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Abstract

Restricted mean survival time (RMST), a summary of survival time up to a pre-
specified clinically relevant truncation time, is increasingly recognized as a measure
for treatment effect in recent biomedical studies with time-to-event endpoints. The
difference or ratio of RMST between two groups (e.g., treatment versus control) mea-
sures the relative treatment effect concerning a gain or loss of survival time. The
RMST offers greater flexibility than the hazard ratio (HR), which is often estimated
from the Cox proportional hazards model under the proportional hazards (PH) as-
sumption. Due to delayed treatment effects or other biomedical reasons, the PH
assumption is often violated in oncology and cardiovascular trials, leading to biased
estimation and misleading interpretations of treatment effects. Compared to HR,
RMST requires no PH assumption and offers a more straightforward interpretation
of treatment effects. In this dissertation, we propose novel RMST-based methodolo-
gies for clinical trials with time-to-event endpoints in three research areas including
1) individual participant data network meta-analysis, 2) inference in multi-regional

clinical trials, and 3) biomarker-guided adaptive and enrichment design.
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1

Introduction, Motivation and Background

1.1 Background

Hazard ratio (HR) is the most commonly used statistic for analyzing treatment
effects in biomedical studies with time-to-event endpoints. It represents the ratio of
instantaneous event rates between two groups, which is often derived from the Cox
proportional hazards model (Cox, 1972). The Cox regression model characterizes the
hazard as a function of explanatory covariates, which does not impose parametric
assumptions on the baseline hazard function. A fundamental assumption for the
Cox model is the proportional hazard (PH) assumption, which assumes that the
HR between two groups remains constant over time. However, violation of the PH
assumption renders HR a misleading and inappropriate summary of treatment effect,
and the interpretation and inference of HRs become inaccurate and invalid (Lin and
Wei, 1989). This occurs because HR is typically estimated as a weighted average of
HR function over time, with these weights dependent on the censoring distribution.
Consequently, when the PH assumption is violated, the use of these weights may

complicate the use of HR for effective clinical decision-making (Tian et al., 2018).



Moreover, averaging HRs over the follow-up time introduces a conceptual dilemma
when HRs in two or more follow-up time intervals have opposite directions (Finn

et al., 2020).

The log-rank test (Bland and Altman, 2004) is the most commonly used statistical
testing approach when comparing the survival distributions of two or more groups,
such as different treatment groups in a clinical trial. The null hypothesis of the
log-rank test is that there is no difference between groups in the probability of an
event at any time point. While the log-rank test is known to be robust to non-PH,
violations of the PH assumption may still considerably impact its statistical power

to detect the treatment differences (Mukhopadhyay et al., 2022).

1.1.1  PH Assumption Violation in Clinical Trials

The PH assumption might face violation in clinical trials with prolonged follow-up
and the presence of a time-dependent treatment effect (Gregson et al., 2019). Re-
cently, non-constant HRs have been observed in many clinical trials of oncology or
cardiovascular diseases due to delayed treatment effects or other biomedical rea-
sons (Kantoff et al., 2010; Rajkumar et al., 2010; Brahmer et al., 2015; Robert et al.,
2015; Borghaei et al., 2015; Reck et al., 2016; Fehrenbacher et al., 2016; Rittmeyer
et al., 2017; Barlesi et al., 2018).

One motivation example is a biomarker-guided randomized Phase III oncology trial,
JAVELIN Lung 200 (Barlesi et al., 2018). This trial aimed to compare the efficacy
and safety of avelumab, an anti-PD-L1 immune checkpoint inhibitor antibody, with
docetaxel, a standard care for patients with non-small-cell lung cancer (NSCLC). PD-
L1 expression on tumor cells is a well-studied biomarker in NSCLC (Sankar et al.,
2022), and previous studies have indicated a positive association between high PD-

L1 expression levels and progression-free survival (PFS) and overall survival (OS)

2



after treatment with PD-L1 inhibitors for NSCLC (Shi and Zhao, 2020). In this
trial, 792 patients were enrolled and randomized to avelumab (n=396) or docetaxel
(n=396). Among them, 264 participants in the avelumab group and 265 in the
docetaxel group had PD-L1-positive tumors, defined as PD-L1 expression > 1%. In
this study, avelumab was not found to have lower OS than docetaxel within PD-L1-
positive patients, but exploratory analyses revealed that avelumab was associated
with improved OS and PFS compared to docetaxel in patients with higher PD-L1

expression at = 50% and = 80% cutoffs (Barlesi et al., 2018).

However, the PH assumption was violated in this trial. As indicated in Supplemental
Figure 1 in Barlesi et al. (2018), the survival curves of OS between two treatments
crossed in the full analysis dataset. As shown in Supplemental Figure 3 in Barlesi
et al. (2018), the survival curves of PFS between two treatments intersected among
PD-L1-positive patients, and Avelumab exhibited a strong delayed effect relative to
docetaxel for PFS in patients with PD-L1 expression > 50% and > 80%. As such,
the characterization of treatment effects based on the HR and its confidence interval
estimated from the Cox PH model might not be valid, and the hypothesis testing

based on the suboptimal log-rank test was less powerful.

1.1.2  Assessment of PH Assumption

There are two widely used PH assessment strategies: statistical test-based meth-
ods (Persson and Khamis, 2007) and graphical methods (Ng'andu, 1997). Com-
monly used test-based methods include testing time-dependency effects (Bellera
et al., 2010), Schoenfeld’s residual goodness-of-fit test (Schoenfeld, 1980; Gramb-
sch and Therneau, 1994; Xue and Schifano, 2017), and a score process test based on
cumulative martingale residual (Lin et al., 1993). As an alternative to the test-based

approaches, visually examining survival curves allows researchers to closely monitor



the data patterns that might be deemed a violation of the PH assumption. Some
options of the graphical approaches include the plot of log-cumulative hazard versus
log-time for each subgroup of a covariate or the scatterplot of Schoenfeld’s residuals

over time.

However, criticisms surround the assessment of the PH assumption (Stensrud and
Hernén, 2020). The test-based approaches may exhibit low statistical power in de-
tecting a weak violation of the PH assumption (Stensrud and Hernén, 2020), even
with a substantial number of observed events (Austin, 2018), and these tests are
sensitive to the sample size. For example, a gross violation of PH might not be sig-
nificant with a small sample, while a slight violation of PH could be deemed highly
substantial with a large sample (Kleinbaum and Klein, 2012). In contrast, although
the graphical methodologies are more straightforward to comprehend than the test-
based approaches, decisions based on these methods are subjective and highly de-
pendent on the researchers. Consequently, these approaches may only prove helpful

in identifying a strong violation of the PH assumption.

Furthermore, assessing the PH assumption becomes more complicated in analyzing
multiple clinical trials, such as in network meta-analysis (NMA) with individual par-
ticipant data (IPD). A recent study (Hua et al., 2024) has addressed the limitations
of the methods for PH assumption evaluation when combining multiple trials, lead-
ing to various potential. For example, when the PH assumption is violated in the
pooled dataset but not in each trial or when the violation occurs in some trials but
not in others. These concerns are exemplified by the COMBINE-AF study (Car-
nicelli et al., 2021, 2022), which incorporates IPD from four phase III randomized
controlled trials of direct oral anticoagulants versus warfarin for stroke prevention in
patients with atrial fibrillation. For example, when using Schoenfeld’s residual test

with a significance level of 0.05 to evaluate the PH assumption of treatment effect

4



for the event of bleeding, the PH assumption is violated in two trials but not in the
other two (Table 1.1). In this case, using the Cox model may be problematic, and

alternative approaches are necessary.

Table 1.1: The result from the Schoenfeld’s residual test for evaluating PH assump-
tion of treatment effect for the event of bleeding in COMBINE-AF.

Trials | ARISTOTLE ENGAGE RELY ROCKET
P-value 0.10 0.06 <0.01 <0.01

1.2 Restricted Mean Survival Time

There are several alternatives to summarize the treatment effect from a time-to-
event endpoint without relying on the PH assumption. Examples include median
survival time difference, event rate ratio, absolute risk difference, and restricted mean
survival time difference (Kim et al., 2017). Additionally, to address issues for the
log-rank test under non-PH, various alternative tests have been proposed (Lin et al.,
2020), such as weighted Kaplan-Meier test (Pepe and Fleming, 1989), weighted log-
rank test (Harrington and Fleming, 1982), Max-Combo test (Karrison, 2016), and
restricted mean survival time test (Royston and Parmar, 2013; Uno et al., 2014).
In this dissertation, we emphasize proposing methodologies based on a compelling

measurement: Restricted Mean Survival Time (RMST).

Estimating RMSTs does not require model assumptions as they are calculated non-
parametrically (see Equations (1.1) and (1.2) below), and their interpretations are
more straightforward than HRs across any distribution of time-to-event outcomes

(Perego et al., 2020). Recently, RMST has been acknowledged in the FDA guidance
for industry as an alternative approach to analyzing time-to-event data when non-

PHs are expected (Food and Drug Administration (FDA), 2020), and used in many
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trials reviewed by FDA (Food and Drug Administration (FDA), 2019a,b).

1.2.1 RMST Definitions

RMST was proposed by Irwin (1949) and popularized by Andersen et al. (2004);
Royston and Parmar (2013); Uno et al. (2014); Tian et al. (2014) as a measure of
treatment effect for time-to-event endpoints. RMST summarizes the survival time
up to a clinically relevant (usually pre-specified) truncation time. Let T' denote the
event time and t* denote the truncation time for evaluating the treatment effect. The
RMST, u(t*), is defined as the mean of the truncated event time Y = min(7',¢*).
The RMST can be calculated by the area under the survival curve S(t) = P[T > t]
from t = 0 to t = t* (Panel A in Figure 1.1), which is written as follows (Royston
and Parmar, 2013):

¥

u(t*) = B(Y) = E[min(T, £*)] = L S(t)dt.

The difference or ratio of RMST between two groups (e.g., treatment versus control)
measures relative treatment effect concerning a gain or loss of event-free survival time
up to the pre-defined truncation time (Kim et al., 2017). For example, as illustrated
in Panel B in Figure 1.1, the RMST difference can be calculated by the area between

two survival curves.

1.2.2 RMST Estimators

Suppose we have a random sample of n patients. For the i** patient, let T denote
the event time and be subject to right censoring with censoring time C;. In the
presence of right censoring, we observe U; = min(T;, C;) and the censoring indicator

0; = I|T; < C;]. The observed data are written as {(U;,6;),i = 1,...,n}.

Typically, one can use the Kaplan-Meier (KM) estimator of the survival function
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FIGURE 1.1: (A) Restricted mean survival time (RMST), and (B) RMST difference
between treatment and control groups.

to estimate u(t*) nonparametrically. For i = 1,...,n, let N;(t) = I[U; < t;6; = 1]
denote the individual counting process and Y;(t) = I[U; > t]| denote the individual

at risk process. The KM estimator of the survival function is written as

-1~ 555}

where N(u) =" | N;j(u) and Y(u) = >, Y;(u). Consequently, the KM estimator
of p(t*) is written as:

t*

fircar (%) = f S(t)dt, (1.1)

0

where S (t) is the KM estimator of the survival function for the event time. According
to Zhao et al. (2016); Tian et al. (2018), as the sample size n — 0, fixp (t*) is con-
sistent to (t*) and /n{fixr (t*) — p(t*)} <> N (0,02(t*)), where o2(t*) is estimated
by:

sr- [ o] 82

Here, A(t) = —log{S(t)} is the Nelson-Aalen estimator of the cumulative hazard rate
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function.

Another estimator of RMST was proposed by Bang and Tsiatis (2000) by using the
inverse probability of censoring weight (IPCW). Fori = 1,...,n, let Y; = min(T}, t*)
denote the individual truncated time-to-event outcome at t*. In the absence of
censoring, an obvious estimator for p(t*) is n=' Y] | Y;. In the presence of right

censoring, the IPCW estimator of p(t*) is

5 .,
Zl é(YJY“ 1-2)

frpew (t°) =

SRS

where 6% = I[C; > Y;], and G(Y;) = P(C; > Y;) is the KM estimator of the survival
function for the censoring time based on {(U;,1 —§;),i = 1,...,n}. To understand
the validity of fiypew (t*), note that

o;

E [A—Yim

—y 2 Yy,
G ()

1.2.83 RMST Regression

The regression models for RMST allow flexibility in incorporating individual covari-
ates. Here, we introduce the IPCW RMST regression model proposed by Tian et al.
(2014). Suppose X is a p x 1 covariate vector for a study participant, where X may
contain any exploratory variables, including intercept, treatment indicators, baseline
covariates, and treatment-by-covariate interactions. We assume conditionally inde-
pendent censoring, formally written as C' L T\f(. In a study with n participants, the

observed data are written as {(U;,d;,X;),i = 1,...,n}. We define the conditional



RMST as p(t*|X) = E[min(T,t*)|X] = E[Y]X].
The IPCW RMST regression model is written as follows:
g(u(t*|X)) = X*B, (1.3)

where (3 is the vector of regression coefficients and g(+) is the link function. The log
or identity link is often used in the IPCW RMST regression. Since the distribution
of Y is unknown, a quasi-likelihood method is applied to estimate the model param-
eters (Tian et al., 2014; Gardiner, 2021). For the i patients, let u; = E[Y;|X;] and
assume its variance is Var(u;) = ¢v(u;), where ¢ is a dispersion parameter and v(-)
is a specified variance function. By assuming the link function g() is a canonical
link (McCullagh, 2019), we have v(-) = 1/¢/(-). The parameters 8 can be estimated

from the following weighted quasi-score estimating equation:

. oW Y; — 1, w—
Unll) = S ooy = e {Yi— o (TR KT — o
where w; = 0% /G(Y;) is the inverse probability of censoring weight for the i*" par-
ticipant, as defined in Equation (1.2). Note that although Y; may not be observ-
able for all participants due to censoring, the parameter 3 is still estimable in this
model (Tian et al., 2014). The large sample properties for the estimated coefficient B
have been discussed in Tian et al. (2014); Gardiner (2021). We provide their proofs

in Appendix A.

There is another RMST regression model using pseudo observations proposed by An-
dersen et al. (2004). As our proposed methods in the following chapters are primarily
based on the IPCW RMST regression, we briefly introduce the pseudo-value RMST

regression in Appendix A.



1.3 Objectives

As RMST demonstrates potential benefits and advantages in analyzing time-to-event
data in clinical studies, novel RMST-based methodologies are actively developed
across various research areas in clinical trials. In this dissertation, we aim to address
several methodological and practical gaps in RMST-based approaches within the

following three research areas:

1.3.1 Individual Participant Data Network Meta-Analysis

Network meta-analysis (NMA) compares multiple treatments simultaneously by com-
bining direct and indirect comparisons. The availability of individual participant
data (IPD) makes it possible to evaluate treatment effect moderation and to draw
inferences about treatment effects by taking the full utilization of individual covari-
ates from multiple clinical trials. In IPD-NMA, RMST models have gained popular-
ity when analyzing time-to-event outcomes because they offer more straightforward
interpretations of treatment effects with fewer assumptions than HRs commonly es-
timated from Cox models. However, current approaches need to incorporate individ-
ual covariates properly to evaluate the effect moderation. In this study, we propose
advanced models that fully utilize individual-level covariates to adjust RMST by co-
variates and estimate treatment-by-covariate interaction effects in IPD-NMA. Our
models enable us to study treatment effect moderation and provide a comprehensive
understanding of the comparative effectiveness of treatments and subgroup effects.
The methods are evaluated by an extensive simulation study and illustrated using a

real NMA example about treatments for patients with atrial fibrillation.
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1.3.2  Inference in Multi-Regional Clinical Trials

Multi-regional clinical trials (MRCTSs) are increasingly pivotal in the global develop-
ment of pharmaceutical products by accelerating the process of data gathering and
regulatory approval for needed patients worldwide. In MRCTSs, the baseline char-
acteristics of study participants often differ across regions due to the differences in
recruitment practice and genetic and demographic profiles of the relevant regions.
Existing methods have ignored the incomparability of baseline covariates, inevitably
yielding biased assessments of treatment effects and misleading conclusions on the
consistency of treatment effects across regions. Moreover, limited attention has been
given to time-to-event outcomes. In this study, we employ RMSTs and propose infer-
ence methods for assessing regional treatment effect heterogeneity with consideration
for eliminating regional imbalance due to extrinsic regional factors. Theoretical work
is utilized to establish the large sample properties of the proposed methods. The
methods are compared through extensive simulation studies and illustrated using a

real MRCT on acute coronary syndromes.

1.3.3 Biomarker-Guided Adaptive and Enrichment Design

Biomarker-guided designs are increasingly used to evaluate personalized treatments
based on patient’s biomarker status in Phase II and III clinical trials. With adaptive
enrichment, these designs can improve the efficiency of assessing the treatment effect
in biomarker-positive patients by increasing their proportion in the randomized trial.
While time-to-event outcomes are often used as the primary endpoint to measure
treatment effects for a new therapy in severe diseases like cancer and cardiovascular
diseases, there is limited research on biomarker-guided adaptive enrichment trials
with time-to-event endpoints. Such trials almost always utilize HRs for statistically

measuring treatment effects under the PH assumption. In this study, we propose a
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novel two-stage biomarker-guided adaptive RMST design with threshold detection
and patient enrichment, and our design strategy does no require the PH assumption.
We develop sophisticated methods for identifying the optimal biomarker threshold,
treatment effect estimators in the biomarker-positive subgroup, and approaches for
type I error rate, power analysis, and sample size calculation. An extensive simulation

study is presented to evaluate the performance of the proposed design.
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2

Topic 1: Network Meta-Analysis of Time-to-Event
Endpoints with Individual Participant Data Using
Restricted Mean Survival Time Regression

2.1 Introduction

2.1.1 Individual Participant Data Network Meta-Analysis

As an extension of traditional pairwise meta-analysis (DerSimonian and Laird, 1986),
network meta-analysis (NMA) evaluates more than two treatments simultaneously
by integrating findings from multiple trials, particularly randomized controlled tri-
als (RCTs), and accounting for heterogeneity across the trials (Lu and Ades, 2004;
Salanti et al., 2008; Mills et al., 2013; White, 2015; Hong et al., 2016). With lim-
ited evidence about head-to-head comparisons in RCTs, NMA can leverage informa-
tion about both “direct” and “indirect” comparisons of treatment, providing com-
prehensive and integrative inferences about the comparative effectiveness of treat-
ments (Saramago et al., 2014; Lu and Ades, 2004). NMA often combines aggregate
data (e.g., summary statistics), denoted by AD-NMA, but thanks to recent ad-

vances in data sharing and increasing access to individual participant data (IPD),
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statistical methods for NMA using IPD, denoted by IPD-NMA, have been actively
developed (Donegan et al., 2013; Hong et al., 2015; Debray et al., 2015). Using
IPD in NMA allows researchers to inform personalized treatment decisions by as-
sessing treatment effect moderation and subgroup effects using individual-level co-
variates (Lyman and Kuderer, 2005; Riley et al., 2010; Donegan et al., 2012; Hong
et al., 2015).

2.1.2 Approaches in IPD-NMA

There are two approaches for conducting IPD-NMA (Simmonds et al., 2005): two-
stage and one-stage approaches. The two-stage approach first estimates treatment
effects within each study, and then combines the study-level effect estimates across
studies using an AD-NMA model (Debray et al., 2013). On the other hand, the one-
stage approach combines the IPD of all studies included in the NMA simultaneously
as a single step by using a hierarchical model (Bowden et al., 2011). The differences
between these two methods have been extensively discussed through empirical, the-
oretical, or simulation studies by Stewart et al. (2012); Debray et al. (2013); Burke
et al. (2017); Hua et al. (2017), and Kontopantelis (2018). The benefits of using the
one-stage methods include: 1) they use an exact likelihood specification instead of
assuming the asymptotic normality of study estimates that are usually used in the
two-stage methods; 2) they can account for within-study parameter correlation more
efficiently, especially in the presence of missing outcomes; 3) the one-stage methods
provide higher power and lower bias when estimating treatment-by-covariate inter-
actions to assess effect moderation; 4) the one-stage methods can provide reliable
results with limited numbers of studies and study participants or events per study
are available. In contrast, the two-stage methods have fewer computational burdens

compared to the one-stage methods, and the two-stage methods can be used when a
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few studies provide IPD and the remaining studies provide aggregate data.

2.1.3 IPD-NMA with time-to-event outcome

When analyzing a time-to-event outcome in NMA, IPD has many advantages (Smith
et al., 2005). First, we can apply the same outcome model and assess model assump-
tions consistently across trials. Second, a common metric quantifying treatment
effects concerning time-to-event outcomes (e.g., HR or RMST) can be estimated
directly in all available trials in IPD-NMA, regardless of what was reported in pub-
lications. Third, the individual-level covariates enable us to assess treatment effect
moderation accurately compared to aggregate covariates. Many statistical meth-
ods for time-to-event outcomes typically rely on HRs, usually estimated by Cox
PH models (Cox, 1972). NMA with time-to-event outcomes is not an exception,
and IPD-NMA models based on Cox regression have been proposed by Smith et al.
(2005) and Crowther et al. (2012). However, Cox regression models rely heavily on
the PH assumption and could result in misleading HR estimates and an inappro-
priate summary of treatment effect when the assumption is violated (Lin and Wei,

1989).

In contrast, RMST has a more straightforward clinical interpretation than HRs and
provides a valid measure for treatment effects under any distributions of time-to-event
outcomes with no model assumptions (Perego et al., 2020). Another advantage of
RMST is its ability to estimate treatment effects at different time points, avoiding
the conceptual dilemma of averaging HRs over time, especially when survival curves
between two groups cross each other, which is an indication of PH assumption viola-
tion. Leveraging these advantages, RMST methods have been recently incorporated
into NMA with IPD (Wei et al., 2015; Lueza et al., 2016; Weir et al., 2021; Tang and

Trinquart, 2022). A two-stage IPD-NMA model is commonly used where the first
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stage obtains RMST estimates per treatment arm in each study, and then the second
stage conducts a traditional study-level NMA using the RMST estimates. However,
this model does not properly adjust for covariates in the first stage because RMST's
are estimated by a simple integration of a survival curve (i.e., Equation (1.1)) in the
first stage. Moreover, the existing methods use a contrast-based parameterization
that directly models relative treatment effects, such as an RMST difference between
two treatments. As an alternative, an arm-based parameterization can directly model
the responses observed in each of the treatment arms (Hawkins et al., 2016), and
it enables direct modeling of RMST's rather than RMST differences in NMA, which
provides straightforward parameter interpretations (White et al., 2019). By estimat-
ing RMSTs, we can calculate the RMST differences for all pairwise comparisons of

treatments.

To the best of our knowledge, no formal model has been developed for one-stage IPD-
NMA using RMST. Moreover, if covariates are properly used to estimate treatment
effect in the first stage, a two-stage model would still be able to adjust the covariates
when estimating treatment effect. As such, in this paper, we propose advanced
two-stage and one-stage IPD-NMA methods for time-to-event outcomes using the
arm-based parameterization to estimate RMST. Our methods fully utilize individual-
level covariates to adjust RMST by covariates and estimate treatment-by-covariate

interaction effects.

2.1.4 Chapter Outlines

The remainder of this chapter is structured as follows. Chapter 2.2 introduces our
proposed RMST IPD-NMA methods. Chapter 2.3 provides the results from an
extensive simulation study. In Chapter 2.4, we illustrate the proposed methods using

a real NMA example about treatments for patients with atrial fibrillation (Carnicelli
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et al., 2021, 2022). We conclude the paper with discussions and limitations of the

proposed methods in Chapter 2.5.

2.2  Methods

We propose two RMST IPD-NMA models under (1) two-stage and (2) one-stage
approaches. Both models estimate RMST adjusted by covariates using the inverse
probability of censoring weighted regression method (Tian et al., 2014). The models
are developed under the consistency assumption, where direct and indirect compar-

isons of treatments are the same (Higgins et al., 2012).

2.2.1 Two-Stage RMST IPD-NMA Model

The first stage of the two-stage RMST IPD-NMA model analyzes individual stud-
ies separately to estimate RMSTs and treatment-by-covariate interaction effects by
fitting an inverse probability of censoring weighted RMST regression as introduced

in Chapter 1.2.2. Suppose Tj; is the time-to-event outcome and Cj; is the censor-

ing time, where ¢ and j index participants and studies such as ¢ = 1,...,n; and
j=1,...,J. The truncated time-to-event outcome is Y;; = min(7};, t*). Suppose we
evaluate K treatments and Z;; € {1,..., K} is the treatment indicator. We consider

P covariates, where the p™™ covariate is X)), and we let X;; be a P x 1 covariate vector

specific for Patient ¢ in Study j. Let p;; = E(Y;;|Xy;, Zi;) be the conditional RMST,

R
then the RMST regression model for the j* study in the first stage is written as

follows:
K K
(i) Z aipl[Ziy = k) + Y Xy Byl [Ziy = k). (2.1)
k=1 k=1

Typical choices of the link function ¢(-) can be log link or identity link. We will

use the log link function (i.e., g(-) = log(-)) throughout this chapter. Note that
17



our model under arm-based parameterization does not need a separate intercept
or main covariate effect parameters in the model (Hong et al., 2015, 2016). Here,
;i is the log-RMST up to t* for Treatment k and X;; = 0 in the j% study. We
define B, = (Bjr1, - - - Bjn p)T, where ;i is the study-specific treatment-by-covariate
interaction effect for p = 1,..., P. The resulting estimates in the j** study are

N « ~T ~T . . . .
denoted as (dj1,. .., &k, B, -, B,x) and their associated study-specific variance-

covariance matrix 3;, where Bjk, = (Bikts - Birp) T

In the second stage, the estimated log-RMSTs, (&;1,...,d&;k), and treatment-by-

~

. . . ~T . . . .
covariate interactions, (8 B ), are analyzed using a multivariate meta-analysis

IR
model with restricted maximum likelihood estimation (Chen et al., 2012; Schwarzer
et al., 2015). The multivariate meta-analysis model is written as follows:

i = Qi + aji + €k,

R (2.2)

Bikp = Brp + jkp + Njkp,
forj=1,...,J, k=1,...,K,and p=1,..., P. Here, o is the fixed (mean) main
treatment effect, interpreted by the log-RMST up to t* of Treatment k for X;; = 0,
and [y, is the fixed (mean) treatment-by-covariate interaction effect between Treat-
ment k£ and X,. If X, is a binary covariate, 3y, is the difference in log-RMST for
Treatment k between X, = 1 and X, = 0. If X, is a continuous covariate, S, is the
change in log-RMST for Treatment k per unit change in X,,. Both a,; and bj, are as-
sociated with random effects c;, and By, respectively. Let bjx = (bjk1, - ., bjrp)T, we
assume that the random effects parameter vector, r; = (a1, .., a4k, b;frl, e ,b]TK),
independently follows a multivariate normal distribution, namely MV N (0, Ry). Here
R, is an unstructured covariance-variance matrix of the random effects that describes

the between-study heterogeneity for each parameter in Equations (2.2) and the di-

agonal element of Ry is the variance component of the between-study heterogene-
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ity corresponding to each parameter. In addition, €;, and n;;, are the associated
residuals for ay, and Sy, respectively, which are assumed to be independent. Let
N, = (Mjk1, - - -, Mjkp), then the residual vector (€;1, .. ., €k, 17?1, . ,an) is assumed
to follow a multivariate normal distribution with mean 0 and covariance-variance

matrix 3, i.e. MVN(0,5;).

We use the restricted maximum likelihood method (Jackson et al., 2011) to fit the
model in Equations (2.2), implemented using R package mvmeta (version 1.0.3) (Gas-
parrini et al., 2012). Alternatively, one can also use a multivariate version of the
DerSimonian-Laird method of moments estimator (Jackson et al., 2013) or Bayesian

approach (Wei and Higgins, 2013) to fit this multivariate model with random effects.

2.2.2  One-Stage RMST IPD-NMA Model

In the one-stage model, IPD from all studies included in NMA are modeled simulta-
neously. The IPCW RMST regression model is extended to combine multiple studies
and account for between-study heterogeneity. We use the penalized quasi-likelihood
(PQL) method (Breslow and Clayton, 1993) to fit the one-stage model with random
effects as our truncated event time outcome does not follow a normal distribution.
Followed by the same notations as in the two-stage RMST IPD-NMA model, given

the study level random effects, Y;; are assumed to be conditionally independent with

the mean E(Yj;|r;) = ,ugj) and the variance Var(Yj;|r;) = gbv(,ugl-‘j)). Here, ,ugj)
is related to the value of random effects r; = (aji,...,a;x,bj;,...,blg), v(-) is a
variance function as introduced in Chapter 1.2.2, and ¢ is the dispersion parameter.

The one-stage RMST IPD-NMA model is written as follows:

K
gy =Y aud[Ziy = k] + Y. X8l [ Zij = k. (2.3)



For k =1,..., K, we define aj; = ay +a;, and B, = (B, - - - , Bikp)T, where 81, =
Bkp+bjkp (p =1,..., P). Here, oy, a;i, Brp, and b;x, have the same interpretations as
in Equation (2.2). Let b, = (bjk1, - . -, bjxp), we assume the random effects parameter
vector, rj;, independently following a multivariate normal distribution with mean 0
and an unstructured covariance-variance matrix Ry, namely MV N(0,R;). Here, R4
is the covariance matrix of the random effects in Equation (2.3), and each diagonal
element of Ry measures the variance of the between-study heterogeneity. The PQL
method is implemented using the glmmPQL function available under R package MASS
(version 7.3-58.3) (Venables and Ripley, 2002). We show the algorithm for estimating

the parameters in Equation (2.3) in Appendix B.

In both two-stage and one-stage models, including too many covariates can result
in numerical difficulties when estimating random effects for all coefficients. In such
cases, there are several ways to simplify the models. First, if we expect no interac-
tion effect between covariate X, and the treatments, we can replace 3;i, with (3, in
Equations (2.1) and (2.3). Second, random effects can be removed for some param-
eters if little or no between-study variability exists. Third, covariance matrices for
random effects, Ry and R4, can be assumed to be structured, such as diagonal or

blocked diagonal, rather than unstructured.

2.2.3 Existing RMST IPD-NMA Methods

We consider two existing two-stage IPD-NMA proposed by Weir et al. (2021) us-
ing a frequentist framework (denoted by nonparametric frequentist [NPF] two-stage
model) and Tang and Trinquart (2022) using a Bayesian framework (denoted by
nonparametric Bayesian [NPB] two-stage model). We modify these models by em-
ploying arm-based parameterization to compare their results with those under our

methods. The first stage of the two models estimates the study-specific RMSTs for
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a treatment using Equation (1.1). For the NPF model, the second stage combines
the study-specific RMSTs by using a standard AD-NMA approach. The modified
NPF model under the arm-based parameterization is fitted using the multivariate
meta-analysis model (Chen et al., 2012; Schwarzer et al., 2015) yielding a restricted
maximum likelihood estimator. For the modified NPB model, we adopt a Bayesian
arm-based model proposed by Hong et al. (2015, 2016) to combine the study-specific
RMSTs. Note that the existing models are not designed to study effect moderators
because the first stage of these models uses a simple integration of the marginal

survival function.

2.3 Simulation Study

2.3.1 Aims and Performance Measures

In this simulation study, we evaluate the finite sample performance of the proposed
two-stage and one-stage RMST IPD-NMA models under various scenarios, and com-
pare the proposed methods with the existing methods in terms of bias, mean squared
error (MSE) and coverage probability of the RMST estimators. We use 1,000 Monte
Carlo replications. The coverage probability is defined as the proportion of replica-
tions of which 95% confidence intervals (or credible intervals when fitting the NPB

model) contain the true value out of the total number of replications.

2.3.2  Data-Generating Mechanisms

We simulate data for a network meta-analysis of randomized trials to assess three
treatments: Treatment A (k = 1), Treatment B (k = 2) and Treatment C (k = 3).
Our data-generating process is built based on the approaches proposed by Wang
and Schaubel (2018) and Zhong and Schaubel (2022). Let nt denote the number of

trials and n; denote the number of patients in the g% trial. For j = 1,...,nt and
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t=1,...,n;, the time-to-event outcome 7T;; is generated using the following model:

3 3 3
log(Tyy) = D ol [Zyy = K1+ Xy Y Bil[Ziy = k] + e Y on, (2.4)
k=1 k=1 k=1

where Xj; ~ Bern(0.5), a binary covariate. Here, we sample o, from N(af, 72),
where 7 measures heterogeneity across studies. We consider three values of 7 =
0.1,0.3,0.5, indicating low, moderate, and high between-study heterogeneity. Note
that Equation (2.4) is an accelerated failure time model with random effects, where
af is the fixed treatment effect for X;; = 0, 5} is the fixed treatment-by-covariate
interaction effect, oy is a scale parameter. We assume the residual ¢; ~ N(0,1).

The prespecified values of o}, §;, and o are provided in Table B.1 in Appendix B.

Next, we assume the censoring time Cj; is independent of T;, which is generated from
an exponential distribution Fxp(0.15). We set a fixed truncation time for RMST at
t* = 4. Figure B.1 in Appendix B displays the simulated survival curves in the two

subgroups, X = 0 and X = 1, for three treatments.

2.8.8  Simulation Scenarios

In this simulation, we vary one of the three factors while fixing the others. The
three factors include (1) the total sample size of NMA data, (2) the number of trials
included in an NMA, and (3) the network of treatments. The following scenarios

determine the simulated NMA data structures:

Scenario 1: Vary n; = 200,500, or 1000 for all j while fixing nt = 20. All trials have

three treatment arms.

Scenario 2: Vary nt = 10,20, or 30 while fixing n; = 500 for all 7. All trials have

three treatment arms.
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Scenario 3: Vary treatment networks (shown in Table 2.1) while fixing nt = 20. Let
the sample size in each trial be sampled from a discrete uniform distribution,

n; ~ Unif(300,700).

Table 2.1: Treatment networks in Scenario 3 from the simulation study. The upper
table summarizes the number of trials with each treatment combination. The lower
table summarizes the total number of trials that contain certain treatments.

Number of Trials
Treatments | Network 1 Network 2 Network 3

ABC 14 8 0
AB 2 4 7
A,C 2 4 7
B,C 2 4 6

Total Number of Trials Studying
Individual Treatment
Treatment | Network 1 Network 2 Network 3

A 18 16 14
B 18 16 13
C 18 16 13

Note that we assume an equal allocation of treatments in each trial. In Scenarios 1
and 2, we evaluate the bias, MSE, and coverage probability of RMSTs when varying
nt and n;, respectively, while fixing the other parameters. Scenario 3 considers real-
istic treatment networks where no trials compare all three treatments simultaneously
(i.e., no three-arm trials). In Scenario 3, the three networks result in different num-
bers of trials included in NMA. For example, 18 trials study Treatment A in Network
1, while 14 trials study Treatment A in Network 3 (see the bottom of Table 2.1).
Network 1 contains more data (i.e., information) about Treatment A than Network
3. Scenario 3 is designed as the number of trials studying each treatment decreases

from Network 1 to Network 3.
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2.3.4 Methods and Estimands

In three scenarios, we fit the proposed two-stage and one-stage RMST IPD-NMA
models with the log link function. Additionally, we compare the proposed methods

with the two existing two-stage methods, NPF and NPB.

The estimands are the log-RMSTSs for each treatment and subgroup. The true log-
RMSTs are calculated as 0.687, 1.070, and 0.877 for Treatment A, B, and C in
subgroup X = 0, and 0.859, 1.186, and 1.056 for Treatment A, B, and C in subgroup

X = 1. We discuss the true estimand calculation in Appendix B.

2.8.5 Results

Figure 2.1 presents the bias of log-RMST of three treatments for the subgroup with
x = 0 under each scenario. Compared with the existing two-stage methods, our
proposed models provide no or smaller bias across all scenarios. The most significant
difference in bias between the existing and proposed methods is observed when n; =
200 in Scenario 1. Across all scenarios, bias tends to increase as the level of between-
study heterogeneity increases. That is, NMA data containing high heterogeneity tend
to yield biased estimates. When considering the same level of heterogeneity, the bias
from the existing approaches decreases as the sample size in each trial increases.
However, the sample size, number of trials, and treatment network do not affect bias

in our proposed methods under the same level of heterogeneity.
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FIGURE 2.1: Simulation results of bias of log-RMST of three treatments (A, B, and
C) for the subgroup with = = 0 under three scenarios.

Figure 2.2 displays the MSE of log-RMST for the subgroup with x = 0. Overall, our
proposed methods show MSEs no larger than those under the existing methods. In
Scenario 1, the existing models provide much larger MSE than the proposed models
when n; = 200. In Scenarios 2 and 3, the MSE difference between the proposed
and existing models is slight. Furthermore, MSEs tend to increase as the level of

between-study heterogeneity increases. In addition, fixing the level of between-study
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heterogeneity, all models yield decreasing MSEs when n; increases in Scenario 1, nt
increases in Scenario 2, and the network setting moves from Network 3 to Network 1
in Scenario 3. These results are expected because they show that MSEs get smaller

when more data (e.g., large sample size, many trials) are used in NMA.
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treatments (A, B, and C) for the subgroup with z = 0 under three scenarios.
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Figure 2.3 presents the coverage probability of log-RMST for the subgroup with
x = 0. The existing methods provide coverage probabilities a lot lower than 95%,
especially when between-study heterogeneity is low, and n; or nt is small. In con-
trast, our proposed two-stage model yields coverage probabilities close to a nominal
probability of 95% in most scenarios. However, our one-stage model shows a slightly
lower coverage than the two-stage model with a coverage probability below 90% in
Scenario 2 when nt = 10 and in Scenario 3 under Network 3. This result shows that
the standard errors of log-RMST might be underestimated in our one-stage model
due to a biased estimate of between-study variability (simulation results not shown).
Fixing the level of between-study heterogeneity, the changes in n;, nt, and treatment

networks have minimal effect on the coverage probabilities in our proposed methods.

In summary, the proposed RMST IPD-NMA models outperform existing models
with smaller biases, lower MSE, and coverage probabilities close to 95% across all
scenarios. Notably, the proposed models perform exceptionally well when sample
sizes are small. The simulation results for subgroup x = 1 provide similar results to

those for x = 0, shown in Figures B.2 to B.4 in Appendix B.

2.4 Data Analysis

We illustrate the proposed two-stage and one-stage models using a real NMA example
about treatments for patients with atrial fibrillation. The existing methods, NPF
and NPB, are not applied because the data include continuous covariates that cannot

be adequately handled properly in the existing methods.
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FIGURE 2.3: Simulation results of coverage probabilities of log-RMST of three treat-
ments (A, B, and C) for the subgroup with = 0 under three scenarios. The coverage
probabilities below 50% are truncated to 50% in the plots.

2.4.1 COMBINE-AF Data

The COMBINE-AF (A COllaboration between Multiple institutions to Better In-
vestigate Non-vitamin K antagonist oral anticoagulant usE in Atrial Fibrillation)
data contain IPD from four phase III randomized trials comparing direct oral anti-
coagulants (DOACs) with warfarin to prevent stroke for patients with atrial fibrilla-

tion (Carnicelli et al., 2021, 2022). Among the four trials, two are three-arm trials
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comparing two dose levels of DOACS, such as standard-dose DOAC (SD-DOAC) and
low-dose DOAC (LD-DOAC), with warfarin, and the other two compared SD-DOAC

with warfarin. The network of treatments and detailed information on individual tri-

als can be found elsewhere (Carnicelli et al., 2021, 2022).

In this analysis, we consider two outcomes: time to bleeding and time to all-cause
mortality (death) as safety and efficacy profiles, respectively. The time-to-event
outcomes are in the unit of month, and we use 32 months, the point at which less
than 10% of patients remained at risk across all studies (Carnicelli et al., 2022), as
the truncation time for RMST. We fit our proposed two-stage and one-stage models
adjusted by two baseline covariates: sex as a binary variable and age as a continuous
variable. The treatment-by-covariate interactions are included. We use males as the

reference group and center the age to 70.55, the average age of the four trials.

2.4.2 Results

Figures 2.4 and 2.5 display the estimated RMSTs over age (from 50 to 90) by treat-
ment and sex groups for the event of bleeding and all-cause mortality, respectively.
The coefficient estimates of the fixed effect and the estimates of the standard de-
viation of random effects are reported in Tables B.3 and B.4 in Appendix B. The

proposed two-stage and one-stage models yield similar point estimates.

In Figure 2.4, the estimated RMSTs for the bleeding outcome demonstrate a consis-
tent decrease in older patients, and this pattern is observed across both female and
male patients and all three treatments. According to both models, all treatments
have significant interaction effects with age (p-value < 0.01), while the treatment
effects do not significantly differ by sex (see Table B.3 for details). LD-DOAC is
preferable for avoiding bleeding among three treatments across the age range of 50

to 90, regardless of the sex. However, we observe that the relative efficacy of SD-
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DOAC compared to warfarin is smaller in senior patients.
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FIGURE 2.4: Estimated RMSTs (in months) for the bleeding outcome over age
(from 50 years to 90 years) by treatment and sex groups. The results for female and
male patients are shown in the first and second rows, respectively. The results from
the two-stage and one-stage models are displayed in the first and second columns,
respectively.

Under the two-stage model, given patients aged 70.55, the estimated average bleeding-
free survival times at 32 months are 26.21 months for male patients and 26.47 months
for female patients randomized to LD-DOAC. The one-stage model yields results of

25.84 months for males and 25.99 months for females. Meanwhile, the two-stage
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model suggests a more significant benefit of LD-DOAC vs. warfarin among patients
at 70.55 years old. Compared to the patients randomized to warfarin, those random-
ized to LD-DOAC show a significant enhancement in average bleeding-free survival
times at 32 months, with a relative increase of 6% (95% CI: [4%, 9%)]) for males and

12% (95% CI: [9%, 15%)]) for females.

Figure 2.5 shows a similar declining pattern in the estimated RMSTs for all-cause
mortality over age, commonly observed across sex and treatment groups. However,
the estimated RMSTs are closely aligned among the three treatments. Both two-
stage and one-stage models reveal significant interaction effects of age with all three
treatments (p-value < 0.01). The two-stage model indicates that SD-DOAC and LD-
DOAC have significantly different effects by sex. In contrast, the one-stage model
shows that warfarin and SD-DOAC have significantly different effects by sex (see
Table B.3 for details). Under both models, LD-DOAC is preferable in mitigating the
risk of death for patients whose ages are between 40 and 90, regardless of sex. Addi-
tionally, SD-DOAC shows a more favorable impact on reducing all-cause mortality

compared to warfarin in older patients.

Under the two-stage model, given patients aged 70.55, the estimated average sur-
vival times at 32 months, are 30.45 months for male patients and 30.85 months
for female patients randomized to LD-DOAC. The one-stage model yields results of
30.48 months for males and 30.75 months for females. The relative RMST differences

among treatments are all less than 1% according to both models.

We assess the between-study variability through the variance of random effects for
the main treatment effects and treatment-by-covariate interactions (see Table B.3 for
details). For the bleeding outcome, the variability seems moderate for the main treat-

ment effects and treatment-by-sex interactions, while it is notably low for treatment-
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FIGURE 2.5: Estimated RMSTs (months) for the all-cause mortality outcome over
age (from 50 years to 90 years) by treatment and sex groups. The results for fe-
male and male patients are shown in the first and second rows, respectively. The
results from the two-stage and one-stage models are displayed in the first and second
columns, respectively.

by-age interactions. For the death outcome, the between-study variability for all

parameters is minimal, indicating the consistency of the results across trials.
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2.5  Discussion

We developed two-stage and one-stage IPD-NMA methods that estimate RMST for
time-to-event outcomes. These models used individual participant-level covariates
and estimated RMST and treatment-by-covariate interaction effects using inverse
probability of censoring weighted RMST regression. Our simulation study showed
that the proposed two-stage and one-stage models provided unbiased RMST esti-
mates with smaller MSE and proper coverage probability than the existing nonpara-
metric two-stage approaches. In addition, we demonstrated the proposed methods

using a real data example.

In the simulation study, we observed finite biases in our proposed one-stage and two-
stage methods, mainly when between-study heterogeneity is high. For the two-stage
approach, our findings align with those in several previous research (Chen et al.,
2012; Jackson et al., 2013), where considerable biases and low coverage probability
of coefficients were observed in multivariate meta-analysis under high between-study
variability. For the one-stage approach, these biases arose due to the biased PQL
estimators of either the fixed effect or the standard deviations of random effects (Lin
and Breslow, 1996; Breslow, 2004; Lin, 2007; Jiang and Nguyen, 2007; Nugent et al.,
2019). The PQL algorithm involves the Laplace approximation for the integrated
quasi-likelihood (Breslow and Clayton, 1993), and this approach may lead to less ac-
curate estimations when the number of clusters (e.g., the number of studies) is small
and the variance component (e.g., the between-study heterogeneity) is large (Bel-
lamy et al., 2005; Jang and Lim, 2009). However, it is essential to note that the PQL
approach offers computational advantages because it can be applied to the RMST
regression using the quasi-likelihood approach. It tends to perform well, and these bi-
ases can be ignored when the variances of random effects are small, and the outcomes

become closer to a normal distribution (Breslow, 2004; Bellamy et al., 2005; Jiang
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and Nguyen, 2007). To further enhance the estimation in our one-stage method, the
adaptation of alternative approximation methods, such as Gauss-Hermite quadra-
ture can be considered (Liu and Pierce, 1994; Pinheiro and Bates, 1995). However,

this is beyond the scope of our work and remains as future research.

We used the COMBINE-AF as an illustrative example and considered selected out-
comes to demonstrate the proposed methods described in the manuscript. As such,
it is essential to interpret the results cautiously and refrain from employing them
directly for clinical decision-making. Clinical decisions should be made by carefully
considering other important outcomes and relevant medical information. A compre-
hensive discussion on clinical decision-making based on the COMBINE-AF can be

found in Carnicelli et al. (2022).

In our data analysis, both two-stage and one-stage models produced similar coeffi-
cient estimates, but they provided slightly different estimates of the standard devi-
ation of the between-study heterogeneity. This difference could be attributed to the
varying estimation methods used in the two approaches and the different likelihood
functions employed in each method. In specific, the two-stage model assumes nor-
mality for all parameters derived from the first stage, while the one-stage model uses

quasi-likelihood functions.

In this study, all NMA models were fitted under the “consistency” assumption that
assumes direct and indirect comparisons provide the same effects. In NMA, “incon-
sistency” is often defined as a statistical disagreement between direct and indirect
comparisons (Higgins et al., 2012), and it could lead to biased results if not handled
properly (White et al., 2012; Freeman et al., 2019). However, the treatment network
of our data example needs more information to assess consistency. For time-to-event

outcomes, violations of the PH assumptions could result in inconsistency with biased
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indirect treatment comparisons (Jansen, 2011). However, formal methods have yet
to be proposed to analyze NMA with time-to-event in the existence of inconsistency.

This topic requires further research.

Software

The relevant R code for the methodology and simulation study is available at https:
//github.com/kimihual995/NMA_IPD_RMST.

Data Availability Statement

The data that support the findings of this study are available to members of the
COMBINE-AF executive committee. Restrictions apply to the availability of these
data, which were used under license for this study. Individual investigators may

reach out directly to the COMBINE-AF executive committee for collaboration.
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3

Topic 2: Inference of Treatment Effect and Its
Regional Modifiers Using Restricted Mean Survival
Time in Multi-Regional Clinical Trials

3.1 Introduction

3.1.1  Multi-Regional Clinical Trials

With a growing demand for region-specific evidence of drug effects and a need for
pooling patient data from multiple regions, the pharmaceutical industry has global-
ized the research and development to provide high-quality medical products around
the world (Quan et al., 2013). Multi-regional clinical trials (MRCTs), in which
patients are enrolled from multiple geographically separated regions, have become
a common practice in recent years since they could accelerate the availability of
critical medical products to needed patients worldwide and also help increase the
developmental efficiency in regional clinical research (Chen et al., 2010). In 2016,
the International Council for Harmonisation E17 (Food and Drug Administration

(FDA), 2016) was issued to promote MRCT data acceptance by multiple regulatory
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agencies.

In MRCT, there is a keen interest in estimating region-specific average treatment
effects and assessing the heterogeneity of average treatment effects across regions.
When treatment effects from multiple regions are consistent, combining data from
these regions becomes feasible. Such a combination enhances the power to detect
the overall treatment effect and extends the generalizability of trial findings. In
such cases, the regional regulatory agency could expedite drug approval by bridging
data from its region with data from other regions. Nevertheless, in the presence of
inconsistency in treatment effects and safety profiles, mainly if the differences are
substantial or opposite, a regional regulatory agency may choose to disapprove the

drug in its market.

3.1.2 Essential and Inessential Traits in MRCT

In MRCT, the treatment effect inconsistency between regions can stem from various
factors that can be classified into two categories: exogenous (inessential) imbalance
and intrinsic (essential) imbalance of regional traits. Essential traits are intrinsic
to a region, including a region’s ethnic and racial constituents, genetic variants, and
medical practice due to administrative, cultural, and historical reasons. These factors
are typically important to distinguish regions but may be difficult to quantify and
often not captured by the MRCTs.

On the other hand, inessential traits are exogenous to a region’s identity, including
patient characteristics (e.g., gender and age) and clinical factors (e.g., baseline per-
formance status, tumor size, and comorbidity). The imbalances in inessential traits
between regions are inevitable due to the recruitment of patients from those who
“conveniently” come to the clinics or centers that conduct the trial in a specific re-

gion. The recruitment in each region cannot be considered a simple random sample
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of the reference population. As the region-specific treatment effects are estimated
over the population represented by the sample of recruited patients from each re-
gion, differences in treatment effects between regions may be partially attributed to

disparities in the inessential traits of these region-specific samples.

With the obligation to protect the patients of their regions from ineffective or toxic
treatments, regional regulatory agencies are usually interested in the inconsistency
caused by essential traits (e.g., race and genetic variants). However, assessing the
treatment effect consistency across regions may be biased if imbalanced inessential
traits modify the treatment effect (i.e., the effect modifiers). Therefore, there is a
need to eliminate any apparent difference introduced by inessential traits, especially
the effect modifiers, in a particular sample to ensure a comparable evaluation of the
treatment effect. Throughout this study, we will refer to inessential traits, which
are effect modifiers as variables that modify the region-specific average treatment
effect (which will be defined in Chapter 3.2). We will interchangeably use the terms

“inessential traits” and “covariates” in this study.

3.1.3  Motiation Example: PLATO Trial

This study is motivated by the PLATO (PLATlet inhibition and patient Outcomes)
trial (Wallentin et al., 2009), which compared the relative efficacy and safety of stan-
dard antiplatelet therapy, clopidogrel, versus a novel antiplatelet inhibitor, ticagrelor,
for patients with acute coronary syndromes. The trial randomized 18,624 patients in
43 countries among four predefined geographic regions: i) Asia and Australia, ii) Cen-
tral and South America, iii) Europe, Middle East, and Africa, and iv) North America.
The primary endpoint was the time to a composite of cardiovascular death, myocar-
dial infarction, or stroke. The analysis led by Carroll and Fleming (2013) showed

a significant interaction between treatment and region. Their subsequent subgroup
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analysis indicated that ticagrelor was less effective than clopidogrel, though not sta-
tistically significant when limiting participants to the United States (US). However,
the results with participants from the rest of the world (non-US) showed the op-
posite results. The unbalanced distribution of aspirin dose usage between US and
non-US mainly explained this substantial heterogeneity of region-specific treatment
effects. In addition, another study showed that ticagrelor was associated with lower
risk in primary outcome compared with clopidogrel for patients taking low-dose as-

pirin (Mahaffey et al., 2011).

In this study, our objective is to evaluate the region-specific treatment effect in
the PLATO trial after the distributions of maintenance aspirin dose usage and other
potential effect modifiers are balanced across regions. However, the existing methods
in MRCT that rely on fixed or random effects hierarchical models (Chen et al., 2010;
Tsong et al., 2012; Quan et al., 2013, 2014) have ignored the incomparability of
patients’ baseline covariates from different regions. These methods may lead to
biased estimates of region-specific treatment effects and inaccurate assessment of
treatment effect consistency across regions. To address this limitation, we propose
advanced approaches that can correctly estimate the region-specific treatments and
evaluate their consistency. These proposed methods can eliminate disparities arising
from inessential traits, providing a more robust and unbiased assessment of region-

specific treatment effects in MRCTs.

3.1.4 Generalization and Transportation Approaches in MRCT

To eliminate the disparities arising from inessential traits, we propose to “transport”
or “generalize” the treatment effect from each region to a uniform target distribu-
tion of these covariates. By doing so, we can ascribe any variations in the trans-

ported or generalized region-specific treatment effects to the essential traits. The
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differences between transportation and generalization problems have been discussed
elsewhere (Lee et al., 2021; Josey et al., 2021b). Generalization refers to extending
the findings obtained from a nested population to a larger target population. This
concept is applicable when one wants to generalize treatment effects observed in each
region to a broader, common superpopulation. On the other hand, Transportation
is a term used when the regional and target populations are drawn from the same
superpopulation. In this situation, it is used to apply results from a randomized
control trial (RCT) conducted in one region to another where both regions are from
the same superpopulation. In summary, whether to use the terminology of General-
1zation or Transportation depends on the selected target population related to our

research questions.

Many transportation and generalization methods rely on inverse probability of sam-
pling weighting (IPSW) approaches (Stuart et al., 2011; Kern et al., 2016; Westreich
et al., 2017; Dahabreh et al., 2019, 2020). These IPSW-based approaches rely on cor-
rect specification of the sampling score model and sufficient overlap between study
participants and target population (Degtiar and Rose, 2023). However, they become
unstable due to model misspecification, extreme weights, or sparse covariates (Robins
et al., 2007; Ben-Michael et al., 2021). Furthermore, IPSW-based approaches are in-
effective in cases where individual patient data from the target population is not

accessible (Chattopadhyay et al., 2022).

To address these issues from IPSW, recent research embraced the calibration weight-
ing (CW) method to transport or generalize treatment effects from RCTs to the
target population (Josey et al., 2021b, 2022; Lee et al., 2021). The CW approach is
similar to the idea of entropy balancing proposed by Hainmueller (2012). It has been
initially studied in estimating causal effects using observation data (Hainmueller,

2012; Zhao and Percival, 2016; Wang et al., 2019a; Lee et al., 2021). The calibration
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weights are estimated by solving a (convex) entropy maximization problem under
constraints of an exact balance of covariate moments (Zhao and Percival, 2016) so
that the covariate distributions of the samples across groups will empirically match
the common target population. Estimating the calibration weights does not require
fitting a sampling score and an outcome model. In addition, this method is flexible
as it can be applied when only the sample moments of the covariates in the target

population are available (Josey et al., 2021b).

3.1.5 Study Objectives

In this study, we propose both IPSW and CW-based methods to balance the covariate
distributions of the samples across different regions in an MRCT against a common
target population that carries clinical relevance and interpretable validity. Although
some limitations exist in the IPSW-based approaches, they have not been extensively
discussed in the context of MRCTs. We contribute by proposing the IPSW-based
estimators for assessing average region-specific treatment effects in MRCTSs, thus

expanding the methodological repertoire in this domain.

Our focus extends to proposing the CW-based treatment effect estimators from mul-
tiple regions, which enable us to consistently estimate the average region-specific
treatment effects concerning the target population. Furthermore, we assess the con-
sistency of average treatment effects across multiple regions and estimate a global
average treatment effect if there is no evidence of heterogeneity. This approach can

eventually enhance the interpretability of MRCTs.

While previous studies have primarily concentrated on binary outcomes, limited
attention has been given to time-to-event outcomes. To fill this methodological and
practical gap, we propose transportation and generalization methods for analyzing

MRCTSs with time-to-event endpoints. We incorporate RMSTs into our proposed
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methods, leveraging the advantages of RMST in analyzing time-to-event data in

clinical studies.

3.1.6  Chapter Qutlines

The remainder of this chapter is structured as follows. Chapter 3.2 establishes the
basic settings and assumptions for the problem. Chapter 3.3 introduces the two
weighting methods in MRCT: the inverse probability of sampling weighting and
calibration weighting. In Chapter 3.4, we propose four weighted estimators for region-
specific average RMST difference and their large sample properties and introduce a
region-specific consistency test of treatment effects in MRCTs. In Chapter 3.5, we
show an extensive simulation study and assess the finite sample properties of the
proposed estimators. In Chapter 3.6, we illustrate our methods on the PLATO trial.

Chapter 3.7 concludes with a discussion of various issues.

3.2 Basic Setup

3.2.1 Notations and MRCT Data Structure

Figure 3.1 displays the MRCT data structure. Suppose there are M geographically
separate regions (M > 2) with R being the region indicator (R = 1,...,M). Let N,
denote the size of the patient population with a certain disease in Region r (R = r)
under review of RCT enrollment, which is not necessarily known. Hypothetically, we
assume the patient population from different regions share a common distribution
of inessential traits, such as gender and age, while the distribution of some essential
traits, such as race, can distinguish them. Suppose X is a p-dimensional vector of
baseline covariates of interest, and F' denotes the common distribution of X shared

by the patient population across all regions (i.e., X ~ F(X)).

42



Common patient population
{T;(1), T;(0), X, Ri}i24

/\

Region 1 patient population (R = 1) Region M patient population (R = M)
with sample size N; with sample size Ny,
RCT Sampling: p;; ~ Unknown RCT Sampling: pp; ~ Unknown

i l

r=1,...M
[ {T1:(1), T1;(0), X1, Ry = 1,dy; = 1};21 ] R [ {Twi (1), Tni(0), Xyis Ryi = M, dpyi = 1}?=M1 ]

l l

RCT Treatment: Z;; ~ Randomization RCT Treatment: Zy;; ~ Randomization
Censoring: noninformative Cy; Censoring: noninformative Cy;
[ (Ui, 614, Z143, X1, R = L dyy = 1Y ] [ {Unmir Suir Ztin Xnio Rui = M, dpg; = 131 ]

FI1GURE 3.1: Data structure of multi-regional clinical trials.

We first consider a single RCT in Region r, comparing the efficacy of two treatments.
Out of N, individuals in Region r, suppose n,. patients are enrolled in the RCT. We
indicate the selection using d, where d = 1 if an individual is enrolled in the RCT and
d = 0 otherwise. In general, we can only observe the data of the enrolled patients
(i.e., d = 1). Suppose p,(X) = P(d = 1|X, R = r) is an unknown sampling score
for RCT participation in Region r given the baseline covariates X. We denote the
distribution of X for RCT participants as F,.(X) = F(X|d = 1,R = r). Let Z be
the indicator of the treatment assignment, where Z = 1 for the treatment group
and Z = 0 for the control group. Let 7.(X) = P(Z = 1|X,R = r,d = 1) be the
treatment propensity score. In RCTs, m,.(X) = 7, can be commonly assumed to be

known by design.

Following the potential outcomes framework in Rubin (1974), let 7'(1) and T'(0)
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denote the potential time-to-event under treatment and control, respectively. By
assuming the stability of potential outcomes, the time-to-event is T' = T'(1)Z +
T(0)(1 — Z). Let C denote the censoring time. In the presence of right censoring,
T is not observed for all patients. Instead, we observe U = min(7T,C) and the
censoring indicator 6 = I[T" < C], where I[-] is the indicator function. In summary,
let 7 index the enrolled patient and r index the region, the observed data in Region

T is {UriadthMaZri,Rm' =T, dm‘ = 1‘2 = 1, . ,nr}, where r = 1, .. .,M.

3.2.2  Estimands and Assumptions

In Region r, we define the treatment-specific conditional survival function as

S (t|1X) = E{I[T(z) = t]|X,R = r,d = 1} for z € {0,1}. For a pre-specified
truncation time t*, the treatment-specific conditional RMST up to t* is defined as
oz (1%]X) = Sé* S, (t|X)dt. The conditional treatment effect is defined by the RMST
difference such as A, (t*|X) = p,1 (t*|X) — pr0(t*|X).

We seek to characterize the region-specific conditional RMST difference A,.(t*|X) to
a target population. Let F* denote the distribution of X in the target population
(i.e., X ~ F*(X)). Our estimand is a region-specific average RMST difference if the
distribution of covariates X from RCT participants in Region r is the same as in the

target population, which is written as:

An(t*) = pra () = pro (1), (3.1)

where p,,(t*) = Eps[p.(t*]X)] is the region-specific average RMST for z € {0, 1}.
The expectation is taken concerning the distribution of X in the target population.
To identify the estimand from the observed data in MRCT, we make the following

assumptions:
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Assumption 1 (Ignorability and positivity of trial treatment assignment)

(1) {7 1), T(0)} L Z|(d =1,X,R), and (ii) 0 < m.(X) < 1 with probability 1.

Assumption 2 (Conditional noninformative censoring)

{T'(1), T0)} LC|(d=1,7,X,R), which implies T L C|(d =1,Z,X, R).

Assumption 3 (Covariate overlap with target population)
The target distribution of X, F*, is absolutely continuous concerning the distribution
of X for RCT participants in each region, F,.. That is, for any set of X, Ax, if Ax

has zero probability in F,., then it also has zero probability in F*.

Assumption 4 (Conditional exchangeability of survival function and positivity of
RCT participation)
(i) St|IX, Z,R,d=1) = S(t|X, Z,R), and (ii) p.(X) > 0 with probability 1.

Assumption 4 also implies the conditional exchangeability of RMST, i.e., ., (t*|X) =
So (tIX,Z = 2,R = r,d = 1)d So (tIX,Z = 2z, R = r)dt. Under Assump-

tions 1 to 4, p,.(t*) can be identified by E[u,.(t*|X) %5 dr ~(X)], where fg, (X) denotes

the Radon-Nikodym derivative of the distribution F* relative to the distribution of
F,.. For example, if all covariates in X are discrete, W(X) is the ratio of the prob-
ability mass functions of X = x in both distributions, and if all covariates in X are

continuous, %(X) is the ratio of the probability density functions.

3.3 Weighting Methods in MRCT

3.8.1 The Inverse Probability of Sampling Weights

Following the concept of the balancing weight discussed in Li et al. (2018), to char-
acterize the treatment effect from each region to the target population, we can weigh

the distribution of F,. to the target population F* by using the following weight
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functions:

L dFF(X,) | Pee(X = X,)
B dFr(Xm) B PFT(X = XT’L) ’

where Pr+ and Pp. denote the joint probability of X = X,; under the distribution
of F* and F,, respectively. We can use the Kernel smoothing method (Scott, 2015)

to estimate the density function for F,. and F™* if the distributions are unknown.

Alternatively, as the density functions may be difficult to estimate when X is high-
dimensional (Westreich et al., 2017), we can use Bayes’ rules to rearrange the ~,; from

Equation (3.2) into an inverse probability of sampling weight (IPSW) as follows:

’7” B P(dm == 1|Xri7Rri - T) P(d;“z = 1) P(dm = 1|Xri>Rri = 7“)7 ’

where d!, € {0,1} denotes the inclusion in the target population. As a result, the
weight ~,; from Equation (3.3) is proportional to the inverse ratio of a patient’s
sampling score for RCT participation in Region r as opposed to the probability of
being in the target population, conditional on the covariates X,;. However, this

approach requires prior knowledge of the sampling score of the target population,

P(d,;, = 1|X,;).

According to the MRCT data structure shown in Figure 3.1, we can only access the
data from the RCT participation population in each region (i.e., d = 1), and the
data from other unenrolled patients are unavailable. Therefore, we may not directly
estimate the sampling score p,.(X) = P(d = 1|X, R = r) in each region only with the
data of d = 1. Alternatively, we estimate the sampling score by using a region-specific

propensity score, P(R = r|X,d = 1), given the accessible data.

Many methods can be considered when estimating P(R = r|X,d = 1) such as 1)
multinomial logistic regression model, 2) random forests (Lee et al., 2010), 3) gradient
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boosted models (McCaffrey et al., 2013; Burgette et al., 2021), and 4) vector-based
kernel weighting methods (Garrido et al., 2021). This study uses the gradient boosted
model to estimate the region-specific propensity score. This method is implemented
using the R package twang (version 1.4-9.5) (Cefalu et al., 2021). However, using
a misspecified sampling score model may lead to biased results when implementing
the IPSW. Consequently, to establish the large sample properties of the proposed
estimators based on IPSW (to be introduced in Chapter 3.4), we assume the sampling

score p,.(X) is correctly specified.

3.3.2  The Calibration Weights

In contrast, the calibration weights (CW) can be estimated without fitting the sam-
pling score. We utilize the Entropy Balancing method proposed by Hainmueller
(2012) to estimate the calibration weights. Let p,; denote the weights, where ¢ and
r index the patient and region such as7=1,...,n, and r =1,..., M. We estimate

pr; by solving the following optimization problem:

min {2 ipmwg(pm)} : (3.4)

r=14i=1

with constraints:

D pnig(Xe) = gr=1,...,M (3.5)
=1
Mo = Lr=1,...M (3.6)
i=1

The objective function in Equation (3.4) is the negative entropy of the CWs. Min-
imizing this function keeps the CW’s empirical distribution close to the uniform,

which in turn minimizes the variability due to heterogeneous weights (Lee et al.,
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2021).

In Equation (3.5), we suppose g(-) contains L covariate functions to be calibrated.
Let g(X) = [91(X),...,9.(X)], each g(-) is a function of the covariates that can
be any transformation of X, but not necessarily the polynomial function (Zhao and
Percival, 2016). The researcher imposes these functions to equalize the moments
of the covariates between each region and the target population. A typical balance
constraint contains the first £ moments of the calibrated covariates (Hainmueller,
2012; Josey et al., 2021a). For example, when k = 2, g(X) = [X, X?], which forces
the first and second moment of X to equal each region and the target population. In
general, lower order k (e.g., k < 2) is often sufficient to empirically match the covari-
ate distributions in RCT from every region to the target population (Signorovitch
et al., 2010; Wang et al., 2019a). We let g = [71, ..., gr] be the associated moment
estimates of g(X) from any researcher-defined target population. Each g, can be
calculated using individual data from the target population, when available or by

setting it as a specified covariate sample moment of the target population.

Equation (3.6) implies that the calibration weights p,; in each region sum to a nor-
malization constant of one, which guarantees that p,; are valid density functions in

each region (Hainmueller, 2012; Zhao and Percival, 2016).

We calculate p,; in (3.4) by using the Lagrange multiplier (De la Fuente, 2000).

Ao exp{)\fg(xm‘)}

Sy exp{A g(Xe)}

where A, solves Y7 exp{\ g(X,:)Hg(X,:) =&} =0, for r = 1,..., M. We provide
the derivation in Appendix C. Additionally, to establish the large sample properties
of the proposed estimators based on calibration weights (to be introduced in Chap-

ter 3.4), we assume that for any uncalibrated covariates, denoted as W, the sampling
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score is conditionally exchangeable, i.e., P(d = 1|1X,W,R =7r) = P(d = 1|X, R =
T) = pr(X)'

3.4 Weighted Estimators for Region-Specific RMST Difference

We propose four weighted estimators for the region-specific treatment effect in

MRCT, i.e., the region-specific RMST difference A, (t*): 1) Weighted Kaplan-Meier
(KM) estimator, 2) Weighted G-formula (GF) estimator, 3) Weighted Hajek (HJ)
estimator, and 4) Weighted Augmented (AG) estimator. It is important to note
that each proposed estimator has the flexibility to employ both weighting methods
as introduced in Chapter 3.3. Throughout this chapter, we denote ém- as the es-
timated weight function to balance the covariate distributions from each region to
the target population, which can be either IPSW 4,; or CW p,;. The proofs of all
theoretical results are given in Appendix C. In the remainder of this paper, we de-
note “CW-adjusted estimators” and “IPSW-adjusted estimators” as the proposed

weighted estimators using p,; and 4,;, respectively.

3.4.1 Weighted Kaplan-Meier RMST Difference

The first estimator is derived based on a weighted RMST estimator proposed by Con-
ner et al. (2019) in observational studies. They first estimated the propensity score,
the probability of being in a particular treatment group. Then they integrated an
inverse propensity score-adjusted KM estimator proposed by Xie and Liu (2005) to
reduce confounding effects in an observational study. Based on their work, we pro-
pose a weighted KM estimator for the region-specific average RMST difference in

MRCT.

For i = 1,...,n,, denote N,,;(t) = I[U,; < t;0,; = 1;Z,; = z] as the individual
treatment-specific counting process and Y,..;(t) = I|U,; = t; Z,; = z] as the individual
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treatment-specific at risk process. Then for treatment z € {0, 1}, the weighted KM

RMST estimator for pu,,(t*) is written as:

firs (%) = JO S,.(t)dt = L 11 {1 - dév—(g)} dt, (3.7)

where S’m(t) is a weighted KM estimator for the region-specific average survival
function. We define NTZ(u) = > friqm(XM)Nm(u) as the weighted counting
process and f/m(u) =0 fmqm(X”)Ym(u) as the weighted at-risk process. Here,

Grzi(Xpi) = X )ZI((lZ:ﬂ:z()X = is an inverse of the individual treatment-specific

propensity score, where 7,;(X,;) is the treatment propensity score that can be either

estimated or assumed as constant.

The variance of fi,,(t*) is derived as follows:

Var[mz<t*>]=fo { f S*m<t>dt} o (u)(~dN”(“) - (3-8)

u ra(u) — ANTZ(U)),
where W, (u) = Y2 (u) and AN,.(u) = N..(u) — Nyo(u—). If we

Z;n:rl [éri‘]rzi (Xri)]zyrzi (u)

assume that the treatment propensity score 7,.;(X,;) is a constant in the RCT from
each region, the term ¢..;(X,;) can be omitted when calculating fi,,(t*) and its

variance.

The weighted KM estimator for A, (¢*) is then defined as:
AFM(A*) = fia(8) = firo (1), (3.9)

and we have the following theoretical properties for AKM (¢*):
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Theorem 1
For any fired 0 < t* < o0, as n, — o,

~

ARM(%) = A (1)

L)

Vi { AR () = AL} SN (0,02 0 (t))

Here, by 5 and 2 we mean “converges in probability” and “converges in distribu-
tion”, respectively. Let A,,(t) = Ex[—log{S(t|X,Z = z, R = r,d = 1)}] denote the
cumulative incidence function, the asymptotic variance

ol k() =1 20,01 §; {S S, (t dt}2 ) can be estimated by:

. ’ AN, (u)
e (t5) =n, t)d = = = .
& zzollJ {f t} Woo(u) (Y2 (u) — AN, (u))

3.4.2  Weighted G-Formula RMST Difference

The second estimator employs the G-computation technique (Robins, 1986; Robins
and Hernan, 2008; Naimi et al., 2017). This estimator is a direct regression estimator,

and its outcome model can be identified by the IPCW RMST regression.

The IPCW RMST regression models with identity links are first fitted in each region.

Here, we rewrite the Equation (1.3) by treatment-by-covariate interactions as follows:

Mr(t*|X7“v Z?”) = 67‘0 + ﬁrer + Bng(X?) + 5r32rg(X;‘~F)7 (310)
where g(-) is the same function mentioned in Equation (3.5). Then, we define the
outcome models for Z, € {0,1} in Region 7 as m,o(X,) = B0 + B,,8(X7T) and
me1(X,) = Bro+ Bt + Br08(XT) + B,58(XT). The weighted G-formula estimator for
A, (t*) is written as:

AGF(t*) _ Zzl Eri{me (Xi) — er(Xm')}.
Z?:TI U
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By assuming that the RMST regression model in Equation (3.10) is not misspecified.

We have the following theoretical properties for AGF (t*):

Theorem 2

For any fired 0 < t* < o0, as n, — 0,

Vi AT = A} BN (0.0766(1))

Here, the asymptotic variance aiGF(t*) can be estimated using the Delta method

(Dowd et al., 2014):
5-72’,GF(t*) = nT’JrTZTJh

where Y, is the variance-covariance matrix of the parameter vector

[B’I‘O) /B’I‘17 Br27 Brg]T and

_ OAT(@)
a[Brm Brh /ér27 BT‘B]T '

Iy

3.4.83 Weighted Hajek RMS'T Difference

The third estimator is proposed based on an alternative RMST estimation in Equa-
tion (1.2). For the i* patient in Region r, let Y,; = min(7;,t*) denote the trun-
cated time-to-event, and w,; = 6%/G(Y;;) denote the inverse probability of censoring
weight. The weighted Hajek estimator for the average RMST difference in Region r

is defined as:

D &rigei (X ) wy Yy B has ériQTOi(Xri)wm’Y;‘i

AHJ<t*) _ A i
lel gm'chli (Xri)wri Zzzl griQTOi(Xri>wri

r

(3.12)

We have the following theoretical properties for A7 (¢*):
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Theorem 3

For any fired 0 < t* < o0, as n, — o,

~

AHJ(t*) o Ar(t*)

p
r _)07

Vi {AI @) = A b SN (0,02,,(8)

This theorem can be proven by the M-estimator theory (Stefanski and Boos, 2002),

and we provide the derivation of the asymptotic variance 037 gy (t*) in Appendix C.

3.4.4  Weighted Augmented RMST Difference

The weighted Augmented RMST estimator combines the weighted G-formula and

Hajek estimators:

Z?; griQﬂi(Xm‘)wri{Yri - m'r’l(X'ri)}
D Erigrti (X )Wy

Z?ll ériqTOi(Xri)wri{Y;i — Myo (X’F’L>}
Zzl griQTOi(XM)wM

Z?:Tl ém’{mrl (Xri)A — Myo (Xm)} .
27;1 i

A7)

(3.13)

Based on the semiparametric theory (Tsiatis, 2006), the weighted Augmented esti-
mator Afc(t*) is doubly robust and does not require the correct specification of the
outcome models (shown in Appendix C). The theoretical properties for AAG(t*) is

as follows:

Theorem 4

For any fired 0 < t* < o0, as n, — 0,

~

AAG(t*) . Ar(t*)

T

Vi {ARG ) = A E SN (0,0246(8)



This theorem is also proven by the M-estimator theory, and we provide the derivation

of the asymptotic variance o7 4,(t*) in Appendix C.

3.4.5 Regional Consistency Test

A Wald-type test can evaluate the consistency of treatment effects across regions.
Given t*, the null hypothesis of the treatment effect consistency is Hy : Ay (t*) =
-+ = Ap(t*). Regional consistency of treatment effects can be obtained if Hy is not

rejected. We define a x? test statistics U(t*) as follows:

U(t) = {(EA(t*)}{EV(t*)ET} ' BA(t"),

-1 1 0 0
. . -1 0 1 ... 0

where E is an (M — 1)-by-(M) contrast matrix ;
-1 0 O 1

At*) = [A(t*),..., Ay (t9)]7, and V(#*) is a diagonal matrix of Var[A,(t*)], for
r=1,...,M. Here, A,(t*) can be each of the estimators among AKM (£*) ACGF (1*),
AP (%) and AAG(t*). We assume the treatment effects are independent across

regions. Under Hy, U(t*) follows a x? distribution with M — 1 degrees of freedom.

When the treatment effects are consistent across regions, we can combine the treat-
ment effect estimates from each region and estimate a global treatment effect. The
RMST difference for the global treatment effect is estimated by using an inverse

variance weighted estimator (Sinha et al., 2011):

Aot — Srma Belt) VarlA, (1))
¢ ST 1 Var[A,(84)]

_ X ey . M M
The variance of Ag(t*) is >_, m/{z,,:l m}l
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3.5 Simulation Study

3.5.1 Aims and Performance Measures

In this simulation study, we evaluate the finite sample performance of the pro-
posed estimators for region-specific average RMST differences under various data-
generating scenarios. The bias and variance of each estimator are evaluated under

1,000 Monte Carlo replications.

3.5.2  Data-Generating Mechanism

We simulate MRCTs conducted in three regions (M = 3) and suppose the numbers
of enrolled participants in each region are n; = 400, ny = 500, and ng = 600. We con-
sider two covariates X = [ X7, X;] from a common population, where X; ~ Unif(0,1)
and Xy ~ N(1,1), and assume independence between X; and X,. Suppose the dis-
tribution of X in the target population is the same as the common population. We
consider two types of sampling score models, the log-linear model, and the logistic

model:

log{p,(X:i)} = mo+ N1 Xipi + MaXap, for r=1,2,3. (3.14)

logit{p:(Xyi)} = 1 + 03 Xi + n5X5,, forr=1,2,3. (3.15)

In Equation (3.14), we assume the covariates have linear associations with the log
of sampling score. In Equation (3.15), we assume the covariates have non-linear

associations with the logistic of sampling score by letting X7 . = Xi,; x Xs,; and

X5 = exp{Xs./10}. In each sampling score model, we consider two settings ac-

cording to the level of similarity between enrolled patients in each region and the
target population, which is quantified by the absolute standardized mean difference
(SMD) (Austin, 2011) of covariates X. As a result, we have four scenarios for the

sampling as follows:
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Scenario 1: Log-linear sampling with moderate SMDs.
Scenario 2: Log-linear sampling with large SMDs.

Scenario 3: Logistic-nonlinear sampling with moderate SMDs.
Scenario 4: Logistic-nonlinear sampling with large SMDs.

These simulation scenarios evaluate the robustness of the proposed estimators under
different sampling score models and similarities between each region and the target
population. The actual values of the parameters 7,’s in Equation (3.14) and 7}’s in
Equation (3.15), and the absolute SMDs from each scenario are given in Tables C.1
and C.2 in Appendix C.

The following settings are equivalent in all four scenarios. We assume the treatment
propensity score m,.(X) = 0.5 in all three regions, indicating the participants are
randomized to two treatment groups with an allocation ratio of 1:1. The event time

T,.; is assumed to be generated from the following hazard function:

h(t‘Zm, le‘, XQM', Rm) = )\(t]Zm)eXp{OBI[Rm = 2] + O5I[Rm = 3]
— X1, + 0.5X 5,5 + 032 I[Ryi = 2] + 0.5Z,,I[R,; = 3]

(3.16)
- Zrinri - O.5ZM'X2M - O6[[RM = 2]X1M' + 03[[Rm = 2]X2ri

We use different baseline hazard functions for each treatment group to simulate
data under the non-PH assumption. We set the baseline hazard function for the
experimental treatment group to be A(¢|Z,; = 1) = 0.15¢t7%7 and for the control group
to be A(t|Z,; = 0) = 0.5. The censoring time follows an exponential distribution,
i.e., C' ~ exp(0.15), which is common in all regions. We set a fixed truncation time

for RMST at t* = 4.
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3.5.3 FEstimands

The estimands are the region-specific average RMST differences concerning the target
population. We present its derivation according to Equation (3.16) in Appendix C.
The average RMST difference is 1.71 in Region 1, 1.51 in Region 2, and 1.15 in

Region 3.

3.5.4 Methods

First, we consider a Naive estimator using the difference of standard unadjusted
RMST (Equation (1.1)) between two treatment groups. The Naive estimator is
calculated in each region. Then, we compare the proposed IPSW-adjusted and CW-
adjusted estimators for the region-specific RMSTs. We consider two weighting meth-
ods using IPSW and one weighting method using CW, and each weighting method
is applied to six weighted estimators. Overall, we have 18 weighted estimators and

a Naive estimator.

In the weighted G-Formula estimator and weighted Augmented estimator, we fit two

IPCW RMST regression models in each region:

:ur(t*‘Xr; ZT) = /87‘0 + ﬁrer + 57“2Xr1 + /87'3X7'2 + ﬁr4ZrXr1 + Br5ZrXr27

WX, Z,) = Blo+ BuZe + BraXo + BlaZe X

We assume the first RMST regression model is correctly specified while the second
RMST regression model is misspecified as it does not include the confounding effect

of X5. Accordingly, there are six estimators for each weighting method:
1. Weighted Kaplan-Meier estimator (KM).
2. Weighted G-formula estimator using correctly specified outcome models (GF).

3. Weighted G-formula estimator using mis-specified outcome models (GFmis).
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4. Weighted Hajek estimator (HJ).
5. Weighted Augmented estimator using correctly specified outcome models (AG).
6. Weighted Augmented estimator using mis-specified outcome models (AGmis).

For the IPSW-adjusted estimators, with the known distribution of X in the target

population, we derive the weight ,; as follows:

| Pp(X
- Pp(X

- Xi) Prs(X = X)) o
= X’I"L) P<dm = 1|X7"ia Rri = T)PF* (X = XT"L) B Pr(sz)

Vri

We consider two ways to calculate the sampling scores p,.(X) = P(d = 1| X, R =1).
The first uses the true sampling score as known by the data-generating mechanism.
The second is estimated by the gradient boosted models (McCaffrey et al., 2013;

Burgette et al., 2021) as introduced in Chapter 3.3.2.

For the CW-adjusted estimators, we consider the constraint function as g(X) =
[X1, X5, X2, X2], which makes constraints on the first and second moments of X;
and X5. This constraint function can empirically match the covariate distribution

from each region to the target population.

3.5.5 Results

Figure 3.2 displays the results with box plots of the estimated RMST differences in
Region 1 across four scenarios for different sampling score modeling. The first sub-
figure shows the results from the IPSW-adjusted estimators under the true sampling
score. The second sub-figure shows the results from the IPSW-adjusted estimators
under the estimated sampling score. The third sub-figure shows the results from the

CW-adjusted estimators. The Naive estimator is included in all panels for reference.
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FIGURE 3.2: Boxplots of estimated average RMST difference (RMSTD) in Region
1 under four sampling scenarios in simulation study. Upper panel: IPSW-adjusted
estimators with true sampling score; Middle panel: IPSW-adjusted estimators with
estimated sampling score; Bottom panel: CW-adjusted estimators.
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The Naive estimator and all IPSW-adjusted estimators with estimated sampling
scores fail to generalize the treatment effects from each region to the target popu-
lation under all scenarios. These results largely stem from the incorrect estimated
sampling score from the gradient boosted model. In contrast, the IPSW-adjusted
estimators with the true sampling scores and CW-adjusted estimators yield unbiased
estimation across all scenarios, except for the weighted G-Formula estimator when
the outcome models are misspecified. However, the weighted Augmented estima-
tor demonstrates robustness under the outcome model misspecifications. The choice
of sampling score models and similarity levels between each region and the target
population do not impact bias, but larger SMDs would increase the variance of the
estimators. The CW method yields a smaller variance within the same weighted
estimator than the IPSW method. Among the five weighted estimators (exclud-
ing GFmis), when the outcome model is correctly specified, the weighted G-formula
and weighted Augmented estimators exhibit similar and smaller variance than other

estimators.

Figures C.1 and C.2 show the boxplots of estimated RMST differences in Region 2

and 3 respectively, which present similar results as in Region 1.

3.6 Data Analysis

We illustrate our proposed methods using the PLATO dataset under two scenarios:
1) a two-region analysis comparing treatment effects in US vs. non-US regions, and 2)
a four-region analysis comparing treatment effects across four predefined geographic
regions. The treatment effect is the RMST difference at the truncation time of

t* = 360 days. The results of the four-region analysis are presented in Appendix C.
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3.6.1 Variable Selection

Previous effect modifier analyses suggested that the maintenance aspirin dose is the
only variable that explained the statistically significant regional interaction effect
with a p-value below 0.05 (Mahaffey et al., 2011; Carroll and Fleming, 2013). We
conduct a univariable effect modifier analysis with the baseline characteristics listed
in Mahaffey et al. (2011) to select more covariates for the weighting methods. We fit
two univariable models in the pooled dataset for each candidate variable: 1) IPCW
RMST regression model (Tian et al., 2014) with truncation time t* = 360 days;
2) Cox regression model (Cox, 1972). Each model includes a treatment indicator,
a single covariate, and a treatment-by-covariate interaction. A covariate will be
selected if the p-value of its interaction with treatment is less than 0.2 in either of
the two models. We choose the significance level of 0.2 to enhance the power to

detect significant effect modifiers.

As a result, seven variables are selected as potential effect modifiers, including weight
(= 80 kg), hypertension, percutaneous coronary intervention, smoking (ever), periph-
eral arterial disease, Killip classification (Level I vs. Level II-1V), and maintenance
aspirin dose. The first six variables are binary, and we categorize maintenance as-
pirin dose into three levels (Mahaffey et al., 2011): 1) < 100 mg, 2) (100, 300) mg,
and 3) > 300 mg, and we let the first level be the reference group. Overall, we have

eight binary covariates included in the weighting methods.

3.6.2 Methods

As we do not have data on the underlying super patient population for PLATO in the
entire world, we define the target population as the patient population represented
by a simple mixture of the enrolled patients from all regions for the MRCT. As such,

we estimate the region-specific average RMST differences by using the proposed
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weighted estimators concerning the patient population in the pooled dataset. The
eight selected covariates are used to calculate the IPSW and CW. We assume that
the treatment-specific propensity score 7,;(X,;) is constant based on the allocation
rate from the randomized trial in each region. The outcome models are fitted by

including all selected variables and their interaction with the treatment.

The Naive estimators use the standard unadjusted RMST differences in each region.
The IPSW is derived based on Equation (3.3) as follows:
P(d;l = 1‘X”) 27, P(d” = 1|Xri7Rri = T)P(R” = T|XM‘)

VriC = .

P(dm = 1|Xrieri = T) P(dm = 1|Xm'7Rm' = T)

As we do not have information on the patient population not enrolled in the RCT
from each region, we approximate P(R = r|X) by the proportion of the sample size,
n./ Y. nr, for each patient. In the CW-adjusted estimators, we make constraints on

the first moment as all covariates are binary.

The truncation time, t* = 360 days, is shorter than the longest follow-up time
among all regions. We use a weighted absolute SMD to evaluate the covariate sim-
ilarity between each region and the target population before and after applying the
weighting methods. Its mathematical definition is provided in Appendix C. When
all weights are equal to 1 (i.e., unweighted), the weighted absolute SMD is equivalent
to the standard unadjusted absolute SMD (Austin, 2011). Additionally, we conduct

a region-specific consistency test of treatment effects for all estimators.

3.6.3 Results

Figure 3.3 and Table 3.1 present the estimated average RMST differences and the
associated 95% confidence intervals (CI) comparing ticagrelor and clopidogrel for

the primary outcome in the two-region analysis. The Naive RMST differences are
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-4.0 days (95% CI: -13.6, 5.6) in US and 5.4 days (95% CI: 2.6, 8.1) in non-US
regions, indicating the clopidogrel is more effective than ticagrelor in US, though not
statistically significant, while ticagrelor is significantly more effective than clopidogrel
in non-US. The consistency test for the Naive estimator shows a strong treatment

effect heterogeneity between US and non-US, though not significant (p = 0.07).
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FIGURE 3.3: Forest plot of estimated average RMST differences with 95% Cls at
t* = 360 days from US and non-US in the two-region analysis for PLATO trial.

In the non-US region, the estimated RMST differences are very similar across four
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estimators within the same weighting method. The IPSW-adjusted estimators yield
slightly higher RMST differences than the CW-adjusted estimators (e.g., 4.7 vs. 4.2
days). Both weighting methods indicate that the ticagrelor is significantly more ef-
fective than clopidogrel in the non-US region. Under both weighting approaches, the
weighted G-formula estimators have the largest variance, potentially due to misspec-
ification of the fitted RMST regression model. Such misspecification could arise from
the RMST regression model not including all confounders or a non-linear association

between the selected variables and the outcome.

In the US region, the estimated RMST differences vary between the two weighting
methods. Among the CW-adjusted estimators, the average RMST differences are
close across four estimators, with the highest value in the weighted Augmented esti-
mator at 9.1 days (95% CI: -4.4, 22.5). These results indicate that ticagrelor is more
effective than clopidogrel for the patients in the US after having the selected variable
distributions, notably the maintenance aspirin dose, be resembled in the target pop-
ulation. However, the average RMST difference in the US from the IPSW-adjusted
Kaplan-Meier, Hajek, and Augmented estimators are much lower than the corre-
sponding results from the CW-adjusted estimators. For example, the average RMST
difference from the IPSW-adjusted Augmented estimator is 2.2 days (95% CI: -12.5,
17) in the US. The IPSW-adjusted G-formula estimator yields similar a result to the

CW-adjusted G-formula estimator in the US region.

The consistency tests for all CW-adjusted and IPSW-adjusted estimators reveal no
regional treatment effect heterogeneity (see p-values in Table 3.1). Consequently,
we estimate a global RMST difference by combining the patients from both regions,
indicating that ticagrelor is significantly more globally effective than clopidogrel. For
example, the global RMST differences from the CW-adjusted and TPSW-adjusted
Augmented estimator are 4.4 days (95% CI: 1.5, 7.3) and 4.7 days (95% CI: 2.0, 7.3),
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respectively.

Table 3.1: Estimated average RMST differences with 95% Cls at t* = 360 days
from US and non-US in the two-region analysis, and the results from the regional
consistency test with p-values and global RMST difference.

Method RMSTD in US RMSTD in non-US P-value Global RMSTD
Naive | -4.0 (-13.6, 5.6) 5.4 (2.6, 8.1) 0.07 4.7 (2.0, 7.3)
IPSW.KM | 2.3 (—12.0, 16.5) 4.7 (2.2, 7.3) 0.74 4.6 (2.1, 7.2)
IPSW.GF | 8.7 (-8.5, 25.9) 47 (1.3, 8.2) 0.66 4.9 (1.5, 8.2)
IPSW.HJ | 1.3 (-12.5, 15.0) 4.7 (2.1, 7.4) 0.63 4.6 (2.0, 7.2)
IPSW.AG | 2.2 (-12.5, 17.0) 4.7 (2.1, 7.4) 0.74 4.7 (2.0, 7.3)
CW.KM | 7.4 (-6.0, 20.8) 41 (1.4, 6.9) 0.64 4.3 (1.6, 6.9)
CW.GF 8.3 (-8.3, 24.9) 4.1 (0.5, 7.8) 0.63 4.3 (0.8, 7.9)
CW.HJ | 6.4 (-6.9, 19.7) 42 (1.2,7.2) 0.75  4.3(14,72)
CW.AG 9.1 (-4.4, 22.5) 4.2 (1.2, 7.2) 0.48 4.4 (1.5, 7.3)

Figure 3.4 presents the weighted absolute SMDs of the eight selected covariates in
the two-region analysis, comparing US and non-US regions to the target population.
Since the non-US population dominates the target population, the absolute SMDs
under the Naive estimator between non-US and the target population are close to
0 for all variables, except for the high aspirin dose group (= 300 mg). However,
the absolute SMDs reveal a notable imbalance of the selected covariates between
the US and the target population. In contrast, the absolute SMDs under the CW
method are 0 for all variables when comparing the US with the target population.
The IPSW method shows good balances for all variables between the US and the

target population except for the high aspirin dose group (= 300 mg).

3.7 Discussion

We proposed the calibration weighting (CW) and inverse probability of sampling
weighting (IPSW) adjusted estimators to transport or generalize the region-specific
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FI1cURE 3.4: Weighted absolute standardized mean differences of eight covariates
comparing US and non-US regions to the target population in the two-region analysis
for PLATO trial. HYP: hypertension, PCI: percutaneous coronary intervention,
PAD: peripheral arterial disease, KILLIP: Killip classification (Level I vs. Level
II-IV), ASAD: aspirin dose.

treatment effect to a target population in the MRCT. These methods eliminate the
disparities arising from the inessential traits. The large sample properties for the
CW-adjusted and IPSW-adjusted estimators for the region-specific treatment effects
were established. Furthermore, we developed a Wald-type test for the regional consis-
tency test of treatment effect and provided the global treatment effect estimator when
the consistency held. Our simulation study demonstrated that the CW-adjusted and
IPSW-adjusted estimators with the true sampling scores consistently yielded un-
biased estimations across all scenarios. Furthermore, the CW-adjusted estimators
exhibited smaller variances compared to the IPSW-adjusted estimators. We high-
lighted that the IPSW-adjusted estimators are sensitive to the specification of the
sampling score models, while the CW-adjusted estimators are more robust. Among
the four proposed weighted estimators, the weighted Augmented estimator shows a

smaller variance and higher robustness than other estimators.

In the PLATO analysis, our approaches strengthened the previous work that the

apparent differences in ticagrelor effects between the US and non-US environment
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were explained by the difference in the maintenance aspirin doses and a few other
factors. After implementing the CW and IPSW approaches, no significant interaction
existed between region and ticagrelor effects. We need to incorporate the difference
in these inessential traits to correctly evaluate the region-specific treatment effect,
mainly caused by essential traits such as race or genetic variants. We could use other
reference populations than the simple mixture of enrolled patients across all regions
based on different research questions. For example, if one is interested in knowing
how much difference the treatment effect of US patients is from non-US patients,
we could transport the treatment effects from US patients to the non-US patient
population. Suppose there are no more differences in the treatment effects of these
two regions after eliminating the difference from inessential traits. In that case, the
US drug regulatory agency may be convinced that the apparent difference before
transportation can be attributed to the imbalanced inessential traits (e.g., aspirin
dose usage) between the two regions. If the region difference still exists, it may be
attributed to other hidden region-specific factors (essential traits), such as racial and

genetic differences between the two regions.

There are several avenues for future research to enhance our proposed method. First,
when unobserved confounders have associations with both treatment effect and sam-
pling scores, further research is required to reduce the bias caused by such factors.
Second, we selected the effect modifiers in the PLATO analysis by fitting univari-
able Cox regression and RMST regression models. A more robust criteria model
needs to be further investigated for high dimensional covariates to refine our ap-
proach. Third, our proposed methods could be extended to the MRCT design by

incorporating power analysis, sample size calculation, and type I error control.

Our proposed method allows rigorous assessment of region-specific treatment effects

against the target population and the treatment effect heterogeneity across regions by
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eliminating the potential effect modifications of imbalanced baseline characteristics
across regions in an MRCT. While our discussion of this work is in the context of
MRCT analysis, it is worthy to note that this method can be applied to assessing
treatment effect heterogeneity across patient subgroups for which the effect modifying

covariates are not balanced across subgroups in randomized clinical trials.
Software

The relevant R code for the methodology and simulation study is available on https:

//github.com/kimihua1995/CW_MRCT_RMST.
Data Availability Statement

The PLATO data is available to members of the PLATO executive committee. With-
out the permission of the third parties and to avoid unintended leakage of patient
privacy, we elect to not share the data. Individual investigators may reach out di-

rectly to the PLATO executive committee for collaboration.
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4

Topic 3: Biomarker-Guided Adaptive Design with
Threshold Detection and Patient Enrichment of
Restricted Mean Survival Time

4.1 Introduction

4.1.1  Biomarker-Guided Designs with Adaptive Enrichment

Due to advancements in targeted therapies and precision medicine over the last two
decades, there is a growing trend in the use of biomarker-guided designs for assessing
personalized treatments in Phase IT and Phase I1I clinical trials, especially in the field
of oncology (Simon, 2014; Antoniou et al., 2016, 2017). Biomarkers associated with
clinical outcomes, such as genomic, proteomic, or other biological characteristics, can
be categorized as either prognostic or predictive (Antoniou et al., 2016). Prognostic
biomarkers offer insights into the potential progression of a disease regardless of any
specific treatment, whereas predictive biomarkers provide information about the pa-
tient’s outcome given a specific treatment. As such, predictive biomarkers are often
used in biomarker-guided trials to develop classifiers to identify appropriate patients

as either excellent or poor candidates for clinical decisions to optimize therapy selec-
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tions (Bailey et al., 2014; Chen et al., 2014; Lin and He, 2015; Landeck et al., 2016).

Recently, the designs with adaptive enrichment have become increasingly attractive
in the context of biomarker-guided therapies as they provide additional flexibility
during the trial (Fedorov and Liu, 2007; Wang et al., 2009; Simon and Simon, 2013;
Antoniou et al., 2016). In this study, we consider the setting in which a single contin-
uous biomarker is available at baseline. In general, a fixed threshold of the biomarker
is pre-specified that dichotomies patients into “biomarker-positive” and “biomarker-
negative” subgroups, and it is assumed that the biomarker-positive patients will
benefit more from the new therapy over the active control. The biomarker-guided
adaptive enrichment designs are typically conducted in a two-stage manner (Frieri
et al., 2023; Stallard, 2023). In the first stage, they start with randomizing patients
from the whole population. At the end of this stage, the accumulating data are
used to decide whether to restrict accrual in the biomarker-positive subgroup in the
second stage. Such adaptive enrichment could avoid further including patients who
do not benefit from an intervention and may experience some negative effects (Wang
et al., 2018; Lai et al., 2019; Thall, 2021). Existing literature demonstrates that such
designs improve the efficiency of clinical trials by reducing the number of patients
needed for randomization, particularly when the therapy of interest is known to be
effective only in biomarker-positive patients and the biomarker assessment is highly
accurate (Simon and Maitournam, 2004; Maitournam and Simon, 2005; Wang et al.,

2019b).

However, the optimal cutoff for classifying the patients into positive and negative
subgroups is not available and challenging to be pre-specified when the confirma-
tory randomized phase III trial is designed (Simon and Simon, 2013). To address

this challenge, more flexible adaptive enrichment designs have been proposed by re-
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searchers (Freidlin and Simon, 2005; Freidlin and Korn, 2010; Simon and Simon,
2013, 2018; Wang et al., 2020). While the trial is ongoing, they use the observed
data to identify the subgroup of patients most likely to benefit from a treatment
(i.e., biomarker-positive subgroup) based on the biomarker values and certain utility
functions. These designs allow us to simultaneously identify the optimal biomarker
threshold, define the biomarker-positive subgroup, and estimate and test the treat-
ment effect in this subgroup. These approaches provide much of the efficiency of
the enrichment strategy without the need to select a subset in advance, and the
meaningful treatment effect estimates without being diluted by biomarker-negative

patients who receive no or fewer benefits (Wason, 2023).

4.1.2  Study Motivations

Within the existing literature on biomarker-adaptive enrichment designs, there has
been limited attention on the time-to-event outcomes (Mehta et al., 2014; Diao et al.,
2018; Park et al., 2022; Johnston et al., 2022). For the studies with time-to-event
outcomes, their designs were developed based on HR, which is commonly estimated
by the Cox PH model (Cox, 1972) or requires testing treatment effect with log-rank
test (Bland and Altman, 2004). However, violations of the PH assumption would ren-
der HR a potentially misleading and inappropriate summary of treatment effect (Lin
and Wei, 1989). They may also considerably impact the statistical power of the log-
rank test to detect the treatment difference (Mukhopadhyay et al., 2022). This study
emphasizes a compelling alternative method based on the RMST. Although many
RMST-based clinical trial design methods have recently been proposed (Trinquart
et al., 2016; Weir and Trinquart, 2018; Luo et al., 2019; Trinquart et al., 2019; Eaton
et al., 2020; Lu and Tian, 2021; Mao, 2023), limited attention has been given to the

biomarker-adaptive enrichment design. We address this methodological and prac-
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tical gap by proposing a two-stage biomarker-guided adaptive RMST design with

threshold detection and patient enrichment.

Our proposed design is motivated by JAVELIN Lung 200 (see introduction in Chap-
ter 1.1.1). The exploratory analyses in this trial revealed that avelumab was asso-
ciated with improved OS and PFS compared to docetaxel in patients with higher
PD-L1 expression at > 50% and > 80% cutoffs. However, these analyses were post
hoc, and the biomarker thresholds were pre-specified and thus possibly not opti-
mal. Moreover, the PH assumption was violated for both OS and PFS, so the
characterization of the treatment effect based on the HR and its confidence interval
estimated from the Cox PH model was not valid, and the hypothesis testing based
on the suboptimal log-rank test was less powerful. Consequently, there is a need for
an RMST-based design to identify an optimal threshold and define the biomarker-
positive subgroup while the trial is ongoing. Enrichment is enabled to increase the
accrual of patients from the selected subgroup and enhance the design’s efficiency

and power.

4.1.8  Chapter Outlines

The remainder of this chapter is structured as follows. The fundamental setups and
design procedures are introduced in Chapter 4.2. Chapter 4.3 proposes two methods
for identifying the biomarker threshold. In Chapter 4.4, we propose five estimators
for treatment effect in the biomarker-positive subgroup. Chapter 4.5 outlines the
approaches for type I error rate control, power analysis, and sample size calculation.
Chapter 4.6 presents a numerical example of re-designing the JAVELIN Lung 200
study using simulated data. An extensive simulation study and an assessment of
the finite sample properties of the proposed design and methods are provided in

Chapter 4.7. The paper concludes by discussing various limitations and future works
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in Chapter 4.8.

4.2 Design

4.2.1 Notations and Assumptions

We consider a two-stage enrichment design where patients are recruited and ran-
domized between experimental and control treatments. Let Z be the indicator of
the treatment assignment, where Z = 1 for the experimental and Z = 0 for the
control. Let X € [0, 1] represent a single continuous biomarker of interest and is
assumed to follow a standard uniform distribution, i.e., X ~ Unif[0,1]. If X is a
continuous marker with other distributions, the proposed design is still applicable

when the values of X can be scaled to [0, 1] through percentile transformations.

Following the potential outcomes framework (Rubin, 1974), let 7'(1) and 7°(0) be the
potential time-to-event under treatment and control, respectively. By assuming the
consistency of potential outcomes, the time-to-event is 7' = T'(1)Z+T(0)(1—Z). Let
C be the censoring time, and we assume conditionally independent censoring given
treatment Z and biomarker X, formally written as C' L T|Z, X. In the presence of
right censoring, T is not observed for all patients. Instead, we observe U = min(T, C)

and the censoring indicator § = I[T" < C], where I[-] is the indicator function.

We denote hy(t|X) and ho(t|X) as the hazard functions for patients with Z = 1
and Z = 0, respectively. By assuming both h(¢|X) and ho(¢|X) follow piecewise

exponential models, the hazard functions are written as follows:
h,(t|X) = M(t) x exp{r.X}, for z=0,1 (4.1)

where A, (t) is the baseline hazard and ~, is the log HR which represents a constant
association between biomarker and hazard. Consider .J, time intervals for the control
and experimental treatments with change points 0 = 7,0 < 7,1 < -+ < 7,5, = 0O,
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respectively. The j interval is defined as [7,;_1,7.;). We assume the baseline

hazard is constant within each interval, so that:
/\z<t) = )\z,ja for t € [Tz,j—ly Tz,j) (42)

Note that our proposed design is versatile and applicable to various hazard functions.
The hazard functions in Equations (4.1) and (4.2) are employed here for illustrative
purposes, and alternative hazard models can be considered based on the requirement

of a specific design.

4.2.2  Optimal Biomarker Threshold

Several methods have been proposed for selecting the biomarker threshold and iden-
tifying biomarker-positive subgroups (Su et al., 2013; Lai et al., 2014; Renfro et al.,
2014; Zhang et al., 2017; Lai et al., 2019; Wang et al., 2020; Zhao and LeBlanc,
2020). For example, the subgroup can be selected by either maximizing the product
of its sample size and effect size (Zhao and LeBlanc, 2020) or maximizing the test
statistic of treatment effect difference between two subgroups (Su et al., 2013; Renfro
et al., 2014). Other approaches are based on maximizing the power of the test of
treatment effect to select a subgroup (Lai et al., 2014; Zhang et al., 2017). However,
defining the best subgroup using these methods involves a trade-off between the size
and treatment effect in that subgroup (Wang et al., 2020). For example, there may
be better choices than choosing a smaller subgroup with a higher average treatment
effect. Furthermore, these approaches typically necessitate pre-specifying a set of

candidate thresholds or employing a greedy search to identify the optimal one.

To address these issues, we adopt the methods introduced by Wang et al. (2020) to
identify the optimal threshold by the intersection point of the biomarker response

curves of two treatment groups (i.e., the RMST curves as functions of biomarker
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value). This method parametrically models the biomarker response curves without
mandating the pre-specification or greedy search for thresholds. Another advantage
of using the intersection point is that it ensures the benefit of the experimental
treatment for the biomarker-positive subgroup including all patients with positive

treatment effects.

In the context of RMST, the biomarker-positive subgroup comprises patients whose
biomarker values are within the range that satisfies the conditional RMST differences
between experimental and control treatments are all positive, given X. Conversely,
the biomarker-negative group comprises the range of X where the conditional RMST
differences are all negative. We refer to the threshold between biomarker-positive and
negative groups as the biomarker cutpoint, denoted as ¢;+ concerning the truncation
time t*. Without loss of generality, we assume the biomarker value is positively
associated with the RMST difference between experimental and control treatments.
As such, the biomarker-positive and negative groups are defined as X € (¢, 1] and

X € [0, ¢), respectively.

We denote p,(t*|X) as the conditional RMST function for z € {0, 1}, which can be

written as:

¥

S.(t1X)dt = Jt* exp {— f hz(u]X)du} dt,

0 0

pa(t1) = |

0
where S, (t|X) is the conditional survival function. The biomarker cutpoint, X = ¢;x,
can be identified by solving the following equation concerning X:

(7] X) = po(t*|X) = 0. (4.3)

Note that ¢+ may fall outside the range of [0, 1]. In such instances, the biomarker
cutpoint will be truncated at 0 or 1, which is formally written as ¢« =

min{max{cg, 0}, 1}.
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4.2.83 Two-Stage Adaptive Enrichment Design

Figure 4.1 visualizes the diagram of the proposed design. Stage I is conducted from
the calendar time 0 to t;, and accrues n; patients per treatment arm regardless of
the biomarker value. At the end of Stage I (at ¢;), a biomarker cutpoint, denoted as
Co, is estimated concerning the RMST difference at a pre-specified truncation time t*
related to a specific research question. Based on the result, two enrichment criteria
can be introduced for Stage II: 1) accrue patients regardless of the biomarker value
(i.e., no enrichment) in Stage II if ¢y is not identified (e.g., all biomarker values
are positive or negative to patients); 2) enrich and restrict the accrual in Stage
IT to patients in the biomarker-positive subgroup. Note that the trial will not be
terminated in the first condition as the data are not mature in the early stage, and

the treatment effect is not tested.
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FIGURE 4.1: Diagram of the two-stage adaptive and enrichment design.

In Stage II, no patients per treatment arm are accrued, and the enrollment continues
from ¢; to ty, resulting in a total of n = 2n; 4+ 2ny. All patients are continuously
followed up until ¢3, and we assume t3 > t*. After completing the follow-up, we esti-
mate a biomarker cutpoint, denoted as ¢;x. Additionally, we test whether there exists
a statistically significant positive relationship between the biomarker and treatment
effect. This hypothesis test, denoted as Hypothesis Zero, can be written as follows:
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e Null hypothesis Hyy: There is no positive biomarker-by-treatment interaction

for RMST.

e Alternative hypothesis H,y: There is a positive biomarker-by-treatment inter-

action for RMST.

Based on the testing result, two mutually exclusive hypotheses for treatment effects

are considered.

First, if Hyg is rejected, we estimate and test the treatment effect (i.e., RMST differ-
ence) within the biomarker-positive subgroup (&, 1]. This hypothesis test, denoted

as Hypothesis One, is written as:
e Null hypothesis Hy;: The RMST difference in the positive group = 0.
e Alternative hypothesis H,;: The RMST difference in the positive group > 0.

Second, if Hyy is not rejected, we estimate and test the treatment effect in the overall

population. This hypothesis test, denoted as Hypothesis Two, is written as:
e Null hypothesis Hpy: The RMST difference in the overall population = 0.

e Alternative hypothesis H,y: The RMST difference in the overall population

> 0.

In Chapters 4.3 to 4.5, we will further describe the methods for identifying biomarker
cutpoint, testing biomarker-by-treatment interaction, and estimating the correspond-

ing treatment effect.

4.3 Biomarker Cutpoint Estimation

We explore two methods for identifying the biomarker cutpoint: 1) the prediction
method and 2) the RMST regression method. In the proposed design, we employ
7



the first approach in Stage I and the second approach in Stage II.

4.3.1 Prediction Method

The prediction method involves two key steps. First, it fits a hazard function,
h.(t|X), for each treatment based on the observed data. Second, it integrates the
fitted hazard functions into Equation (4.3) and numerically estimates the biomarker
cutpoint by solving this equation. This approach necessitates certain parametric as-
sumptions on the survival curves or hazard functions within each treatment group.
Examples of such assumptions include exponential, piecewise exponential, Weibull,
log-normal, and others. In this context, we focus on the piecewise exponential mod-

els, specified in Equations (4.1) and (4.2).

For the ™" patient and ;™ time interval, the Equations (4.1) and (4.2) can be jointly

written as follows:
log()\zi7ij) = log()\zm) + ’YZZX“ for t e [Tzi,j—la Tzi,j)y (44)

where z; € {0, 1} is the treatment indicator and )\, ; is the baseline hazard in the ;"
interval. We use a Poisson log-linear regression method (Holford, 1980; Laird and

Olivier, 1981) to fit the model in Equation (4.4) and estimate the parameters A, ;

and 4, for z € {0,1}. The details are presented in Appendix D.

If the number of intervals J, and the change points 7,,..., 7., are known, fit-
ting the model in Equation (4.4) is straightforward. However, without such prior
information, the challenge lies in identifying the number of change points and their
locations. In such instances, we adapt the approach proposed by Goodman et al.
(2011) to determine J, and estimate 7,1,...,7,,—1. They proposed a sequential
testing approach for determining the number of change points in the piecewise haz-

ard function. Given a fixed number of intervals J, > 2, we at first compute the
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maximum likelihood estimates for both the piecewise hazards ., ; and change points
7.; for 5 = 1,...,J, — 1. Then, the process begins by testing the null hypothesis
that there are no change points against the alternative hypothesis with one change
point. If the null hypothesis is rejected, we test the subsequent test involving the
null hypothesis indicating one change point against the alternative with two change
points in the model. This procedure continues until a null hypothesis cannot be
rejected. If the overall significance level is a*, they suggested using o* (k) = 2,05—: for

the k™ test to control the type I error rate of this test (Goodman et al., 2011).

The strength of this prediction method lies in its ability to predict a biomarker
cutpoint concerning a future truncation time ¢*, which is particularly valuable in
survival adaptive design where an early enrichment is sought to accrue more patients
benefiting from the new therapy. In the context of our design, this approach is
particularly advantageous in Stage I when the longest follow-up time ¢; is shorter
than t*. However, one limitation is its dependence on a parametric assumption on
the survival curves. Moreover, under piecewise exponential models, it assumes no
change point in the hazard functions between t; and t*. As such, when a sufficient
number of patients are being followed up beyond ¢*, an alternative method (e.g.,
RMST regression method) can be used to estimate the biomarker cutpoint without

the parametric model assumptions.

4.3.2 RMST Regression Method

The RMST regression method adapts the IPCW RMST regression (see Chapter 1.2.3)
to estimate the biomarker cutpoint. For a specific truncation time t*, let Y =
min (7, t*) denote the truncated time-to-event outcome at t*, the RMST up to t*

given the biomarker and treatment is defined by wu(t*|X,7) = E(Y|X,Z). The

79



RMST regression model is written as follows:
g(u(t*|X, 2)) = Bo + BiZ + B X + B3Z X, (4.5)

where g(+) is the link function. We use the identity link function throughout this

study, but the log link can also be used. The model parameters are denoted as
B = [307 Bl: 527 B?)]T-
Under the identity link, the conditional RMST's given X under the experimental and

control treatments can be written as follows:

AEX, 1) = Bo+ B+ BoX + BsX, (4.6)

At*1X,0) = By + BaX.

Consequently, the conditional RMST difference comparing the experimental and con-
trol is fi(t*|X,1) — a(t*|X,0) = By + B3X. Under the assumption that the treat-
ment effect is positively related to the biomarker value, i.e., f3 > 0, the cutpoint

e = — [ / 35 and the biomarker-positive group is defined as X € [—Bl / B, 1].

The advantage of this approach is that it does not require parametric assumptions
on the hazard functions. However, it is essential to ensure that the truncation time
t* does not surpass the maximum of the observed event time (i.e., U = min(7,C))
within each treatment group. At the end of Stage II of the proposed design, we utilize

this method to estimate the biomarker cutpoint as the final analysis time ¢3 > t*.

4.4 Treatment Effect Estimators

We propose five methods to estimate the treatment effect, i.e., the RMST difference
in the biomarker-positive subgroup, at the end of Stage II: 1) Naive unadjusted

estimator, 2) Calibration weighted Kaplan-Meier estimator, 3) Calibration weighted
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G-formula estimator, 4) Calibration weighted Hajek estimator, and 5) Calibration

weighted augmented estimator.

Let ¢+ denote the true biomarker cutpoint, the treatment effect estimand, denoted
as Agf), is defined by the marginal RMST difference between the experimental and
control treatments among the true biomarker-positive subgroup (¢, 1]. It can be

formally written as:
@
AP _ f {1 (12) — po(t*]2)} dF (2), (4.7)
Cpx

where p (t*|z) and po(t*|z) are the conditional RMST for the experiment and control
treatments, respectively, and F';(z) is the cumulative distribution function of X
within the true biomarker-positive subgroup. Note that Aif) = AE*O) when ¢ = 0

in Equation (4.7).

4.4.1  Naive Unadjusted Estimator

The naive unadjusted method employs Equation (1.1) to estimate A . Assume
at the end of Stage II, there are a total of n, patients from both stages in the
estimated biomarker-positive subgroup (és,1]. For ¢ = 1,....,n, and z = 0,1, let
N.i(t) = I[U; < t;0; = 1; Z; = z| denote the individual treatment-specific counting
process and Y,;(t) = I[U; > t;Z; = z] denote the individual treatment-specific

at-risk process. The treatment-specific KM estimator for the survival function is

S(t) = Tlaet {1 = S5, where N.(u) = 33 Nua(u) and Ya(u) = Y, V().

The naive unadjusted RMST difference estimator is:

¥

At = L {gl(t)—go(t)}dt. (4.8)
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The estimator A;(¢*) is consistent with AE*P) when the estimated biomarker cutpoint
¢+ is unbiased to ¢+ and the biomarker distribution of ny patients aligns with F, (z).

According to Zhao et al. (2016); Tian et al. (2018), as the sample size n, — o0,

AL (1) — Agf)} % N (0,02(t*)), where 2(t*) is estimated by:

¥

Gt*) = Lt* {f Sl(u)du}Z%jLL {f So(u)du}Q%.

Here, A.(t) = —log{S.(t)} is the Nelson-Aalen estimator for the cumulative hazard

function for z € {0, 1}.

However, since the proposed design uses a different biomarker cutpoint ¢, estimated
at the end of Stage I for enrichment, the distribution of the included biomarker-
positive patients may not align with the distribution for X € (é,1]. Specifically,
when ¢y < ¢, the biomarker value of the enriched patients in Stage II would cover
the range of X € (¢, 1]. In such a situation, the distribution of n, patients matches
with the true distribution for X € (¢éx,1]. When é; > ¢, the biomarker values
of the enriched patients represent only a subset of (¢, 1]. In such a situation, the
distribution of these patients’ biomarkers would be truncated to X € (&, 1]. This
could lead to an overestimation of Al(t*) for Agf) under the assumption that the
biomarker is positively related to the treatment effect. A weighting approach is
needed to balance the distribution of the included n, biomarker-positive patients

against the true distribution of F', (z).

4.4.2  Calibration Weighted Estimators

In our proposed design, we use the calibration weighting (CW) method, as introduced
in Chapter 3.3.2, to balance the distributions and characterize the RMST difference

from the included positive patients to the true biomarker-positive subgroup with
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distribution F'y (X). As patients in Stage I are accrued regardless of the biomarker
value, we define the target population as the biomarker-positive subgroup in Stage I.
Suppose that among the overall n, patients in the biomarker-positive subgroup, the
first n, patients are accrued from Stage I. For each patient i = 1,...,n,, the CW p;
is calculated through an optimization problem using the negative entropy objective
function as follows:

n+

min Zpilog(pi) :
r=1

with constraints:

n4
Z pig(Xi) = &
i=1

n4
Zpi = L
i=1

Here, we let g(X;) = [X;, X?]7 and g = 31, [X;, X2|7 /4. As such, the first con-
straint equalizes the first and second moments of X between the overall biomarker-
positive patients and the target population. It ensures that the weighted biomarker
distribution among the positive patients in the proposed design empirically matches
the distribution of X from the target distribution. The second constraint implies

that p;’s sum to a normalization constant of one, which guarantees a valid density

function (Hainmueller, 2012; Zhao and Percival, 2016).
The CW p; can be solved by using Lagrange Multiplier (De la Fuente, 2000).

exp{A"g(X;)}
St expf{A"g(X;)}

;=

where X solves Y7 exp{A"g(X,)Hg(Xi) — &} = 0.

Next, we present four CW-adjusted estimators of Agf). The structure and large
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sample properties of these estimators are similar to those proposed in Chapter 3.4.

Calibration Weighted Kaplan-Meier Estimator

For z € {0,1}, let N,(t) = 3.7, piN.;(t) denote the CW treatment-specific counting
process and f@(t) = >0 piY.i(t) denote the CW treatment-specific at-risk process,
the CW Kaplan-Meier estimator is written as:

~

Ao(t) = (1) = fio(t*), (4.10)

where [i,(t*) is the treatment-specific CW RMST, defined as:

[ () =L Sz(t)dt=L ]_[{1— dgz(x)}dt.

u<t

According to Theorem 1 in Chapter 3.4.1, A2<t*) is consistent with AE*P), and as the
sample size ny — o0, /g {Ay(t*) = AD} 5 N (0,02(t*)), where o2(t*) is estimated

by:

Calibration Weighted G-Formula Estimator

The CW G-Formula estimator combines the IPCW RMST regression and the CW.
The outcome models in this estimator are identified by the conditional RMSTs de-
fined in Equations (4.6). Here, we let the outcome models be my(X) = f(t*| X, 1)

and mgy(X) = 4(t*|X,0). The CW G-formula estimator is written as:

Ag(t*) — i pz{migfz)ﬁ— mo(zi)} Zﬁi(/él T ) (4.11)
i=1Pi i1
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According to Theorem 2 in Chapter 3.4.2, when the outcome models are not mis-

specified, Ag(t*> is consistent with Agf). As the sample size n, — o, , /n+{Ag(t*) -

Aﬁ*P)} 4N (0,05(t*)), where o2(t*) can be estimated using the Delta method (Dowd

et al., 2014):
G3(t") = ny J; 8505,
where 23 = ( Vargﬁlz Cov(ﬁll 2 3>) is the variance-covariance matrix of the
COV(Bla 53) Val"(ﬁ:a)

parameter vector [3;, 53]7 and

n+5ﬁiB+B$i <
=1 a[517 63] i=1

Calibration Weighted Hajek Estimator

By combining the IPCW estimator of RMST, fi;pcw (t*) as defined in Equation (1.2),

and the CW, the CW Hajek estimator is written as:

R (o) _ i DiZawYs 30 bl = Zi)wiY
Au(r) = S SEa AW (4.12)
Zz lpz iW; Zzzlpz( z)wz

where Y; = min(T},#*) is the truncated time-to-event outcome and w; = 6% /G(Y;)

is the IPCW for the i*" patient. According to Theorem 3 in Chapter 3.4.3, A,(t*)
is consistent with AE*P). As ny — o0, g {Ay(tF) — Agf)} < N (0,02%(t*)). The

derivation of the asymptotic variance 6%(t*) is provided in Appendix D.
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Calibration Weighted Augmented Estimator

The CW augmented estimator combines the CW Hajek and CW G-formula estima-

tors:
Ag,(t*) _ Z?L piZiwilYi — ma(x;)} B Z?L pi(1 = Zj)wi{Y; — mo(x:)}
Qi PiZiw 2 bl = Zi)w;
n+ A. . —_— .
, Zhpdmi(@) = mo(w)} 13
2ic1 bi

Based on the semiparametric theory (Tsiatis, 2006), this estimator is doubly robust
and does not require the correct specification of the outcome models. According
to Theorem 4 in Chapter 3.4.4, Ag,(t*) is consistent with Agf). As the sample size
ng — o0, W{Ag,(t*)—Aif)} 4N (0, 02(t*)), and we derive the asymptotic variance

o2(t*) in Appendix D.

4.5 Type I Error Rate, Power, and Sample Size

4.5.1 Type I Error Rate and Critical Values

In this study, we focus on the approaches that control the type I error rate under the
global null setting such that the hazard functions for the experimental and control
treatments are identical, i.e., ho(t|X) = hy(t|X) for any X € [0,1]. As outlined in
Chapter 4.2.3, our proposed design incorporates one null hypothesis Hy, for testing
positive biomarker-by-treatment interaction and two null hypotheses Hy; and Hs
for testing treatment effect. We discuss the type I error rate controls on these two

aspects.

First, we assign aq as the significant level for testing Hyy. Based on the RMST
regression (Equation (4.5)) fitted at the end of Stage II, we evaluate whether the
biomarker exhibits a significant positive interaction with the treatment by testing if

B3 > 0. As such, the Hypothesis Zero can be rewritten as:
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® Hyp: B3 =0.
o Hy: 33> 0.

The test statistic is defined as Zg, = \/ﬁﬁg /Gs,, where 64,/+/n is the standard error
of Bg. Under the null hypothesis Hyy, Zg, ~ N(0,1). To control the Type I error
rate at ap, the critical value for rejecting Hog is go = @ 1(1 — ap), where ®71(+) is

the inverse cumulative distribution function of standard normal distribution.

Second, we define the family-wise type I error rate a for testing the treatment effect
as the probability of rejecting Hy; or Hp, under the global null. We allocate o and
as to test Hy; and Hyg, respectively. Since Hy; and Hgy are mutually exclusive, we
have o = a1 +as. We denote Zl(P) and Zl(o) as the test statistics when evaluating the
treatment effect in the biomarker-positive and overall patients, respectively. Accord-
ing to the five treatment effect estimators proposed in Chapter 4.4, the test statistics
are defined as ZZ(P) = \/HAZ(P)(t*)/@(P)(t*) and Zl(o) = \/ﬁAl(O)(t*)/c%l(O) (t*), for
[=1,...,5. Here, AI(P) (t*) is the treatment effect estimator for the biomarker-positive
subgroup, and AZ(O) (t*) is the treatment effect estimator for the overall patients which
can be estimated by letting the estimated biomarker cutpoint ¢+ = 0. As such, a4

and as are calculated as follows:
a3 = P(Hy is rejected | global null)
= P(Ho; is rejected |Hyg is rejected) x P(Hgyg is rejected | global null)

— P(2") > q|Hyo is rejected) x P(Zs, > qo| global null)

= T X ap, (4.14)
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ay = P(Hps is rejected | global null)
= P(Hy, is rejected |Hyp is not rejected) x P(Hgg is not rejected| global null)
_ ©) . :
= P(Z;” > q|Ho is not rejected) x P(Zg, < qo| global null)

= my X (1 — ayp). (4.15)

Here, q is the critical value for testing the conditional treatment effects in both
biomarker-positive and overall patients. We assume a significance level of & for
testing the conditional treatment effects, such that ¢ = ®~'(1 — &). Here, m; is the
conditional error rate for Hy; when Hyg is rejected and my is the conditional error
rate for Hpy, when Hyq is not rejected. When Hyy is not rejected, Zl(o) ~ N(0,1), thus
we have mo = &. When Hy is rejected, a biomarker is estimated from the prediction
method as introduced in Chapter 4.3.1, and we calculate 7; through Monte Carlo
method. Taking JAVELIN Lung 200 as an example, m; can be approximated by
bootstrapping the data from patients with docetaxel (the standard care) for both
treatment groups. As a result, the family-wise type I error rate can be controlled at

a by adjusting the critical values ¢ and ¢q.

4.5.2  Global Power

To estimate the power of our design, we need to consider a specific alternative setting
with hazard functions hy(¢|X) and ho(¢t|X). We assume H,; as an alternative setting
such that a positive biomarker-by-treatment interaction exists and the RMST differ-
ence in the positive group is greater than 0. As under H,;, the estimated biomarker

cutpoint ¢ is identifiable and unbiased to the true cutpoint ¢+ (shown in simulation

study), the test statistic ZZ(P) is calculated for the true biomarker-positive subgroup

(Ct*, 1]

Once the critical values ¢ and ¢o are determined in Equations (4.14) and (4.15), the
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global power can be calculated as:

Global Power = P(ZZ(P) > q|Hyyp is rejected, Hyy) x P(Zg, > qo|Ha1)  (4.16)

+ P(ZZ(O) > q|Hoo is not rejected, Hyy) X P(Zg, < qo|Ha),

where ¢ = ®71(1 — &) and ¢y = (1 — ayp).

4.5.8  Sample Size Calculation

Given the global power and the critical values ¢ and ¢, we calculate the sample size
using Equation (4.16) and the asymptotic distribution of the test statistics as detailed
in Chapter 4.4. Let n, and n represent the required sample size in the biomarker-
positive subgroup and the overall patients, respectively. Note that n, = f(n,cmx)
is a function of n and ¢+ based on the enrichment strategy and accrual rate in

the proposed design. For example, in the all-comer design with no enrichment,

f(n,ce) = n(l — cx).
Under H,;, we define the true RMST difference in the biomarker-positive subgroup
and the overall patients as Agf) and Ai*o), respectively. Then we have:

AP [y P A (0) /% @)
AP () — A AP () - AR

~ N(0,1) and =
YN 0 5.9 (%) /y/n

~ N(0,1), forl=1,...,5.

To test the positive biomarker-by-treatment interaction, we have fﬁ 3_/635 ~ N(0,1)
3

under H,y. Therefore, P(Zg, > qo|Ha1) = 1 — ®(qo — &Bﬁ/"’ﬁ). Let n = P(Zg, >
3

qo|Ha1), the Equation (4.16) can be written as:

[ AP
Global Power = [1— ®(q— = )| xn

5.0 (1) )/ T, coe)

+ 1—@(q—i x (1—mn) (4.17)
5.7 (t) /)
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By solving this equation, we can calculate the required sample size, n,, in the
biomarker-positive subgroup to achieve the specific global power in our proposed
design. The values of Agf) and AE*O) can be theoretically derived from the hazard
functions hy (| X) and ho(t|X). Additionally, both al(P) (t*) and al(O) (t*) can be esti-
mated by Monte Carlo method as described in Lu and Tian (2021). Take O'Z(O) (t*)
for example, one may first simulate a data set of a large sample size M under H,;,

and then calculate the centered RMST estimates,
1= VM {AP @) - a0},

After repeating this process a large number of B times, (31(0) (t*) can be approximated

by \ Zlil ]bQ/B-

4.6 A Numerical Example

In this chapter, we present a numerical example of re-designing the JAVELIN Lung
200 study using our proposed methodology. Given the unavailability of data from the
original trial, we use the simulated data to mimic the settings in JAVELIN Lung 200.
We select progression-free survival (PFS) as the endpoint of interest in this RMST-
based design, particularly due to notable PH violations observed in the treatment
effect of avelumab, as discussed in Chapter 1.1.1. We denote Z = 1 to represent the
experimental treatment of avelumab and Z = 0 for the standard care of docetaxel,
the randomization ratio is one to one. The hazard functions for each treatment are

assumed as follows:

ho(t|X) 2.5log(2),

6log(2) x exp{—0.8X} fort<1/6

(4.18)
2log(2) x exp{—0.8X} for ¢ > 1/6.

h(t|X) = {
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Here, time is measured in years. We designate the PD-L1 expression on tumor cells
as the biomarker X. Similar to in JAVELIN Lung 200, we focus on the patients
with PD-L1-positive tumors, defined by PD-L1 expression > 1%, in this design. As
such, we assume the distribution of X follows Unif(0.01,1). As docetaxel is not
a biomarker-related therapy, the hazard function for Z = 0 is supposed to follow
an exponential model and is unrelated to the biomarker. The hazard function for
avelumab is assumed to be piecewise exponential, and according to the Supplemental
Figure 3 in Barlesi et al. (2018), we posit a single change point at 2 months (i.e.,
t = 1/6). Figure 4.2 displays the survival curves derived from the simulated data
among patients with PD-L1 expression > 1% and > 50%. These curves closely
resemble those depicted in Supplemental Figure 3 of Barlesi et al. (2018), where the

PH assumption is clearly violated.

PD-L1>=1% PD-L1 >= 50%

—+ Docetaxel —+ Avelumab —+ Docetaxel —+ Avelumab

o
@
o
@

o«
kS

Progression—Free Survival
o o
PR
Progression—Free Survival
)
o

0 3 6 9 12 15 18 21 24 0 3 6 9 12 15 18 21 24
Month Month

FIGURE 4.2: Simulated RMST curves of progression-free survival in patients with
PD-L1 = 1% (left panel) and PD-L1 > 50% (right panel).

In the two-stage enrichment design, we assume patients are uniformly enrolled from
time 0 to t; = 0.5 year in Stage I. The enrichment occurs at the end of Stage I at
t; = 0.5. Subsequently, in Stage II, patients are uniformly enrolled from t; to t, = 1
year, with restriction in the biomarker-positive subgroup. We assume equivalent

accrual rates across both stages. All patients will be followed up until 3 = 2.5 years.

91



We assume that the annual dropout rate is 5% with a median dropout time of 2 years
in both arms following an exponential distribution. As such, the lost to follow-up

time L; follows an exponential distribution with a rate —log(1 — 0.05)/2.

We use the RMST difference between avelumab and docetaxel up to t* = 1.5 years
as the measure of treatment effect. Based on Equations (4.3) and (4.18), the optimal
biomarker cutpoint is calculated as ¢;+ = 29.6%. Consequently, the marginal RMST

difference among the biomarker-positive subgroup (¢, 1] is Aif) = (0.137 years and

the marginal RMST difference in the overall patients is Aif) = (.082 years.

We use Equation (4.17) for calculating the global power across a range of sample
size n under each proposed estimator. Given that the accrual time and rates in two

stages are equivalent, the sample size n, in the biomarker-positive subgroup in this

1—c;% )

equation is determined as %(1 + 455

Regarding the CW-adjusted estimators, it is essential to note that during the design
for sample size calculation, we use the true biomarker cutpoint for enrichment and
determining the biomarker-positive subgroup, i.e., ¢o = ¢+ = c¢+. Consequently,
the distribution of the included biomarker-positive patients aligns with the true dis-
tribution of F'y(x). In such a situation, utilizing the calibration weighting method
to balance distributions becomes unnecessary, and we can set p; = 1 in each CW-
adjusted estimator. By doing so, the CW Kaplan-Meier estimator degenerates to

the naive unadjusted estimator.

We plan to control the family-wise type I error rate at 2.5%, and we allocate a signifi-
cance level of 2.5% for testing positive biomarker-by-treatment interaction (i.e., ag =
2.5% for testing Hy). Next, we use Monte Carlo method to determine the significance
level of & for testing the conditional treatment effects (i.e., H1g and Hyp). We conduct

a simulation under the global null setting where hy(t|X) = ho(¢|X) = 2.5log(2) with
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a total sample size n = 10,000 across a range of & € {1.5%, 1.6%, ..., 2.5%}. Based
on the testing results from 10,000 simulated datasets, the family-wise type I error
rate can be controlled at 2.5% with & = 2.3%. As an illustration, this simulation
utilizes the naive estimator, but other estimators can also be employed. However,
the results might be slightly different due to the different variances of each estima-
tor. As a result, the critical values used in Equation (4.17) are ¢y = ®1(0.975)
and ¢ = ®7'(0.977). Additionally, the asymptotic variance 63, [6,7)(+*)]2, and
[6,9)(t*)]? in Equation (4.17) are estimated by Monte Carlo method as introduced

in Chapter 4.5.3 with a total sample size n = 10,000 and 10,000 replicates.

Figure 4.3 presents the curves of global power across a range of total sample size
from the proposed enrichment design, using the Kaplan-Meier estimator (Ag(t*)),
G-Formula estimator (As(¢*)), Hajek estimator (A4(t*)), and Augmented estima-
tor (As(t*)). Additionally, we compare the result from an all-comer design with
no enrichment using the naive unadjusted estimator. Notably, different estimators
employed in the enrichment design yield very similar results. Compared to the all-
comer design, the enrichment design requires fewer sample sizes to achieve the same
global power. For example, to attain 90% of the global power, the total sample size
required in the all-comer design is n = 940, while in the enrichment design with the
G-Formula estimator, it reduces to n = 835. Furthermore, within the enrichment
design, the G-Formula estimator demands the smallest sample size to achieve the

same global power, while the Hajek estimator requires the largest sample size.

4.7 Simulation Studies
4.7.1  Aims

This simulation study aims to assess the properties of the proposed biomarker cut-

point estimating methods and treatment effect estimators within the framework of
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FI1GURE 4.3: Curves of the global power by total sample size required in the all-comer
design using naive unadjusted estimator and enrichment design using Kaplan-Meier
(KM), G-Formula (GF), Hajek (HJ), and Augmented (AG) estimators.

our proposed two-stage enrichment design. Additionally, we seek to evaluate the

efficacy of the proposed design. Three primary questions are addressed:

1. Can the proposed methods accurately estimate the biomarker cutpoint in the

proposed design?

2. Are the proposed treatment effect estimators consistent with the true marginal
RMST difference within the biomarker-positive subgroup in the proposed de-

sign?

3. Does the proposed design effectively control the type I error rate while main-
taining sufficient power? Additionally, what advantages does this design offer

compared to the all-comer design?
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4.7.2  Data-Generating Mechanisms

We simulate 10,000 datasets under two designs: 1) the proposed two-stage adaptive

enrichment design and 2) the all-comer design with no enrichment.

The two-stage adaptive enrichment design follows the procedure outlined in Chap-
ter 4.2.3. In Stage I, n; patients are accrued for each of the experimental and control
treatments. The accrual in the first stage is regardless of patient’s biomarker value.
We assume a uniform enrollment from calendar time 0 to ¢t; = 1 year. For each
patient 4, the enrolled time E; ~ Unif(0,¢1). In Stage II, an additional ny patients
are accrued per treatment. The accrual in Stage II is determined based on the en-
richment strategy established at the end of Stage I. A uniform enrollment is assumed

from t; to to = 2 years. All patients will be followed up until ¢3 = 4 years.

The all-comer design accrues and randomizes a total of n = 2 x (n; + ny) patients
with one to one allocation regardless of their biomarker values. To follow a similar
recruitment scheme as in the enrichment design, we assume that the first 2n; patients
are uniformly enrolled from time 0 to ¢; and the other 2n, patients are uniformly

enrolled from t¢; to t5. All patients will be followed up until 3.

In both designs, the event time T; for Z € {0,1} is generated from the following

hazard functions:

ho(t|X) = 0.9,

0.9 x exp{0.9(1 — X)} fort<0.25

(4.19)
0.45 x exp{0.9(1 — X)} for ¢t > 0.25,

h(t|X) = {

Here, the time is measured in years. These hazard functions represent the scenario

where the experimental treatment exhibits a delayed treatment effect after 3 months.
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We assume the lost to follow-up time L; follows an exponential distribution, specif-
ically L; ~ exp(0.12). For an analysis conducted at time ¢’ € {t1,t3}, the censoring
time for the it patient is defined as C; = min(L;, ¢ — E;). In Figure 4.4, we present
the true RMST curves by the biomarker values and their intersection point between

the two treatments.
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FiGure 4.4: RMST curves by the biomarker values for 7 = 1 and Z = 0 in
simulation study.

We use the RMST difference between experimental and control arms up to t* = 2
years to measure the treatment effect. Based on Equations (4.3) and (4.19), the true
biomarker cutpoint is ¢+ = 0.519, and the true marginal RMST differences among

the biomarker-positive subgroup (¢, 1] and overall patients are Agf) = 0.134 and

AE*O) = —0.012, respectively.

We follow the same procedure as in the numerical example in Chapter 4.6 to calculate

the sample size. Assuming equal accrual rates in Stages I and II, and the critical
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values ¢ = qo = ®71(0.975), the total sample size required to achieve a global power
of 80% in an all-comer design using the naive unadjusted estimator is n = 2020. As

such, the sample size per stage and treatment arm is n; = ny = 505.

4.7.3 Methods and Performance Measures

The methods and performance measures to assess operating characteristics are sum-
marized according to the three aforementioned primary questions. We present four

design scenarios as follows:

Design Scenario 1: All-comer design without enrichment.

Design Scenario 2: Enrichment design using Prediction Method A.
Design Scenario 3: Enrichment design using Prediction Method B.
Design Scenario 4: Enrichment design using Prediction Method C.

We will introduce the three prediction methods below.

Biomarker Cutpoint Estimation

At the end of Stage I, we consider three different prediction methods to estimate
the cutpoint according to the prior information on the piecewise exponential hazard

functions:

Prediction Method A: The number of change points in the piecewise exponential

models and their locations are known.

Prediction Method B: The number of change points in the piecewise exponential

models is known, but the locations are unknown.
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Prediction Method C: Both the number of change points and their locations in the
piecewise exponential models are unknown. The number of change points is

tested under the significance level of 0.05.

We assess the bias of the estimated cutpoint, ¢y, in each prediction method and the
accuracy of the detected number and locations of change points in the piecewise

exponential models in Prediction Methods B and C.

At the end of Stage II, we use the RMST regression method to re-estimate the
biomarker cutpoint. We assess the bias of the estimated cutpoint, ¢;«, under all four

design scenarios.

Treatment Effect Estimation

We compare five treatment effect estimators, Al(t*) forl =1,...,5, for the marginal
RMST difference in the biomarker-positive subgroup under four design scenarios.
Each estimator is evaluated using both the estimated biomarker cutpoint ¢« and
the true fixed biomarker cutpoint ¢+ = 0.519 to determine the biomarker-positive

subgroup.

When estimating the marginal RMST difference using the estimated biomarker cut-
point ¢+, we assess the bias and coverage probabilities of each estimator. Coverage
probability is defined as the proportion of replications in which 95% confidence inter-
vals contain the true value out of the total number of replications. When estimating
the marginal RMST difference using the true biomarker cutpoint ¢+, we evaluate

the bias, coverage probability, estimated standard errors (E|[d6;(t*)]) and the stan-

dard deviations (y/Var[A;(t*)]) of each estimator. This helps verify the correctness

of the proposed variance of each estimator (i.e., 67(t*) for [ = 1,...,5).
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Operating Characteristics

We compare the operating characteristics in terms of global power, type I error rates
and included true negative patients of the two-stage enrichment and all-comer designs

under four design scenarios using five treatment effect estimators.

First, in the power analysis, we specify the significance levels for testing positive
biomarker-by-treatment interaction and conditional treatment effect as oy = & =
2.5% (see definitions in Chapter 4.5.1), so that the associated critical values are
q = qo = ®1(0.975). We compare the global power and number of included true
negative patients in each design scenario and estimator, where the true negative

patients are those whose biomarker values are within the range [0, ¢ ).

Second, the family-wise type I error rate is evaluated under the global null setting,
and we also assess the type I error rate for testing positive biomarker-by-treatment
interaction. We use the significance levels of g € {1.5%,2.0%, 2.5%, 3.5%} for test-
ing the positive biomarker-by-treatment interaction, and & € {2.0%, 2.3%, 2.5%} for
testing the conditional treatment effects. As a result, we present a total of 12 combi-
nations of nominal significance levels. Under the global null setting, the Prediction
Methods A and B are equivalent since there are no change points in both treatments.

As such, we only present results of type I error rate under Design Scenarios 1, 2, and

4.
4.7.4  Results
Biomarker Cutpoint Estimation

Table 4.1 summarizes the predicted biomarker cutpoint, ¢y, in Stage I from the
enrichment design using three prediction methods. The Prediction Method A yields

the most accurate prediction (bias = 0.001) since the number of change points and
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their locations in the piecewise exponential models are known. For the Prediction
Method B, with a known number of change points, the average estimated change
point from the hazard function for Z = 1 is 0.267, which is close to the true (0.25).
The estimated biomarker cutpoint from this method is ¢y = 0.506 (bias = -0.013).
For Prediction Method C, where both change points and their locations are unknown,
the estimated cutpoint is ¢y = 0.509 (bias = -0.010). For Z = 0, the frequency of
correctly identifying the number of change points (i.e., k = 0) in its hazard function
is 79.3%, while for Z = 1, 87.3% of replications can correctly identify the number of

change points (i.e., k = 1).

Table 4.1: Estimated biomarker cutpoint ¢, in Stage I in the two-stage enrichment
design by using three prediction methods in simulation study. S.D.: standard devi-
ation.

Prediction Method | ¢ Bias of ¢y S.D. of ¢
A 0.520 0.001 0.130
B 0.506  -0.013 0.132
C 0.509  -0.010 0.163

Table 4.2: Estimated biomarker cutpoint ¢ in Stage II using RMST regression
methods under four simulation design scenarios. S.D.: standard deviation.

Design Scenario | ¢+  Bias of ¢ S.D. of ¢
1 0.522 0.003 0.062
2 0.519 0.000 0.067
3 0.520 0.001 0.066
4 0.519 0.000 0.067

Table 4.2 presents the estimated biomarker cutpoint, ¢, in Stage II from the RMST

regression method in four design scenarios. The RMST regression method yields
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unbiased cutpoint estimates in all design scenarios regardless of the choice of the

prediction method in Stage 1.

Treatment Effect Estimation

Table 4.3 displays the estimated RMST differences in the biomarker-positive sub-
group and their coverage probabilities under four design scenarios using the estimated
biomarker cutpoint ¢;«. In the all-comer design, all five estimators are unbiased
with coverage probabilities over 98%. In the enrichment designs, different prediction
methods applied in Stage I do not alter the treatment effect estimations, as Design
Scenarios 2-4 give similar results. Overall, the naive unadjusted estimator tends to
overestimate the treatment effect in the enrichment designs since the biomarker dis-
tribution of the included positive patients may not align with the true distribution
of the positive patients (see discussion in Chapter 4.4.1). The four CW-adjusted
estimators show unbiased results because the calibration weighting method balances
the distribution of the included biomarker-positive patients to the true distribution

of F (x). The associated coverage probabilities are around 98%.

Table 4.4 presents the estimated RMST differences under four design scenarios using
the fixed true biomarker cutpoint. Similar to the findings in Table 4.3, the naive
unadjusted estimator is unbiased in the all-comer design but is biased in the enrich-
ment designs. In contrast, the four CW-adjusted estimators show unbiased results
under all design scenarios. The estimated standard error of each estimator is close
to its standard deviation under all design scenarios, with the associated coverage
probabilities approximately 95%. These results confirm the correctness of the vari-
ance estimators proposed in Chapter 4.4. The CW G-formula estimator, Ag(t*),

demonstrates the smallest variance among the four CW-adjusted estimators.
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Table 4.3: Estimated marginal RMST differences in the estimated biomarker-positive
subgroup under four simulation design scenarios, using the estimated biomarker cut-
point ¢éx. RMSTD: marginal RMST difference in the estimated biomarker-positive
subgroup, C.P.: coverage probability. A;(¢*): Naive unadjusted estimator; Ao (¢*):
CW Kaplan-Meier estimator; Ag(t*): CW G-formula estimator; A, (#*): CW Hajek
estimator; As(t*): CW augmented estimator.

Design Scenario | Estimator Est. RMSTD Bias of RMSTD C.P. of RMSTD

1 Ay (%) 0.135 0.001 98.5%
(All-Comer) Ay (%) 0.134 0.000 98.4%
As(t) 0.134 0.000 99.0%

A (%) 0.134 0.000 98.8%

As(t%) 0.135 0.001 98.8%

2 AL () 0.144 0.010 96.5%
(Enrichment) Ay (%) 0.134 0.000 97.8%
Ay(t*) 0.135 0.001 98.5%

Ay (t*) 0.135 0.001 98.2%

As(t*) 0.135 0.001 98.1%

3 Ay (%) 0.143 0.009 96.8%
(Enrichment) Ay (%) 0.135 0.001 97.8%
Ag(t*) 0.135 0.001 98.5%

A(t) 0.135 0.001 98.1%

As(t*) 0.135 0.001 98.1%

4 AL (%) 0.145 0.010 95.4%
(Enrichment) Ay (%) 0.135 0.001 97.5%
Ag(t*) 0.135 0.001 98.2%

AL (%) 0.135 0.001 97.8%

As (%) 0.135 0.001 97.8%
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Table 4.4: Estimated marginal RMST differences in the true biomarker-positive sub-
group under four design scenarios, using the true biomarker-cutpoint ¢;+. RMSTD:
marginal RMST difference in the true biomarker-positive subgroup, S.E. of RM-
STD: estimated standard error of RMSTD, S.D. of RMSTD: standard deviation of
estimated RMSTD’s, C.P. of RMSTD: coverage probability of RMSTD.

Design Estimator Est. Biasof S.E.of S.D.of C.P.of
Scenario RMSTD RMSTD RMSTD RMSTD RMSTD
1 Ay (%) 0.135 0.001 0.048 0.048  94.7%
(All-Comer) | Ay(t*) 0.134  -0.000  0.050 0.051  94.7%
Ag(t*) 0.134  -0.000  0.044 0.045  94.6%

A (t%) 0.134  -0.000  0.052 0.051  95.8%

Ay (%) 0.134  -0.000  0.052 0.051  95.7%

2 Ay (%) 0.144 0.010 0.040 0.040  94.5%
(Enrichment) | Ay(t*) 0.133  -0.001  0.044 0.046  94.8%
Ay (%) 0133  -0.001  0.038 0.039  94.7%

Ayt 0.133  -0.001  0.046 0.046  95.7%

Ay (%) 0.133  -0.001  0.046 0.046  95.6%

3 Ay (%) 0.143 0.009 0.040 0.040  94.6%
(Enrichment) | Ay (t*) 0.133  -0.001  0.043 0.045  94.7%
Ay (%) 0133  -0.001  0.038 0.039  94.7%

A (%) 0.134  -0.000  0.045 0.046  95.5%

As (%) 0.134  -0.000  0.045 0.046  95.4%

4 AL () 0.145 0.011 0.041 0.042  93.5%
(Enrichment) | Ay (t*) 0.134 -0.000 0.045 0.048 94.6%
Ay(t%) 0.134  -0.000  0.038 0.040  94.4%

Ay (%) 0.134  -0.000  0.047 0.048  95.3%

As () 0.134  -0.000  0.047 0.048  95.2%

Operating Characteristics

Table 4.5 summarizes the results from the power analysis. We first compare the
average numbers of included negative patients in each design scenario. The all-
comer design includes 1048 (51.9%) true negative patients on average. However, the
enrichment designs include significantly fewer negative patients. When less prior in-

formation on piecewise exponential hazard functions is used in the prediction method
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in Stage I, the average number of true negative patients increases from 628 (Design

Scenario 2) to 653 (Design Scenario 4).

Table 4.5: Results from power analysis.

Design Avg. Number of Power of Using

Scenario | True Negative Patients Ay (¢*)  Ao(t*)  As(t*)  Aut*)  As(t)
1 1048 83.7% 80.0% 89.8% T7.4% T1.7%
2 628 95.8% 90.2% 96.7% 88.9% 88.8%
3 640 95.6% 90.6% 96.5% 89.1% 89.1%
4 653 95.1% 88.5% 96.3% 86.8% 86.8%

Subsequently, we compare the global power across five estimators. Within each
design scenario, the testing based on the CW G-formula estimator, Ag(t*), has the
largest global power due to its smallest variance, as outlined in Web Table 1. Notably,
the high global powers from the naive unadjusted estimator, Al(t*), in the enrich-
ment design stem from its overestimation of the RMST difference (see Table 4.3).
The global powers from the other three estimators are similar but lower than those
from the CW G-formula estimator due to their larger variance (see Table 4.4). When
considering the same estimator, the global power in the all-comer design is smaller
than in the enrichment designs. Within the enrichment designs, the global powers
are similar between using the first and second prediction methods (Design Scenario 2
and 3), and they are slightly higher than using the third prediction method (Design

Scenario 4).

Table 4.6 presents the type I error rate for testing the positive biomarker-by-treatment
interaction using four nominal significance levels of oy under Design Scenarios 1, 2,
and 4. As outlined in Chapter 4.5.1, under the global null, P(Zs, > qo) = ap, where

qo = (1 — ). Consequently, the type I error rate should align with the nominal
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significance level (i.e., ag). Table 4.6 shows that type I errors rates are effectively

controlled in all design scenarios.

Table 4.6: Type I error rate for testing positive biomarker-by-treatment interaction.
ap: significance level for testing Hypothesis Zero.

g | Design Scenario 1 Design Scenario 2 Design Scenario 4
0.015 0.016 0.016 0.016
0.020 0.021 0.022 0.021
0.025 0.026 0.027 0.027
0.035 0.037 0.037 0.037

Table 4.7 displays the family-wise type I error rates using 12 combinations of nominal
significance levels of & and g for each estimator under Design Scenarios 1, 2, and
4. First, under the same design scenario and treatment effect estimator, the family-
wise type I error rate increases with higher ay or a. Notably, the family-wise type
I error rate is more sensitive to changes in & than ay. Second, under the same sig-
nificance levels and treatment effect estimator, the enrichment designs have slightly
lower family-wise type I error rates than the all-comer design, and different predic-
tion methods have minimal effect on the results. Finally, under the same design
scenario and significance levels, the family-wise type I error rates are similar among
the first three estimators. The CW Hajek and augmented estimators (A4(¢*) and
A5(t*)) provide lower family-wise type I errors than other estimators. However, this
is attributed to slightly overestimating the variance in these two estimators under
the global null setting (simulation results not shown). According to Table 4.7, if
we want to control the family-wise type I error under 0.025 in our proposed design

using the CW G-formula estimator (As(t*)), one option is to set ay = 0.015 and
a = 0.023.
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Table 4.7: Family-wise type I error rate under each design scenario. «y: Significance
level for testing positive biomarker-by-treatment interaction; a: Significance level for
testing conditional treatment effect.

Design Scenario | a | A(t*) Ao(t*)  As(t*)  Ag(t*)  As(t*)
1 0.015 0.025 | 0.029 0.029 0.028 0.024 0.024
(All-Comer) 0.023 | 0.027 0.027 0.026  0.021  0.022
0.020 | 0.024 0.024 0.022 0.019 0.019
0.020 0.025 | 0.029 0.030 0.028 0.024 0.024
0.023 | 0.027 0.028 0.026 0.022  0.022
0.020 | 0.024 0.024 0.023 0.019 0.019
0.025 0.025 | 0.030 0.031 0.030 0.025  0.025
0.023 | 0.028 0.028 0.028 0.022  0.023
0.020 | 0.025 0.025 0.024 0.019 0.019
0.035 0.025 | 0.031 0.031 0.030 0.025  0.025
0.023 | 0.029 0.029 0.028 0.023 0.023
0.020 | 0.025 0.025 0.024 0.020  0.020
2 0.015 0.025 | 0.029 0.029 0.027 0.023 0.023
(Enrichment) 0.023 | 0.027 0.026 0.025 0.021  0.021
0.020 | 0.024 0.023 0.022 0.018 0.018
0.020 0.025 | 0.029 0.029 0.028 0.023 0.024
0.023 | 0.027 0.027 0.026 0.021  0.022
0.020 | 0.024 0.023 0.022 0.019 0.019
0.025 0.025| 0.030 0.030 0.029 0.024 0.024
0.023 | 0.028 0.028 0.027  0.022  0.022
0.020 | 0.025 0.024 0.023 0.019 0.019
0.035 0.025 | 0.031 0.031 0.029 0.025 0.025
0.023 | 0.029 0.028 0.027 0.022  0.023
0.020 | 0.025 0.025 0.024 0.020 0.020
4 0.015 0.025 | 0.029 0.028 0.027 0.023  0.023
(Enrichment) 0.023 | 0.027 0.026 0.025 0.021  0.021
0.020 | 0.023 0.023 0.022 0.018 0.018
0.020 0.025 | 0.029 0.029 0.028 0.023 0.024
0.023 | 0.027 0.027 0.026 0.021  0.022
0.020 | 0.024 0.023 0.022 0.019 0.019
0.025 0.025 | 0.030 0.030 0.029 0.024 0.024
0.023 | 0.028 0.028 0.027 0.022  0.022
0.020 | 0.025 0.024 0.023 0.019 0.019
0.035 0.025 | 0.031 0.031  0.030 0.025 0.025
0.023 | 0.028 0.028 0.028 0.022  0.023
0.020 | 0.025 0.025 0.024 0.020  0.020
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4.8 Discussion

We presented a two-stage adaptive RMST design incorporating biomarker threshold
detection and patient enrichment. Our approach involves two methods to identify
the biomarker cutpoint and five estimators of the RMST difference in the biomarker-
positive subgroup. Furthermore, we defined the family-wise type I error rate and
global power in the context of our design and proposed a method for controlling
the family-wise type I error rate under the global null by numerically determining
the critical values for test statistics and a complementary method for calculating
the sample size. We re-designed the JAVELIN Lung 200 using our design scheme
and illustrated the sample size calculation process. Our findings demonstrated that
the proposed enrichment design offers substantial reductions in required sample size
compared to the all-comer design, while maintaining equivalent global power. An-
other important strength of the proposed design is its independence from needing
a pre-specification of the biomarker-positive threshold, particularly for a continuous
biomarker. Therefore, adopting the new design to oncology trials could avoid the
potential failures of betting on an inaccurate biomarker cutpoint for defining the
biomarker-positive groups at the time of trial design. This is especially crucial when
investigators lack sufficient data to determine the optimal biomarker cutpoint. Our
flexible design allows adaptively identifying the threshold while simultaneously de-
termining the biomarker-positive subgroup and estimating and testing the treatment
effect in the “selected” positive group. Furthermore, this RMST design applies to
designs with time-to-event data when non-proportional hazards are expected, such

as the delayed effect in the experimental treatment.

Our theoretical work and extensive simulation study demonstrated that the proposed
design and related methods addressed three key questions with satisfaction. First,

in Stage I, the prediction methods can effectively identify the biomarker cutpoint
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for enrichment, and the accuracy increases as more prior information on the piece-
wise hazard functions becomes available. In Stage II, the RMST regression method
provides an unbiased estimation of the biomarker cutpoint to define the biomarker-
positive subgroup. Second, the calibration weighting method successfully balances
the distribution of the included biomarker-positive patients with the true distribution
of positive biomarkers. Consequently, the CW-adjusted estimators are all unbiased
in the enrichment designs. The CW G-formula estimator demonstrates the smallest
variance with the largest statistical power among all estimators. Third, compared
to the all-comer design with an equivalent overall sample size, our proposed enrich-
ment design features significantly more biomarker-positive patients on average and
achieves higher global power while retaining a well-controlled family-wise type I error

rate.

When outlining the proposed design for time-to-event outcomes, we primarily focused
on utilizing the piecewise exponential model for hazard functions. This model is flex-
ible as we allow an arbitrary number of change points, enabling us to approximate a
wide range of event distributions. Notably, our proposed RMST regression method
for estimating the biomarker cutpoint and the associated estimators for RMST differ-
ence does not necessitate the piecewise exponential hazard assumption. However, it
is essential to highlight that this assumption becomes necessary when employing the
prediction method to identify the biomarker cutpoint. In this method, we adopted
the approach outlined in Goodman et al. (2011) to detect the number and location
of the change points in the piecewise exponential hazard model. It is important to
note that this approach assumes that the change points only affect the parameters
of the baseline hazard function in Equation (4.1), that is, v, remains constant over
time. In situations where v, varies over time, alternative methods can be employed,

as proposed by He et al. (2013) and Zhang et al. (2014). Additionally, it is crucial to
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underscore that our proposed design applies to other types of hazard functions, pro-

vided there is sufficient prior information on the parametric assumptions involved.

We focused on a practical scenario in the clinical trial with time-to-event endpoints,
where the enrichment is implemented early to reduce the inclusion of biomarker-
negative patients. Consequently, the treatment effects are not tested at the end
of Stage I as the follow-up time in this stage may not be sufficiently long. How-
ever, an additional statistical test can be introduced at the end of Stage I if the
follow-up time exceeds the truncation time t* or if the RMST difference test uses a
different truncation time earlier than t*. Furthermore, an extension of our design
could involve a more complicated group-sequential RMST design (Luo et al., 2019;
Lu and Tian, 2021). This extension allows for incorporating k(k > 1) additional
interim analysis before the final analysis at the end of the design. At each interim
analysis, enrichment can be simultaneously conducted with decisions on early ter-
mination for futility or efficacy. While our proposed design primarily considers a
single truncation time, it is essential to note that challenges may arise when multiple
truncation times for RMSTs are used to define treatment effects. The challenges
include merged multiplicity testing due to different treatment effect estimands, and
the difficulties when identifying the biomarker cutpoint for enrichment under various
truncation times. This topic remains for further research. There are several other
avenues for future research to enhance and generalize our proposed design. First, an
in-depth exploration of how the design’s performance is impacted by the length of
follow-up time in both stages or the ratio of enrollment sizes between stages could
provide valuable insights. Second, investigating methods for determining optimal or
minimax designs would contribute to refining our approach. Third, an extension of

our proposed design from a single biomarker to multiple biomarkers with variable

109



selection and biomarker-based subgroup boundary selection, or even expanding to
high-dimensional biomarkers using machine learning algorithms to characterize pa-
tient subgroups, presents an opportunity for developing the advanced designs and

methods in biomarker-guided clinical trials.

Software

The relevant R code for the methodology and simulation study is available at https:

//github.com/kimihua1995/RMST_DESIGN.
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5

Conclusion

In this dissertation, we proposed novel RMST-based methodologies and demon-
strated their advantages in three research areas in clinical trials with time-to-event
outcomes: 1) individual participant-level network meta-analysis; 2) inference in
multi-regional clinical trials; and 3) biomarker-guided adaptive and enrichment de-

sign.

In the first topic, we developed two-stage and one-stage RMST-based IPD-NMA
methods, enabling the incorporation of individual covariates and allowing the as-
sessment of treatment effect moderations. Through extensive simulations, our pro-
posed methods demonstrated reduced bias in RMST estimates with smaller MSE and
proper coverage probabilities than the existing approaches. Utilizing the COMBINE-
AF dataset, we used our advanced methods to illustrate the assessment of treatment-
by-covariate interactions and the evaluation of between-trial heterogeneity. Future
research will focus on improving the approximation method involved in the one-stage

model.
In the second topic, we proposed CW and IPSW-adjusted methods to transport or
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generalize the treatment effect from each region to the target population in MRCT.
Our methods enable the accurate assessment of treatment effect heterogeneity across
regions, which is caused by the essential traits, through eliminating imbalances in the
inessential traits across regions. We proposed four weighted estimators for the region-
specific RMST difference and established their theoretical properties. Simulation
studies demonstrated that within the context of MRCT, the CW method was more
robust than the IPSW method, and the weighted Augmented estimator displayed
smaller variance and higher robustness than other estimators. In the analysis of the
PLATO trial, we illustrated that ticagrelor proved more effective than clopidogrel
among US patients after achieving balance in aspirin usage and other effect modifiers
with the non-US patients. Future research will focus on the methods for variable
selection, adjustment for unobserved confounders, and extension to MRCT study

designs.

In the third topic, we proposed a two-stage biomarker-guided adaptive enrichment
RMST design, allowing for identifying an optimal biomarker cutpoint during an
ongoing trial without pre-specifying the biomarker thresholds and simultaneously
estimating and testing the RMST difference in the selected biomarker-positive group.
Additionally, we developed approaches for calculating family-wise type I error rate,
global power, and sample size in this design. Simulation studies demonstrated the
effectiveness of our methods in accurately identifying biomarker cutpoints, unbiasedly
estimating treatment effects, and achieving higher global power, fewer biomarker-
negative enrollments, and a well-controlled type I error rate compared to the all-
comer design. Moreover, we re-designed the JAVELIN Lung 200 using our design
scheme and illustrated the sample size calculation process. Future research can focus
on evaluating the proposed design’s performance about follow-up time and enrollment

ratio between stages, exploring optimal or minimax designs, and extending from
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a single biomarker to multiple biomarkers for advanced methods in variable and

cutpoint selection.

Finally, it is essential to recognize that while the RMST offers a more straightforward
interpretation with time-to-event outcomes and entails fewer model assumptions than
HRs, HRs and Cox models remain widely accepted among researchers or clinicians
in biomedical studies. We acknowledge the limitations of RMST (Kloecker et al.,
2020), including challenges in selecting the truncation time ¢*, handling complex cor-
relations between different truncation times, and difficulties in comparing studies of
heterogeneous designs and in inferring the long-term effects of treatments using trials
of short duration. However, the development of RMST-based methodologies holds
significance, mainly serving as a valid approach in situations of non-proportional
hazards or as a meaningful alternative or sensitivity analysis method alongside the

HR-based approaches.
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Appendix A

Appendix for Chapter 1

Appendix A is organized as follows. Appendix A.1 shows the proof of the large sample
properties of B in the IPCW RMST regression. Appendix A.2 briefly introduces an

alternative RMST regression method based on pseudo observations.

A.1 Large Sample Properties of ,3 in [IPCW RMST Regression

The large sample properties of the parameters [3 in the IPCW RMST regression can
be derived from the M-estimator theory (Stefanski and Boos, 2002). Assume that 3

is a unique root from the following weighted quasi-score estimating equation:

Un(B) = D widY; — g (XTI B)IX] =0.
=1
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Let U(B) = E[w{Y; — ¢ Y(XTB)}XT] and B be the unique root of U(B) = 0. It

follows that B converges to 3 in probability.

~

Applying a first-order Taylor expansion of U, (3) around 3, we have

It follows that

And we have

_laUnE/B) _ 1 N wig " (XiB) X XT
n 6ﬁ ni:l 7 i i

As such,
Vi(B - 8) = A7 = Ylwi(¥i — g (XIB)XT.

The influence function of B is Ay w{Y; — g~ (X7B)}XT. Therefore, /n(3 — B) is

asymptotic normal with mean (vector) zero, and the covariance matrix Ay'ByAy*,

where

By = E|{Yi— g (X B) XX
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A.2 Pseudo-Value RMST Regression

Andersen et al. (2004) proposed a RMST regression model using pseudo observations.
Begin with the dataset {(U;, 6;, X;),i = 1,...,n}, the pseudo value of RMST for each

patient is derived by the jackknife approach as follows:
1. Let the parameter of interest be p(t*) = E[min(7, t*)].

2. Fori =1,...,n, define the conditional expectation as p;(t*) =

E(min(T}, t*)|X,).
3. The i*" pseudo observation of RMST is defined as

(t*) = n-ptt) = (n—1)- 5= (t")
- J S )dt — ( n—lj S

where S(t) is the Kaplan-Meier estimator of S(t) among all n patients while S~ ()
is the “leave-one-out” Kaplan-Meier estimator by excluding the it patient. Since
the Kaplan-Meier estimator is approximately unbiased for the survival function in
large samples, both i(t*) and i7*(t*) are approximately unbiased to p(t*). Thus we
have E(f;(t*)) = p(t*) for ¢ = 1,...,n. Then the pseudo RMST regression model is

written as follows:

9(ui(1*)) = g(Bl(t")X]) = X", (A1)

where ¢(+) is the link function (e.g., log link or identity link). The regression coef-
ficients -y can be estimated from a generalized estimation equation (Andersen and

Pohar Perme, 2010) as follows:

- S ) - L o



where V7! is the working covariance matrix for ji;(t*) (Liang and Zeger, 1986). The

derivation of the asymptotic normality of /n(% — =) is similar to B from the IPCW
RMST regression.
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Appendix B

Appendix for Chapter 2

Appendix B is organized as follows. Appendix B.1 briefly shows the algorithm
for fitting the one-stage RMST IPD-NMA model (Equation 2.3). Appendix B.2
provides the simulation settings, including the prespecified values of parameters in
Equation 2.4 (Table B.1) and the discussion about calculating the true estimands.
Figure B.1 shows the survival curves used in the simulation study. Appendix B.3
presents the additional simulation results of bias, mean squared error, and cover-
age probability of RMSTs for the subgroup with £ = 1 under three scenarios in
Figures B.2 to B.4, respectively. In Appendix B.4, Tables B.3 and B.4 present ad-
ditional data analysis results with the outcomes of bleeding and all-cause mortality

under our proposed two-stage and one-stage methods, respectively.
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B.1 PQL Estimation for the One-Stage RMST IPD-NMA Model

Consider the total sample size of N = Z}]=1 n;, Equation (2.3) can be written in a

matrix form as follows:

g(p) = (A Xy,... . Xp) (", B],....80)" + Zma) + - + Zagal
P
—+ Z[Zleb/lp + -+ ZXKpb,Kp]
I=1

~ K P K
= X’7 + Z ZAka; +Z Z Zkab;p

k=1 =1k=1

= X~ +Zr (B.1)

In Equation (B.1), p) = (ug”)i:L,,,,N is a N x 1 vector, where u(r) = E(Y|r) is

i
the conditional expectation of the response Y;. The conditional variance for Y; is
Var(Yi|r) = ¢v(u”). a = (v, . .., ;)7 and B, = (Bip, .-, Pkp)" are the parameter
vectors for the fixed effect. A is an N x K design matrix for the treatments and X, is
an N x K design matrix for the treatment-by-the p** covariate, forp = 1,..., P. We
let X be partitioned as (A, X, ...,Xp) and v be partitioned as (a”,8%,...,85)T.
Z i is a N x J design matrix for the random treatment effects aj, = (a, ..., azm)7,
and Zxy, is the N x J design matrix for the random treatment-by-the p'* covariate
effects b?cp = (bikpy - - - » bjkp)T. The elements of the matrices Z 45, and Z xy, are 0 or 1.
We let Z be partitioned as (Zar, .. s Zak,Zx11, ..., Lxgi1,...,Lx1p...,Lxkp) and

/

iy / / / / / T
r be partitioned as (aj,...,a%,...,bj, ..., by, ..., blp, ..., Dp)t.

We assume
the variance-covariance matrix of the random effects vector r is D and we refer to

the parameters contained in D as 7. Note that 7 is a composite of parameters that

are involved in Ry, which is defined in Chapter 2.2.2.

In the proposed one-stage model, we use the penalized quasi-likelihood (PQL) method

(Breslow and Clayton, 1993) to estimate the parameters v = (a”, 37,...,85)T for
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the fixed effect and 7 for the random effects. The objective function for estimating

the parameters (7, 7) is an integrated quasi-likelihood given by

N

1
L(%T)OCIRl\_éfewp[ Z di(yi, ") — r'D” r]d (B.2)

where

oo,
udu.

v(u)

di(y, p) = —Qw@f

Y

Since the integral from Equation (B.2) cannot be evaluated as a closed form, the
Laplace’s method is applied for the integral approximation. As such, maximizing

Equation (B.2) is approximated to maximize

RS 1
PQL YT Zdz Yis - Er D 1I', (Bs)

which is called the penalized quasi-likelihood (PQL). Here, the components of r serve
as the predictors of the random effects, and v = «(7) and r = r(7) are functions
of 7. For fixing 7, differentiation of Equation (B.3) concerning - and r leads to the

following score functions:

N o (r) X
o owiv(p;”)g (1)
N (r)\ ~
i — 1 )2 _
2 (y (gz ) © _ D 11', (B5)

o1 dwiv(p ) g (1)
where XZ and ZZ are denote as the i" row in X and Z.

Breslow and Clayton (1993) used the Fisher scoring method to solve Equations (B.4)
and (B.5) for fixed 7 as an iterated weighted least squares problem involving a

working dependent variable and a weight matrix that are updated at each iteration.
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After the maximizers, 4(7) and r(7), are calculated in Equation (B.3) for fixed
7, they employed further approximation to derive the standard REML estimation

equation for 7. We briefly summarize the algorithms as follows:

Step 1: Given 7 and r, the fixed effect + is solved from
(XTV1X)y = XTVLY*, (B.6)
where Y* is a N x 1 working vector having the component g(,ugr)) + (y; —
1N (1), V= Q' + ZDZ”, and Q is a N x N diagonal matrix with
diagonal terms {dwv(u™) g (u)]2}1.

Step 2: For 4 calculated from Equation (B.6), the random effects r can be estimated
by:

i =DZ'VHY* - X¥). (B.7)
Step 3: Let 7; be the component of 7, 7; can be obtained from the following estimat-
ing equation:

1 . N
— | (Y* - Xﬁ/)TV‘la—VV‘l(Y* — X4) — tr(P W) =0, (B.8)
2 0T oT;

where P = V-1 — VIX(XTV-IX)" X7V~

Step 4: Update Y* at the end of each iteration. The PQL estimators are established

once convergence is achieved.

121



B.2 Simulation Settings

Table B.1: Parameter setup used in Equation (2.4)

af 05 15 1
Br 03 05 07
o 1 15 2

We use the Monto-Carlo method to calculate the true values of the estimands, i.e.,
the log-RMST for each treatment and subgroup. By doing this, we fit an RMST
regression model on a simulated dataset with a single study with a size of 10 million
samples, sampled from Equation (2.4) with nt = 1 and 7 = 0. The RMST regression

model is written as follows:
3 3
log (E[T; A t* X1, Zi)) = Y awl[Z; = k] + X; Y. BRI Zi = k], (B.9)
k=1 k=1

The true values of the parameters in Equation (B.9) are shown in Table B.2.

Table B.2: True value of the parameters in Equation (B.9)

k=1 k=2 k=3
o 0.687 1.070 0.877
Br 0.171 0.116 0.179
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Survival Curves for X=0 Trt A === TrtB === TrtC

[

|
|
|
|
I
|
|
|
l
4

Survival Curves for X=1 TrtA === TrtB === TrtC

|
|
|
I
I
|
0.251 I
|
l
4

t

FIGURE B.1: Survival curves for three treatments by subgroups r = 0 and x = 1,
which are considered in the simulation study. These curves are generated from a
simulated dataset under Equation (2.4) assuming nt = 1 and 7 = 0 (i.e., fixed effect
model) with a sample size of 10,000.
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B.3 Additional Simulation Study Results
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FIGURE B.2: Simulation results of bias of log-RMST of three treatments (A, B, and
C) for the subgroup with z = 1 under three scenarios.
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FIGURE B.3: Simulation results of mean squared error (MSE) of log-RMST of three
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treatments (A, B, and C) for the subgroup with z = 1 under three scenarios.
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FiGUurRE B.4: Simulation results of coverage probabilities of log-RMST of three
treatments (A, B, and C) for the subgroup with = 1 under three scenarios. The
coverage probabilities below 50% are truncated to 50% in the plots.
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B.4 Additional Data Analysis Results

Table B.3: Data analysis results for the event of bleeding using the proposed two-
stage and one-stage RMST IPD-NMA models with a log link function. The coef-
ficient estimates for log RMSTs of treatments (first three rows in each table) and
treatment-by-covariate interactions (denoted as treatment:covariate) are presented
along with the 95% confidence intervals (CI), Wald test p-values (P-Val), and the
estimates of standard deviations of random effects (7) as a measure of between-study
heterogeneity. W: warfarin; SD: standard-dose DOAC; LD: low-dose DOAC.

Any Bleeding

Two-Stage Model

One-Stage Model

Variable  Coef (95% CI) P-Val 7 Coef (95% CI) P-Val 7
Warfarin 3.206 <.01 0.061 3.207 <.01  0.089
(3.145, 3.267) (3.119, 3.295)
SD-DOAC 3.221 <.01 0.092 3.220 <.01 0.104
(3.131, 3.311) (3.118, 3.322)
LD-DOAC 3.266 <.01 0.071 3.252 <.01 0.034
(3.195, 3.337) (3.207, 3.297)
W:Sex -0.041 0.11  0.050 -0.043 0.06 0.043
(-0.092, 0.010) (-0.088, 0.002)
SD:Sex -0.003 0.92  0.059 -0.002 0.94 0.049
(-0.064, 0.058) (-0.053, 0.049)
LD:Sex 0.010 0.56  0.026 0.006 0.71  0.015
(-0.023, 0.043) (-0.025, 0.037)
W:Age -0.007 <.01 0.002 -0.007 <.01 0.001
(-0.009, -0.005) (-0.009, -0.005)
SD:Age -0.007 <.01 0.003 -0.007 <.01 0.002
(-0.009, -0.005) (-0.009, -0.005)
LD:Age -0.006 <.01 0.002 -0.007 <.01 0.001

(-0.008, -0.004)

(-0.009, -0.005)
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Table B.4: Data analysis results for all-cause mortality using the proposed two-stage
and one-stage RMST IPD-NMA models with a log link function. The coefficient esti-
mates for log RMSTs of treatments (first three rows in each table) and treatment-by-
covariate interactions (denoted as treatment:covariate) are presented along with the
95% confidence intervals (CI), Wald test p-values (P-Val), and the estimates of stan-
dard deviations of random effects (1) as a measure of between-study heterogeneity.
W: warfarin; SD: standard-dose DOAC; LD: low-dose DOAC.

All-Cause Mortality

Two-Stage Model One-Stage Model

Variable  Coef (95% CI) P-Val 7 Coef (95% CI) P-Val 7
Warfarin 3.409 <.01 0.006 3.408 <.01 0.000
(3.401, 3.417) (3.404, 3.412)
SD-DOAC 3.414 <.01  0.005 3.413 <.01 0.003
(3.408, 3.420) (3.407, 3.419)
LD-DOAC 3.416 <.01 0.003 3.417 <.01 0.000
(3.410, 3.422) (3.411, 3.423)
W:Sex 0.010 0.15 0.011 0.011 0.01  0.000
(-0.004, 0.024) (0.003, 0.019)
SD:Sex 0.009 0.02  0.004 0.010 0.01  0.000
(0.001, 0.017) (0.002, 0.018)
LD:Sex 0.013 0.06  0.009 0.009 0.07  0.001
(-0.001, 0.027) (0.001, 0.019)
W:Age -0.002 <.01 0.001 -0.002 <.01  0.000
(-0.002, -0.002) (-0.002, -0.002)
SD:Age -0.002 <.01 0.000 -0.002 <.01 0.000
(-0.002, -0.002) (-0.002, -0.002)
LD:Age -0.002 <.01 0.000 -0.002 <.01 0.000

(-0.002, -0.002)

(-0.002, -0.002)
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Appendix C

Appendix for Chapter 3

Appendix C is organized as follows. Appendix C.1 shows the derivation of the
calibration weight p,; from the convex optimization problem using the Lagrange
multiplier. In Appendix C.2 to C.4, we provide the proofs of Theorems 1 to 4 for
the proposed weighted estimators of region-specific RMST difference. The definition
of the weighted absolute standardized mean difference is presented in Appendix C.5.
Appendix C.6 includes the additional simulation set-ups and results. We show the

results of the four-region analysis from the PLATO trial in Appendix C.7.

C.1 Derivation of Calibration Weights

The objective function from the convex problem as discussed in Chapter 3.3.2 is
M n,

L()‘> = Z Zpril09<pri) - Z Ag {iprzg(xrz> - g} - 2 )\7‘0 {iprz - 1} .

r=1i=1
To minimize L(X), for i = 1,...,n,, let % =1+ log(prs) — A'g(X,s) — Ao = 0,
we get p.; = exp{)\fg(XM)}/exp{l — Aro}. Since X7 pri = 1, then exp{l — Ao} =
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S exp{Ag(X,;)}. Therefore,

e[ e(X.)

2 expiA g(Xe)}

Since >.I", pri8(X,;) = &, after plugging in the p,;, we have

3. exp AT8(X,0)} E(X) &) = 0.

C.2 Proofs of Theorem 1

We will first show the proof for Theorem 1 concerning the calibration weights p,; (i.e.,
the CW-adjusted Kaplan-Meier estimator). The proofs for the inverse probability of
sampling weights, #,;, are similar, and we will provide some discussions on the key

steps.

C.2.1 Notations

Forv =1,...,n,, we let the calibration weighted counting process and at risk process

for Treatment z in Region r be

er(t) = Zﬁrlérzerzz(t)v
i=1

}/rz (t) = Zﬁm(jrzzyrzz (t),
i=1

where N,;(t) = I|Y;; < t;0, = 1,7, = z] and Y,;(t) = I[Y,; = t; 72, = z]. We

I(Z,;=%)

X A ()T A8 the estimated inverse individual treatment-

denote ¢,,; =

specific propensity score for ¢,.;(X,;). Suppose the process M,.;(t) = N,,i(t) —
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Sé Y,.i(u)dA, . (u), where A,,(t) = Ex[-log{S(t|X,Z = z,R = r,d = 1)}] is the
cumulative incidence function. M,.;(t) is a martingale with its derivation dM,.;(t) =

dN,.i(t) = Yy.i(u)dA,.(u). We define the entropy weighted process M,.(t) = N,.(t)—

So w2 (w)dA,.(u), with its derivation:

dM,., (t) = dN,. (t) - }N/;"z (t)dArz (t)

= Z ﬁm’(jrzi [deri (t) - Y;“zi (t)dArz <t>]

=1

= Zﬁrqurzszrzz<t)
i=1
For r = 1,...,M and 2z = 0,1, let w,.(t) = P(Y,; > t|Z,; = 2) and Y,.(t) =
> GrsiYrsi(t). We assume that for any fixed 0 < t* < o0, as n, — o,

sup |ZMYT+)] w2 (t)] % 0. By > we mean “converges in probability”.

o<t<t*

C.2.2 Lemma 1

Lemma 1. Assume the sampling score of RCT participation in each region is pro-
portional to a log-linear model with respect to g(X), that is, p,(X)ocezp{nlg(X)},
the estimated calibration weights satisfy prs — (Npp (X))~ 2 0, as n, — .

Proof. Let d,; = 1 for RCT participants and d,; = 0 for non-participants in
region r, then E[d./p,(X)] = 1. Let p, = E[g(X)], by using the M-estimator
theory, we write the objective function, L(A), proposed in Appendix C.1 as the

following estimating equations:

1 &
AT Zgl Xz; dmv l-‘l’g) = F Z dm{g(Xl) - I-‘l’g} = 0. (C]')
Ti=1

Tzl

N, N,
DK p,) = > diesp{ATE(X) Ha(X) b = 0. (C2)
T i=1 "=l
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Notice that g, is the solution to E[£1(X, d,; p,)] = 0. Taking expectation on the
left hand side of Equation C.2 with g, = p and under the assumption of
pr(X)ocexp{nlg(X)} leads to

El6(X, dri )] = B [drexp{Ag(X)Hg(X) — pry0}]

Eldyexp{; g(X) Hg(X) — pg0}/X]]

exp{A; g(X)Hg(X) — pyo}Pr(A=1X, R =r)]
exp{(A, +1,) g(X)Hg(X) - Elg(X)]}].

For the above expectation to be zero, one needs exp{(A,+n,)Tg(X)} to be a constant,

that is, i, = —A,. Therefore,

A~ . eXp{Afg(Xm)} .
Dri [Nrpr (XM)] - Z:Zl eXp{)\fg(Xm)} [NTPT(XM)]
Nr

SV exp{AL g(X,i)

Z

= lpr

In Lemma 1, we made a log-linear assumption on the sampling score to show the
validity of the CW-adjusted estimators in the following Appendix. Under this as-
sumption, we showed that there is a direct correspondence between the calibration
weights p,; and the estimated sampling score, that is, p; — (N,.p.(X;))~! 2 0. The
model assumption of the sampling score is related to the objective function we use
in the optimization problem, i.e., the entropy function. We can also assume that the
sampling score follows a logistic regression model with ZT o (pri — Dlog(pri — 1)
as the objective function (Josey et al., 2021a). And it can be shown that the log-linear

model is close to the logistic model when the fraction of RCT participants to the

132



reference population, i.e., n,./N,, is small (Lee et al., 2021). Note that the log-linear
sampling score assumption simplifies the proofs of the large sample properties of the
CW-adjusted estimators, but calculating the calibration weights does not require the
estimation of the unknown sampling scores. To validate its robustness, we showed in
the simulation study that the CW-adjusted estimators were unbiased under both the
log-linear and the logistic sampling score model. A less strict assumption remains in

future research.

C.2.8 Large Sample Properties of CW-Adjusted Survival Function

Before we show the large sample properties of the CW-adjusted KM estimator of the
region-specific average RMST, we first show the large sample properties of the CW-

adjusted KM estimator of the region-specific average survival function, S,,, where

Let S,.(t) = Ep«[S,.(t|X)] denote the region-specific average survival function, we
have the following theorem for S,.:

Theorem 1*. For any fized 0 < t* < o0, as n, — o0,

sup
0<t<t*

Vi S0 = S0} S N (0,52 ()02 (1)

Srz(t)_srz<t)‘ i Oa

2 (t) = n,. éc‘l}g::((;‘)) and A, (t) = Ex[—log{S(t|X,Z = z, R = r,d = 1)}] is

where o

the cumulative incidence function. Let 62,(t) = §; = (u)(?d](%)z_(gﬁ s 08 e = 0,

0<t<t*
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Proof of the consistency in Theorem 1*.
If S,..(t) > 0, by the formulas for integration by parts (referred by the proof of
Theorem 3.2.3 in Fleming and Harrington (1991))

S0 [ Sl [aN)
w0 - mm>{~aw ‘md)}‘
S()—5u(t) [ Sylus) [ dF,.(u) )
Srz<t) a JO S'rz(u) { N7«3<U> dATZ( )}

(S Y@ > 0] o
- J;] Srz (U) }N/;,Z (u) erz( ) Brz (t) )

where B,.(t) = é%[[f/}z(u) = 0]dA,.(u). Let 7 = inf{u : Y,.(u) = 0} and

B,.(t) = B,.(t)S;.(t). Then Yu > 7, ffm(u) =0,

B..(t) = Srz(t)I[Tq]J SS(?U_))

LSy (u—) —dS,.(u)
» Spa(u) Spa(u—)

dArz (u)

— S.(O)I[r <t

1
Sy (u)

= Sl < 15.0) [ d

STZ(T){STZ(T) - S’I"Z(t)} .

= I[r <t] S,.(7)
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As n, — o0,

ElB.(t)] < F {I[T . 5(@)}]
< B[lr <f{1 - 5,.()}]
= {1 - 5.(0)}P(Y.(t) = 0)
= {1 - Srz(t)}{l - wrz(t)}zzzl 11Zri==]
— 0.

This implies that as n, — o0, B,.(t) 2 0. Therefore, for any fixed 0 < t* < o,

r2(t) = Sia(t)
P( S Vet [Ot])—»l,

t grz u— rz(u)>0
where V,..(t) = |, Srz((u)) [YM(E ]dM,,z( ).

Based on Lemma 1,

V;"Z(t) = Z Srz ~ [ 1;/( <) )> 0] driﬁriqArzierzi(u)

p 1 (PS(u=) I[Y,.(u) > 0] dy
Nr;‘JO Srz(u) }7 ( ) pr(XM)

(.?Tzierzi (U)

p 1 Z (t S, (u=) I[Y,.(u) > 0] . dy;

Qrzi erzi u
NT i=1 JO Srz<u> Wrz (u) Pr (X'r'z) ( )

=

E

f Sea(u) [[Vee(w) > 0] 0|

o Srz(u) Wy (1)

where Y, (u) = D77, Gr2iYrsi(u). The second “2,7 is derived as the following:

1. Since p,; > 0, I[Yﬁz(u) > 0] = I[X1" ) PriGrsiYesi(u) > 0] =
I[Z?T1 GrziYrzi(u) > 0] = [[Ym (u) > 0].
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u) = wyp(u).
We let

Vi) = %EL SéjE??B) [[YZS(L; 0l Grzid M, (u)

=

LS. (u=) I[Y,.(u) > 0] -
E[ 0 Srz(u) wrz (1) AMrailu) |

then sup |V,.(t) — Vi(t)] %> 0. Therefore, to show consistency of Si.(t), it is

o<t<t*

sufficient to show sup |V*(t)]> 2 0. Since the process M,.;(u) is a martingale
o<t<t*

Sz (u—) I[Yrr (u)>0]
Srz(u) wrz(u)

and the process Gr»; 1s predictable and bounded, then by Corollary

Yoo (t)
Yl I Zri=2]

3.4.1 in Fleming and Harrington (1991) and the assumption of sup

o<t<t*

wr(t)] 0, Ye,n > 0,

P{ sup [VI(t)" > €}

o<t<t*

N
[

767 + P{Z Ser(u_) ID—/;Z(U) > 0] 2 K’zz(u)dArz<u> > 77}

o SZ(u)  nZZ(u)

ot P{L Sézz(?u;) M) = Oy, (wyas,.(w) = m)

iz, (u)

N

ATZ(t*) ZZL:Tl [[Zri - Z] 17}
€ Sz (t*)n2w,.(u) o

N
|
=

By letting n — 0, the right-hand side of the above converge to 0 as n, — oo.

Therefore, as n, — o, sup |V,.(t)| 20, thus sup ]Srz(t) — S (1)] 0.

o<t<t* o<t<t*
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Proof of the asymptotic normality in Theorem 1%*.
We first show a corollary. Let A,.(t) = é%, for any fixed 0 < t* < o0, as

n, — o0,

sup A, (t) — A (t)] B 0.

o<t<t*

Proof of this corollary. For any ¢ € [0, t*],

Bt =) = | [ dg’“zi‘)‘)—; aA,.(u)

Jt d{VTZ(u) * }:/,qz(u) .
0o Yeo(u)  Jo Yi.(u)

N

N
&
—
<
N
—~
£
N~— \/
=
U
=
N
£

Note that ][Y/Tz(t) = 0]A,.(t) 20 as n, — 0. We let Q,.(t) = ‘ Merz(u).

Yo (u)
Nr ot ¥
IY,,(u) > 0], . .
Qrz t = f ~—dripriQ7'zierzi [
(t) ; T Ve (u)
1 N?"f[[N (u) > 0] d,
£> - Tf = dri Ari Arzierzi u
N4 T pxy e
" _
N U M¥r-(u) > 0] de(u)].
0 wrz (1)

We let QF, () = = >, éwdmd]\/[m(u), then sup |Q,.(t) — Q*(t)] & 0.

nr wrz (u) Dottt rz

By Corollary 3.4.1 in Fleming and Harrington (1991), Ve, n > 0,
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Plswp [QL0OP =6 < 14 Py j W) > Ol g i, 0) > )

0<t<t* € n2w?, (U)

n + p{Arz(t*) Z?:Tl I[Z,; = 2]

€ n2w,.,(u)

= n}.

By letting » — 0, the right-hand side of the above converges to 0 as n, — oo.

Therefore, as n, — 0, sup |Q,.(t)] & 0, thus sup |A,.(t) — A..(t)] 2 0.

O<t<t* o<t<t*

Now back to the proof of the asymptotic normality, as shown above,

) 1Y) > 0

\/n7r {Srz (t> - Srz (t)} RS rz \/7772 . Srz( _) driﬁridrzierzi (u)

We define Hrzi t) = \/n, Sra )I[YTZ( 1> ]dm‘ﬁm(jm, Urz t) = ]\Q 5 Hrzi Uu dMTZi u
Sr2 () ) i=1

Y,s (u 0

t

and U, (t) = 3 o Hrzi(WI[|Hyzi(u)] = €]dM,.;(u). Let < -,- > denote pre-

dictable variation process of martingale, then as n, — o0,

< U’I‘Z) Urz > (t) = Ny Z J rzz TZZ )dArz (U)

i—1 70 Ser(U) 377"22( ) p”[qml] Yizi(u)dAr. (u)

» JZZ el 12 = 21w = mz)' Vi)
Y2 (u) -

= n’f‘

LdA,., (u) 5

= | T S0,

Nr
CUpiUne>(t) = m, f 2 ()| Hros()| > €)Yy (w)dA, () 5 0.
=1

Therefore by the martingale central limit theorem (see Theorem 5.1.1 in Fleming

? Tz

and Harrington (1991)), /i, {S.(5) = S,.(0)} 5 N (0, S%. (102, (1)). Let A, (1) =
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t der(u)
0 Voow

as n, — oo,

J nrder( ) . td{X,nz(u)'
Wrz )_Aer(u)) ' 0 Wrz(u)

By the corollary showed above, we have sup |62, (t) — o2, (t)| 2 0.
o<t<t

C.2.4 Proof of Theorem 1

By the consistency of S,..(t) from Theorem 1*, we can obtain sup |S,..(t)—S,.(t)| %

0<t<t*

0. Then for any fixed 0 < t* < o0,

|/:er<t*) - /vbrz(t*>| =

Ao i
J S, (t)dt — J S, (#)dt
0 0

< tF sup |§rz(t) - STZ@)‘

o<t<t*

According to the limiting distribution of S,.(t) derived in Theorem 1*, and using the
asymptotic theory for functional of S,.(t) (see Theorem 2.1 and Theorem 3.1 in Gill
(1983)), we have

Vi (s (8°) = 2 (%)} -5 N(0, 72(£)),

where 72 (t*) = n, é*{gi* STZ(t)dt}deAT—Z((;‘)), and by the consistency of A, (t), we have

7L = L) S0,

2 Q 2 dN'rz(u)
where 72 (%) {S Sy (t)dt} AT AN e
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C.2.5 Theorem 1 for IPSW

The large sample properties in Theorem 1, are also valid for the IPSW-adjusted
estimators. Most of the proofs are similar as shown for the CW-adjusted estimator,
here we provide the distinctions when showing the consistency of S,.(t). Lemma 1

is not required for the proof, but we make another assumption as follows:

Assumption 5

Let d; denote the inclusion in the target population, we assume that the marginal
probability of being included in the target population is a constant, i.e.,
E[P(d;|X,i)] = C.. In addition, the conditional probability of being included in the

target population, P(d;|X,;), is independent with the observed time Y,;.

In Appendix C.2.3, we have shown that for any fixed 0 < t* < oo,

Srz(t)

& (S, (u—) IV, () > 0]

P(d;z = 1‘Xm)qA7’zszrzz(u)

i (t S, (u=) I[Y,.(u) > 0] dyi

P d;"z =1 Xm' dM'rzi u
ey Pl = 1% ()




where Y,.(u) = DT GraiYrzi(u).  And by Assumption 5, we have ?m(u)/NT =

N’r o NT‘ % — ~
Nr Z drz’YriQrziI[Yvrzi = 'Ll,] = NLT Zi:l pTCEXZ)P(d;"z - 1|XM)Q7“zz[[Y;z1 = U] ﬁ’

P(Y,.; = u)C, = w,,(u)C,. The remaining of the proofs are similar as for CW-

adjusted estimator in Theorem 1.

C.3 Proofs of Theorem 2

We show the consistency of the weighted G-formula estimators by using CW p,; and
IPSW #4,;. The asymptotic distribution of the CW-adjusted and IPSW-adjusted G-
formula estimators can be derived by the M-estimator theory (Stefanski and Boos,

2002) and the Delta method (Dowd et al., 2014). Let the outcome models for z, €

{0.1} in Region r be m,o(X,) = B,0+8,08(X]) and m,1(X,) = Bro+51+8,.8(X])+

B,,3g(X7T). Here, we assume that the outcome models are not misspecified. We re-

write AGF (%) as follows:
ATE(E) = () = " (1),

Where ,MGF (t*) — Zz:l f:bz:ntl (X and ~ GF (t*) — 2121 fzz:ntO(Xm) )
Zizl éri Zizl gri

C.3.1 Consistency of CW-adjusted G-formula estimator

~GF t* - Zzl ﬁrimrl (Xm)
1 ( ) Ny~
Zizl Pri

= Bro+ B + B8’ + 8,387,

where g is the sample moment estimates of g(X) from the target population. The

equation on the second line is obtained by the constraint function in Equation (3.5).
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Therefore,
EF* [,ur1 (t*)] ﬁ’ EF* [/87'0 + ﬁrl + /6r2g<XT> + /Br3g(XT)]
= Epx[mq1(X)]
= pn(t").

Here, the expectation is taken with respect on the distribution in the target popula-

tion. Similarly, we have
Eps[ii" (t)] = Eps[Bro + B,28(X")]
= Epx[muo(X)]

= fro(t").
Then,

Ep[ATF ()] 5 i (8) = pro(t) = A,(8).

C.3.2 Consistency of IPSW-adjusted G-formula estimator

We use the M-estimator theory to show the consistency of the IPSW-adjusted G-
formula estimator. Let @5 = [0GF 6%F]T as the collection of parameters to be
estimated. Then AGF(t*) = §GF — H%F jointly solves the estimation equations as
follows:

Ty _ GGF
q)GF OGF (’Ym{mrl 7'1) rl ) = 0.
Z Z Wrz{mr(] m) - er%F
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Taking expectation of @GF (BGF ) with respect on the distribution of F;., we have

E [?yri{mrl(Xri) - QGF ]
E @GF eGF _ ( F ) rl
r 2 (07) Er, Fri{meo(Xei) — 05 }]
_ EFT[dF (x,:)){ ( ) - erGlF ]
B, [93) fim,(X,0) — 0G7)]

By solving Ep, ®5F(05) = 0, we have 0" = Eps«[m,1(X,)] and 05F =
Ep«[m,o(X,:)]. As such, AGF (¢*) is consistent with 0SF — 0GF = Epw[m,(X,:)] —
EF* [mro(Xﬂ)] = Ar(t*)

C.4 Proofs of Theorems 3 and 4

The large sample properties for the weighted Hajek and weighted Augmented esti-

mators are proofed by the M-estimator theory.

C.4.1 Theorem 3

We re-write the weighted Hajek estimator, A77(t*), as follows:
A () = @y (8%) — Ay (%),
NHJ (1% — Z:Zl éri‘jrliwrini ~HJ (1% — Zz 1{errOzwr1 T4 HJ
Where M (t ) Z;Zl é’ri‘jrliw'ri and ILLTO (t ) Zz 1 fv iGroiWr; Let 0
[0H7 9HTIT as the collection of parameters to be estimated. Then AH7(*) =

017 — H7 jointly solves the estimation equations as follows:

i@HJ OHJ i (éMQlewm{an ng ) = 0.

i=1 i—1 ’quwzwm{y;@ o7
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First, for the calibration weight (i.e., & = Pri), by Lemma 1, we have:

Ny 1 Np dm»
ﬁriqAr iWrsg Y;‘z - 01{{J £> e — < ~Wri Y;nl — GfU
PR g D Ypws s
d,; 0F
p T i HJ
- b -~ )/m — 97"

L E[Y.] - 6057

By solving E[Y,;] — 0%/ = 0, we have 057 = E[Y;;] = p,1(t*). So that 627 is consis-
tent with g1 (¢*). Similarly, we can show 6%/ is consistent with ji,(t*). Therefore,

AR (%) is consistent with A, (#*) under the calibration weight.

Second, for the inverse probability of sampling weight (i.e., ém- = 4,4), under the
Assumption 5, we have:
1Y a4,

TAiAririYi_eHJ ﬁ) AT
;/qulw { T rl NT;pT(X”)

P(d,; = 11X w,i{Y,; — 617

dy; 0F
t L Y, — 01

5 E|

= B[Y.] - 67

Therefore, A7 (t*) is consistent with A, (t*) under the inverse probability of sam-

pling weight.

d

~HJ
By the M-estimator theory, as n, — ©, \/n.(0, " — 07) 5 N(0,n,2H7), where

¥7 is the sandwich variance estimator for éfw as:
1 -1
nr cI)H.J OHJ Ty . . Tr (I)H.J BHJ
o {2 R DX R IUCRO LR pyfhc el
i-1 (06, )T i=1 i-1 (00, )T
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Then by continuous mapping theorem, ,/n, {Af‘](t*) — Ar(t*)} 4N (0,02 4, (t%)).

The asymptotic variance o7 ;(t*) can be estimated by n,[1, —1]S77[1, —1]".

C.4.2 Theorem 4

The proofs of Theorem 4 are similar in Theorem 3 based on the M-estimator theory,
and the consistency of A4 (¢*) is ensured by the consistency of AGF (#*) and AHY (t*).
Here, we show that the weighted Augmented estimator is also consistent with A, (¢*)

when the outcome models are mis-specified.

We re-write the weighted Augmented estimator, Afc(t*), as follows:

AJ(") = () — i (1),

Where ILLAG(t*) — Z:l:rl éri(jrliwri{yrifmrl(xri)} + Z:L:Tl éTimrl(X'ri)

i - and
Zzl:rl griQTlini Z?:Tl gri

ﬂAG (t*) _ oy ériérOiwti{Yri—mro(Xri)} + 2y ériﬁrﬂjmro(xm)
0 Z?;l griQTOini Z?;l griér()i '

First, for the calibration weight (i.e., f;z = Pri), we have

N

ﬂAG (t*) p Zz— merlzwmifm Z Dritht (X ) Z?zrl ]A)m'wm'mrl (XM)
—> 1 . -
" ZZTL 1 przquzwrz i=1 e " Z? 1 PriWeri

~ DPriWrq
= Nﬂj + 2 {pm - nT—A} me (sz)

z 1 PriWrq

~ Wy
= ,ug‘] + me { - ZnT A—} mrl(X”‘).

i=1 PriWr;

Since wyi/ Y| Priwy; —> 1, then we have A (%) 5 afl/ (+*). Similarly, we can show

that ACG(t*) & afd (#%). Therefore, we see that AAC(*) is consistent with A, (*)
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regardless of the outcome model specification under the CW.

Second, for the inverse probability of sampling weight (i.e., i = i), we have

~AG t* p ~HJ /% Z?:Tl ;Yr'iqArliwrimrl(Xr» Z?:Tl ’A}/rimrl (XM)
i (%) = fiy () — T~ 2 + T .
Zi:l VriQr1i Wy Zizl Vri

By M-estimator theory (see proof in Appendix C.3.2), we can show that

2 AriGriweme (X)) p
P,

o EF*(mrl(Xri>>7
Zi=1 Vridr1iWri
n_r ArimT Xri
221X 2 g (n (X))
2521 Yri

As such, gA%(t*) B pH7 (%), and similarly, A (¢%) 5 a7 (%), Therefore, AAC(t*)
is consistent with A,.(t*) regardless of the outcome model specification under the

IPSW.

C.5  Weighted Standardized Mean Difference

We consider the weighted absolute standardized mean difference (SMD) between
variable X between Region r; and r5. We let ¢ index the patient and suppose the
sample sizes in two regions are n; and ny. We let Xy; and Xy; denote the individual
variables of X in the two regions. We let &;; and &; denote the individual weight in

the two regions.
1. If X is a continuous variable, the weighted absolute SMD is

X1 — X

«/s%/2+s§/2’

it X1 % 22 Xoios
=l gand Xy = &=
Z?:ll &1 2 221 &2i

where X; = are the weighted sample mean of

X in each region. s? and s3 are the weighted sample variance (Galassi et al.,
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2002) of X in each region, where

§2 — ity b ifr(Xl' — X))
SN I D R 3 1 A 7

and s2 has the similar definition.
2. If X is a binary variable, the weighted absolute SMD is

_ [p1 — 2
\/Pl(l —p1)/2+p2(1 —Pz)/Q’

DNEND ETIST
where = a=l—5n
p1 PRI

the dichotomous variable X in each region.

2 Xk

and py, = S denote the weighted prevalence of

Note that when the weight & = 1 for all individuals, the weighted absolute SMD

degenerates to the standard absolute SMD.

C.6 Additional Simulation Set-Ups and Results

True Average Region-Specific RMST and RMST Difference

The average region-specific RMST at t*, u,,(t*), is averaged respect to the distri-
bution of X from the target population represented by a common distribution F™ :

X1 ~Unif(0,1) and Xy ~ N(1,1). Its true value f,,(t*) is

fir= (") = Jurz(t*lx)dF*(X)

= JL Sr: (t|x)dF* (x)

¥

_ JPL e:L‘p{—J:h(u|z,r,x)}dF*(X).

where h(ulz,r,x) = h(u|Z = z, R = r, X1 = x1, Xy = x9) is the hazard function of
Equation (3.16). The true average region-specific RMST difference (i.e., treatment
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effect) is A, (t*) = fip1(t*) — firo(t).

Table C.1: Values of parameters in the sampling score models, Equations (3.14)
and (3.15) under four sampling scenarios. Scenario 1: Log-linear sampling (Equa-
tion (3.14)) with moderate SMDs; Scenario 2: Log-linear sampling with large SMDs;
Scenario 3: Logistic-nonlinear sampling (Equation (3.15)) with moderate SMDs;
Scenario 4: Logistic-nonlinear sampling with large SMDs.

Equation (3.14) Scenario 1 Scenario 2
Region Mo Th T2 70 Tt T2
r=1 -5 08 030 -5 25 0.50
r=2 -5 07 027 -5 23 0.55
r=3 -5 06 025 -5 2.0 0.60

Equation (3.15) Scenario 3 Scenario 4
Region Mo T Mo o T T
r=1 -3 0.6 -0.15 -23 3.0 -0.20
r=2 -3 05 -0.10 -2.3 25 -0.15
r=3 -3 04 -0.056 -23 2.0 -0.10

Table C.2: Absolute standardized mean differences of X; and X, between the
enrolled patients in each region and the target population in simulation study.
Xy ~ Unif(0,1) and Xy ~ N(1,1) in the target population. We generate a large data
with sample size of 90,000, 30,000 individuals in each region, under four scenarios of
the sampling models.

Region Scenario 1 Scenario 2 Scenario 3 Scenario 4

Xy r=1 0.235 0.692 0.208 0.517
r=2 0.207 0.656 0.164 0.497
r=3 0.161 0.564 0.126 0.481

Xy r=1 0.305 0.502 0.297 0.696
r=2 0.276 0.545 0.245 0.683
r=3 0.238 0.609 0.199 0.647
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2 under four sampling scenarios in simulation study. Upper panel: IPSW-adjusted
estimators with true sampling score; Middle panel: TPSW-adjusted estimators with
estimated sampling score; Bottom panel: CW-adjusted estimators.
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estimated sampling score; Bottom panel: CW-adjusted estimators.
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C.7 Four-Region Analysis Results from PLATO Trial

Figure C.3 and Table C.3 present the estimated average RMST differences and the
associated 95% CIs comparing ticagrelor and clopidogrel for the primary outcome
among four regions. The unadjusted RMST differences are 6.6 days (95% CI: -3.1,
16.3) in Asia and Australia, 6.2 days (95% CI: -6.7, 19) in Central and South America,
5.5 days (95% CI: 2.6, 8.4) in Europe, Middle East, and Africa, and -4.1 days (95%
CIL: -12.5, 4.4) in North America. The unadjusted results indicate that ticagrelor
is numerically, though not statistically significantly, more effective than clopidogrel
in Asia and Australia, and Central and South America, and is significantly more
effective in Europe, the Middle East, and Africa. However, it is numerically less
effective than clopidogrel in North America. The consistency test for the Naive
estimator shows that treatment effects are not heterogeneous across four regions (p

— 0.20).

In Europe, Middle East, and Africa, the dominant region, the estimated RMST
differences are very similar across four estimators within the same weighting method.
The CW-adjusted estimators yield slightly higher RMST differences than the IPSW-
adjusted estimators. Both weighting methods indicate that ticagrelor is significantly
more effective than clopidogrel in this region. Under both weighting approaches,
the weighted G-formula estimators have the largest variance. In North America, the
average RMST differences from all weighted estimators are close to 0, indicating that
ticagrelor has the same effect as clopidogrel in North America after balancing the
distributions of the selected variables across four regions. However, the IPSW and
CW methods yield opposite results in the other two regions. For example, the average
RMST difference in Central and South America from all IPSW-adjusted estimators
is positive, while it is negative from all CW-adjusted estimators. The results from

Asia and Australia show a similar pattern. This discrepancy is potentially due to
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misspecification of the estimated sampling score in the IPSW-adjusted estimators.

The consistency tests for most CW-adjusted and IPSW-adjusted estimators reveal
no regional treatment effect heterogeneity (see p-values in Table C.3). However, the
test using the CW-adjusted Augmented estimators demonstrates that the treatment
effects are significantly heterogeneous across regions (p = 0.05). The global RMST

differences from other estimators are summarized in Table C.3.

Table C.3: Estimated average RMST differences with 95% Cls at t* = 360 days from
1) A&A: Asia and Australia, 2) C&SA: Central and South America, 3) UME&A:
Europe, Middle East and Africa, and 4) NA: North America in the four-region analy-
sis, and the results from the regional consistency test with p-values and global RMST
difference.

Method RMSTD (95% CI) in P-Val  Global
A&A C&SA  UME&A NA RMSTD

Naive 6.6 6.2 5.5 A1 0.20 47
(-3.1,16.3)  (-6.7,19)  (2.6,84) (-12.5, 4.4) (2.0, 7.3)

IPSW.KM 6.6 6.1 5.2 0.3 0.83 5.0
(-6.9,20.1)  (-6,18.2)  (2.4,7.9) (-10.1, 10.7) (2.4, 7.5)

IPSW.GF 2.9 2.7 5.8 1.6 0.76 5.2
(-21.7,16)  (-14.8,20.2) (2.2,9.5) (-12.5, 15.6) (1.8, 8.6)

IPSW.HJ 5.9 45 5.2 -0.2 0.82 4.9
(-6.1,17.8)  (-7.2,16.1)  (2.4,8.1) (-11.3, 10.8) (2.3, 7.5)

IPSW.AG 2.0 2.6 5.8 0.7 0.74 5.2
(-11.1,15.1)  (-9.1, 14.2)  (3.0,8.7) (-10.4, 11.8) (2.6, 7.8)

CW.KM -5.0 0.9 4.9 1.2 0.43 3.9
(-18.9,9.0) (-13.6,11.9) (1.8,7.9) (-8.7, 11.0) (1.1, 6.7)

CW.GF -11.0 -3.0 6.6 1.6 0.24 5.1
(-30.3,82) (-21.5, 15.5) (2.4, 10.8) (-12.0, 15.3) (1.3, 8.9)

CW.HJ 6.1 -1.3 5.3 0.8 0.33 4.0
(-20.3,8.0) (-14.6, 12.1) (1.8,8.7)  (-9.5, 11.1) (0.9, 7.1)

CW.AG -10.8 2.3 6.5 2.4 0.05 4.7
(-23.9,2.3) (-15.9,11.2) (3.1, 10.0) (-7.9, 12.7) (1.6, 7.8)
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Region
—#— A&A (n=1714) -
C&SA (n=1237)
—4— EU,ME&A (n=13859)
—+— NA (n=1814)
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CW.KM
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CW.HJ

CW.AG
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RMST Difference at t*=360 days

FIGURE C.3: Forest plot of estimated average RMST differences with 95% Cls
at t* = 360 days from 1) A&A: Asia and Australia, 2) C&SA: Central and South
America, 3) EUME&A: Europe, Middle East and Africa, and 4) NA: North America
in the four-region analysis for PLATO trial.

Figure C.4 presents the weighted absolute SMD of eight variables in the four-region
analysis, comparing the population from each region to the target population. The

unadjusted absolute SMDs between the dominant region, Europe, Middle East, and
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Africa, and the target population are close to 0 for most variables except for the
maintenance aspirin doses, which is a similar finding from the two-region analysis.
However, notable imbalances of the covariates are observed from the unadjusted
absolute SMDs between the other three regions and the target population. The CW
absolute SMDs are always 0. However, the IPSW cannot balance the distributions

of maintenance aspirin doses well.

Asia and Australia (n=1714) Central and South America (n=1237)
Weight(>=80kg) - :OA n :OA |
HYP{ ¢A W 4 =
Pci{oA m oAm
Smoke :‘ u :‘I
PAD{® A W B
KILLIP{ 0A M a
ASAD (100-300mg) :OA u 0 A m
@ ASAD (>=300mg){ B A ° B Method
ks : : ® cw
g ‘ Europe, Middle East and Africa (n=13859) ‘ North America (n=1814) A IPsw
O Weighi(>=80kg){ ® 4 oA u B Naive
HYP{ 8 4
pci{ o oA [
Smoke 4 :. A |
PAD 4 € onm
KILLIP { e =
ASAD (100-300mg) 4 d y | d A m
ASAD (>=300mg){ ® Am ® A [}
00 02 04 06 08 10 00 02 04 06 08 10

(Weighted) Absolute Standardized Mean Difference

FicUre C.4: Weighted absolute standardized mean differences of eight covariates
comparing 1) Asia and Australia, 2) Central and South America, 3) Europe, Middle
East and Africa, and 4) North America to the target population in the four-region
analysis for PLATO trial. HYP: hypertension, PCI: percutaneous coronary inter-
vention, PAD: peripheral arterial disease, KILLIP: Killip classification (Level I vs.
Level 1I-IV), ASAD: aspirin dose.
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Appendix D

Appendix for Chapter 4

Appendix D is organized as follows. In Appendix D.1, we show the details for fitting
the piecewise exponential hazard models in the prediction method in Chapter 4.3.1.
Appendix D.2 provides the derivation of the asymptotic variance of the CW Hajek

and Augmented estimators.

D.1 Model Fitting in Prediction Method

For the " patient and 5" time interval, the piecewise exponential hazard function

is written as follows:

log(A,i5) = log(As, j) + 7 (1 — ), for t € [T -1, Tz ), (D.1)

where z; € {0,1} is the treatment indicator and )., ; is the baseline hazard in the ;"

interval.

For patient ¢ € {1,...,n}, we first create some pseudo observations of U; and ¢; in
each time interval, where U; = min(T;, C;) and §;, = I[T; < C;]. Let u;; denote the
event free time by the " patient in the j™ interval, [7,, j_1, 7., ;). If this patient has
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event or is censored after 7., ;, then u;; = 7, ; — 7., j—1. Otherwise, if this patient has
an event or is censored in this interval, w;; = U; — 7, ;_1. In addition, let J;; denote
the censoring indicator in the 5 time interval, such that &;; = 1 if the i*" patients has
event in this interval and d;; = 0 otherwise. Then, the piecewise exponential model
can be fitted to data by treating d;; as if they are independent Poisson observations
with means p;; = u;j\;, ;. By replacing A, ;; = pi;/ui;, the Equation (D.1) can be

written as follows:

log(uij) = 10g<u23) + Az 4 + 7&(1 - xz’)v (D2>

where a,, ; = log(A,, ;). As such, the initial piecewise exponential model can be
reformulated and adapted using the Poisson log-linear regression, which incorpo-
rates pseudo observations of {d;;,u;;} and employs log(u;;) as an offset. Then the

parameters A, ; and 4, can be estimated from this Poisson regression model.

D.2 Calibration Weighted Hajek and Augmented Estimators

D.2.1 CW Hajek Estimator

The CW Hajek estimator is defined as:

A (t*) Z?:Jrl DiZiw;Y; Z?;rl ]5@<1 — Zﬂwﬂﬁ
4 = n ~ - n ~ .
Ziil piZiwi Zzil pi(l - Zz)wz

(D.3)

The large sample properties of this estimator can be derived by the M-estimator
theory. Let @ = [0y,6:]7 as the collection of parameters to be estimated. Then

A4(t*) =0, — 0, jointly solves the estimation equations as follows:
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The sandwich variance estimator for 6 is:
. =1
< 0b (0 i < 0P ()
29:{; 00" } {Zq) ; 06"

By the M-estimator theory, 6 is consistent to 6, and as the sample size n, — oo,

i+ {0 -6} 4N (0, n+29>. Then by continuous mapping theorem, /iy {A4(t*) —

Ap} 5 N (0,03(t*)), where o3(t*) can be estimated by n.[1,—1]54[1,~1]7 =
ny [Var(6y) + Var(y) — 2Cov(6y, 6y)].
D.2.2 CW Augmented Estimator
The CW augmented estimator is defined as:
As(t*) — ity PiZiwilYs —ma(wi)} 257 pi(1 = Zi)wilYi — mo(w:)}
2t DiZiw; Dt pi(l = Z)w;
ni o A .
n Dis1 pl{mlgil)A mO(xZ)}‘ (D.4)
Dic1 Di

Its asymptotic distribution is also derived by the M-estimator theory. Let v =
[vo, 11, 2]T denote as the collection of parameters to be estimated. Then As(t*) =

Uy — Uy + Uy jointly solves the following estimation equations:

S w01 = 52 (50 2t o)~ 0
S(v) = pill — Zg)win Yy — molZ;) — oy | = U.
i=1 i=1 ﬁz{ml (1’1) — m0($z> - VQ}

The sandwich variance estimator for v is:

& o (v i & optw))
2,):{1 ouT } {Z‘I’ }{1 T }

As the sample size n, — 00, iz {As(t*) — Aw} > N (0,02(t*)), where o2(t*) can

be estimated by n,[1,—1,1]X,[1, —1,1]7.
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