reason the old method
is worth reviewing is because a theoretical relationship with power priors exists even with the

revision and new method.

Location commensurate power priors were derived first from modified power priors (MPP) that
addressed some of the concerns of the original power prior. Utilizing the power prior with an
independent prior for a,, raised some concerns that the formulation violates the likelihood
principal® (the proposition that, given a statistical model, all the evidence in a sample relevant to
model parameters is contained in the likelihood function) and did not produce marginal
posteriors for a, that are proportional to products of familiar probability distributions®2.
Therefore, a modified power prior was proposed that normalizes the power prior and adds a

proper prior for the power parameter:

L(6]|Dy)%my(6)
fL(GlDO)“OTEO(Q) dae

7MPP (0, ay|D,) x m(ag) (2.3.1)
Where 6 is a model parameter of interest, «, is a parameter that controls the amount of
borrowing (note that 7?7 is a joint probability distribution), D, is the historical data, and m is
an initial, typically non-informative prior. The MPP was the foundation for the location
commensurate power prior. The goal of the LCPP was to directly parameterize the

commensurability of the historical and new data. Commensurability is defined as the similarity
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of historical and active trial populations. It is left purposefully vague because the exchangeability
of trial data is much more complex than what can be handled analytically (see Pocock for a
greater discussion®). In the 2011 paper®?, the authors propose the following framework: Suppose
that both the historical and current data depend on a common parameter, 6. Assume that the
historical group and current group have different parameters, 8 and 6,. Assume that 6 is
normally distributed around 6, with a precision parameter, T (Note that precision is simply the
inverse of the variance). Then t now parameterizes analytic commensurability and is referred to
as the commensurability parameter. The 2011 paper emphasizes that as T — 0, the historical
information is discarded because the normal distribution’s variance gets huge. This indicates that
the historical trial and active trial have very different model parameters such as baseline hazard
rates. Ast — oo full borrowing is performed because the normal distributions variance
approaches 0, meaning that the historical and active trials have almost identical estimates for key
model parameters such as a baseline hazard rate. This allows for the definition of the location
commensurate power prior (LCPP), called that because commensurability is defined in terms of

the location of 8 and 6,. Here is the expression that defines the LCPP:

[L(6o1Dg)]%
JIL(8,1Dy)]%d b,

PP (0, ay, T|Dy) x f N (9|90,%) * df, = Beta(a,y|g(t),1) * n(7) (2.3.2)

The MPP in 2.3.1 includes an initial prior for the power prior a,, m(a,). In 2.3.2, this initial
prior takes the form of a Beta distribution with the first shape parameter defined as a function of
T (the commensurability parameter). This makes sense because the amount of borrowing from
the historical data (controlled by the power parameter «,) is determined by the level of
commensurability measured by 7. In 2.3.1, the historical data defines the modified power prior
and is not included in the likelihood. In 2.3.2, the historical data again is part of the prior,
although it is more difficult to see directly. Ignoring how t changes the expression for a moment,

the following expression is the relevant parts of 2.3.2 that align with the MPP from 2.3.1:

[L(841Dg)]%
JIL(6,]Dp)]%d 6,

* Beta(ay|g(t),1) (2.3.3)
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Greater commensurability (agreement between the historical and active trial model parameters)
leads to greater informational borrowing and less commensurability leads to no borrowing. In

contrast to 2.3.1, a normal distribution is used for estimating the active trial's parameters, 6,
centered as 8, with precision 7 (note that 62 = %) . This T parameter also requires an initial

prior, (7). The parameter T now directly models the commensurability as discussed above.

After receiving feedback and criticism about the LCPP introduced in 2011, Hobbs et al. changed
the framework and proposed new methods for the estimation of t. First, they consider the
historical data to be part of the likelihood in the Bayesian formula rather than as a prior. The new
framework makes many changes from (2.3.2). It does not include any power prior parameter
(arp) nor the usual normalized likelihood as seen in 2.3.3. Instead, the historical data is now
captured in a likelihood function that relates to normally distributed data and only three priors
are now required: a prior for the historical trial’s mean, p(i,), and priors for the historical trial’s
and active trial’s variances, p (o, g,). Additionally, the original paper considered a single
parameter of interest, but the authors redefined 6 to represent a vector as described in the next

paragraph.

Consider a Gaussian-distributed outcome variable y, one historical trial and the active trial, and a
model with parameters 8 = (A, u, o, 02, 542). A is the treatment effect, u, p, are the mean
outcomes from the active (1) and historical trial (1), and o2, 0,2 are the respective variances of
those outcomes. t is the precision of the normal distribution that connects the two means (a

measure of commensurability). The commensurate prior can then be defined as follows:

No n
1
q(017,v,y0) < N (|uo, =) p(uo)p(o,00) | | N(voslmo, a8) | [ Nilu+ did,0%). (2.3.4)
\( %) _/ H\ 1_1[ %

T ’ N
Posterior T N

Commensurate prior Likelihoods of the Active and
Historical Trials

It should be noted that “The commensurate prior assumes that i is a non-Systematically biased

representation of u,.”% The y, are data, 7 is the commensurability parameter, and d; is the
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treatment indicator. In the above formulation, t is given rather than incorporated as a parameter.

To estimate 7, the authors suggest using either empirical bayes (i.e. using the maximum marginal
likelihood estimate for 7) or a fully Bayesian approach (treating t as a parameter). For our
purposes, we will be considering the fully Bayesian approach for which the authors suggest
using a “spike and slab” distribution for the initial prior of 7. The “spike and slab” distribution
was introduced by Mitchell and Beauchamp in 1988 for variable selection in Bayesian

methods.®® The “spike and slab” distribution is generally defined as follows:

Pr(t < S;) =0, (2.2.5)
Prt<u n{S;<u<S,}) =pilu—5)/(S,—S)} (2.2.6)
and Pr(t > S,) =Pr(t =K) =1 —p,. (2.2.7)

Where p, determines the amount of density in the spike versus the slab. The slab (2.2.6) is
simply a uniform distribution between two values, S; and S,,, scaled by p,, and the spike (2.2.7)

is a single value, K, (like the Dirac delta function) for the remaining density:

1-po

Pr (1)

Jdi

Figure 8. Spike and slab distribution. The y-axis is the probability density. The x-axis
are values of . S, and S; are the upper and lower limits of the “slab.” K is the T value
of the “spike.” p, is the amount of density allocated to the “slab” with 1 — p,
allocated to the “spike.” The shaded region is Pr(t < u).

Why the “spike and slab” prior is useful for the initial prior for 7 is explained most prominently

by a figure in Hobbs’s 2012 paper®, reprinted in Figure 9. The A at the top of the three panels is
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a measure of the difference between the historical and active trial mean outcomes. The x-axes are
the values of the commensurability parameter, T, which characterizes precision (lower values
mean they are less similar, higher values mean they are more similar). When there is no
difference between the trials (leftmost panel), you will see that the marginal density of the data
likelihood plateaus at the higher values of t. In fact, there is little information to help the model
determine whether a value of 170 vs 200 for t is better or worse because the likelihood values
are almost the same. In contrast, as the difference between the historical and active trial

increases, a clear peak in the marginal density of the data emerges (rightmost panel).

In the case of similarity, the Bayesian model needs assistance in picking a large value of T when
information is sparse. This is where the spike of the “slab and spike” prior distribution becomes
useful. The spike is located at a large value of t. Therefore, when there is little information, i.e.
the likelihood of the data is relatively flat as in the leftmost panel in Figure 9, then the spike in
the prior of T will help the model converge to a reasonable, large value of 7. The slab portion of
the prior is a simple, uniform vague initial prior that does not influence  if there is a lot of
information for a small value of t as in the rightmost panel in Figure 9. This situation

corresponds to when there is heterogeneity among the historical and active trials.

Figure 9. Marginal density of y, yo |t as a function of T for three values of |3| from Hobbs 2012%
where A = i — fig and 6% = 1, vy = 1/ny, ng = 60, n = 180, ng = 90.
A =0 [A] =o025 |A| =os
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Reprinted from “Commensurate Priors for Incorporating Historical Information in
Clinical Trials Using General and Generalized Linear Models” by Brian P. Hobbs, Daniel
J. Sargent, and Bradley P. Carlin, 2012, Bayesian Anal. 7(3), p. 648. Copyright © 2012
International Society for Bayesian Analysis. DOI: 10.1214/12-BA722 Reprinted with
permission. The authors state that the “slab and spike” prior demonstrates desirable
frequentist properties when well calibrated. The authors suggest careful calibration of the
spike and slab priors when using the fully Bayesian model. Therefore, when we implement
this in both the simulation and real trial data, we will perform sensitivity analyses to
determine how prior specification affects the final results of the model.

The 2012 paper finishes by expanding the commensurate prior framework to multivariable,
generalized linear models and goes on to briefly discuss log-linear models for time to event data.
The outcome can be written in terms of a normal distribution with the mean represented as a
linear equation of variables and parameters and with a homoscedastic variance, both standard

assumptions in statistical modeling. Note that in the following equations, X, 4, o 4, X4, and g,

are now vectors of parameters for g € (1, ..., p) where p is the number of parameters in the

multivariable linear model:

Yo~Nn, (Xo,gBo.4,02) (2.2.8)
y ~ No(XyB, + dA,0?) (2.2.9)

Let A (a constant) be the treatment effect and d the treatment indicator. The multiple covariates
(Xo,4) in this model are baseline covariates not covariates through time. Note the change from a

univariate model to a multivariable model while still having only one historical trial and one

active trial:
XO,g.BO,g = Xo,1.30,1 + Xo,z.Bo,z + et Xo,pﬁo,p (2.2.10)
Xgﬁg = Xlﬁl + Xzﬁz + -+ Xpﬁp (2.2.11)

In this case, the commensurate prior model is formulated by replacing a single commensurability

parameter, T, with the vector T = (z4, ..., 7,,) for all beta coefficients in the 8, , and S, vectors.

For each pair of parameters 5, and B4 for g € (1, ..., p) the commensurate priors, p(B41Bog)
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follow a normal distribution with variance 7, * (note that 7, is the precision) and are assumed to

be independent:

p(ByBog) < N(ByBog 75) (2.2.12)
The active trial parameters, 3,, are modeled as if they are normally distributed around the
historical trial’s parameters, o4, With variance equal to the level of commensurability between
the trials, 7;*. The level of commensurability is allowed to vary for each parameter. This then

allows us to define the joint posterior of 8|z, y, y, as proportional to the following:

14
P40, 000N, (ol Xobo, 53 g Nw WIXB + d2,0%1,) | | N (BolBog 75" Ip(Bog)  (22.13)
- -~ =1\ /)
f g g ~

likelihoods Commensurate priors with
e tt[??;:n\fanrtiae::;zt and vague initial priors for

These models can be estimated using Markov Chains Monte Carlo (MCMC) methods®’, such as
a Gibbs sampler. MCMC is a technique for estimating the posterior distribution using Bayes’
theorem, an initial prior, and data likelihood. Its strength is that it can be used to estimate the
posterior well no matter the complexity of the Bayesian model. In fact, before the development
of MCMC, Bayesian statistics was limited to situations in which posteriors had known analytic

forms after the Bayesian updating process, called conjugate priors.

In this work, we used Rjags, the R implementation of the C program JAGS (Just another Gibbs
Sampler). All JAGS code is implemented by representing models using directed acyclic graphs
(DAGS). For the simulation study, a representation of the commensurate prior hierarchical

model is shown in Figure 10 below.



Figure 10. Directed Acyclic Graph (DAG) representation of the commensurate prior
Bayesian hierarchical model used in the simulation. White circles represent model
parameters. Grey circles represent observed variables and outcomes. Grey triangles
represent prespecified priors on model parameters, including spike and slab and vague
normal priors for the treatment effect.
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The parameters ty, 71, T2,P0: Boos Bo1,» Loz, and S have the following prior specifications:

7o ~ Spike and Slab (S, = 0.005,S, = 30,K = 30,p, 1) (2.2.14)
71 ~ Spike and Slab(S; = 0.005,5, = 100,K = 300, p,,) (2.2.15)
7, ~Spike and Slab(S; = 0.005,5, = 100,K = 300,p,3) (2.2.16)

Fori=1,2,3; py; ~ Bernouli(0.5) (2.2.17)
Fori=1,2,3; By; ~ N(0,10000) (2.2.18)
Br ~ N(0,10000) (2.2.19)

The values for By9, Bo1, Boz, and B all have non-informative normal priors (normal distributions
with a huge variance of 10,000 do not affect the posterior estimation hence why they are called

non-informative).

The values for the spike and slab priors were calibrated prior to the full simulation by
considering a small simulation to determine their effect on the model. First, we considered
whether p, ; should simply be set as a constant for all three values or allowed to be a parameter
estimated in the model. We found that allowing p, ; to be a parameter led to most flexible model
requiring fewer assumptions. Therefore, we modeled p, ; as a parameter. Next, we examined the
scale of the S, and 3, , parameters. The intercept terms, S, and f3, , are on a different scale than
the two log hazard ratios 1,8, o1, and f5, , associated with X;,X,. Therefore, the value of K
and S, (as introduced in equations 2.2.6 and 2.2.7 and Figure 8) differ for 7, as seen in 2.2.14
because this precision (and corresponding variance) is on a different scale than 7, and 7. As
mentioned above, calibration of the spike and slab priors are important for the fully Bayesian

modeling approach.
The Gibbs sampler utilizes the posterior distribution for each of the parameters (white circles in
Figure 10) conditioned on the data and all other parameters. The result of the sampling process

produces the joint posterior distribution and any desired marginal distributions.

The parameter of interest is S5, which is the treatment effect on the log-link scale because
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exponentiated it is 6, the target estimand of the simulation. Therefore, the marginal posterior for
B is extracted and 95% highest density credible intervals are derived. For brevity and because
results were consistent across assumptions and parameters, a subset of figures and results will be

presented in this chapter. However, the full simulation results on all performance measures are
available on Github with details in appendix B.

Figure 11. Commensurate priors, percent bias by simulation characteristic

In the figures below, the panel columns represent the two simulated (1) treatment effects (null versus alternative
hypothesis). The panel rows represent the simulation characteristics (2)-(6) that were assessed, outlined in Table
1.1. The red and blue represent the two considered values of the selected characteristic. The upper part of the figure
is a line graph, which compares each of the 16 subsets of scenarios where the (1) treatment effect and one of the
characteristics (2)-(6) are held constant. Within each line, scenarios are arranged from 1 to 16 based on a specific
ordering with details given in Appendix B. The lower part is a kernel estimated density®* of the 16 scenarios to
identify patterns. Dotted lines show percent bias within +0.5% or 0% & —2.1% for their respective columns.
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When the treatment had no effect, i.e. 8 = 1, all scenarios were unbiased with estimated within
0.5% of the truth, well within two Monte Carlo standard errors of 0.7%. When there was a
treatment effect, i.e. 8 = 0.5, there appeared to be a slight systematic bias of

-2%, however no bias exceeded 4%. When there was a treatment effect, the model seemed to
perform slightly worse when the trials had different covariate prevalence (Figure 11, panel D).
Similar to the propensity score-based power prior method, greater variation was observed when
there was a treatment effect (Figure 11, panels B, D, F, H, and J).

Analysis of type | error and power showed that when there was no treatment effect, i.e. 6=1, all
scenarios had type I error less than 5% hovering around 4%. When there was a treatment effect,
i.e. 8 = 0.5, all scenarios achieved power slightly around 83%, with a target power of 80% and
type | error of 5% under the model that includes no historical data. Two factors seemed to
improve power further: When the relative size of the historical controls was double, power was
improved by an additional ~3% (Figure 12, panel J). Also, when there was difference in
covariate prevalence between the trials, there may be evidence of improvement in power (Figure
12, panel D). This slight improvement could be connected to the observed biased discussed in
the paragraph above and seen in Figure 11 panel D, possibly related to the bias-variance tradeoff

of the Bayesian model.
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Figure 12. Commensurate priors, rejection percentage (type 1 error for HR=1 and power

for HR=0.5) by simulation characteristic
In the figures below, the panel columns represent the two

simulated (1) treatment effects (null versus alternative

hypothesis). The panel rows represent the simulation characteristics (2)-(6) that were assessed, outlined in Table 1.1.
The red and blue represent the two considered values of the selected characteristic. The upper part of the figure is a
line graph, which compares each of the 16 subsets of scenarios where the (1) treatment effect and one of the
characteristics (2)-(6) are held constant. Within each line, scenarios are arranged from 1 to 16 based on a specific
ordering with details given in appendix B. The lower part is a kernel estimated density®* of the 16 scenarios to identify

atterns. Dotted lines are plotted at 0% and 5% for type | error and 80% and 100% for power.
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2.4  COMPARISON OF METHODS’ SIMULATION PERFORMANCE MEASURES

We determined that the two simulation characteristics, taken from Table 1.1, that made the
largest impact on performance measures were (3) agreement of trials’ covariate prevalence and
(6) number of historical controls relative to the expected treatment arm size (also seen in the
respective panel rows when examining each analytic method individually). Therefore, Table 2.1
below presents a subset scenarios that vary only these two characteristics and the value of 6
while the remaining simulation characteristics take the following representative values: (2)
prevalence in the active trial: (u;,1,) = (0.75,0.20), (4) covariance/correlation between covariates:
Cov, ,, = 0.6, and (5) strength of association between covariates and outcome: g = log(HR) =

log {é'ég}. Additionally, we examined all scenarios by (3) agreement of trials’ covariate

prevalence and the value of 8 visually using three figures (shown below). The bimodality seen in
the figures directly corresponds to (6) number of historical controls relative to the expected

treatment arm size.

As seen in Figure 13, Inverse probability weighting (IPW) and commensurate priors may have a
small empirical systematic bias around 2%, but was within Monte Carlo standard error of the
simulation. When there is no treatment effect, 6 = 1, inverse probability weighting and
commensurate priors did well in all scenarios and were within 0.5% of the true value. Propensity
score-based power priors had more variability when the trial covariate prevalence were different
(up to ~4%). As discussed in the earlier section, there may be slight evidence that a better fitting
propensity score (caused by greater binary agreement and Cramer’s ¢ between covariates,
X1,X,) would improve both inverse probability weighting and propensity score-based power

priors.

In terms of power and type | error, the two Bayesian methods had excellent type | error and had
power around 80% or better. Propensity score-based power priors had the greater power of the
two Bayesian methods and performed very well when the trials were different. IPW had the
lowest power when the trial covariate prevalence were different and the highest power when the
trial covariate prevalence was the same. More historical controls improved the type 1 error and

power for all methods (Figure 13).
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All methods achieved good coverage of the true treatment effect in all scenarios. The two,
propensity score-based methods had smaller CI interval estimates than the commensurate prior
method (Figure 14), although these intervals are interpreted differently and are applied to
different quantities. It should be noted that the Bayesian credible intervals need not be symmetric
(see section 2.2).

When examining empirical standard error and mean squared error, the Bayesian methods had
similar levels of these performance measured regardless of whether the trial prevalence were
similar or different. IPW had lower power when trials were different and higher power when
trials were the same in terms of empirical standard error and mean squared error (like the other

performance measures) (Figure 15).
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Figure 13. Percent bias, type | error, and power by difference in covariate prevalence
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When the trial covariate prevalence were similar, & = (0, 0), propensity score-based power
priors may perform slightly better in terms of bias and type | error and inverse probability
weighting has the greatest power. When the trial covariate prevalence were different, § =
(—0.4,+0.2), propensity score-based power priors had greater variation in terms of
percent bias and the Bayesian methods performed in the best in terms of type I error and
power with propensity-score based power priors being the most powerful. Bimodality
observed in the figures directly correspond to the size of the historical controls relative to
the expected size of the treatment arm.
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Figure 14. Coverage and average confidence/credible interval length by difference in

covariate prevalence
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When the trial covariate prevalence were similar, § = (0, 0), or different, § =
(—0.4,+0.2), the Bayesian methods may perform slightly better in terms of coverage.

Commensurate priors had the largest average credible interval length, while IPW had the
shortest. Bimodality observed in the figures directly correspond to the size of the historical
controls relative to the expected size of the treatment arm.
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Figure 15. Empirical standard error and mean squared error by difference in covariate
prevalence

800
~ z H
| s §
=)
—
Il
ot i’ T T
o
N
o~
S 400
=
+ | ¢ b g
i g
= g H
<
S
I 50 200
—~ ° o
Empincal Standard Emor Mean squared error
Analytic Methods

Bl nverse Provavility weighting
. Comensurate Priors
. Propensity Score-based Power Priors

Commensurate priors had the largest empirical standard error and mean squared error
when the trials were the same, § = (0, 0). However, when trials were different and there
was a treatment effect, the performance of commensurate priors improved and inverse
probability weighting underperformed. Bimodality observed in the figures directly
correspond to the size of the historical controls relative to the expected size of the treatment

arm.
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Table 2.1 Comparison of analytic methods for utilizing historical controls

H Hx s Percent bias?, % (MC SE) Type | error or power, % (MC SE)

size IPWP PSPP® CP® IPWP PSPP® CPP
Hy | 1 (0,0) -0.1(0.2) 0.6 (0.2) 0.1(0.2) 5 (0.4) 4(0.3) 5(0.4)
Hy| 1 | (=04,40.2) -0.3(0.2) 3.6(0.2) 0.0 (0.2) 5 (0.4) 5 (0.4) 5 (0.4)
Hy| 2 (0,0) 0.2 (0.2) 0.2(0.2) 0.1(0.2) 5 (0.4) 4(0.3) 3(0.3)
Hy | 2 | (=04,+0.2) 0.4(0.2) -1.2(0.2) 0.3(0.2) 5 (0.4) 3(0.3) 3(0.3)
Hy | 1 (0,0) -2.3(1.3) -0.4 (1.3) -2.3(1.4) 89 (0.5) 84 (0.6) 81 (0.7)
Hy | 1 (0.4,40.2) -2.5 (1.6) 3.6 (1.3) -2.3(1.4) 73(0.7) 80 (0.7) 80 (0.7)
Hy | 2 (0,0) -2.3(1.2) -1.2(1.2) -2.9 (1.3) 93 (0.4) 89 (0.5) 84 (0.6)
Hy| 2 | (-04,+0.2) -1.0 (1.5) -15(1.2) -0.7 (1.3) 78 (0.7) 91 (0.5) 81 (0.7)
H Hx s Coverage, % (MC SE) Average Cl length®

size IPWP PSPP® CP® IPWP PSPP® CPP
Hy | 1 (0,0) 95 (0.4) 96 (0.3) 96 (0.3) 0.42 0.47 0.52
Hy | 1 | (-0.4,+0.2) 95 (0.4) 95 (0.4) 96 (0.3) 0.52 0.47 0.53
Hy| 2 (0,0) 95 (0.4) 96 (0.3) 97 (0.3) 0.38 0.44 0.52
Hy | 2 | (-04,40.2) 95 (0.4) 97 (0.3) 97 (0.3) 0.47 0.43 0.52
H, 1 (0,0) 95 (0.4) 96 (0.3) 96 (0.3) 0.90 0.97 1.02
H, 1 (0.4,40.2) 94 (0.4) 95 (0.4) 96 (0.3) 1.08 0.98 1.03
Hy| 2 (0,0) 95 (0.4) 96 (0.3) 96 (0.3) 0.85 0.92 1.01
Hy | 2 | (=04,+0.2) 94 (0.4) 96 (0.3) 96 (0.3) 1.01 0.91 1.01
H Hx s Empirical standard error® Mean squared error®

size IPWP PSPPP CP® IPWP PSPPP CP®
H, 1 (0,0) 0.11 0.12 0.13 0.012 0.014 0.017
H, 1 (—0.4,40.2) 0.13 0.11 0.13 0.009 0.014 0.017
H, 2 (0,0) 0.10 0.10 0.12 0.017 0.010 0.015
Hy 2 (—0.4,40.2) 0.12 0.10 0.12 0.014 0.010 0.015
H, 1 (0,0) 0.23 0.24 0.25 0.054 0.057 0.060
Hy 1 (0.4,40.2) 0.29 0.24 0.25 0.048 0.058 0.064
H, 2 (0,0) 0.22 0.22 0.24 0.083 0.050 0.058
Hy 2 (—=0.4,40.2) 0.26 0.22 0.24 0.069 0.047 0.057

MC SE = Monte Carlo standard error, calculated with the formulas from Morris et al.3, H=Hypothesis, Hx size = size of the
historical control group relative to the expected size of the experimental arm, & is a simulation characteristic (3) - the difference
between the historical and active trial covariate prevalence ,

Percent Bias is calculated on the HR scale for H,, to avoid dividing by 0. Note that the unit is percentages

b |PW=inverse probability weighting, PSPP=Propensity score-based power priors, CP=commensurate priors,

°Monte Carlo standard error not reported because in all cases it was < 0.001

dMonte Carlo standard error not reported because in all cases it was < 0.01

Comparing three analytic methods on performance measures: percent bias, type I error or
power, coverage, average confidence/credible interval length, empirical standard error,
and mean squared error. Ordered in terms of null (6 = 1) or alternative (6 = 0.5)
hypothesis, number of available historical controls, and difference in covariate prevalence
between the historical and active trials. The remaining simulation characteristics were set

to the following values: (uy, 1) = (0.75,0.20), Cov,,, = 0.6, § = log(HR) = log {;'z‘s’}.
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2.5 SUMMARY AND RECOMMENDATIONS

In this simulation, all methods performed well in terms of type I error and power when
incorporating historical controls into their analyses and only using half the number of active
controls as a traditional trial. However, when directly compared, inverse probability weighting
had greater power when the trials were similar and less power when the historical and active
trials differed in terms of covariate prevalence as compared to the Bayesian methods. This is also
reflected in the coverage rates of IPW. In contrast, the Bayesian methods performed at or above
target in terms and power while controlling type 1 error below 5%. Regardless of the scenario,
propensity-score based power prior seemed to have a slight edge on the commensurate prior

method in these performance measures.

In terms of bias, all methods were within a good range of the target. The propensity score-based
power prior method exhibited greater variability in terms of a point estimate (+5%). However,
this variability may have led to the higher observed rates of power and type | error as a sort of
bias-variance trade off. This variability may have been caused by the matching step in Lin et al.’s
method or it may be a consequence of modeling the percent of events in the study and converting

them into a hazard ratio rather than modeling the hazard ratio directly.

The commensurate prior method had slightly larger average credible interval lengths but
comparable coverage to propensity score-based power priors. IPW had smaller confidence
intervals on average and worse coverage than the Bayesian methods. This may be a result of
comparing credible intervals to confidence intervals because credible intervals directly model the
treatment effect parameter’s distribution and therefore may be more conservative. In contrast,
confidence intervals are derived from asymptotic distribution results that may improve with
greater samples than seen in this simulation. The Bayesian methods empirical standard error (the
variance of the method estimates) were very consistent between simulation conditions, indicating
robustness regardless of the parameter scenario. This also seemed to be true for mean squared
error, a measure of accuracy that accounts for both the empirical standard error and bias. IPW

had lower error when the trials were similar and higher errors when the trials were different.
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In addition to performance measures of the simulation, it is useful to consider the
implementations of each of the methods. The easiest method to implement was inverse
probability weighting. Propensity score-based power priors required a larger pool of historical
controls to make matched sets well-suited to the analysis. This may be a limitation because the
size of the historical control pool is typically outside of an investigator’s control. The
commensurate prior method was the most complex, requiring a careful design of the hierarchical

model as well as tuning for the spike and slab priors.

When recommending a methodology out of these three methods based on the simulation, I
believe the Bayesian methods are slightly more robust to the presence of covariate differences
between the trials than inverse probability weighting at the expense of being conservative when
they are similar. In the case where the descriptive statistics of baseline characteristics of both
trials show similarity, using inverse probability weighting could increase the power to detect a
treatment effect. The Bayesian methods are more computationally intensive, especially for huge
datasets. The ease of implementation of inverse probability weighting is a strength of the
method. Between propensity score-based power priors and commensurate priors, the context of
trial is very important. In the case where there is a large historical control pool and the primary
analysis is not complicated, the propensity score-based power prior method may be preferable.
For a simple primary analysis, the slightly higher variance in bias is worth gains in type | error
and power. However, in the current state of the method, the inability to adjust for covariates in
the Bayesian model may preclude certain types of primary analyses (for a hypothetical example,
consider a desire for a sex-adjusted effect estimate). Also, the method requires a large historical

control pool for good matches that may not be available.

In summary, commensurate priors may be the most broadly applicable of the three considered
methods. The approach always had good type | error and power but exhibited larger,
conservative credible intervals which led to slightly higher error as compared to the propensity
score-based power prior method. The complexity of the modeling is challenging but also flexible
in that it can handle many types of generalized linear models and covariates. Additionally,
although not presented in this simulation, estimates of the commensurability parameters, t,,

which describe the similarities and differences between the active and historical trial’s statistical
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models, may be of great interest to researchers. The specifics of how the trials differ in
associations between variables and the outcome could be useful for better understanding
similarities and differences between the trials and by extension help with justifying the use of an

external comparator arm.
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Chapter 3. A FIXED-BORROWING ADAPTIVE STUDY DESIGN FOR
INCORPORATING HISTORICAL CONTROLS

3.1 STUDY DESIGN METHODOLOGY

In the previous chapter, the idea was to use an analytic method that planned to incorporate the
historical trial data and recruit fewer control arm participants in the active trial from trial onset.
A natural extension would be to instead take an early look at the active trial (during participant
accrual) and assess whether the historical data is appropriate to incorporate at all in the analysis.
This approach focuses on the study design rather than the analytic approach and falls under the
classification of an adaptive trial. Adaptive trial designs have planned changes to the study
design in response to incoming information at prespecified timepoints. We selected an adaptive
trial design proposed by Psioda et al.*® that has a single preplanned interim analysis that assesses
whether the historical control data is appropriate to use to improve the active trial. If combining
the historical and active trial data is appropriate, then the active trial is stopped early, and the
primary analysis is conducted with a combined analytic dataset. Otherwise, the active trial
continues to full recruitment and the primary analysis is conducted only in the active trial data
(Figure 16).

The adaptive design requires a few key pieces: First is the statistical model used for the primary
analysis- whether it includes the historical trial data or not. Second, the exact timing of
preplanned interim analysis to determine if the active trial can be stopped early. Third, the
protocol for conducting the interim analyses and making the decision whether to stop and
conduct the primary analyses with the historical data or continue the active trial to full

recruitment. Each of these pieces will be explained in detail.

The statistical model:

The theoretical framework for the statistical model originated as an extension of the power
prior® described in previous sections. The statistical model is a Poisson regression as also used
in earlier chapters. The likelihood of the historical trial data can be discounted using the power
parameter, a,, as demonstrated in section 1.5 and 2.2. Then, the Bayesian posterior is derived

using the active trial data’s likelihood and the power prior. However, the authors take advantage
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Figure 16. Adaptive trial design illustrated

ACTIVE TRIAL

PARTICIPANTS

ACTIVE TRIAL ACTIVE TRIAL

PARTICIPANTS

PARTICIPANTS

Interim analysis:
Should the data be combined?

Recruitment
completed

) |
| Recruitment |
I notcompleted HISTORICAL

| S / TRIAL
PARTICIPANTS

Active trial continues to

full recruitment. Primary

analyses performed only
in active trial data.

Trial data combined ACTIVE TRIAL

and primary analysis PARTICIPANTS
performed on the

combined analytic

sample HISTORICAL
TRIAL
PARTICIPANTS

An early look at the data is conducted at the interim analysis. If a stopping rule is reached,
then the trial stops early, combines the data, and conducts the primary analysis. Otherwise,
the active trial continues to completion.

Of the Bayesian central limit theorem®® to avoid the complex calculations needed to estimate the

posterior, m(6|D, Dy, ay), directly:
m(6|D, Dy, ay) X Normal(9|§, 0@2) (3.1.1)

The expression above states that at reasonably large sample sizes the posterior of a power prior
analysis is proportional to a normal distribution centered at the weighted maximum likelihood of
an analysis of both the active and historical trials with variance associated with the respective
inverse of the observed information matrix®. Psioda et al. further define this key connection by
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explicitly writing out the equation defining the log of the posterior in terms of log likelihoods:

log(m(8|D, Dy, ay)) = Z 1+£(y,¢|D;) + Z[ao « £(|Do )] + log(me(8)),  (3.1.2)
i=1 =1

where the model parameter, 8, is composed of the treatment effect, y, and the remaining
nuisance parameters generated by the covariate effects, 1. The sample sizes of the active and
historical trials are written as n and n,, respectively. It should be noted that “~” means
asymptotically equal, £() is the log likelihood function given either the active trial data, D, or the
historical trial data, D,, and that z,(8) is the non-informative component of the power prior (see
equation 1.3.5 in section 1.5). The right-hand side of 3.1.2 is a standard weighted log-likelihood
with the active trial participant data receiving a weight of 1 and the historical trial data receiving
a weight of «, the power parameter that controls discounting. Also, the historical trial data
likelihood is only a function of the nuisance parameters, 1, because that data cannot provide
information about the experimental arm and by extension the treatment effect, y. This weighted
log-likelihood leads to the maximum likelihood estimate and variance seen in expression 3.1.1
that allows for approximation of the Bayesian posterior distribution. A researcher can derive
probabilities from a normal distribution that are asymptotically analogous probabilities from the
posterior. Posterior probabilities of the treatment effect taking a value of 0 or greater on the log
scale can be thought of as similar in usefulness to a one-sided frequentist p-value. Doubling the
tail with lesser density (in our case density for values greater than 0) is similar to a two-sided
frequentist p-value. Shi et al. discuss and justify this comparison between Bayesian posterior

probabilities and frequentist p-values.1®

The theoretical framework requires a value for a,, the parameter that controls the discounting in
the case where the historical data is used. By the author’s recommendation, the value of , can
be explicitly defined in terms of the timing of the interim analysis and this target sample size,
ensuring that the pooled active and historical trial data has the same effective number of

outcomes as if the trial had fully recruited to the target sample size.
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An examination of the weights of the weighted maximum likelihood expression in 3.1.2 lead to
the following insight: if the active trial’s likelihood is weighted by a value of 1 and the historical
data is weighted by a value of «, (recall that 0 < a, < 1), then the historical data can be viewed
as having informational value equal to a proportion («,) of the active trial’s data. For example, if
a, = 0.75 then data from a historical trial with 100 participants with about ~50 events would be
discounted to have the informational value of 75 active trial participants with about ~37 events.
The exact calculation of a, depends on the number of observed events which corresponds with
the sample sizes. Consider the target number of events of the active trial, N, number of events in
the active trial participants at interim analysis, n;,terim, and the number events in the historical

trial, n;;s:. Then a, can be calculated by solving the equation 3.1.3 in terms of «:

N = Ninterim T Qo * Npise (3.1.3)

_ (N - ninterim)

Nhpist

a, (3.1.4)

This formulation allows researchers to reach the informational equivalent of the target sample
size for any selected timing of the interim analysis and explicitly defines a,. An earlier interim
analysis timing will correspond to larger values of a, and by extension more dependence on the
historical information to reach an amount of information equal to the target sample size. Later
timing will correspond to smaller values of a,, meaning less influence and reliance on historical
trial data. If the interim analysis determines that the active trial will not stop early and continue

to recruit to a full trial size, then 3.1.2 simplifies to only consider the active trial data:

log(rr(9|D)) ~ Z 1+ £(y,¥|D;) (3.1.5)

The timing of the preplanned interim analysis:

This timing of the interim analysis is left up to the expert knowledge of the investigators,
potential power and sample size reduction determined in the trials planning simulation (discussed
in the next subsection), and the unique demands of the active trial. In the original paper, the

authors define it in terms of what percentage of the active trial’s target sample size has been
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recruited. The minimum percentage the authors considered was 50%, corresponding to an
interim analysis halfway through participant recruitment. Although an early interim analysis
could be conducted, having 50% or more of the analysis data coming from the active trial is
scientifically conservative because there must be enough active trial data to determine whether
the historical data is similar enough to justify stopping early. For the current study, 87.5%, 75%,
62.5%, and 50% of the recruited participants were assessed as potential interim analysis timings.
An additional consideration with regards to the interim analysis timing is the active trial’s
randomization scheme. For example, if the trial stops early, it could be beneficial to use a 2:1
randomization scheme so that the pooled historical controls make the treatment group and
control groups roughly equal. However, if the trial continues to completion a 1:1 randomization
scheme maximizes power for the given sample size. Fortunately, Psioda et al. determined that
the active trial’s randomization scheme had almost no effect on the design’s performance®.
Therefore, to make the approach more comparable to what was done in section 1.6, we used a

2:1 randomization scheme for the active trial, intervention versus comparator arm.

The protocol for the interim analysis and the stopping decision:

When the active trial has recruited enough participants and obtained enough events to conduct
the interim analysis, what should constitute the stopping rule of the adaptive trial? The goal of
the authors was to borrow information from “a historical trial using subject-level control data
while assuring a reasonable upper bound on the maximum type | error and lower bound on the
minimum power.”%® Therefore, the stopping rule was formulated as statistical test, but this test is
not the primary analysis. The stopping rule test consists of a likelihood ratio statistic and a
constant, critical value determined a priori to guarantee prespecified type I error and power for
the entire design. If the likelihood ratio statistic is less than or equal to the critical value, then the
study is stopped early (participant accrual halts), and the historical trial data is immediately
incorporated to augment the active trial to conduct the primary outcome analysis. If it is greater
than the critical value, then the historical trial data is discarded, and the active trial continues to
full enrollment (Figure 16). The calculation of the critical value, labeled as wy, for the likelihood
ratio used at the interim analysis to determine if the study should be stopped early is done using

simulation.
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Before describing this calculation, let us first define the special log-likelihood ratio statistic, W,

used at the interim analysis, exactly as is done in Psioda®:
W = log(£(6:|D:)L(Po|Do) ™) — log(£(8]D,)L(PH|Do)™) (3.1.6)

where § = (7,9) = argmax(L(0|D)L(p|Dy)*), 8; = (#1,,) = argmax(L(8|D,)), and
Yo = argmax(L(P|Dy)%). This likelihood ratio, expressed as a difference in log likelihoods, is
a statistic that compares the model fit of a model where the power prior analysis is carried out
exactly as described above, estimating one, common value for the parameters among both trials

(the log-likelihood corresponding to log(£(8|D,)£(1)|D,)*)), versus a model where the active
trial is presumed to have different nuisance parameters in comparison with the historical trial

(corresponding to log(£(8;|D;) £ (o] Do) “)).

This likelihood ratio has a straightforward interpretation. When W > 0 (and the likelihood ratio
> 1), the data are more consistent with the first model in the subtraction operation (when the
active trial and historical trials are modeled with different parameter values). So, when W is
large, this indicates that the baseline event rates and covariate parameters between the two
studies are likely too different and therefore the trial should continue to full patient recruitment
and not incorporate the historical data. In contrast, when W < 0 (and the likelihood ratio < 1),
the data is more consistent with the second model (the trials are modeled with the same, common
parameter values). When W is negative, the baseline event rate and covariate parameters are
similar enough to justify stopping the trial early and immediately incorporating the historical

data into the analytic dataset for the primary analysis.

A threshold for W, w,, is computed to meet prespecified type | error and power requirements set
by the investigators. When W < wy, the active trial is stopped early, and the historical data is
incorporated for the primary analysis. Sometimes wy, is larger than 0, meaning that the procedure
will still incorporate the historical data even if there is evidence of differences between the trials.
The fact that w, can be a small positive number shows that under certain type | error and power

requirements, the procedure tolerates differences between the active and historical trial to
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combine them for the primary analysis. This flexibility is the strength of the adaptive trial design

but depends on proper calculation of this critical value, wy.

The critical value is calculated in a way to ensure that the entire procedure meets predetermined
levels of type | error and power. The procedure consists of two primary analysis opportunities,
an interim analysis that may stop the trial early, and a single primary analysis. The authors
propose that this critical value be calibrated through an appropriate simulation that considers an
array of possible nuisance parameter values for the new trial (note that the nuisance parameters
for the historical data can be estimated before the first active trial participant is recruited). Then,
across this full array, data is simulated, the interim analysis is conducted with its respective
likelihood ratio statistic and the primary analysis is conducted twice at both of the two
opportunities. Then, indicator values for whether or not the null hypothesis should be rejected
based on the data is calculated for both primary analysis per parameter set in the array.®® These
indicator values then can be run through an algorithm that tests all possible critical values, wy,
until the desired type | error rate and power are achieved.®® The authors suggest using slightly
more flexible minimum levels of type I error and power than the traditional 0.05 and 0.80
because these are the most extreme seen across the parameter array. Therefore, for this

dissertation, we set the maximum type | error to be 0.075 and minimum power to be 0.75.

In the original paper, Psioda et al. examine their study design using a large simulation study as
well as real trial data. We will also assess the method with the simulation study described in
section 1.6, as well as in real trial data. However, there are important differences between the
current work and what was done in the original paper. In the current work, we consider all
combinations of the six key characteristics we wished to examine. This contrasts with the Psioda
et al.’s paper that contained a simulation that only considered differences in the baseline hazard
rate and not the covariate distributions. That paper only perturbed the baseline hazard rate for the
sake of clarity and simplicity and argued in an appendix that perturbing the baseline hazard alone
is sufficient for the procedure rather than considering the high dimensional space of perturbing
all nuisance covariates. This is because an extreme enough perturbation (they used up to 45%) of
the baseline hazard rate will dwarf any effect caused by likely differences in the nuisance

parameters. In the current work, we consider the full combination of the six characteristics,
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which changes how we present the results and answers a slightly different question more
comparable to the answers in 1.6. Additionally, in Chapter 4, we look at the study’s performance

in real trial data.

3.2  SIMULATION PERFORMANCE MEASURES AND SUMMARY

The fixed-adaptive borrowing design was assessed with the same study design and parameter
inputs used in section 1.6 with one exception. The methods in chapter 2 used analytic datasets of
size determined by traditional formulas in which half of the concurrent controls were discarded,
simulating a smaller trial. In this chapter, the same simulation framework is used but the full
active trial control arm is kept. This is because this adaptive borrowing approach utilizes an
interim analysis and thus reduces the needed sample size in a different way. We simulated
datasets from all 64 scenarios. Therefore, we could analyze the results in a similar fashion as was
done earlier, but since findings were similar over much of the parameter space, we decided to
restrict the results to the circumstances as presented in Table 2.1. Specifically, we present the
percent bias and type | error or power for influential parameter inputs only: different treatment
effect sizes (H, vs. H,), different sizes of the available historical controls (the same size as the
active trials treatment arm, indicated with a 1, vs. double the size of the treatment arm, indicated
with a 2), and the difference in prevalence between the active and historical trials (6 =

(0,0) vs. 6 = (—0.4,40.2)). The remaining simulation characteristics were held constant and set
to the following representative values: (uy, u,) = (0.75,0.20), Covy, ,, = 0.6, f = log(HR) =

log {(1)22} These performance measures are presented for three cases: 1) if the trial always

stopped at the interim analysis, 2) if the trial always continued to the full, final analysis, and 3) a
hybrid estimate of these performance measures, representative of the whole procedure’s
performance if conducted many times (i.e. a weighted average of 1 and 2). Additionally, we
present the (rounded) stopping probability for the interim analysis as well as the average
reduction in trial size, which incorporates the proportion of times when the study stopped at the
interim analysis. The full simulation results can be downloaded from GitHub. See appendix B for

more details.
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Table 3.1 Performance of the fixed, adaptive borrowing study design
A) Interim analysis opportunity

H Hx s Percent bias, % Type | error or power, %
size 50%* | 75%°% | 87.5%° | 50%°* | 75%% | 87.5%%
H | 1 (0,0 0.4 0.3 0.3 0.05 0.03 0.03
Hy | 1 |(=04,+0.2) 0.6 0.6 0.5 0.03 0.03 0.04
Hy| 2 (0,0 0.2 0.2 0.3 0.09 0.09 0.07
Hy | 2 | (=04,+0.2) 0.1 0.2 0.2 0.05 0.04 0.04
Hy | 1 (0,0) -1.4 -14 -0.8 0.71 0.81 0.82
Hy | 1 | (0.4,+0.2) -0.7 -0.3 0 0.66 0.80 0.81
Hy | 2 (0,0 -1.6 -1.9 -2 0.77 0.90 0.94
Hy | 2 | (=04,+0.2) -1.1 -0.8 -0.7 0.75 0.88 0.93
B) Final analysis opportunity
H Hx s Percent bias, % Type | error or power, %
size 50%2 75%2 87.5%2 50%:2 75%2 87.5%°2
H | 1 (0,0 0.1 0.1 0.1 0.05 0.05 0.05
Hy | 1 [ (=04,+0.2) 0.4 0.4 0.4 0.05 0.05 0.05
Hy| 2 (0,0 0.1 0.1 0.1 0.05 0.05 0.05
Hy | 2 [ (=04,+0.2) -0.2 -0.2 -0.2 0.04 0.04 0.04
H | 1 (0,0 0.3 0.3 0.3 0.79 0.79 0.79
H | 1 (0.4,+0.2) 0.6 0.6 0.6 0.80 0.80 0.80
Hy | 2 (0,0 0.1 0.1 0.1 0.79 0.79 0.79
Hy | 2 | (=04,+0.2) 1.1 1.1 1.1 0.81 0.81 0.81
C) Performance of the whole procedure (Hybrid)
H Hx s Percent bias, % Type | error or power, %
size 50%2 75%2 87.5%2 50%? 75% 2 87.5%2
Hy| 1 (0,0 0.4 0.3 0.3 0.05 0.03 0.04
Hy| 1 | (=04,+0.2) 0.6 0.6 0.5 0.03 0.03 0.04
Hy | 2 (0,0 0.0 0 0.1 0.07 0.07 0.07
Hy | 2 | (=04,40.2) 0.1 0.2 0.2 0.05 0.04 0.04
H | 1 (0,0 0.1 -14 -0.8 0.75 0.81 0.82
H | 1 (0.4,40.2) 1 -0.3 0 0.75 0.80 0.81
Hy | 2 (0,0 -16 -1.9 -2 0.77 0.90 0.94
Hy | 2 | (=04,+0.2) -0.4 -0.8 -0.7 0.75 0.88 0.93
D) Stopping percentage and average trial size reduction of the whole procedure (Hybrid)
H Hx s Stopping probability, % Average trial size reduction, %
size 50%:2 75%2 87.5%2 50%? 75%2 87.5%°2
H | 1 (0,0 1 1 1 50 25 12
Hy | 1 | (-04,40.2) 1 1 1 50 25 12
Hy | 2 (0,0) 0.52 0.38 0.45 26 9 6
Hy | 2 | (-0.4,40.2) 1 1 1 50 25 12
H | 1 (0,0) 0.46 1 1 23 24 12
Hy | 1 (0.4,+0.2) 0.42 1 1 21 24 12
Hy | 2 (0,0) 1 1 1 50 24 12
Hy | 2 | (-04,40.2) 0.89 1 1 44 24 12

H= Presence of a treatment effect (H,) or no treatment effect (H,);

Hx size = number of historical controls used relative to the size of the treatment arm of the active trial. 1 indicates that the same
size was used and 2 means double the number were used;

& = the difference in covariate prevalence between the active and historical trials covariates, X;,X,.

aRepresents the timing of the interim analysis in the procedure. 50% represents it occurs when the active trial reaching half of its
target participant recruitment. 75% and 87.5% represent reaching those percentages in recruitment, respectively.

The presented performances measures were assessed with target type I error of 7.5% and
target power of 75% as recommended by Psioda et al.
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The study design achieved the prescribed type | error and power and inconsequential bias across
the simulation. In our specific simulation, the trial almost always stopped early, regardless of the
similarities or differences between the historical and active trials. This makes sense for multiple
reasons. The simulation parameters that varied were covariate prevalence, prevalence in the
active trial, correlation between covariates, the association between the covariates and outcome
(the Bs), and the number of available historical controls relative to the active trial’s treatment
arms. Key components that were not varied in the data generation were the baseline hazard rate
(which was the same in both trials) and the fact that the association (f,) between the covariates
and outcome were consistent in both trials (even if the parameter values varied, the same g, were
used in both the active and historical trials in each scenario). These parameters (S,) are the
nuisance parameters in the model. The log likelihood difference shown in (3.1.6) is sensitive to
differences in the nuisance parameters comparing two cases: 1) when common values for the
parameters is shared by both trials, 1, and 1, when two different values of the nuisance
parameters are used in the active and historical trials. In the simulation, the data generating
mechanism ensures that we are in the first case (i.e. common values for the parameters is shared
by both trials, 1). Therefore, it makes sense that negative values of the interim analysis log
likelihood difference statistic, W, are obtained and therefore trial is stopped early and the

historical data is incorporated for the primary analysis.

An additional consideration is that in the procedure to determine the critical threshold value, w,
the baseline hazard is estimated from the historical data and in the planning simulation. Possible
concurrent data is simulated with a baseline hazard centered around this historical estimate
(within 2 standard errors). Therefore, more lenient critical threshold values, e.g. w, is a small but
positive value larger than 0, could be more likely due to the threshold calculation procedure
producing data that is on average the same as the known data generating mechanism. Pooling the
active trial data with the historical data seemed to not significantly reduce power or Type I error.
More lenient critical values may have been allowed such that the procedure would always stop at

the interim analysis and combine the historical and active trial samples.

When the active trial stopped at 50% enrollment, type | error and power would sometimes fall

outside the traditional ranges (table 3.1.A). Less type | error and greater power could be achieved
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in this case if the interim analysis occurred, later at 75% or 87.5%. It can also be noted that when
more historical control participants were available (Hx size = 2), the power improved in table
3.1.A and 3.1.C. This number of historical control participants (Hx size) does not influence 3.1.B

because the historical data is not used in this table.

Another observation is that when the trial continued to the final analysis opportunity, type | error
and power exactly met their targets (3.1.B). This is reassuring because it confirms that in the case
when the historical data is ignored, the active trial with complete recruitment acts as expected as

essentially a traditional, randomized controlled trial.

When examining the adaptive trial design as a whole, the most appropriate measure is a weighted
average of the performance measures at the interim analysis opportunity and at the final analysis
opportunity. The weight of the interim analysis opportunity would be the stopping probability
and the weight of the final analysis opportunity would be one minus the stopping probability.
This gives performance measures on average for the entire procedure presented in 3.1.C. Even at
its worst, percent bias was controlled to be no more than 2%. Type 1 error is almost always well
controlled, occasionally going up to 7% in the null hypothesis with no differences (row 3 of
3.1.C). Power also met the target of 80% except it sometimes dipped down to 75% when the
interim analysis occurred at half requirement. These slight decreases in power and small
violation in type 1 error are well worth the trial reduction as seen in table 3.1.D. When the
interim analysis was stopped halfway through recruitment, the average trial sample size
reduction ranged from 21%-50%. This is a large reduction in sample size for a modest cost in
power (3-5%) and possible small increase in type 1 error of up to 2%. Even when the trial
stopped later, there were meaningful reductions in the required sample sizes. The adaptive trial
method is able to accomplish its goal. It reduces the needed sample sizes without sacrificing

important power and type | error requirements.

In summary, the simulation provides evidence that the procedure works as intended and is
comparable to the methods used in 1.6. This adaptive trial design is a contender for use in a

hypothetical study design that allows for external controls.
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Chapter 4. APPLICATION IN CLINICAL TRIALS OF PULMONARY
EXACERBATIONS IN CF PATIENTS AFTER

PSEUDOMONAS AERUGINOSA INFECTION

4.1 BACKGROUND: THE EPIC AND OPTIMIZE TRIALS

Informed by the previous chapters, we sought to assess these analytic methods and adaptive
study design in real CF clinical trial data. Therefore, we decided to harmonize the clinical trial
data from two completed randomized controlled trials that focused on antibiotic therapy regimen
aimed at reducing pulmonary exacerbations (PEx), the OPTIMIZE*® and EPICY’ trials. We
would create a hypothetical situation where OPTIMIZE was a historically controlled trial with
historical controls taken from the EPIC trial, using the approaches assessed in section 1.6 and
Chapter 3.

The work of this dissertation that included the EPIC and OPTIMIZE trial data was approved by
the institution review board at the University of Washington in Seattle and was classified as non-

human subject research due to the fact that both trials were completed.

The Optimizing Treatment for Early Pseudomonas aeruginosa Infection in Cystic Fibrosis!®
clinical trial (OPTIMIZE) was a follow-on randomized, placebo-controlled trial of azithromycin,
testing the efficacy and safety of 18 months of azithromycin vs. placebo added to the standard of
care culture-based tobramycin treatment regimen evaluated in EPIC. The study was a
multicenter, randomized, double-blind, placebo-controlled, trial in children ages 6 months to 18
years of age with a diagnosis of CF and a positive culture of Pa within the last 40 days of the
baseline visit. Eligible participants were recruited from over 45 Cystic Fibrosis Foundation-
accredited centers in the United States. A Cox proportional hazards regression was used to
access the treatment effect of azithromycin on time to first PEx. At the planned interim analysis,
azithromycin was associated with a statistically significant and substantial reduction in the risk
of pulmonary exacerbation. Additionally, azithromycin was noted to improve weight gain but did

not change the rate of acquisition of Pa. Due to these strong findings, the trial was stopped early
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and led to improvements in treatment protocols for PEX in children as young as 6 months of age.
In this dissertation, OPTIIMIZE is treated as the active trial, since it occurred later than EPIC.

The Early Pseudomonas aeruginosa (Pa) Infection Control trial (EPIC)!’ was a multifactorial
trial design that assessed the key question: Does more aggressive cycled tobramycin inhalation
therapy versus less aggressive culture-based tobramycin inhalation therapy achieve lower rates
of PEx? Participants were children aged 1 year to 12 years with a diagnosis of CF and a
documented Pa positive culture within 6 months prior to randomization. In addition to the
primary outcome, secondary outcomes were assessed, including anthropometric measures (linear
growth and weight gain), pulmonary function as measured by forced expiratory volume in 1
second, FEV1, and safety. The study was designed to have at least 80% power to detect a
clinically significant reduction of 40% in risk of PEx. During the study, no significant adverse
events occurred, however no statistically significant nor meaningful difference in the rate of PEx
or incidence of Pa was observed between the cycled and culture-based therapy arms. The EPIC
trial participants can serve as historical controls because all participants received the standard of
care, tobramycin, exactly like both the treatment and control arms of OPTIMIZE. The cycled and
culture-based therapies were not statistically significantly different. Therefore, all arms in EPIC

should have the same risk of PEx as the control arm in OPTIIMIZE.

Both trials were conducted by the CF Therapeutics Development Network (TDN) coordinating
center and were conducted from 2004 to 2009 and 2014 to 2017 for EPIC and OPTIMIZE
respectively. They had almost identical eligibility criteria!®%, These two clinical trials had the
same primary endpoint of pulmonary exacerbations (PEX) requiring antibiotic therapy.
Importantly, these trials are additionally similar enough to permit combining historic and
concurrent controls, suggesting OPTIMIZE could have been a historically controlled trial.
Specifically, the two studies largely meet Pocock’s criteria®, or a set of six guidelines proposed
in 1976 for acceptability of historical controls as an external comparison group: 1) Both studies
featured standardized treatment regimens with identical protocols, 2) trials were completed
within five years with no substantial changes in treatment, 3) the same outcome definition was
used by the researchers, 4) major eligibility criteria matched with the exception of OPTIMIZE

participants recruited up to half a year younger and up to 6 years older, 5) both trials were
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implemented by the same organization and researchers, and 6) there is no reason to suspect

systematic confounding with the exception of changes in prevalence of CF therapeutic usage

(Table 4.1). Additionally, the EPIC trial did not obtain statistically significant results when

comparing their treatment arms. Therefore, all EPIC participants can be treated as a potential

source of historical controls for the OPTIMIZE trial.

Table 4.1 Evaluation of the general conditions needed before combining historical and
concurrent controls as recommended by Pocock.

Condition

Comparison of EPIC and OPTIMIZE Trials

Standardized
treatment

Standard of care anti-PA antibiotic therapy for new onset Pa among all participants
over the duration of follow-up included inhaled tobramycin. Differing intensities of
treatment regimen with inhaled tobramycin with or without ciprofloxacin among
historical controls were shown to have no impact on outcomes, enabling use of all
EPIC trial participants and comparability of early Pa treatment between OPTIMIZE
and EPIC studies.

Recent time interval

Trials were completed within the same decade with no major changes in treatment for
early Pa infection over this time

Common method of
evaluation

The same definition was used to define pulmonary exacerbation across trials.

Common patient
characteristics

Major eligibility criteria match, requiring:
* Diagnosis of CF
» Age 1 to 12 years old
* A first lifetime positive respiratory tract culture for Pa or a new positive culture
for Pa with 2 years documentation of negative cultures
* Clinically stable
* Limited recent anti-Pa antibiotic therapy

Performed by same
organization

Both trials were implemented at participating sites in the Cystic Fibrosis Therapeutics
Development Network (CF TDN)

No systematic
confounding

Standard of care was similar between cohorts except:
* Use of chronic hypertonic saline became recommended
* Modulator therapy became available for some CF patients

Reprinted from “A new path for CF clinical trials through the use of historical controls,” by A
Magaret, M Warden, N Simon, S Heltshe, G Retsch-Bogart, B Ramsey, N Mayer-Hamblett®,
2022, Journal of Cystic Fibrosis, vol 21, pgs. 293-299, © 2021 European Cystic Fibrosis Society.
Published by Elsevier B.V. All rights reserved. Adapted with permission. Pa = Pseudomonas

aeruginosa.

Small differences did exist between the studies. For example, OPTIMIZE had participants that

were a little younger or older than EPIC’s eligibility criteria. In these cases, we simply restricted

the OPTIMIZE or EPIC group such that the more restrictive eligibility criteria was met.
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Therefore, the two trials are well suited for this dissertation.

In our preliminary work, we examined three possible strategies for incorporating historical
control data to determine the focus of our future research®:
“(1) Pooling: Combining all available participants from both studies to increase the size
of the OPTIMIZE control group, (2) Augmenting: omitting half the OPTIMIZE
participants randomized to placebo and augmenting the OPTIMIZE control group with
all EPIC historical controls, (3) Replacing: omitting all OPTIMIZE participants
randomized to placebo and replacing with all EPIC historical controls.” (pg. 294)
We determined that all three approaches produced less biased treatment effect estimates and had
tighter, more precise confidence intervals relative to their respective naive approaches that did
not consider differences between the trials. Due to the goals of making more logistically feasible
trials, the pooling approach was eliminated from consideration in this dissertation because it does
not reduce the burden of the active trial. Similarly, regulators likely will still require some form
of concurrent controls, therefore we decided to focus both the simulation and the implementation
in real trial data on the augmenting approach. We demonstrated that inverse probability
weighting utilized historical controls and worked well in this hypothetical setup where
OPTIMIZE is the active trial and EPIC is the source of historical controls (Figure 17). Also,
Poisson regression worked just as well as the Cox proportional hazard models used in the

original trials in terms of bias and precision while allowing a fully parametric approach.

Figure 17. Pooling, augmenting, and replacing in the EPIC and OPTIMIZE trials

o
8 HEREE TE EXE
¢ o —
s = OPTIMIZE only
2 % a) Replacing with EPIC
€ 3 b) Augmenting with EPIC
& " i = c) Pooling with EPIC
0!
S
- P assesdaed
5 @ *—-.——.'
S g
2
g
T

0.0 05 10 15 20

Hazard ratio for PEx, AZM versus control s

Reprinted from “A new path for CF clinical trials through the use of historical controls” by
Amalia Magaret, Mark Warden, Noah Simon, Sonya Heltshe, George Retsch-Bogart, Bonnie
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Ramsey, and Nicole Mayer-Hamblett, 2022, Journal of Cystic Fibrosis (21) Copyright © 2021
European Cystic Fibrosis Society. Published by Elsevier. DOI: 10.1016/j.jcf.2021.11.007
Reprinted with permission. Treatment effect estimates for the effect of azithromycin on time
to first PEx. Naive approaches, shown with dashed lines, combine EPIC and OPTIMIZE
participants into a single dataset without any adjustment. Inverse probability weighting was
used and indicated as “robust.” The solid black line is the treatment effect estimated in the
full OPTIMIZE trial.

It was especially important in our preliminary work to confirm that the use of a generalized
linear model (GLM) with log link function and Poisson likelihood was appropriate for these trial
data. The original publications delineating the approaches of Chapter 2 and Chapter 3 all use the
generalized linear model framework (with plans to expand to semi-parametric methods, such as
Cox proportional hazards model, not yet fully implemented). Furthermore, when planning the
simulation study, an exponential model was selected as the data generating mechanism for the
time to event variable. An exponential model implies a constant hazard rate (1) and by extension
a linear cumulative hazard function. We graphed both the Nelson-Aalen, non-parametric
estimate of the cumulative hazard function for first pulmonary exacerbations, as well as the
expected cumulative hazard function using an estimated baseline hazard rate of a Poisson GLM
regression in the OPTIMIZE trial data. The trial data supported the assumption of a constant
baseline hazard rate central to this dissertation and removed the need to adapt the methods to a

Cox proportional hazards model. We also replicated this finding in EPIC (not shown).

Figure 18. Empirically observed constant hazard rate (slope) in OPTIMIZE
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Modeling time to event using a Poisson generalized linear moel (GLM) is equivalent to
assuming a constant base hazard rate, which implies a linear cumulative hazard function.
The plot above graphs both the empirical (Nelson-Aalen) estimate of the cumulative hazard
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function for time to first PEx in OPTIMIZE and the implied linear cumulative hazard rate
when modeling the data using a Poisson GLM.

These conclusions were foundational in the design of this dissertation that expands on this prior
work. We decided to focus exclusively on the augmenting case, explored the additional Bayesian
methods discussed in previous chapters, and embraced a generalized linear model with Poisson
link to analyze this outcome data. Augmenting is the natural choice because regulators will likely
require at least some concurrent controls and pooled analyses do not address the logistical issues

we are trying to avoid.

4.2 HARMONIZATION OF TRIAL DATA AND THE DEVELOPMENT OF THE

PROPENSITY SCORE MODEL

Although the EPIC and OPTIMIZE trials were conducted by the same organization with
standardized definitions and protocols, there were still many differences when comparing the
case reporting forms, data dictionaries, and raw datasets of the two trials. Correctly combining
the trial data into a single analytic dataset required careful review of the trials’ protocols and
variable definitions. In situations where important variables did not have the same definition in
both trials or when certain variables were never explicitly calculated in one trial, data

harmonization was required to prepare for the historically controlled trial methods.

In the OPTIMIZE trial, two key airway treatments including dornase alfa and hypertonic saline
were explicitly recorded because they had become routine for many CF patients. However, in the
EPIC trial occurring five years earlier, these treatments existed but hypertonic saline use had not
become widespread and dornase alpha was not explicitly recorded. For this reason, indicator
variables for these treatments in the EPIC trial did not exist and had to be manually derived from
text fields. For both trials, extensive documentation of concomitant medications and treatments
was standard protocol. Therefore, in EPIC, a careful, time-intensive review of the text entries of
trial participants’ medical histories and current concomitant medications and treatments allowed
for the creation of these needed variables for the harmonization. The same process was applied

for the creation of CF-related diabetes and asthma variables in both trials because expert
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knowledge available at the CF therapeutics development network coordinating center determined
that these variables could be important factors relevant to pulmonary exacerbations that could be
different between the two trials. Additionally, definitions of Pseudomonas aeruginosa history
and status at the start of the trials varied between EPIC and OPTIMIZE. Therefore, recalculation
of these variables was required within both trial datasets. Finally, there was a subset of
OPTIMIZE participants that had ages too young or old relative to the exclusion criteria in the
EPIC trial. Therefore, we restricted the OPTIMIZE participants to those only within the age

criteria set by the EPIC trial.

Once the trial data was harmonized and combined into a single analytic dataset, we examined
differences between the trials using descriptive statistics as well as visually using standardized

differences, a graphical approach proposed by Austin et al.8* (Figure 19).

Figure 19. Standardized differences of variables in the EPIC and OPTIMIZE trials
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Differences between the EPIC and OPTIMIZE trials on the above covariates were
represented on a comparable scale. Specifically, the differences in mean values of the
covariates between the studies are appropriately scaled by their pooled estimated standard
deviations. Higher standardized differences correspond to larger means in the OPTIMIZE
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trial. As a rule of thumb, differences above 0.1 or below -0.1 are considered unbalanced as
indicated in dotted lines. Details are available in Austin (2009).

Table 4.2 Demographics and relevant variables in EPIC and OPTIMIZE

Stratified by study
Characteristics Epic (N=304) Optimize (N=163) P-value'
Female (%) 154 (50.7) 80 (49.1) 0.82
Race or Ethnicity (%) 0.01
White | 285 (93.8) 144 (88.3)
Hispanic | 4 (1.3) 11 (6.7)
Black | 7 (2.3) 6 (3.7)
Asian or Pacific Islander | 1 (0.3) 1(0.6)
Other | 7 (2.3) 1 (0.6)
Age at baseline, years (mean, sd) 5.70 (3.51) 5.84 (3.45) 0.67
Age Category” (%) 0.51
1-3 | 71 (23.4) 45 (27.6)
>3106 | 109 (35.9) 59 (36.2)
>61012 | 124 (40.8) 59 (36.2)
Genotype 0.65
Delta F508 Heterozygous | 149 (49.0) 86 (52.8)
Delta F508 Homozygous | 116 (38.2) 62 (38.0)
Other | 33 (10.9) 12 (7.4)
Unknown | 6 (2.0) 3(1.8)
Height for age z-score at baseline, CDC -0.50 (0.93) -0.30 (1.02) 0.03
equations® (mean, sd)
Weight for age z-score at baseline, CDC -0.33 (0.95) -0.18 (1.04) 0.11
equations® (mean, sd)
FEV1 percent predicted at baseline, Wang-Hanson
equations®* (mean, sd) 96.18 (16.68) 94.13 (16.59) 0.34
FEV; category®4 0.50
<6 yearsof age | 173 (56.9) 91 (55.8)
<90% predicted | 40 (13.2) 24 (14.7)
> 90% predicted | 87 (28.6) 48 (29.4)
Chronic Dornase Alfa use at baseline® (%) 163 (53.6) 107 (65.6) 0.02
Chronic Hypertonic Saline use at baseline® (%) | 13 (4.3) 58 (35.6) <0.001
Modulator use at before or during the study (%) | 0 (0) 17 (10.5) <0.001
Chronic Azithromycin use at baseline® (%) 2 (0.7) N/AS N/AS
CF related diabetes at baseline (%) 2(0.7) 1 (0.6) 1
Asthma at baseline (%) 51 (16.8) 16 (9.8) 0.05
PA positive culture at baseline (%0) 118 (38.8) 72 (44.2) 0.01
Past Isolation of PA’ 96 (31.6) 64 (39.3) 0.12

L A t-test assuming unequal variance was used for continuous variables and a chi-squared test with a continuity correction for

binary and categorical variables.

2 Age categories are defined the traditional way: For example, 3.5 years old would be considered 3 in this categorization.

3 There were at most 4 missing values.

4 FEV1was not measured for participants 0-5 years of age, and are therefore not included in the continuous variable.

5 Chronic use is defined as starting the treatment >31 prior to baseline with the intent of continuing it during the study.

& Optimize’s central question was regarding Azithromycin use and therefore chronic Azithromycin use is not reportable.
" The positive Pa culture used for eligibility into the trial was newly acquired after a 2 year history of negative Pa cultures, and
there was at least one Pa positive culture prior to this window since birth.
Bolded terms were statistically significantly different between the two trials.

Descriptive statistics were calculated for all participants, stratified by source study (EPIC,
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OPTIMIZE). All of EPIC was grouped together because there was no evidence of a
difference between the study’s arms. Statistically significant differences are bolded.
Hypertonic saline use dramatically increased during the time between the trials with rates of
35.6% in OPTIMIZE and only 4.3% in EPIC. Dornase alfa also had a slightly higher use rate of
65.6% as compared to 56.9% respectively. There were more non-white participants (11.7% vs.
4.9%), higher rates of PA positive cultures at baseline (44.2% vs. 38.8%) and higher height for
age z-scores on average (-0.3 vs -0.5) in OPTIMIZE. CFTR modulators were not yet available
for participants in EPIC but 17 (10.5%) of participants reported use in OPTIMIZE. Therefore,
we determined that we would conduct analysis excluding those who reported modulator use as a
planned sensitivity analysis. Finally, rates of asthma at baseline (manually derived for both trials
in the harmonization process), were slightly higher in the EPIC study (16.8% vs. 9.8%).

When building the propensity score model needed for inverse probability weighting and the
propensity-score based power prior method, we followed the example set by Brookhart et al. The
authors conclude that a model with all variables thought to be related to the outcome regardless
of their relationship with the exposure of interest is the best approach.'%? This contrasts with
building the best predictive model (perhaps by stepwise regression). Their conclusions align with
the best practices outlined by Austin et. al. who suggest that “statistical hypothesis testing in the
analytic sample not be used to identify the requisite variables [for the propensity score].8” The
reasoning for this recommendation is that analytic sample may not be powered to detect all
important prognostic or confounding covariates because the study is powered for the outcome.
Therefore, expert opinion and disease etiology should be the primary determinant of variable
inclusion in a propensity score model. For the EPIC/OPTIMIZE trial data, we derived and
harmonized variables identified as important by primary investigators and MDs with experience

in pulmonary exacerbations.

We fit a propensity score model using logistic regression on the binary outcome of participation
in the active trial, OPTIMIZE, vs the historical trial, EPIC (Table 4.2). We included all variables
in Figure 19 with a few small exceptions. We did not include CF related diabetes at baseline
because only 3 people (2 in EPIC and 1 in OPTIMIZE) had this condition. Additionally, we only

adjusted for FEV1 as a categorical variable because of complexities with defining FEV1 in
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children under the age of 6. We only adjusted for height for age z-score instead of both height for
age z-score and weight for age z-score at baseline because these values were highly correlated
and measuring a similar phenomenon. Finally, we did not adjust for CFTR modulator use before
or during the study because only 10% had any use in the OPTIMIZE study and none did in the
EPIC study. However, the influence of modulator use was considered in a preplanned sensitivity

analysis.

Table 4.3. Final propensity score model covariate estimates

Model Parameters Estimate (OR, 95% CI) P-value
Age >3 to 6 Reference Reference
Age 0-3* 1.12 (0.59,2.14) 0.74

Age >6 to 12¢ 0.99 (0.41, 2.41) 0.99
Female 1.30 (0.84, 2.02) 0.24
Height for age z-score, CDC equations 1.25(0.93, 1.67) 0.14
Non-White 2.03 (0.94, 4.4) 0.07
F508del Homozygous Reference Reference
F508del Heterozygous 0.76 (0.47,1.23) 0.26
Other Genotype 0.57 (0.24, 1.32) 0.19
Genotype Unknown 0.55(0.11, 2.83) 0.47

FEV not available (<6 years of age) Reference Reference
FEV > 90 percent predicted 0.92 (0.34, 2.52) 0.88

FEV <90 percent predicted 0.79 (0.27, 2.35) 0.67
Chronic hypertonic saline use at baseline? 11.6 (5.87,22.91) <0.0001
Chronic dornase alfa use at baseling? 1.26 (0.79, 1.99) 0.33
Asthma at baseline 0.56 (0.28, 1.11) 0.10

PA positive culture at baseline 1.39 (0.90, 2.16) 0.14

Past Isolation of PA3 1.14 (0.68, 1.93) 0.62

1 Age categories are defined the traditional way: For example, 3.5 years old would be considered 3 in this categorization.

2 Chronic use is defined as starting the treatment >3 1 prior to baseline with the intent of continuing it during the study.

3 The positive Pa culture used for eligibility into the trial was newly acquired after a 2 year history of negative Pa cultures, and
there was at least one Pa positive culture prior to this window since birth.

We examined standardized differences between covariate values in the two trials at baseline and
after inverse probability weighting by the final propensity score. Standardized differences
compare key variables between the trials by setting all the variables regardless of their type
(binary, categorical, continuous) to their respective values on a single metric allowing for
comparison (see Austin et al. for details). The purpose of examining the variables in this manner
is to assess Whether the propensity score well balances the combined trials’ data in terms of the
observed covariates. This is a fundamental property of a well-modeled propensity score and an

easy criterion to assess (Figure 19 and the right panel of Figure 20).
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Figure 20. Graphical diagnostics of the propensity score
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The propensity score did not suffer from violations of positivity. Specifically, high and low
propensity scores were observable in both source studies (left). Additionally, the propensity
score succeeded in balancing the covariates as seen on a second standardized differences

graph (right).

Another important consideration when using propensity score-based methods is to ensure that
there are no positivity violations. The positivity assumption is that at all levels of confounders
participants exist from both exposure groups (active trial and historical trial participants). This is
true for all variables used in the propensity score model. However, it is also important that this
property is reflected in the distribution of propensity scores as well. There cannot be a subset of
very high or low propensity scores in either arm. This would represent a certain covariate profile
seen in one group but not the other and therefore would violate the assumption. The consequence
of this violation is that the treatment effect estimate is biased by a covariate profile group that
exclusively exists in one of either the treatment or control arm. For example, suppose there was a
subset of asthmatic, F508del genotyped individuals who did not use hypertonic saline (a specific
covariate profile) in the treatment arm. This imbalance would bias the treatment effect estimate
because there is no way to accurately estimate the counterfactual outcome of this subset as if
they were in the control (or historical control) group. Fortunately, as can be seen in the left panel
of Figure 20, a good range of high and low propensity scores exist in both trials and there are no

problematic high or low clusters. There is no evidence of a violation of positivity, justifying a
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correctly estimated treatment effect. Additionally, the propensity score plot shows that there are
no propensity scores with values near 0 or 1, meaning that inverse probability weights will not
have any strange behavior such as having extremely large or small weights.

After the trials’ datasets were harmonized and combined into a single analytic dataset and a well-
modeled propensity score demonstrating characteristics of a good fit was developed, then it was
time to implement all the historically controlled trial methods in real data.

4.3 ANALYTIC METHODS’ PERFORMANCE IN TRIAL DATA

Preliminaries

For implementation of the three analytic methods discussed in section 1.6, there are a few
important caveats unique to each of the methods. One issue that affected all the methods was the
presence of missing covariate data. For the propensity score-based methods, missing covariate
data meant that the desired propensity score model could not be used. In the EPIC trial, there
were 4 participants for whom FEV; data was not recorded and 2 participants who did not have
height nor weight data. In the OPTIMIZE trial, there were 4 participants who did not have a
valid Pa culture at baseline. The result was a total of 10 participants with missing data in the

analytic dataset.

To address the missing data problem in inverse probability weighting, we explored two options:
1) assigning a weight of 1 to the 10 participants thereby neither upweighting or down weighting
their influence and 2) Fitting a second propensity score using all the data that did not adjust for
FEV1 category, height for weight z-score, nor PA culture status at baseline and then calculate the
inverse probability weight for only these 10 participants using this simpler propensity score
model. Interestingly, both options produced the nearly identical treatment effect estimates (0.60

vs. 0.59) and identical confidence intervals for that effect.

The outcome model for the inverse probability weighting approach was the same as was done in

the original OPTIMIZE trial. It contained only age, adjusted for as a categorical variable as
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presented in table 4.3, and the treatment effect, weighted by the inverse probability weights.

For the propensity score-base power prior method, we used option 2 discussed above so that all
participants had a propensity score. However, the approach had another issue to address. The
approach has two key steps, a matching step that creates the analytic sample and then the
Bayesian analyses that uses the propensity score-based power prior in this sample. In the
simulation, we expanded the eligible historical control participant pool such that it was four
times as large but had the final analytic sample in the Bayesian analysis step be the same size as
the other methods for a fair comparison. Therefore, for this application in real trial data, we
decided to let the EPIC trial (n=304) represent the whole historical control pool and that we
would select approximately 231 (~75%) of this pool corresponding to exactly 3 times the
treatment arm in OPTIMIZE (n=77). This would mean that the matched sets would avoid
possible bad matches that could occur if the entire pool was used but at the same time this may
run the risk of underutilization of the EPIC data. This is simply a limitation of the propensity

score-based power prior method.

The commensurate prior method requires more specifications than inverse probability weighting
and the propensity score-based power prior method. Specifically, it requires specification of the
spike and slab priors for the T parameters discussed in section 2.3. Fortunately, in the case of real
trial data, the calibration of the spike and slab can be directly informed and determined by the
historical data. Recall that the spike exists to help the model converge in the case that the
parameters between the historical and active trials are commensurate while the slab covers the
case in which they are not. Therefore, a straightforward approach is to fit the model in the
historical data (EPIC) and let the standard error of the parameters help determine the value of the
spike. Then, for the slab, let the upper part of the slab correspond to twice the standard error of
the EPIC model’s respective parameters. Regarding the missing data, we simply excluded the 6
EPIC participants and 4 OPTIMIZE participants that had missing covariate data because this was
simple and straightforward. Bayesian hierarchical modeling has the option of treating missing
covariate values as parameters to be estimated in the model, which is a fascinating approach but

something we did not wish to explore in this dissertation.
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In the table below, for the augmenting approach, it represents the hypothetical case where

OPTIMIZE was able to recruit only half of its controls. To accomplish this, we randomly

sampled half of the controls to use in the analytic dataset 20 times, and for each dataset we

conducted the methods. We were able to combine the 20 results using multiple imputation

methods developed by Rubin.1®® A key assumption of the imputation methods to combine the

results is that the results are asymptotically normality. Because of the Bayesian central limit

theorem®®, we can use the posterior’s mean and standard deviation in the imputation formulas.

Another approach for future research would be to use bootstrap estimates for confidence

intervals and probabilities; however, we opted for the simplicity of Rubin’s rules. When we fit

the models, a visual inspection also confirmed that the posteriors did approach an approximately

normal distribution with mild if any skew.

Table 4.4 Analytic method’s performance in EPIC/OPTIMIZE hypothetical historical trial

Treatment Effect
OPTIMIZE Inverse probability Propensity score-based Comg:’(iegs: rate
weighting power priors .
SCENARIOS AE%' HR (95% Confidence | HR (95% Credible | R fzfz’vglrs?f'b'e
(n;s ) Intervals) Intervals?) Posterior
- _ i ilitv2
P-value Posterior probability probability?
OPTIMIZE N=86 OPTIMIZE 0.55 (0.34, 0.86) 0.62 [0.39,0.99]wro1 0.52 [0.31,0.86]wro1
Only® Placebo P=0.01 PoP=0.04 PoP=0.01
O;’?‘I’,'\'A”IQZE NngPEE;:g’”ZE 0.60 (0.46,0.77) | 0.65[0.42,0.99]wr | 0.53[0.33, 0.87Jwsor
with EPIC with N=304 EPIC P<0.001 PoP=0.04 PoP<0.001
Agmenting N=43PEE;)'(')\"'ZE 0.63(0.48,0.82) | 0.65[0.41, 1.03]weor | 0.58 [0.32, 1.05]wso
with EPIC with N=304 EPIC P<0.001 PoP=0.06 PoP=0.07

ICredible intervals are highest posterior density intervals (HPDI) and are interpreted differently than confidence intervals.

2PoP is defined as the posterior probability of the null hypothesis, and Pr is defined as probability taken from the posterior
distribution. Mathematically, PoP = 2 = [1 — max (Pr(HR < 1|D),Pr (HR > 1|D)]. This definition, proposed by Shi et al.1%,
aligns with two-sided hypothesis testing and by extension two-sided p-values.

3For this row, corresponding standard techniques were used to estimate the treatment effect.
“Multiple imputation methods suggested by Rubin®® were used on 20 random samples where half of the active concurrent trial

controls were utilized in the analysis to estimate the augmenting scenario.

AZM=Azithromycin, HR=Hazard ratio

A sensitivity analysis was conducted to determine if the presence of the 17 participants with

CFTR modulators influenced the results of the historically controlled trial methods. When the

analysis was rerun with these participants excluded, no consequential changes were observed in

the treatment effect estimates. The sensitivity analysis showed that CFTR modulator use was not
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largely impactful for this short-term outcome, and therefore did not lead to a positivity violation
due to the presence of these 17 participants in OPTIMIZE.

Summary

For inverse probability weighting (IPW), both pooling (p<0.001) and augmenting (p<0.001) had
statistically significant treatment effect estimates. However, the pooling and augmenting
estimates were slightly biased towards the null, suggesting that the weighted sample was unable
to account for all the differences between the trials even after balancing. When considered as a
whole, IPW performed acceptably in terms of bias and power, and achieved success in reducing
the size of the active trial, concurrent control arm participants in half. An important caveat to the
augmenting approach is that the variance used in calculation of the confidence interval and p-
value may be underestimated® because of influence from both the propensity score estimation
and the imputation step. Presenting bootstrapped confidence intervals and p-values may avoid

this problem in future research.

When looking at the propensity score-based power prior (PSPP) method in the augmenting
approach, the treatment effect did not obtain statistical significance (PoP=0.06) despite being
close to the threshold. Interestingly, even when the full OPTIMIZE data was considered alone,
the treatment effect was biased towards the null in a way not seen in the other two methods: 0.62
[0.39, 0.99] compared to 0.55 (0.34, 0.86) for IPW and 0.52 [0.31, 0.86] for commensurate
priors. The propensity score-based power prior method on the OPTIMIZE data alone was a
simple model with an intercept and treatment effect that modeled the cumulative event rate with
non-informative priors for both parameters. This model may not be well suited to answer the
research question even in the original OPTIMIZE randomized controlled trial data, even if it did
detect a statistically significant treatment effect in the OPTIMIZE only (PoP=0.04) and pooling
scenarios (PoP=0.04). Therefore, the augmenting approach may have only increased the problem
of a poor fitting model rather than taking advantage of the availability of more data. The
approach may have performed better with a different model formulation. However, lack of
covariate adjustment is a critical limitation of the current implementation of propensity score-
based power priors and an area of possible future research. This approach failed to achieve the

goals of an unbiased and well powered model when the OPTIMIZE control arm has reduced to
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half the size of the original trial.

The commensurate prior model performed well when incorporating the EPIC data in both the
OPTIMIZE only (PoP=0.01) and pooling scenario (PoP<0.001). The pooling point estimate was
also the most accurate of the three methods, maintaining a confidence interval like the gold
standard original trial results. However, in the augmenting scenario, it was unable to reach
statistical significance (PoP=0.07) despite achieving the least biased point estimate of 0.58 [0.32,
1.05]. The large confidence interval is likely due to the complexity of the model that simply
needed more data to reduce the variance. Of the three approaches, the commensurate prior model
had 30 nuisance parameters (an intercept and 14 covariates for both trials) in contrast to the 3
nuisance parameters (the intercept and age as a 3-level categorical variable with 1 reference
level) in IPW and 1 nuisance parameter (the intercept) in PSPP. A unique feature of the
commensurate prior method not shared by the other two methods is that it allowed the historical
controls to have different nuisance parameters. Most importantly, the baseline hazard rate
(intercept) was allowed to be different between the historical and active trial participants as well
as certain covariate parameters such as the age-categories. In certain situations, the model

flexibility may have been advantageous, but it does cost additional parameters.

An interesting observation when comparing the OPTIMIZE only scenario to the pool scenario is
that the confidence interval greatly decreases for inverse probability weighting but the credible
intervals for the Bayesian approaches do not change much. This is also reflected in the
augmenting scenario as well. The lack of a narrowing interval estimate is likely due to the
difference between a confidence interval and a credible interval. Recall that a confidence interval
represents a range of values that could be reasonably observed under repeated sampling while
credible intervals represent a 95% probability the true effect estimate lies within the interval. In
essence, the Bayesian model is a convolution of two distributions, the difference between the
treatment arm’s log-hazard rate and the control arm’s log-hazard rate. Adding historical
information improves the characterization of the control arm’s log-hazard rate probability
distribution by increasing the density around a value. For the treatment effect, no additional
information is added and therefore its probability distribution remains unchanged. When

considered together, the convolution of these distributions only slightly improves the credible
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interval because to further narrow it the treatment arm’s event rate probability distribution is

more influential and must be better estimated.

Although in this application the commensurate prior method was slightly underpowered, it
produced the least biased point estimate when the number of concurrent controls were halved. In
a different trial where the hierarchical model has fewer adjustment variables and may have
important differences in the nuisance parameters, this method may be well fit to model the
treatment effect.

When considering the three approaches performance in the real trial data, inverse probability
weighting is the most appropriate for EPIC/OPTIMIZE. First, the trials are extremely similar.
The simulation showed that IPW shines in this circumstance, where it achieved power much

greater than 80%. The results of the augmenting approach agree with this conclusion.

Considering the simulation and real trial results, inverse probability weighting likely works
better when trials are congenial. As the historical trial data gets less similar and relevant to the
active trial data, the commensurate prior may be better suited. The propensity score-based power
prior may have potential but needs further developments to complete with the other two

methods.

4.4  ADAPTIVE STUDY DESIGN’S PERFORMANCE IN TRIAL DATA

For the adaptive trial design, we began with the historical trial data (EPIC) and started the
planning and simulation procedures outlined in Chapter 3. The goal of the planning phase is to
identify an appropriate log likelihood difference threshold that is justified based on prespecified
type | error and power. This threshold is used at the interim analysis to determine if stopping the
trial early and pooling the historical controls with the active trial is appropriate for the primary
analysis. With the EPIC data, this phase involves simulating possible versions of active trial data

using the distributions of variables observed in EPIC.

For every variable in the EPIC data, we first transformed non-continuous variables into integers
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corresponding to each value of a category. With the inclusion of continuous variables, all
variables were now numeric and therefore we could calculate means, variance, and pairwise
covariances for the entire dataset in traditional ways. The purpose of this was to parameterize
one large multivariate normal distribution from which to simulate possible active trial datasets.
Then after generating data using this random multivariate normal distribution, we transformed
the simulated variable values that were originally categorical or binary back to their original
forms. We used a categorizer function that takes numeric values and re-categorizes them back
into distributions like the original data. This simulation procedure as well as the categorizer
function were developed by Tannenbaum et al.’%® and are convenient for simulating complex and

large datasets with a mix of continuous, binary, and categorical variables.

The outcome variable, simulated time to first pulmonary exacerbation, was generated from an
exponential distribution with a rate modeled by a linear combinations of the covariates and a
baseline hazard rate (intercept). The coefficients (8,) for the covariates were the point estimates
when a model was fit to the EPIC data and these same values were always used in all simulated
datasets. However, the baseline hazard rate, 5,, was randomly generated for each dataset based
on the distribution of the baseline hazard estimated in the EPIC data. Specifically, it was taken
from a normal distribution centered at the baseline hazard estimate for the EPIC data with a
standard deviation equal to this baseline hazard’s parameter’s estimated standard error.
Therefore, all simulated active datasets were slightly different in terms of their baseline hazard

rates but the covariates and covariates association with the outcome was always the same.

We simulated 4,000 possible active datasets as described above and measured operating
characteristics of the interim and final analysis under a set of interim analysis timings (at 50%,
75%, and 87.5%) and treatment effects (HR=1 vs. HR=0.54). Using the procedure outlined in
Psioda et al.®® and discussed in Chapter 3, the critical log likelihood difference threshold value,
wy, was calculated at a value of -0.1, meaning we needed at least some evidence of similarity
between the trial parameters to stop the trial early, incorporate the historical controls, and do the
primary analysis. Recall that as w, goes from zero to negative infinity, the similarity requirement
(both trials can be modeled with a common set of parameters as measured by likelihood)

becomes more stringent.
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Once the critical threshold value was calculated, we subsetted the OPTIMIZE data to represent
the interim analysis at 50% recruitment. We calculated the two necessary log likelihoods and
took their difference (discussed in detail in Chapter 3) and compared the result to the threshold
value, w,, of -0.1. The difference in log likelihoods (a difference of 9.03) was much larger than
the threshold, w,. Recall that a large log-likelihood difference means there was strong evidence
of differences between the nuisance parameters in the historical data and the active trial data. The
model that allowed two sets of nuisance parameters performed much better than a model with a
shared set. Therefore, we concluded that the study could not be stopped early and needed to
continue to full recruitment. In fact, we calculated the estimated treatment effect anyway and
found a hazard ratio of 0.96 with a p-value of 0.89, which we know is very different from the
complete OPTIMIZE results (Table 4.5).

Table 4.5 Adaptive trial analysis models at interim analysis

Different sets of nuisance parameters
Model Parameters % Active Trial at Historical Trial at
—_— interim analysis interim analysis
(OPTIMIZE) (EPIC)
Estimate | P-value | Estimate | P-value | Estimate P-value
Intercept* -0.53 0.21 -0.31 0.63 -0.57 0.32
OR P-value OR P-value OR P-value
Azithromycin (treatment) 0.96 0.89 0.88 0.72 - -
Age >3 to 6! Reference | Reference | Reference | Reference | Reference | Reference
Age 0-3 1.41 0.35 2.20 0.15 0.86 0.77
Age >6 to 12¢ 2.73 0.11 6.81 0.07 1.68 0.52
Male sex 1.22 0.40 1.44 0.29 0.96 0.92
Height for age z-score, 0.93 0.56 0.89 0.46 0.99 0.95
CDC equations
Non-White 1.29 0.53 1.55 0.38 0.71 0.66
F508del Heterozygous N/A Reference | Reference | Reference | Reference | Reference
F508del Homozygous 0.79 0.37 0.55 0.12 0.95 0.88
Other Genotype/Unknown | 0.57 0.20 0.30 0.13 0.88 0.81
FEV not available N/A Reference | Reference | Reference | Reference | Reference
(<6 years of age)
FEV > 90 percent predicted | 0.93 0.32 0.38 0.39 0.46 0.38
FEV <90 percent predicted | 0.53 0.40 0.23 0.22 0.82 0.83
Chronic hypertonic saline
use at baseline® 2.22 0.01* 3.06 0.003* 0.75 0.77
Chronic dornase alfause | g9 0.41 0.55 0.11 1.18 0.64
at baseline
Asthma at baseline 1.33 0.41 0.67 0.60 1.91 0.11
PA positive culture at
baseline 0.84 0.46 0.70 0.29 0.97 0.93
Past Isolation of PA® 0.93 0.79 0.69 0.36 1.27 0.56

The intercept is presented on the log-scale because it represents a participants’ starting log odds of a pulmonary exacerbation
and does not make sense to present as an odds ratio.
*p-value<0.05
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At the interim analysis, models are presented to compare the trials in terms of nuisance parameters. One
model has a common set of parameters shared by both trials. The other allows the trials to have different
parameters. Parameter estimates are presented to provide a sense of why the trial did not stop at the interim
analysis. Bolded parameters are ones that may have contributed to the algorithm’s decision to continue
recruitment in the active trial.

When comparing the active trial (OPTIMIZE) to the historical trial (EPIC), there are a few
notable observations. First, the parameter estimate for chronic hypertonic saline dramatically
differs between the trials. Other nuisance parameter estimates also vary in magnitude and/or
direction between the trials, including for the two categorical age variables, chronic dornase alfa
use, asthma, past isolation of PA, and the intercept. These differences, although not statistically
significant, do contribute greatly to the log-likelihood difference estimates used in the stopping
rule. There appears to be evidence that without analytic adjustment (like in Chapter 2), it is
inappropriate to combine these two trials’ data. Adjustment parameters do not appear to be

consistent suggesting that directly combining the trials could lead to confounding.

Therefore, the study continued to completion and the EPIC data was ignored. The full
OPTIMIZE study achieved a treatment effect of 0.53 (0.32, 0.87) with a p-value of 0.01,

achieving statistical significance in the same way as the original trial.

The application of the adaptive trial in the EPIC/OPTIMIZE data suggests possible
considerations for use of the method in future work. There is no adjustment (other than
discounting by a) when assessing the active and historical trial data at the interim analysis. We
know from section 4.2 that there are key differences between the trials including rates of chronic
hypertonic saline use and asthma that could lead to different model estimates for these
parameters in each of the trials. For this reason, it might make sense to only consider a matched
set of historical controls to be used at the interim analysis rather than the full historical trial (all
of EPIC). A matched set may have nuisance parameter estimates that are more aligned and

increase the likelihood of early stoppage and correct inference. In this dissertation, we recreated
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what was done in Psioda et al. exactly, but in future work we may consider this possible

improvement.
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Chapter 5. CONCLUSIONS

5.1 SUMMARY

The work of this dissertation is the first of the authors’ knowledge to directly compare methods
to conduct historically controlled trials in a rigorous setting. As the literature continues to
develop, analyses like those conducted in this work are important for the development of
guidelines for future historically controlled trials and to provide direction for future improvement

and development of methods, especially in cystic fibrosis.

The simulation study provided a reproducible and rigorous way to compare and explore the
methods. It also confirmed that all the methods could perform acceptably in the right conditions.
It reinforced some intuitive but critical observations about these methods. Both inverse
probability weighting and propensity score-based power priors rely on a well-modeled
propensity score to perform well. In the case where the two trials are different and the propensity
score or matching technique used to create exchangeable comparisons has problems, then the
whole primary analysis will be affected. The commensurate prior method seemed the most
conservative in the simulation study, and, in the application in real data, this also seemed to be
true. It is suspected that the performance of the method is connected to the primary outcome
model. When the primary analysis is well modeled, including all key variables, and has a good
fit in both the active and historical trials, then the commensurate prior method can perform very

well. However, its complexity can lead to greater uncertainty and higher variance.

Considering the performance of the methods in both the simulation study and in real data as well
as their complexity, the conclusions at the end of the simulation study are reinforced. Among the
analytic approaches, the commensurate prior method is most flexible in handling many types of
generalized linear models and performs well under many conditions. However, due to its
complexity it may have higher variance in estimates and not obtain statistical significance even if
it is more appropriately modeling the uncertainty. Inverse probability weighting maintained good
statistical power even if it exhibited a bit more bias than the commensurate prior method. The

ease of implementation with standard software as well as being a standard technique known to
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many researchers means that it remains a useful tool in historically controlled trials. As for
propensity-score based power priors, the simulation study showed that the method exhibited a
wider range of bias but had potential to be the most powerful. In the application in real data, the
approach suffered most likely because the simple model and matching was unable to fit the trial
data well enough to estimate the true treatment effect. Although it did not perform as well as
hoped, it did not completely fail as a method. Instead, the results may be an indication that the
approach should be expanded upon. Perhaps this approach could be altered to include covariates
with non-informative priors. Then, the propensity score-based power prior would only apply to
the intercept term. Therefore, differences in unmeasured confounding between the active and
historical trials might be able to be controlled by discounting information about the model
intercept while retaining the ability to adjust for covariates.

The adaptive trial design is an approach that likely would be acceptable to regulators. In the
application with real trial data, we were unable to reduce the logistical burden by stopping early
and would have had to continue to the final trial. The simulation showed that in certain
situations, there is a high chance of early stoppage and by extension great potential for reducing
the trial’s size and duration. When contrasting with the analytic approaches, the interim analysis
test is in some ways restrictive. It is an all or nothing approach that does not allow for a
discounted version of the historical trial information to inform the analysis. In essence, the
adaptive trial approach is a tradeoff. A researcher gains the possibility of reducing the trial at the
expense of a level of conservatism that could lead to ignoring information that might still be
useful in some form. Overall, it performed as intended in both the simulation and the real trial

data. Other adaptive trial designs should be explored that may have even better performance.

This dissertation has generated thought on the greater philosophical approach when considering
historically controlled trials. What kind of beliefs about the connection between historical data
and active trial data are appropriate? The statistical theory behind Bayesian power priors® and
hierarchical models measuring commensurability® is well developed and there are interesting
interconnections between the approaches. Yet, questions remain regarding how to select the right
method to implement in practice and do the assumptions of these models hold in real data? What

are best practices for modeling selection, fitting, and interpretation for historically controlled
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trials? As the literature continues to develop and new methods come to the surface, | hope that
more practical application guides are put into place for the epidemiologists and biostatisticians to
best utilize existing information and design better trials.

5.2 LIMITATIONS

The simulation study’s goal was to compare methods in a simple, representative setting.
However, its simplicity leaves room for additional questions such as whether if more covariates
are used does the performance and comparison of the methods change. Also, if the differences
between the historical and active trials are more extreme, then conclusions could favor one
method over the other in a different manner. Fortunately, the implementation in real data gives at
least one example of the method’s performance in more complex settings. Additionally, we
focused on changing the distribution of the covariates but did not consider a situation in which
the association between the covariates and the outcome changes between the trials (the S, in the
outcome model). We also did not deeply explore the possible effect of unmeasured confounding
between the trials. These additional questions were beyond the scope of this work but offer

interesting avenues to explore in the future.

In the application in real data, the EPIC and OPTIMIZE trials are unusual in that they are
extremely well suited for the research presented here. In practice, researchers may be faced with
less similar studies that meet fewer of Pocock’s criteria® and the conclusions drawn from this
work may not be as applicable. OPTIMIZE also identified a large treatment effect, and these
methods may not work as well in cases where there is a treatment effect of lower magnitude.
However, well powered studies should empower the methods to perform well. Simulation studies
in the planning stages of historically controlled trials are one way to help ensure appropriate

performance in generating regulatory grade evidence.
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5.3 FUTURE WORK

New methods continue to be published as possible ways to rigorously incorporate historical,
external information. Future research will be required to explore and evaluate these new
methods. Additionally, these methods and guidelines on how to use them have not become
widespread, meaning researchers are not familiar with their potential. Hopefully, we can conduct
real historically controlled trials that detect the presence of a treatment effect while also enjoying
the benefit of smaller control arms and speedier trials to demonstrate the effectiveness and utility

of these approaches.

As mentioned in Chapter 1, these approaches can also be applied in real world evidence trials
that do not have as high quality data as seen in the real world trial application. It could be
valuable to explore these types of situations where data is not as congenial between sources

because such situations often arise in specific applications.
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APPENDIX A: COVARIATE SIMULATION DETAILS
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>=0.2 2=0.6
X1 X1
0.25 [ 0.75 0.25 [ 0.75
(X1=0, X2=1) | (X121, X2=1) (X1=0, X2=1) | (X1=1, X2=1)
02 3.6% 16.4% 02 0.8% 19.2%
= 21.4% 58.6% = 24.2% 55,8%
(X1=0, X2=0) | (X1=1, X2=0) (X1=0, X220 | (X1=1, X2=0)
0.8 0.8
®=0.019 O = 0.244
0=(-0.4,0.2)
>=0.2 >=0.6
X1 X1
0.65 [ 0.35 0.65 [ 0.35
(X1=0,X2=1) | (X1=1, X2=1) (X120, X2=1) | (X1=1, X2=1)
04 23.1% 16.8% 04 17% 23%
= 41.9% 18.2% © 48% 12%
(X1=0; X220y | (X1=1, X2=0) (X120, X2=0) | (X1=1, X2=0)
0.6 0.6
® =0.122 & = 0.385

Figure 21. Covariate construction illustrated A) When X;and X, have prevalence of 0.75

and 0.2 respectively as seen in the marginals. The latent random variables (W, W) are
shown as grey dots and have covariance and correlation equal to X. Each quadrant
corresponds to the four possible pairs of the binary variables, X;and X,, and their
frequencies. In the lower left-hand corner of each plot, a ¢ coefficient'® is calculated to
measure the level of association between the binary variables. It is interpreted the same
way as a Pearson correlation coefficient. ¢p ranges between -1 and 1 with values further

from 0 indicating greater association. For 8§ = (0, 0), this represents the active trial and the

historical trial covariate distributions when there is no difference between the trials. For
6 = (—0.4,0.2), this represents the historical trial covariate distribution when the

prevalence differs between the trials.
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2 =0.2 X2 =0.6
X1 X1
0.15 [ 0.85 0.15 [ 0.85
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Figure 21. Covariate construction illustrated B) When X;and X, have prevalence of 0.85
and 0.1 respectively as seen in the marginals. The latent random variables (W, W,) are
shown as grey dots and have covariance and correlation equal to X. Each quadrant

corresponds to the four possible pairs of the binary variables, X;and X,, and their

frequencies. In the lower left-hand corner of each plot, a ¢ coefficient'® is calculated to
measure the level of association between the binary variables. It is interpreted the same
way as a Pearson correlation coefficient. ¢p ranges between -1 and 1 with values further
from 0 indicating greater association. For § = (0, 0), this represents the active trial and the
historical trial covariate distributions when there is no difference between the trials. For

6 = (—0.4,0.2), this represents the historical trial covariate distribution when the

prevalence differs between the trials.
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For binary variables, the level of association between them is proportional to the difference

between the frequency with which they agree, i.e. (X;,X,) € {(1,1); (0,0)} and the frequency
with which they disagree, i.e. (X1, X;) € {(1,0); (0,1)}. A measure of association often used is
called the ® coefficient discussed on pages 282-283 by Cramer!®, which is defined as follows

for two binary variables:

X1
01
1]C|D = (A4*D)—(B*C)

It is interpreted in the same manner as a Pearson correlation in the case of two binary variables,

with an absolute value of 0-0.3 as none to weak association, 0.3-0.7 as a moderate association.

However, a key concept regarding & is that the marginal distributions of X;and X, restrict the
level of agreement. For example, if @ = 1, then all variables agree and are contained in quadrant
A and D, meaning the marginal distributions of X;and X, must be identical. In other words, the

marginal distributions are connected to the quadrants’ frequencies and thus restrict values of ¢.

For this data generating mechanism, the marginal probabilities are predetermined, meaning that
there are limits placed on the values of ®. Although the theoretical maximum value of @ is

calculatable, we can also approximate it quickly through simulation and report the maximum.

Hx,» Kx, 6 Ux, M, + 0 ~max (®)*
(0.75,0.2) (0,0) (0.75,0.2) 0.31
(0.75,0.2) (—0.4,0.2) (0.35,0.4) 0.92
(0.85,0.1) (0,0) (0.85,0.1) 0.16
(0.85,0.1) (—0.4,0.2) (0.45,0.3) 0.75

8max (P) is calculated from the conditions in column 3 across many possible correlation values for W;, W,. The

maximum possible & value is approximated through simulation

Associations can be stronger when the marginal densities of the binary variables X;and X, have

marginal probabilities of taking the value of 1 are close to 50%. When puy. , ux, = (0.75,0.2) and
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6 = (—0.4,0.2), this implies historical means of (0.35, 0.4) and thereby allows for the
possibility of a stronger association. This is also true to a slightly lesser extent for

Ux,, My, = (0.85,0.1) and § = (—0.4,0.2). The maximum possible value of ¢ is lowest for

Ix,,tx, = (0.85,0.1) and § = (0, 0) because the marginal frequencies are very different.

In this simulation, when the § = (0, 0), changing X does not dramatically affect the association
of X;and X,. However, when § = (—0.4,0.2), higher values of £ will change the association
from none to moderate as seen in Figure 21. This fact is important to keep in mind for the
interpretation of X’s role in the simulation results. Additionally, it suggests that larger values of X

should perhaps be considered in a post-hoc sensitivity analysis.
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APPENDIX B: SIMULATION CODE AND ADDITIONAL DETAILS

All code used in the simulation, the detailed simulation results, and additional items are available

on Github: https://github.com/marknwarden. For the figures presented in Chapter 2, the

ordering used in the line plot portions of the figures was determined such that it was ordered

based on a hierarchy {(3),(2),(4),(5), and (6)}:

e §=1(0,0);6=(-0440.2)
o (p1, 1) = (0.75,0.20); (uy, 4,) = (0.85,0.10)

o Covy x, = 0.2;Covy », = 0.6

. ﬁ:log(HR)=log{ };ﬁ=log(HR)=log{

1.10
1.30

1.20
0.65

J

e Number of historical controls is the same size as the expected treatment arm; It is double

the size of the expected treatment arm

For example, in a row that varied (5) strength of association between covariates and outcome

(B), the remaining scenarios would be ordered first in terms of &, then (uy, ,), Covy, ,, £, and

number of historical controls, respectively. This leads to the following ordering for the red line
with a treatment HR=0.5:

Varying (5) strength of association between covariates and outcome ()

Characteristic: (3) (2) (4) (6)
Id o (uq, u3) Cov,, ,, Hx Size

1 (—0.4,40.2) (0.75,0.20) 0.2 1

2 (—0.4,40.2) (0.75,0.20) 0.2 2

3 (—0.4,40.2) (0.75,0.20) 0.6 1

4 (—0.4,40.2) (0.75,0.20) 0.6 2

5 (—0.4,40.2) (0.85,0.10) 0.2 1

6 (—0.4,40.2) (0.85,0.10) 0.2 2

7 (—0.4,40.2) (0.85,0.10) 0.6 1

8 (—0.4,40.2) (0.85,0.10) 0.6 2

9 (0,0) (0.75,0.20) 0.2 1

10 (0,0) (0.75,0.20) 0.2 2

11 (0,0) (0.75,0.20) 0.6 1

12 (0,0) (0.75,0.20) 0.6 2

13 (0,0) (0.85,0.10) 0.2 1

14 (0,0) (0.85,0.10) 0.2 2

15 (0,0) (0.85,0.10) 0.6 1

16 (0,0) (0.85,0.10) 0.6 2

Periodicity 8 4 2 1
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The line plots offer a visual aid in comparing the two values of the examined simulation
characteristic being examined. The 32 scenarios (16 red and 16 blue) are ordered following the
hierarchy so that the points along the blue and red lines correspond to simulations which are

identical except for the red/blue characteristic. Using the example table given above, if we were

1.20 B B 1.10
0.65} and B = log(HR) = log {1. 30

the 8™ point on both lines corresponds to scenarios with the following simulation parameters:

comparing the Red: B = log(HR) = log{ } lines, then

Id 6 (uq, 12) Cov,, ,, Hx Size

8 (—0.4,+0.2) (0.85,0.10) 0.6 2

This lets scenarios be compared directly on certain simulation characteristics. Additionally, each
of the line plots has certain periodicities as shown in the table above. This allows for

identification of patterns in the plots that can arise.

Tables for all performance methods for the methods are available on Github.
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